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Abstract

Motivation

The quest for efficient drug discovery processes necessitates a comprehensive approach that
integrates molecular feature analysis with accurate compound-protein interaction (CPI) prediction.
This study introduces models that combine deep learning (DL) techniques for intricate molecular
feature engineering and innovative CPI prediction methods. This integration responds to the need
for detailed molecular dataset analysis and the prediction of interactions between novel compounds

and proteins, thereby enhancing drug discovery.
Methods and Results
Chapter 3 - Molecular Clustering and Feature Analysis:

The framework implements a feature engineering scheme focusing on molecule-specific atomic
and bonding information. It utilizes principal component analysis (PCA) for encoding this
information and a variational autoencoder (VAE)-based method for embedding both global
chemical properties and local features. This approach facilitated the clustering of a large dataset
containing over 47,000 molecules. Using the K-means method with 32 embedding's size based on

the VAE method, 50 distinct molecular clusters were identified. These clusters were visualized



through t-distributed Stochastic Neighbor Embedding (t-SNE), showcasing the framework's

capability in effectively grouping molecules based on their complex features.

Chapter 4 - CPI Prediction with GraphBAN:

For CPI prediction, the study introduces GraphBAN, a novel inductive-based approach using
graph knowledge distillation (KD). This component incorporates a deep bilinear attention network
(BAN) and a KD module for graph analysis, enabling the alignment of interaction features across
different distributions. GraphBAN's functionality extends to both transductive and inductive link
predictions in a bi-partite graph of CPIs. Tested against three benchmark datasets, GraphBAN
demonstrated superior performance, outperforming six baseline models. It shows that it is able to
predict interactions between unseen compounds and proteins that is an important aspect of drug

discovery.

Conclusion

This study presents two innovative models that parallelly analyze molecule-specific feature
engineering and advanced CPI prediction techniques. By integrating these two key components,
the models not only deepen the understanding of molecular characteristics but also significantly
boost the accuracy of CPI predictions. This advancement is crucial for streamlining drug discovery
processes, reducing the number of compounds needed for screening, and facilitating the

development of more effective and targeted drugs.
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Chapter 1 Background

1.1 Machine Learning in Drug Discovery

Machine Learning (ML) methods have revolutionized the field of drug discovery by leveraging
pattern recognition algorithms to analyze empirical observations of small molecules. It is crucial
as this type of analysis reduce the all the costs such as financial costs to human resources needs
drastically. These methods discern mathematical relationships and extrapolate them to predict the
chemical, biological, and physical properties of new compounds. Various ML algorithms, such as
random forest, naive Bayesian, support vector machine, and deep learning (DL), are employed in
this process. These approaches are instrumental in predicting the structure of drug targets,
identifying, and optimizing potential drug candidates ("hits"), exploring the biological activity of
new ligands, and designing models to predict the pharmacokinetic and toxicological properties of

drug candidates (1).

The development of Deep Learning (DL) is crucial for transforming medical information into
practical, reusable methods. This transformation is not based on hypothetical improvements but
on concrete applications in drug design, including the enhancement of ML techniques and the
collection of pharmacological data (2). One of the significant advancements in this domain is the
development of techniques like DeepBAR, which combine chemistry and DL to calculate the
binding affinities between drug candidates and their targets rapidly. Furthermore, the application
of DL in drug discovery and development is pivotal due to the complexity and length of the drug

development pipelines, which depend on numerous factors. DL provides a set of tools that can



enhance both the discovery process and decision-making in drug development. Notable success
stories in the application of DL and ML in drug development have demonstrated the effectiveness

and potential of these technologies in advancing medical research and healthcare (3.4).

In summary, the use of DL and ML in drug discovery represents a significant leap in the efficiency
and effectiveness of developing new pharmaceuticals. It streamlines the process of identifying and
optimizing drug candidates, predicting their properties, and accelerating the overall drug
development process. This advancement is critical in an industry where time and accuracy are

paramount, potentially leading to faster, more efficient development of life-saving drugs.

1.2 Diversity of Molecule Datasets

Analyzing the diversity of a dataset of molecules at a large scale is a critical step in the field of
ML, particularly in applications related to drug discovery, materials science, and chemical
engineering (5). This process involves examining a broad array of chemical compounds to
understand their structural, functional, and property variations. That is important in terms of
enhancing the generalizability of ML models. A diverse dataset ensures that the model is exposed
to a wide range of molecular features, enabling it to make accurate predictions for unseen
compounds (6,7). By comprehensively characterizing the diversity in the dataset, researchers can
reduce biases and improve the robustness of their models, ultimately accelerating the development
of novel drugs, materials, and chemical solutions. Furthermore, it aids in the discovery of hidden
patterns and relationships between molecular structures, thus advancing our understanding of

chemistry and facilitating innovation in various scientific and industrial domains.



1.3 Compound-Protein Interction Analysis

Analyzing CPIs is a crucial aspect of drug discovery, as it involves understanding how chemical
compounds, often referred to as small molecules, interact with specific proteins in the cell body
(8). Small molecules are low molecular weight organic compounds that can regulate biological
processes, often used in pharmacology for drug development. Analyzing these interactions is

crucial for the development of new drugs.

Identification of Potential Drug Targets: In drug discovery, one of the aims is to identify proteins
(e.g., enzymes, receptors, or signaling molecules) that are associated with diseases (9). Analyzing
CPIs helps identify potential drug targets, as compounds that interact with disease-related proteins

may offer therapeutic benefits.

Screening for Drug Candidates: Scientists use various techniques, such as high-throughput
screening and computational modeling, to test many compounds against a specific protein target
(9). By analyzing the interactions between compounds and proteins, potential drug candidates can

be identified based on their ability to bind to the target protein and modulate its activity.

Optimizing Drug Design: Understanding the nature of CPIs is crucial for optimizing drug design
(10). It allows researchers to fine-tune the chemical structure of a compound to enhance its binding
affinity and specificity to the target protein. This optimization leads to the development of more

potent and selective drugs with fewer side effects.

Predicting Drug Efficacy and Safety: Analyzing CPIs can help predict the efficacy and safety of a
drug candidate (11). By studying how a compound interacts with its target protein and other oft-
target proteins, researchers can anticipate potential side effects and make informed decisions about

drug development.



Repurposing Existing Compounds: Sometimes, existing compounds that were originally
developed for one purpose can be repurposed for another (12). Analyzing CPIs can reveal new

therapeutic uses for known compounds by identifying interactions with different protein targets.

Reducing Cost and Time in Drug Development: By gaining insights into CPIs early in the drug
discovery process, researchers can eliminate fewer promising candidates and focus their efforts
and resources on the most promising ones. This reduces the time and cost associated with drug

development.

In summary, analyzing CPI is a fundamental step in drug discovery that helps in identifying
potential drug targets, optimizing drug design, predicting drug efficacy and safety, and accelerating

the development of novel drugs for various diseases.

1.4 Molecule Representation

1.4.1 Simplified Molecular Input Line Entry System

Simplified Molecular Input Line Entry System (SMILES) is a standardized notation system employed
in the field of chemistry to succinctly represent chemical structures using alphanumeric characters
and symbols that introduced by Weininger in 1988 (13). It functions as a textual representation of
molecules, simplifying the complex process of conveying molecular structures without the need
for detailed graphical depictions. In SMILES notation, characters are represented by their
respective chemical symbols (e.g., 'C' for carbon, 'O' for oxygen), and the connections between
atoms are indicated through the use of lines and numerical indices. This notation system serves as
an indispensable tool for chemists and researchers, facilitating the unambiguous communication

of complex molecular information and fostering collaboration in chemical research, drug



development, and related domains. SMILES provides a common language for representing
chemical structures, allowing the automation of various computational tasks. Algorithms can parse
and process SMILES strings to analyze chemical properties, calculate molecular descriptors, and
predict chemical reactions. This simplifies the automation of tasks such as virtual screening of
compound libraries, determining the properties of new molecules, or simulating chemical
reactions. Computational chemists can efficiently manipulate and compare vast sets of chemical

data, leading to more informed decision-making in drug development.

1.4.2 Molecule Features

In the domain of computational chemistry and ML tasks involving molecules, the molecules
represent with SMILES notation and there are different approaches to extract molecule features

from the SMILES representation. Here five main computational methods listed.

1.4.2.1 Fingerprint Methods

These are binary or count vectors representing the presence or absence of certain substructures in
the molecule. Examples include MACCS keys, extended-connectivity fingerprints (ECFP), and
functional class fingerprints (FCFP). These methods are widely used for similarity searching,

virtual screening, and compound classification (14).

1.4.2.2 Descriptor Calculation

These are numerical values that describe the molecular properties and are derived from the

molecular structure. They include physicochemical properties, topological descriptors, and



quantum-chemical properties. Software like RDKit (15) and Dragon (16) are commonly used for

descriptor calculation (17).

1.4.2.3 Graph-Based Methods

In this approach, molecules are represented as graphs where atoms are nodes and bonds are edges.
Techniques like graph convolutional networks (GCNs) can be used to extract features from these

graphs for ML models (18).

1.4.2.4 Sequence-Based Methods

Some methods treat SMILES strings as sequences and apply natural language processing (NLP)
techniques, such as recurrent neural networks (RNNs) and transformers, to capture the sequential

information in the SMILES (19).

1.4.2.5 3D Structure Generation and Analysis

Some methods involve generating the 3D structure from SMILES and then extracting features
based on the three-dimensional conformation. This can include geometric, steric, and electrostatic

properties (20).

Each of these methods has its strengths and applications, and the choice of method depends on the

requirements of the study.



1.5 Protein Representation

1.5.1 Amino Acid Sequences

Amino acid sequences represent the fundamental constituents of proteins in a human-readable
format. Proteins consist of chains of amino acids, with the specific sequence of these amino acids
determining the unique three-dimensional structure of the protein (21). This structural
conformation, in turn, dictates the protein's biological function within an organism. Amino acid
sequences are determined by the linear arrangement of distinct amino acids, each represented by a
specific letter code (e.g., 'A' for alanine, 'L' for leucine). The order and composition of amino acids
within a protein sequence are pivotal in specifying its biological activity, as alterations in sequence

can result in diverse functions, interactions, and structural configurations.

In bringing biology to ML tasks, amino acid sequences hold significant importance, particularly
within the fields of bioinformatics and computational biology. Their principal utility lies in
predicting protein properties and functions. ML algorithms can be trained to discern intricate
patterns within amino acid sequences and correlate them with various protein attributes, including
enzymatic activity, subcellular localization, or associations with diseases (22). These predictive
models play a vital role in drug discovery and protein engineering. By observing extensive datasets
containing amino acid sequences and their corresponding attributes, ML models can make precise
predictions, thereby offering profound insights into the expansive domain of proteins (23). Such
advancements contribute to critical developments in fields like personalized medicine and

pharmaceutical research.



1.5.2 Protein Features

Protein sequences are vital biological entities, and extracting numerical features from these
sequences is crucial for various bioinformatics applications, including protein structure prediction,
and CPI analysis. Although there are many different approaches to generate protein features here,

we listed the most useful methods suitable for ML tasks.

1.5.2.1 Sequence-Based Features

k-mer Composition: This approach counts the frequency of k-length subsequences in the protein
sequence. It was highlighted in a study where various feature extraction methods, including k-mer

natural vectors, were compared for constructing phylogenetic trees (24).

Pseudo Amino Acid Composition (PseAAC): Because the simple linear sequence of amino acids
doesn't always capture the full complexity of protein characteristics to follow up this limitation,
we can use PseAAC. Th PseAAC incorporates additional information about the protein's properties
such as hydrophobicity, hydrophilicity, pKa values of amino acids. This method has been widely
used and is supported by tools like Pse-in-One 2.0, which covers different modes to obtain protein

feature vectors based on pseudo components (25).

1.5.2.2 Physicochemical Properties

Amino Acid Composition (AAC): AAC calculates the proportion of each amino acid type in the
protein sequence, as discussed in a study on feature extraction for phosphorylation site detection

(26).



Composition, Transition, and Distribution (CTD): This method represents amino acid
physicochemical features of sequences and has been used for DNA-binding protein prediction

(25).

1.5.2.3 Structural Features

Position-Specific Scoring Matrix (PSSM): This method is a tool for representing the features of a
protein in a way that captures both the conservation and the variability of amino acids at specific
positions in the protein sequence. Tools like POSSUM generate numerical sequence feature

descriptors based on PSSM profiles (27).

1.5.2.4 Deep Learning-based Features (NLP-based)

Word2Vec: This method, originating from natural language processing, involves treating segments
of amino acid sequences as "words" to generate vector representations that capture the context

within sequences (28).

Transformers: Transformer models, which have revolutionized natural language processing, can
be adapted for protein sequences. They are particularly effective in capturing long-range

dependencies and complex patterns in sequences (29).

Convolutional neural networks (CNNs): CNNs used to automatically and adaptively learn spatial
hierarchies of features from amino acid sequences. CNNs can be particularly effective in extracting
local and positionally invariant features, making them useful for tasks like secondary structure

prediction or motif recognition (30).



1.6 Graph Neural Networks

Graph Neural Networks (GNNs) are a type of neural network designed for processing graph-
structured data. Unlike traditional neural networks that handle fixed-size inputs like images or text,
GNNs are adept at handling data represented in graphs. This includes social networks, molecule
structures, or any other form of data where the relationships between entities are as important as
the entities themselves. GNNs achieve this by focusing on the nodes and edges in a graph, allowing

them to capture the complex patterns and dependencies in the data (31).

In drug discovery, the complexity of molecular structures, biochemical interactions, and biological
processes can be effectively captured and analyzed using GNNs. These networks have the
capability to extract valuable information from chemical and biological graphs, leading to
groundbreaking advances in the identification of novel drug candidates, understanding protein-
ligand interactions, and optimizing drug development processes. Here, we will explore some of

the key points that GNNs can handle in drug discovery, specifically in CPI prediction.

1.6.1 Graph Link Prediction

Graph link prediction is a fundamental task in network analysis, especially in the context of graph
data structures. It involves predicting the likelihood of the existence of edges (links) between nodes
in a graph. This task is essential for various applications, biological network analysis that we use

in this research (32).

The key concepts in graph link prediction include:
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Node Embeddings: Node embeddings are low-dimensional vector representations of
nodes in a graph. They capture the structural and topological information of nodes and their

neighborhood.

Feature Engineering: In addition to node embeddings, link prediction models may utilize
various node and edge features, such as attributes of nodes and the type of relationships

between them. Feature engineering is crucial to improve prediction accuracy.

Scoring Function: Link prediction models typically employ a scoring function to assess
the likelihood of a link between two nodes. Common scoring functions include the dot
product, cosine similarity, or more complex functions like the logistic sigmoid or neural

network-based approaches.

Negative Sampling: To train a link prediction model, negative samples (pairs of nodes
without a direct edge) are often used in conjunction with positive samples (pairs of nodes

with an existing edge) to learn the model parameters.

Evaluation Metrics: Common evaluation metrics for link prediction include precision,
recall, F1-score, and the area under the ROC curve (AUROC), among others. These metrics

help assess the model's ability to discriminate between existing and non-existing links.

Challenges: Challenges in graph link prediction include handling imbalanced data,
addressing the cold start problem (predicting links for new unseen nodes), and dealing with
large-scale graphs efficiently. As an unexplored path in drug discovery field, in this
research study we focus on following the cold start link prediction with GNNs. To explain
more about this challenge, we introduce the related key concepts by defining the meanings

of transductive, semi-inductive and fully inductive link prediction.
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1.6.2 Transductive Link Prediction

Transductive link prediction approaches assume that the graph is fixed, and the prediction is made
for a specific set of edges or interactions that are already present in the graph. In the case of
compound-protein link prediction, this means that the method predicts interactions only for
compounds and proteins that are already known in the graph. These methods leverage information
from the existing graph structure and attributes of nodes to make predictions, but they are limited

to the nodes present in the original graph.

1.6.3 Semi-inductive Link Prediction

Semi-inductive methods aim to strike a balance between transductive and inductive approaches.
They assume a partially known graph and partially unknown nodes. In the context of compound-
protein link prediction, this could mean predicting interactions for compounds and proteins that
are not present in the original graph, but still leveraging information from known nodes and edges.
Semi-inductive methods often rely on techniques like node feature propagation to make

predictions for both known and unknown nodes.

1.6.4 Fully Inductive Link Prediction

Fully inductive link prediction methods are designed to make predictions for entirely new nodes
and edges do not present in the original graph. In the case of compound-protein link prediction,
this would involve predicting interactions for compounds and proteins that were not part of the
initial graph. Fully inductive methods are more challenging because they need to learn from the

graph's structure and node attributes without direct access to the target nodes.
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1.6.5 GraphSAGE

GraphSAGE (Graph Sample and Aggregating) is an innovative framework designed for generating
low-dimensional vector representations for nodes in a graph. This method, pivotal in the realm of
graph-based learning, particularly shines in its ability to handle large-scale graphs efficiently.
Unlike traditional graph neural networks that necessitate the entire graph structure for training,
GraphSAGE adopts a novel approach that enables learning from a sampled subset of nodes,

significantly enhancing scalability.

At its core, GraphSAGE employs a neighborhood sampling technique combined with an
aggregation function to generate embeddings for nodes. The process can be mathematically

detailed as follows:

Node Sampling: For each target node v in the graph, a fixed-size sample of its neighbors N(v) is
selected. This sampling is crucial as it addresses the challenge of varying neighborhood sizes
across nodes in the graph. The sampling size is denoted as k, where & is a hyperparameter that can

be tuned based on the graph's properties.

Aggregation Function: GraphSAGE introduces several aggregation functions such as mean, long-
term short-term memory (LSTM), and pooling, to aggregate features from the sampled
neighborhood. The choice of function can be tailored to the specific requirements of the graph and
the learning task. Mathematically, for a node v, the aggregation function AGG operates over its
neighbors' features {h,, Vu € N(v)} to produce a vector representation /Anu) The aggregated

feature /vy captures the collective information of the neighborhood.

Feature Update: The node representation is then updated by combining its own features with the

aggregated neighborhood features. Formally, the updated feature hy, for a node v is computed as:
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hy, = 6(W.CONCAT (hy, hy(y)), (1-1)

Here, 0 denotes a non-linear activation function, W is a learnable weight matrix, and CONCAT

represents the concatenation operation.

Recursive Application: This process is recursively applied for a fixed number of iterations or

layers, allowing the model to capture information from larger neighborhoods progressively.

Objective Function: The training of GraphSAGE is guided by an objective function tailored to the
specific task, such as node classification or link prediction. This objective function is optimized

using stochastic gradient descent or similar optimization techniques.

GraphSAGE's ability to learn from a subset of the graph and its flexible aggregation mechanism
makes it a powerful tool for various applications in graph analytics and ML on graphs. By
efficiently handling large-scale graphs and adapting to different graph structures, it offers a

significant advancement in the field of graph representation learning.

1.7 Transformer Neural Network

The Transformer neural network, introduced in the paper "Attention is All You Need" by Vaswani
et al. in 2017 (33), revolutionized the field of DL with its parallelized and scalable approach to
sequence modeling which crucial in analyzing complex structures such as protein sequences and
chemical structures. It is the foundation of several modern language models, including BERT, GPT,

and more.

14



1.7.1 Self-Attention Mechanism

The self-attention mechanism is the heart of the Transformer. It allows the model to weigh the
importance of different elements in an input sequence, considering the relationships and
dependencies between them. This mechanism enables the model to understand the context, which

1s crucial for various tasks.

1.7.2 Multi-Head Attention

Multi-head attention involves multiple sets of self-attention mechanisms working in parallel. It
allows the model to focus on different aspects of the input sequence simultaneously, capturing

various types of information and improving its ability to learn complex patterns.

1.7.3 Positional Encoding

Positional encoding as an embedded encoder is added to the input's embedding matrix to provide
the Transformer model with information about the order of elements in a sequence. This is

necessary for understanding the sequence's structure and complex hidden information.

1.7.4 Encoder-Decoder Architecture

The Transformer comprises two main parts: the Encoder and the Decoder. The Encoder processes
the input data, while the Decoder generates the output. This architecture is particularly effective

for tasks such as machine translation, where it converts text from one language to another.
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1.8 Transformer Networks in Drug Discovery

Transformer networks have shown remarkable success in various fields, including drug discovery,
and their application in the domain of molecular biology and bioinformatics is an area of active

research (34-36).

Further added how they can be applied in molecule feature extraction, protein feature extraction,

and compound-protein feature mapping.

1.8.1 Molecule Feature Extraction

Transformer networks can be effectively used for molecule feature extraction. They can learn
complex molecular representations by capturing the relationships between atoms in a molecule.
This is achieved by treating each atom and bond as elements in a sequence, similar to words in a
sentence in NLP. The self-attention mechanism in the Transformers allows the model to weigh the
importance of different atoms and bonds in a molecule, leading to a detailed understanding of
molecular structure and properties. This approach is useful for predicting molecular properties and
activities. A notable reference in this area is "Molecular Representation Learning with
Transformers" by Maziarka et al., 2020, (37) which demonstrates the use of Transformers for

molecular feature extraction.

1.8.2 Protein Feature Extraction

In the context of protein feature extraction, the Transformers can analyze amino acid sequences to
predict protein structures and functions. Each amino acid in a protein sequence can be considered
analogous to a word in a sentence, allowing the Transformer to learn the contextual relationships

between amino acids. This capability is essential for understanding protein folding, interactions,
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and functional annotations. An remarkable work in this area is the application of the AlphaFold
system by Jumper et al., 2021, (38) which utilizes a DL approach, including transformer models,

to predict protein structures with high accuracy.

1.8.3 Compound-Protein Feature Mapping

Transformer networks can also be applied to compound-protein feature mapping, a critical task in
CPI prediction. By understanding the interaction between compounds (small molecules) and
proteins, the Transformers can help predict how a drug will bind to its target protein. This involves
learning the complex relationships between the molecular features of the compound and the amino
acid sequences of the protein. The self-attention mechanism in the Transformers is particularly
useful here, as it can identify the most relevant parts of both the compound and the protein for
predicting their interaction. A reference in this area is "Predicting Drug—Target Interaction Using

a Novel GNN with 3D Structure-Embedded Graph Representation" by Nguyen et al., 2020 (39).
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Chapter 2 Motivation and Research

2.1 Introduction

The rapidly evolving field of drug discovery and development has been significantly influenced
by advancements in ML and computational methods. These innovations have opened new avenues
for exploring CPI, a critical aspect of pharmaceutical research. This chapter delves into the
motivation behind using diverse datasets of small molecules for ML purposes and the development

of'a model for CPI to facilitate inductive link prediction in drug discovery.

2.2 Motivation

2.2.1 Diversity in Small Molecule Datasets

The diversity of small molecules in a dataset is crucial for developing robust and accurate ML
models in drug discovery. A diverse dataset ensures a comprehensive representation of the
chemical space, enabling the models to capture a wide range of molecular features and interactions.

This diversity is fundamental for several reasons:

Generalizability: Models trained on diverse datasets are more likely to generalize well to unseen

compounds, reducing the risk of overfitting to specific chemical structures.

Predictive Accuracy: Diverse datasets improve the predictive accuracy of models by providing a

broad spectrum of molecular interactions and properties.
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Innovation in Drug Discovery: Exploring a diverse chemical space can lead to the discovery of

novel compounds with unique therapeutic potentials.

2.2.2 CPI for Inductive Link Prediction

The second objective focuses on developing a model for CPI, an essential step in understanding

the biological activities of compounds. CPI models are vital for:

Target Identification: Identifying the interaction between compounds and proteins helps in

understanding the mechanism of action, leading to more effective drug design.

Inductive Link Prediction: By predicting new interactions, CPI models contribute significantly to

inductive link prediction, facilitating the discovery of potential drug candidates.

Accelerating Drug Discovery: Efficient CPI models can significantly reduce the time and cost

associated with experimental methods, accelerating the drug discovery process.

2.3 Research Objectives

Objective 1: Harnessing Dataset Diversity

e Utilize DL approach for optimal dimensionality reduction of data metrics.
e develop a robust DL-based model to do unsupervised clustering on a dataset of small

molecules at large scale.
Objective 2: CPI Model Development for Inductive Link Prediction

e Design and implement a ML model capable of accurately predicting CPI.
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e Utilize the CPI model for inductive link prediction, contributing to the identification of

novel drug candidates.
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Chapter 3: Deep Clustering of Small
Molecules at Large-Scale via Variational
Autoencoder Embedding and K-means

3.1 Introduction

In the practice of drug discovery, high-throughput screening (HTS) is the primary approach for
identifying drug candidates from chemical libraries (40). Nevertheless, screening is an expensive
and time-consuming process, especially with the emergence of multidrug-resistant and extensively
drug-resistant infections, which create formidable obstacles and challenges for this conventional
drug discovery pipeline. To this end, various ML models have been developed and integrated as
part of routine protocols in chemical and biological applications for decades (41). For instance,
quantitative activity-structure relationships (QSAR) and quantitative property-structure
relationships (QSPR) models have played a major role in molecular property predictions, one of
the central tasks in the field of drug discovery (42—44). On the other hand, unsupervised ML
methods have been extensively applied in the contexts of exploring molecular data sets and
discovering the underlying molecular mechanisms of action (MOA) of new drugs (45). To
establish an efficient ML model for chemical-related tasks, two core questions need to be
answered: 1. how to encode a molecule in a machine-interpretable representation with the
inclusion of informative and unique features of compounds (molecular featurization); 2. How to
ensure the molecular database is diverse enough so that a ML model can learn sufficient chemical

patterns to predict the desired properties outside of the training data.
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In general, molecular representations can be divided into two main categories: calculated
descriptors or fingerprints, and representations that are aggregated from molecular graphs (46).
Chemical descriptors and fingerprints are deterministic characterizations of molecules in
cheminformatics, and they are commonly employed as the input of conventional QSPR/QSAR
models. For instance, ECFP, a type of topological fingerprints that characterize molecular
structures through circular atom neighborhoods, are wildly adopted in QSPR/QSAR models (47).
On the other hand, a molecular graph is a non-Euclidean structural representation composed by a
set of atoms (V), and a set of chemical bonds or interactions (E) between each pair of adjacent
atoms (48). In principle, the molecular graph can be treated as a connected undirected graph G
defined by a set of nodes (V) and edges (E). In practice, various chemical properties can be
calculated for each atom/bond (local features), so that a molecular graph is initialized by an atomic
feature matrix (x,) and a bond feature matrix (e,,,). To utilize local features of molecules for
cheminformatics tasks such as molecule property prediction or clustering, the atomic and bond

features need to be aggregated to the molecular level.

Clustering belongs to the unsupervised ML, which discovers the existing patterns in a given dataset
and classifies the objects into similar groups (49). In bioinformatics, a variety of clustering
algorithms have been implemented depending on different tasks and data (50,51). Before
developing a QSPR/QSAR model, it is necessary to carry out the clustering analysis of compounds
in the virtual chemical database for three reasons. First, as the quality of predictions from a data-
driven model is largely determined by the dataset, validating the diversity of compounds in the

selected virtual library ensures the model can learn sufficient chemical information and make
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decent predictions. In addition, by identifying the similarity or heterogeneity among the chemicals
contained in the data, a more comprehensive understanding of the underlying mechanism of action
(MOA) of drugs could be gained. Furthermore, this may lead to a broader objective concerning
the selection of compounds for the establishment of a dataset for chemical-based ML tasks, which
is known to be a challenging and costly procedure (43). Knowing the categories of chemicals that
need to be included in the dataset can greatly reduce the number of molecules that should be
screened in the laboratory while ensuring the quality of the dataset for the model building at the

same time.

In this study, we developed a novel molecular embedding learning approach that combines both
PCA and a VAE to integrate the global and local features of molecules for clustering the ~50,000
chemicals collected in the large-scale chemical-genetic interaction profiles (CGIP) of mutant
strains of the bacterium Mycobacterium tuberculosis (52). This work provides an in-depth analysis
of the large-scale chemical library that was screened against Mycobacterium tuberculosis mutant
strains (hypomorphs). Moreover, by investigating the generated compound clusters, we highlight
the importance of feature engineering and gained insight into clusters of compounds that may

target the same biological systems, and thus may possess similar biological functions.

23



3.2 Materials and Methods

3.2.1 Overall Study Design

The study framework included three parts: molecule featurization, clustering analysis and
evaluation (Figure. 3-1). The framework started by the feature engineering of the compounds. To
take better advantage of both the global and local features of molecules, chemical descriptors,
atomic and bond features were first generated from RDKit (53). The atomic and bond feature
matrices for each molecule were compressed by the principal component analysis (PCA) (54), then
incorporated in the clustering analysis along with the chemical descriptors. With the composite
representations of molecules, we selected the optimum number of clusters based on the analysis
of Silhouette method. Next, using the obtained hyper-parameter, we investigated three clustering
methods: K-means, K-means with autoencoder, and balanced iterative reducing and clustering
using hierarchies (BIRCH). Lastly, we evaluated and compared the clustering methods on three

internal indices, and visualized examples from five clusters by means of similarity maps.
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Figure 3-1 Schematic representation of the study design
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3.2.2 Data Sources

The Johnson et al. (52)dataset used in this study has been made publicly available on the website
(https://www.chemicalgenomicsoftb.com), where they provided the structure and function
annotation of 47,217 compounds represented in the SMILES (13). These compounds were
collected and screened against 153 Mycobacterium tuberculosis strains (strain H37Rv and
hypomorphs) to identify potential antimicrobial drugs that may possess growth-inhibitory to wild
type Mycobacterium tuberculosis. The relative abundance of each unique strain was calculated
after drug exposure, then the number was compared to the untreated dimethylsulfoxide (DMSO)
control by maximum likelihood estimation of the natural fold change (LFC). LFC estimates mark
the differences between the experimental and control groups, where larger absolute values reveal
the higher antibiotic activities of drugs against specific Mycobacterium tuberculosis strain.
Focusing on the analysis of the distribution and diversity of chemicals in the Johnson et al. (52)
library, only the 47,217 SMILES strings, which describe the structural information of molecules,

were used in this study.

3.2.3 Feature Engineering of Molecules

Feature engineering (Figure 3-2) is the first component of our framework, which transforms the
SMILES notation of each compound to a numerical format that serves as input to the clustering
analysis that follows. To depict compounds with both chemical properties and structural
relationships, in general, we fused the global and local features together by performing a series of

concatenations and dimensionality reductions.

25


https://www.chemicalgenomicsoftb.com/

A A00052363 Atomic Matrix Bond Matrix
Size: # Atoms x 145 Size: # Bonds x 12
!
N 0 A Formal o picality  #H  Hybridization Aromatic M
- (o] /[L tom type Degree charge irality ybridization Aromatic Mass Bond type Conjugated Ring Stereo
N N HHeli..lvTsOg 012345 12120 0123 01234 spsp’sp'sp'dsp'd® Single Double Triple Aromatic 012345
Q Atoml| 000..000 000010 00001 1000 00010 00100 O 0.2 Bondll 1 0 0 0 0 0o 10000
o P .
Atomi| 000..000 010000 00001 1000 10000 01000 O 016 Bond i 10 0 0 1 0 10000
™ | 000..000 000100 00001 1000 10000 01000 1 o012 | ¢ 0 0 1 1 1 10000
Atom 28 Bond 3
. . PCA
Chemical Descriptors PCA
M1_cheml .. M1_chem200 1stPC  M1_a_pcal .. M1_a_pcalds 1stPC M1 b pcal .. M1_b pcal2
B Size: # Molecules x 200 Size: # Molecules x 157 Size: # Molecules x 50
Molacule 1
M1_cheml .. M1_chem200 M1_a_pcal .. M1_a_pcald5 M1_b_pcal .. M1_b_pcal2 M1 pcal .. MI1_pca50
Molecule i Mi_cheml .. Mi_chem200 Mi_a_pcal .. Mi_a_pcalds Mi_b_pcal .. Mi_b_pcal2 PCA Mi_pcal .. Mi_pca50
Molecule 47K MATK_cheml .. M47K_chem200 M47K_a_pcal .. M47K_a_pcald5 M47K_b_pcal .. MA7K_b_pcal2 M47K_pcal .. MA7K_pcaS0
Normalization
c Size: # Molecules x 250 Size: # Molecules x 243
Molecule 1
M1_cheml .. M1_chem200 M1_pcal .. MI1_pcaS0 . . M1_f1 M1_f243
,,,,,, Filtering
Molecule i Mi_chemi .. Mi_chem200 Mi_pcal .. Mi_pcaso Mifl ..  Mif243
Molecule 47K Ma47K_cheml .. MA47K_chem200  M47K pcal .. MA7K_pcaSD MATI_f1 .. MA7K_f243

Figure 3-2 Overview of the feature engineering. (A) The first compound of the Johnson et al dataset
(compound identifier: A00052363) is used as an example. Firstly, 200 chemical descriptors were derived
from RDKit. On the atomic/bond level, 8 types of atomic features and 4 types of bond feature were

generated and one-hot encoded. Next, PCA was performed on each transposed atomic and bond matrix.

The first principal component (PC), which contains the greatest amount of variance, was selected as the
one-dimensional representation for each feature matrix. (B) The same process was used to iterate through
all the compounds in the dataset. We concatenated the atom and bond features and selected the top 50
features which explained all the variance by performing another PCA on the matrix. For molecular
descriptors, we normalized the values with Z-score scaling among samples. (C) For each molecule, we
concatenated the normalized chemical descriptors with its’ aggregated local features. Finally, we filtered
out columns with zero variance, resulting in a feature matrix of size (47217 X 243) for the subsequent

clustering.
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3.2.4 Calculation of Molecular Descriptors

A collection of 200 descriptors were derived from different modules in RDKit package (53)
(Figure 3-2A -left panel), ranging from basic descriptors such as molecular weight and the number
of radical electrons, to topochemical descriptors (e.g. Balaban’s J index) and hybrid Estate
combining VSA descriptors (e.g. MOE VSA descriptors), etc. (55). The comprehensive
cheminformatics descriptors include a wide range of chemical properties at the molecular level,

providing a rich source of chemical information on a variety of aspects.

3.2.5 Generation of Atomic and Bond Feature

As defined in the introduction, a molecular graph consists of an atomic matrix (x,) and a bond
matrix (e, ). Table 3-1 shows the 8 types of atomic features and 4 types of bond feature used in
this study. All atomic and bond features were one-hot encoded (Figure 3-2A -middle and right
panels), except for the atomic mass, which was scaled by dividing by 100. Encoding features in a
one-hot manner is a common technique in categorical data, which guarantees the algorithm doesn't
consider higher numbers to be more important and allows for a more expressive representation of

categorical data (56).

Table 3-1. Descriptions of Atomic and Bond Features

Feature Type Attribute Size Description
Atom type 118 | known chemical elements (by atomic number)
Degree 6 number of bonds the atom is involved in
Formal charge 5 electronic charge assigned to an atom
Chirality 4 unspecified, tetrahedral CW/CCW, or other
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Atomic Features

types of chirality

Number of H number of bonded hydrogen atoms
Hybridization sp, sp>, sp°, sp°d, or sp>d?
Aromaticity whether the atom is aromatic

Atomic mass

mass of the atom

Bond Features

Bond type single, double, triple, or aromatic

Conjugated whether the bond is conjugated
Ring whether the bond is in a ring
Stereo stereochemistry of bonds

(none, any, E/Z or cis/trans)

3.2.6 Feature Aggregation

To utilize graph representations of a molecule, the features of atoms and bonds need to be
aggregated, then embedded into a vector (read out) for use in subsequent tasks. In this regard,
many GNN have been proposed, in which molecular features were aggregated via different
message passing (or graph convolution) scheme (44,57,58). However, GNNs belong to supervised
algorithms, where the ground truth for each molecule is required during training. In other words,
the local messages of molecule can only be updated iteratively via backpropagation on the
gradients of the loss between current states and targets. Since we only make use of the SMILES

strings in the library and do not have the ground truth for clustering, we propose a PCA-based

approach to the aggregation of molecular local information.
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PCA is an unsupervised technique of dimensionality reduction that works by finding a new set of
mutually uncorrelated variables (principal components) to represent the original data while
retaining most of the variation (54,59). In this study, we used the linear PCA, which projects the
data onto linear subspaces, for the purpose of aggregating the local features to a lower dimension.
Specifically, we performed a linear PCA on each transposed molecule-specific atomic and bond
matrix, respectively. The first principal component, which contains the greatest amount of
variance, was chosen as the one-dimensional representation of each atomic and bond feature
matrix of a given molecule, respectively (Figure 3-2A -middle and right panels). In this way, the
local features of different sizes in each molecule were aggregated into a representation with the

same dimensionality for all molecules (Figure 3-2B -middle panel).

To further filter out the redundant features with low variance across the molecules, we performed
another PCA on the concatenated atomic and bond feature matrix (Figure 3-2B -middle panel)
and selected the top PCAs or features (Figure 3-2B - right panel) which explained all of the
variance (Figure 3-3). For the molecular descriptors, we performed a Z-score normalization so
that the values all fell within the same range, with the aim of preventing features with larger
absolute values from dominating the algorithms. Lastly, we concatenated the resulting local and
global features, followed by a filtering operation which delete the feature columns with zero
variance (Figure 3-2C). The final representation of a molecule is in size of 243, which incorporate

abundant local and global information for the subsequent clustering of the molecules (Figure 3-

4).
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Figure 3-3 The proportion of variance explained based on the number of PCs. The first 50 PCs

explained 100% of the variance of the data.
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Figure 3-4 Heatmap showing the correlations between each pair of the features. The 50 aggregated
atomic and bond features are named as PCA (1-50), while the rest are the names of the molecular descriptors

generated by RDKit.

3.2.7 Molecule Clustering

Due to the small molecules at large-scale, we selected below four clustering methods since they
can be scalable for very large datasets, perform data reduction, and be efficient in memory and

time usage.
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3.2.8 K-Means Method

K-means (60) is one of the simplest and most famous clustering algorithms. K-means starts to
indicate centroids (a centroid is the center of a cluster of molecules) randomly. A molecule is in a
particular cluster if it is closer to that cluster's centroid than any other centroid. K-means tries to
finds the best centroids by alternating between assigning molecules to clusters based on the current
centroids and choosing centroids based on the current clusters of the molecules until it finds a
convergence. It stops creating and optimizing clusters when either the centroids have been

stabilized or the defined number of iterations has been achieved.

3.2.9 BIRCH Method

BIRCH (Balanced iterative reducing and clustering using hierarchies) is an unsupervised data
mining algorithm used to perform hierarchical clustering over particularly large data sets by first
generating a small and compact summary of the large dataset that retains as much information as
possible (61). Hence, each clustering decision is made locally without scanning all molecules and
currently existing clusters. The method makes full use of available memory to derive the finest

possible sub-clusters while minimizing the input/output costs.

3.2.10 DL Autoencoder-based K-means Clustering

An autoencoder (AE) is a type of neural network that transforms input molecule-specific features

into its output (62). An autoencoder consists of two parts in this transformation:
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1. The Encoder transforms the high dimensional inputs into a smaller set of dimensions while
keeping the most important latent features.

2. The Decoder that uses the reduced set of latent features to reconstruct the initial input data.
The autoencoder algorithm makes embedding of the large molecule-specific feature data and
reconstructs it in a lower dimension without losing important information. We used K-means to
cluster molecule-specific embeddings and generate molecule clusters, which is expected to have

much better performance and capture the cluster’ labels (63).

3.2.11 DL Variational Autoencoder-Based K-means Clustering

Although AE is simple, it is hard for us to control over how we model our latent distribution. A
variational autoencoder (VAE) (64) is a type of generative neural network based on an autoencoder
that is made from an encoder and a decoder. VAE makes embedding of the input molecule-specific
features to a latent space in a probabilistic manner and reconstructs the input data from the latent
space. Hence, VAE makes it more practical and feasible for large-scale data sets, like the set of

molecules we analyzed here.

The general architecture of the VAE algorithm is summarized in Figure 3-5. The goal is to
minimize the VAE loss that defines as follow,

Reconstruction Loss:

L=—3m1(x),27),(3-1)

m

where m is the number of molecules, x is the input, and X is the output.

VAE Loss:
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L(%,2) = Lreconstruction + EEL1(V(2) — log V(2)] — 1+ E(2)); . (3-2)

where x is the input data, X is the output data, B is the hyperparameter, V (Z) is the variance of the
inputs in the encoder section, and E (Z) is the mean of the molecules in the encoder section.

In the VAE model used with our framework, the encoder accepts samples of molecule's features
data from the input. The encoder contains the combination of six layers of linear and batch
normalization layers and an output layer that produces embeddings with reduced dimension of the
samples described above. The decoder subnetwork accepts these encoded samples as input,
passing these through an architecture like the encoder, which reconstructs the original samples. In
both subnetworks, the activation function of the hidden layers is a rectified linear unit ReLu(.). An

Adam optimizer with a learning rate of 1e-3 was used to update the neural networks' weights.

Using the embeddings from the molecule-specific features based on VAE, we could apply the K-

means algorithm to generate the molecule clusters based on the predefined number of clusters.

ENCODER DECODER

E(Z),V(Z)

Latent Space Reconstruction

AT T
Predicted Cluster
R-Means Labels
o /

Figure 3-5 Schematic of the Variational Autoencoder model + K-Means. Encoder: X— R2d , Decoder:

Z— Rn . E(Z) represents the mean of the points, and V(Z) is the variance of the points.
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3.2.12 Estimation of the Number of Molecule Clusters

One of major challenges in performing clustering analysis is to decide the number of clusters in a
given input data. One of the most popular methods to calculate this number is the Silhouette index
(65). Silhouette index is a measure for the validation and interpretation of the consistency within
data clusters. This approach gives a simple graphical representation of how well each object has

been grouped. The Silhouette coefficient s is expressed as:

(b—a)
" max (a,b)

B (3_3)
where a is the mean distance between a given molecule and all other molecules in the same cluster
while b is the mean distance between a given molecule and all other molecules in the next nearest

cluster. Silhouette coefficient values range between —1 and +1, with higher values indicating that

the molecules are better clustered.

3.2.13 Clustering Performance Evaluation

It is a crucial part to measure the quality of a clustering algorithm so that we can choose the
clustering algorithm that performs best for an input set of large-scale molecules. Generally, there
are external and internal evaluation measures. External evaluation measures usually require a
ground truth which is not available in our study. Hence, we focused on the internal clustering
validation. In particular, we applied three widely used performance measures, the Silhouette
coefficient, the Calinski-Harabasz index (66) and the Davies-Bouldin index (67), to evaluate our
clustering performance. The internal clustering measurements were implemented with the

“sklearn” python package (68).
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3.2.14 Calinski-Harabasz Index

The Calinski-Harabasz index is a method for finding the ratio of the sum of between-clusters
dispersion and of inter-clusters dispersion of all clusters identified from the analysis (66). The
Calinski-Harabasz score S for k clusters is given as:

_ B | meek

= X .
tr(Wy) k-1

(3-4)
where the tr(B},) is the trace of the between-group dispersion matrix and #7(WW},) is the trace of the

within-cluster dispersion matrix defined by:
B =Xk 1ng(cq — cp)(cqg — cp)™, (3-5)
Wy = S5, Sree, (X = c)(x = c)7, (3-6)
where Cj is the set of molecules in the cluster g. ¢, is the center of the cluster g. n4 is the number

of molecules in the cluster g. cg is the center of the cluster E. A higher score indicates a model

with more separated clusters.

3.2.15 Davies-Bouldin Index

The Davies—Bouldin index is a measure to evaluate cluster analysis algorithms (67). This metric
is an internal evaluation scheme, which is defined as the similarity of the average between each
cluster Cu, for u =1, ... , k, and its most similar one Cv . Ruv is a measure that defines the

similarity given by:

SutSy

- >
o

Ruv (3' 7)

where sy is the diameter of a cluster for w = 1, ..., k and duv is the distance between cluster

centroids u and v. The Davies-Bouldin (DB) index can be expressed as:

DB = %t p-1maxRy, . (3-8)
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where a lower Davies-Bouldin index indicates a model with better separation between the clusters.

3.2.16 Visualization Analysis

3.2.16.1 t-SNE Visualization of the Molecular Embeddings

t-SNE is a statistical tool to visualize high-dimensional data by giving each data point a location
in a two or three-dimensional map in such a way that similar objects are modeled by nearby points
and dissimilar objects are modeled by distant points with high probability (69,70). We applied the

t-SNE to visualize our embeddings from the VAE analysis.

3.2.16.2 Molecular Similarity Map

In cheminformatics, a common strategy to quantify the similarity between two compounds is by
assessing the fingerprint similarities with distance metrics, such as Dice (71) or Tanimoto (72).
Based on this scheme, the similarity map proposed by Riniker et al. (73) provides the ability to
visualize the atomic contribution to the similarity between two molecules, or the predicted
probability from a given ML model. For each atom in a test compound, its atomic contribution
(weight) to the similarity to a reference compound equals to the similarity difference when the bits
in the fingerprint corresponding to the atom are removed. The weights generated for each atom are
then normalized and used to color the topography-like map for visualization. We generated the

molecular similarity map using the module implemented in the RDKit.
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3.3 Results

3.3.1 Estimating the Number of Clusters

Using a range of 5 to 200 clusters with a step size of 5 and different numbers of embeddings (16,
32 and 64) from the AE and VAE algorithms, we applied the Silhouette method to estimate the
Silhouette coefficient values (Figure 3-6). As shown in Figure 3-6, all the feature sets or
embeddings achieve relatively stable Silhouette coefficient values at cluster size 50. Using the 243
raw features produced the lowest Silhouette coefficient value while the best embeddings are the
32 latent features from the VAE algorithm with a Silhouette coefficient value 0.286 at the cluster

size 50 (Figure 3-6).
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Figure 3-6 Embedding-specific silhouette scores under different number of molecule clusters. Results
based on the 243 raw features and the 64, 32, and 16 embeddings from the VAE and AE algorithms,

respectively.
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3.3.2 Performance Evaluation of the Identified Molecule Clusters

Table 3-2 summarizes and compares the clustering performance of the four suggested algorithms
(K-means, BIRCH, AE + K-means and VAE + K-means) based on the 243 raw features and their
embeddings of the molecule data set from VE and VAE, respectively. For the K-means and BIRCH,
we determined the optimal number of clusters 30 based on the 243 raw features (Figure 3-6). For
AE + K-means and VAE + K-means, we determined the optimal number of clusters based on
different number of embeddings (16,32, and 64) (Figure 3-6, Table 3-2). Overall, based on the
three internal measurement indexes, we found the algorithm of VAE + K-means with 32
embeddings showed the best performance (Calinski-Harabasz Index: 10112.928, Silhouette Index:
0.286, and Davies-Bouldin Index: 0.999) with 50 optimized clusters while K-means and BIRCH

with the 243 raw features showed the worst performance (Table 3-2).

Table 3-2. Internal measurement indexes

Clustering Method #Clusters Internal Indices
Calinski- Silhouette Davies-
Harabasz Bouldin
K-means 30 1010.383 0.066 2.167
BIRCH 30 825.288 0.042 1.964
VAE (16) + K-means 50 5545.491 0.236 1.142
VAE (32) + K-means 50 10112.928 0.286 0.999
VAE (64) + K-means 70 4965.177 0.229 1.183
AE (16) + K-means 50 1498.595 0.116 1.703
AE (32) + K-means 40 1117.688 0.085 1.912
AE (64) + K-means 70 717.636 0.075 2.260
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3.3.3 Visualization of the Identified Clusters

We evaluated the distribution of the molecules in each cluster based on the number of molecules
in each cluster using the results from the VAE-based K-means clustering with 32 embeddings
(VAE (32) + K-Means) and 50 clusters (Figure 3-7). As shown in Figure 3-7, more than 80% of

the clusters with more than 500 molecules and the cluster size is relatively homogeneous.
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Figure 3-7 Distribution of molecules in each cluster

Furthermore, we visualized the embeddings from the results with the best algorithm (VAE (32) +
K-means) using the t-SNE method (Figure 3-8). Overall, the clustered molecules using the VAE
(32) + K-means with 50 clusters showed consistent patters with the t-SNE analysis of the
embeddings, that is, the t-SNE clustered majority of the cluster-specific molecules from the VAE

(32) + K-means together.
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Figure 3-8 The t-SNE visualization of the 32 embeddings from VAE algorithm. The numbers are the

cluster IDs from the results of VAE (32) + K-means. The colors represent the t-SNE analysis results.

To further examine the effectiveness of our clustering framework and discover the commonalities
in molecular structures within the same cluster, four samples, including one reference molecule
and three test molecules, were randomly selected from each of five randomly selected clusters and
visualized (Figure 3-9). During the generation of the similarity maps, the count based ECFP with
radius 2 and 2048 bits was used as the compound representation. In addition, the Tanimoto was
selected as the metric during the fingerprint comparation as it is one of the best choices for

fingerprint-based similarity calculation reported by Bajusz et al. (74) . In the similarity maps,
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atoms contribute to the similarity score between the reference compound and the test compound

are highlighted in green, whereas the red represents the opposite contribution.

Cluster Reference Compound Test Compounds

Figure 3-9 2D structure and similarity map for the examples randomly selected in the five clusters.
For each cluster, the similarity scores between the reference compound and three test compounds were
measured by the Tanimoto metric using the count based ECFP (radius=2, bit=2048). The similarity weights
were visualized by colors on the structure (similarity maps). Sub-structures that increase the similarity score

were presented in green, whereas the red indicates the opposite.

From the randomly selected cases in Figure 3-9, our clustering framework successfully grouped
molecules with more structural similarities into clusters. For instance, all four molecules in cluster

7 contain aromatic carboxylates and they were labelled in green, indicating the similarity. Aryl
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halides appear in three samples in cluster 35, and all samples from cluster 44 contain sulfonamides.
We also show the pairwise similarities scores between all selected samples in one matrix (Figure
3-10) to present how samples differ within clusters. In order to generate a matrix with a larger
contrast, we chose binary ECFP (radius=1, bit=2048) as the molecular representation and
calculated the Tanimoto score between them. The matrix is diagonally symmetric and orange
rectangles denote samples that belong to the same cluster. The more similar two molecules are, the
greater the value of Tanimoto between them. As shown in Figure 3-10, it is clear that samples
originating from the same cluster obtained larger Tanimoto scores and exhibited in darker colors
in the matrix. Cluster 35, in particular, has a distinctive difference in color from samples not in this
cluster. Moll and Mol3 in cluster 29 achieved the highest similarity score (0.86). From their
structure in Figure 3-9, we can also identify the characteristics of structural closeness between

them.
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Figure 3-10 Tanimoto similarity matrix between each pair of the examples. It includes the reference
compounds (Mol0) and three test compounds (Mol1l, Mol2, Mol3). The binary ECFP (radius=1, bit=2048)
were used for the similarity calculation. The orange rectangle circles the samples belonging to the same

cluster.
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3.4 Discussion

In this study, we first tried to capture molecular descriptors, atomic features and bond features.
However, for a given molecule, the molecular descriptor is a feature vector while the atomic
features and bond features are two different matrixes with different dimensions. We explored a
simple PCA method to reduce the atomic feature matrix and the bond feature matrix to a PCA-
based feature vector, respectively. Since we only focused on the first PC in each of the two feature
matrices, this may lose some information in the data.

To further integrate the molecular descriptors, PCA-based atomic features and PCA-based bond
features, we made the embeddings with different sizes using the standard AE and VAE algorithms,
respectively. We used a simple K-means clustering method to evaluate the performance of the
embeddings in clustering the large-scale molecules. Overall, we showed that VAE-based
embeddings have significant better performance than other embeddings to cluster the molecules.
When applying K-means for clustering analysis, one major challenge is to predefine the number
of clusters in the data. Here, we applied the widely used Silhouette method to estimate the number
of clusters in the large-scale molecule set. However, we expect some other soft K-means methods
(75) can achieve similar performance to the methods we applied here.

Comparing with the clustering applications in other domains, such as disease subtyping using gene
expression profiles, we found that the molecular cluster separation score measured by the Calinski-
Harabasz index is relatively low (the maximum one is 0.286). We also found the normalization
strategy used for the molecular descriptors can have a significant impact on the clustering results.
All these suggest that we may need to extract more molecule-specific features, such as three-
dimensional coordinates of the molecular structure, establish more robust preprocessing pipeline,

and make new embedding strategies to perform deep clustering of the molecules.
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3.5 Summary

In this study, we developed a novel molecular embedding framework that combines both PCA and
VAE to integrate the local and global features of molecules. To evaluate the usefulness of the
molecular embeddings, we applied our methods to extract the embeddings of the ~47,000
molecules from a large-scale molecule library that were collected and screened against
Mycobacterium tuberculosis strains and performed an in-depth clustering analysis of the
embeddings by comparing a variety of unsupervised clustering algorithms, including standard K-
means, K-means with AE, K-means with VAE, and BIRCH. We demonstrated that embeddings of
the molecules using the VAE-based method have significant advantages over those based on the
AE-based method. However, our model cannot produce an index shows the diversity of a chemical
dataset and use it to compare the diversity of two different datasets, but it can be applied to any
large-scale chemical libraries to determine if it is diverse enough or not based on the needs of the
projects. Also, our novel analytical framework based on the clustering analysis, may provide

insights for optimizing drug discovery by decreasing the size of screening libraries.
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Chapter 4 GraphBAN: Inductive Graph-
Based Prediction of Compound-Protein
Interactions

4.1 Introduction

One of the initial steps in drug discovery is the identification of chemical compounds that bind a
molecular target involved in a disease mechanism (76). In the case of protein targets, visualizing
the intermolecular forces that mediate CPIs is crucial for further improvements of the drug under
investigation (77). One way to identify CPIs is by chemogenomic profiling, which systematically
analyzes potential biological targets that interact with extensive collections of chemical
compounds. Unfortunately, chemogenomic profiling of potential drugs can be lengthy, complex,

and costly (78).

Therefore, computational methods that predict drug-target interactions (DTIs) can have a
significant impact in terms of reducing the resources and time needed to discover and develop a
new drug (79). Computational prediction of CPIs encompasses two primary approaches: structure-
based and ligand-based methods (80). Structure-based methods require information on the
interactions of the ligand with the protein in the site of interest. This necessitates the utilization of
molecular docking simulations, which, regrettably, may not be universally applicable for all CPIs.
In contrast, ML and DL techniques offer an in-silico alternative for analyzing CPI, effectively
alleviating the burdens of time and cost by filtering out thousands of extraneous compounds in

virtual databases.
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Current methods aimed to predict CPIs or DTIs can analyze data from three different aspects: the
first aspect is the input data, which includes two principal categories: graph-based and non-graph-
based input data. The graph-based data generates a heterogeneous graph, where compounds,
proteins or other biological entities constitute the nodes, while interactions form the edges. These
graph structures are subsequently analyzed using GNN-based models to capture structural
information of nodes and their associations. One advantage of this approach is that considering
neighbouring features can improve link prediction accuracy. However, a disadvantage is that the
training procedure is more complex and struggles with fully unseen nodes; having only node
attributes is not an easy task. Notable examples are listed in references (39,81,82). On the other
hand, the input data received as a non-graph CPI dataset is preferable due to its flexibility in tabular
data analysis with several ML/DL models available and more efficient computational costs that

lead to overall better results (83—86).

The second aspect pertains to how the trained ML/DL models are evaluated. There are two main
approaches to do this: the first is whether the testing is performed on compounds and proteins that
the model has encountered during training (transductive analysis) or on entirely different,
previously unseen entities (inductive analysis). The third aspect involves assessing the similarity
of the compounds and proteins in the test set to those in the training set based on their descriptors
(take the descriptors of compounds/proteins as their domain). If they are similar, the analysis is
referred to as in-domain analysis, whereas if they differ, it is classified as cross-domain analysis.
In real-life scenarios to use the link predictor model, we will have inductive compounds/proteins
that were not in our train set plus that with a highly chance they different in domain compared to
our train set, so it will be more relevant to address our test scenarios in this way compared with

having transductive and in-domain test sets. Abbasi et al. (87) introduced a model based on LSTM
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and CNNs to do CPI prediction considering cross-domain analysis. Moreover, Kao et al. (88)
ensembled different DL models to do DTI prediction and applied their test analysis on cross-

domain data compared with their training data.

An unexplored path in CPI/DTI prediction involves utilizing graph input data to enable cross-
domain inductive analysis, employing only the node attributes of the test sets while simultaneously
benefiting from the advantages of treating the CPI train set as tabular data (non-graph approach).
In this work, we introduce a unified model called GraphBAN, which includes the full spectrum of
CPI prediction requirements, covering transductive, inductive, in-domain, and cross-domain
analyses. Our proposed methods systematically tackle the three aspects of analyzing the CPI
prediction mentioned above. First, we devised the graph autoencoder to attention (GAE2A), which
combines GNN and attention mechanisms to handle link prediction in both transductive and
inductive scenarios adeptly. Then, we incorporated KD to create a teacher-student model, referred
to as the graph autoencoder to feature (GAE2F), enhancing the analysis of the nodes' features and
achieving improved predictions in inductive scenarios. Finally, GraphBAN presents a
comprehensive end-to-end model that replaces the BAN module with a simple node feature

concatenation and a cross-domain adoption module, further elevating its generalization ability.
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4.2 Methodology

We employed three distinct methodologies, each offering a unique perspective, to address the
challenge of predicting CPIs. Our primary objective centers around leveraging graph topology to
acquire an understanding of graph structural characteristics through the utilization of GNNs.
Subsequently, we applied the trained model to both transductive and fully inductive nodes,
employing a cross-domain approach with the ultimate aim of ensuring the model's applicability to

real-world scenarios.

4.2.1 Method 1: GAE2A

The comprehensive architecture of this model is depicted in Figure 4-1, which draws inspiration
from research conducted on inductive link prediction in RNA-Protein interactions utilizing GNNs
(89). This approach entails the design of a model capable of handling both inductive and
transductive link prediction scenarios. The model comprises two primary components: Train
block is dedicated to training, with an input graph with the nodes’ features, enabling transductive
link prediction. Unseen test block shows an architecture for inductive analysis, employing an
attention mechanism. In the training process, we employ a Graph Autoencoder (GAE) model to
generate embeddings for compounds and proteins. These embeddings serve as input to the Deep
Neural Network (DNN) block, facilitating the transductive link prediction. Additionally, we utilize
the embeddings generated by the transductive block in the subsequent phase to produce
embeddings for previously unseen compounds and proteins, leveraging an attention mechanism.

The subsequent sections provide a detailed explanation of each of these blocks.
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Figure 4-1. The architecture of the GAE2A method. Train block includes modules to extract compounds
and protein features in an unsupervised manner. The Train block is to train a GAE to provide the node
embeddings. Unseen test block is designed to utilize the attention mechanism and embeddings of
compounds and proteins that participated in the Train block to generate embeddings for unseen compounds
and proteins. In the next step, the embeddings concatenate together and use the trained DNN from the Train

block to make predictions (for the transductive analysis, just the Train block is applied).

4.2.1.1 Train Block

This block is implemented to handle transductive analysis and is used in the training phase of
inductive analysis. It inputs a bi-partite graph with its node features and a GA, including a graph
encoder with three graphSAGE layers with the ReLU (90) activation function and a linear layer in
the graph decoder to reconstruct the graph. The compound and protein embeddings for each

interaction are concatenated with each other as inputs to the DNN layer to do link prediction.

4.2.1.1.1 Compounds and Protein Features

GAA uses two unsupervised methods independently of the training procedure: the pre-trained

Transformer (91) and Protvec (92). These models create 512 and 100-dimensional embeddings for
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compounds and proteins, respectively. The pre-trained Transformer model uses an encoder to
convert any compound string in SMILES format of length M to a matrix of [M * N] where N is
the size of the embedding. To use the generated matrix of each compound, we calculate the average
of the predicted embeddings. Protvec does not rely on fixed-length feature vectors or handcrafted
features. Instead, it works based on word2vec (93) and treats amino acid sequences as sentences,
where words are amino acid trigrams, to convert protein sequences into continuous vector
representations. These vectors capture the semantic relationships between amino acids based on

their co-occurrence patterns in large protein sequence databases.

4.2.1.1.2 GAE

The GA is a DL model that takes advantage of CNNs to learn representations of graph-structured
data. The GA can be illustrated by three main sections: the encoder made by sage layers, the latent
space that contains the generated embedding of the nodes, and the decoder with linear layers (94)
to reconstruct the graph. The encoder section of the GA transforms the input graph data with node
features into a lower-dimensional latent space representation. This latent space represents the key
features and relationships presented in the graph data. The decoder section, on the other hand, is
responsible for reconstructing the original graph data from the learned latent space representation.
We optimize the embedding generated with binary cross-entropy loss (BCE loss). The BCE loss
function measures the dissimilarity between predicted binary outcomes and actual binary labels as

shown below formula:

L=-3; (vilog (p) + (1 — y)log (1 —py)), (4-1)

The y;is the true label of the i-th compound—protein pair, p;is its predicted probability by the

model.
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4.2.1.2 Unseen Test Block

This block is embedded for inductive analysis to perform prediction on unseen test compounds
and proteins. The unseen test block receives the initial features of new nodes plus the embedding

of compounds and proteins used in the trainset.

4.2.1.2.1 Attention Mechanism
The attention mechanism block computes the embedding for a new compound/protein v by
applying the normalized feature similarity function sim(.) as shown below. (The similarity function

is Cosine similarity as it is recommended by reference (14).)

Z, = Zueﬁ sim (vaxu)zw (4-2)

The p is the set of compounds/proteins in the training graph while X,, and Z,, are the features and

embeddings of the previously seen compounds/proteins u. Next, the generated embeddings for
each compound and protein are concatenated, which creates linked embeddings between the
corresponding nodes. These linked embeddings are then used as input for the trained DNN layer

to do prediction.

4.2.2 Method 2: GAE2F

The use of KD to do inductive link prediction on heterogeneous graphs was previously introduced
as a model named graph2feat (95,96). They proposed a teacher-student approach to do link
predictions on homogeneous and heterogeneous graphs. Their focus was on handling link
prediction for unseen test nodes that the information about the edges that connect them was not

provided. Considering their model, we changed their teacher model from a stack of sage layers to
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a full GA that generates optimized embedding for the train set of compounds and proteins. Then
optimizes the process of learning the embedding by BCE Loss function. Furthermore, distill the
knowledge of graph's structure properties with a mean squared error (MSE) loss to the student
model in offline mode which means that the teacher model is frozen during the training phase. The
student model is a simple multilayer perceptron (MLP) that is a stack of linear, dropout, and batch
normalization layers and learns the patterns between the link's embeddings and labels optimized
by its loss function. So, in total, the GAE2F model tries to minimize the below loss function during

training.

L =Y peeve Lowp (@i aij) + Tvev Lip(Z,2,),  (4-3)
where Lqyp is the student’s link prediction loss (binary cross-entropy), @; ;, is the inner product
similarity score between Z; , Z; and a; j = 1.

After training for inductive analysis, the model becomes essentially an MLP with no need to deploy
the graph topology, and in transductive analysis, only the teacher model is used without needing

to deploy the student block. The whole architecture is plotted in Figure 4-2.

4.2.2.1 Teacher Model

The teacher model utilized in this context is identical to the GAE model employed in the GAA
model. This teacher model generates embeddings for the links within the training set graph, which

consists of compounds and proteins.

4.2.2.2 Student Model

The student model receives the simple concatenation of compounds and protein features based on

the bi-partite graph topology and generates a matrix of link embeddings by stacking linear and
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batch normalization layers shown in Figure 4-2. The final embeddings are input to the DNN layer

and optimized by BCE loss.
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Figure 4-2 The architecture of the GAE2F. The first section is designed to generate the node features
including modules to extract compounds features and the protein features which works in an unsupervised
way. The next section is the generate graph part that is to generate a bi-partite graph. The last part is the
offline training with distillation that is to train a classifier with a GA and a MLP to predict the active

interaction pairs between compounds and proteins.

4.2.3 Method 3: GraphBAN

In our prior approach, we combined compound and protein features in the student block through
simple concatenation. However, recent research (97) has demonstrated that utilizing BAN instead
of basic concatenation can significantly enhance CPI prediction accuracy. Additionally, the
introduction of a cross-domain adaptation block bridges the gap between in-domain and cross-
domain feature distributions, further improving prediction performance. Furthermore, our earlier
method involved two separate, unsupervised techniques for extracting compound and protein

features. These methods operated independently and had no trainable weights during training.
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Previous work indicated that fusing GCN and FCFP features can boost CPI prediction scores (86).
We have applied a similar approach to our compound feature generating process. Additionally, for
protein feature extraction, we have employed the CNN to convert amino acid sequences into
features, following the methodology outlined before (97). Our new approach is named GraphBAN
(Figure 4-3). It comprises three key components. First, it generates node features by extracting
compound and protein features (plus compound feature fusion). Next, it constructs a bi-partite
graph with node features. Finally, it employs offline training with distillation using GAE in the
student block and BAN layer plus the conditional domain adaptation network (CDAN) module to

perform link predictions.
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Figure 4-3. The architecture of GraphBAN. The input compound molecule and protein sequences are
encoded by (GCNs + FCFP) separately and 1D CNNs. Each row of the encoded compound feature is an
aggregated representation of adjacent atoms/bonds plus the substructural features in the compound, and
each row of the encoded protein description is a subsequence representation in the protein amino acid

sequence.

The compound and protein nodes generate a bi-partite graph. The feature representations are fed
into a “Student Model” and the graph structure fed to the “Teacher Model”. The “Student Model”

includes the Bilinear Interaction plus Bilinear Pooling layers to learn the features pairwise local
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interactions. The “Teacher Model” captures the structural features of the graph with a GA module.
These two models are connected through a KD loss to share the information from the “Teacher
Model” to the “Student Model”. If the prediction mode is on cross-domain, the CDAN module is

employed to do a representation alignment between source and domain data.

4.2.3.1 Fusion of GCN and FCFP for Compound Features

In our study, we present a new approach that combines FCFP features with features extracted using
a GCN block within a DL model. These combined features are derived from molecular data
represented in the SMILES format. To initialize the atom nodes, we utilize the DGL-LifeSci
package (98), which assigns a 128-dimensional integer vector to each atom of the compounds,
capturing critical chemical properties such as atom type, atom degree, the number of implicit
hydrogen atoms, atom hybridization, radical electrons, formal charge, total hydrogen atoms, and

aromaticity.

To accommodate compounds of varying sizes, we establish a maximum allowed number of nodes,
thereby introducing virtual nodes with zero-padding for smaller compounds. The pivotal
component of our approach is the three-layer GCN block, which effectively learns graph
representations of compounds. The GCN extends convolutional operators to irregular domains,
allowing us to update atom feature vectors by aggregating information from their respective sets
of neighboring atoms connected via chemical bonds. This propagation mechanism inherently
captures intricate substructure information within the compound, making it a powerful tool for

feature extraction.
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In a crucial step, we integrate FCFP features with those extracted through GCN processing. This
fusion of feature sets enhances the comprehensiveness of our molecular representation, offering a

holistic view of the chemical structure. The fusion block works as follows:

F. = Fy + dou: ((t(F ) * t(F,) ) ) (4-4)

Where F, € R™**?8 is the fused compound feature, n is the number of atoms, F, € R™*?8 is the

molecular feature, F, € R?**?8 is the FCFPs feature, and t(.) is the transition function. The initial

functional group fingerprint is in the shape of F,, € R1*1024

and we use three fully connected layers
(with the parameter sizes of 1024 x 512, 512 x 256 and 256 x 128) to reduce the dimensionality

of the fingerprint to F, € R**1%8. We also add the dropout layer, dou, to reduce network overfitting.

GCNL
ayers Structural Features

I::> Linear Trasformer I::>
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Figure 4-4. Fusion of compound features with FCFP and GCN. A. shows how we extract compound

features with FCFP and GCN layers and bring them in the same dimensionality with Linear Transform
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layers. B. Scheme illustrates how we do feature fusion with two “MatMul” layers that operate element-wise

multiplication and one “Addition” layer that do the element-wise addition.

4.2.3.2 CNN for Protein Sequence

As shown in Figure 4-3, the three-layer CNN block is tailored for protein feature extraction and
employs a unique approach that initializes a learnable embedding matrix with representations for
all 23 amino acids. This proactive initialization equips the network with essential biochemical
information to discern amino acid interactions. Subsequently, the CNN block specializes in
extracting local residue patterns from the matrix of protein features, a pivotal step in capturing
nuanced dependencies within protein sequences. Notably, this CNN architecture conceptualizes a
protein sequence as a sequence of overlapping 3-mer amino acids, enabling it to capture both short-
range and long-range interactions within the protein structure. Additionally, the network adheres
to a maximum allowed length for protein sequences. The sequences exceeding this length are
truncated, while shorter sequences are padded with zeros. This approach reflects a fusion of
domain-specific knowledge and deep DL, showcasing its potential for decoding complex protein
structures and features while efficiently handling varying sequence lengths. The protein encoder

layer is outlined as follows:
l1+1 D LM 4
HI™D = 5 (CNN(WC( ), b} ),H;))), 4-5)

where W and b, are the learnable weight matrices (filters) and bias vector in the /th CNN
layer. H,"” denotes as Hz(,o) = X,.0(-) where X, is the corresponding feature matrix for each

protein sequence P and the activation function is ReLU(.).
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4.2.3.3 Bilinear Attention Neural Network

The BAN which was previously introduced (97) is an integral component of our GraphBAN
(showed in Figures 4-3). BAN was also previously used in visual question answering problems
(99), which proved to be helpful in the CPI task (97). It is designed to capture pairwise local
interactions between compounds and proteins. The BAN comprises two key elements: the bilinear
interaction map, formed by combining hidden compounds and proteins representations to create
an attention-weighted matrix, and the bilinear pooling layer, which extracts a unified compound-
protein representation. Pairwise interaction learning is achieved through the bilinear attention

mechanism, enhancing the model's predictive capabilities.

4.2.3.3.1 Bilinear Interaction Map

The first component of BAN, the bilinear interaction map, plays a crucial role in modeling the
pairwise interactions. It is constructed using the hidden representations of both drugs and targets.
This process results in a pairwise interaction matrix, which encapsulates the attention weights
assigned to each compound-protein pair. The values in this matrix denote the strength of interaction
or relevance between specific compounds and proteins, thereby facilitating the identification of
critical compound-protein associations. The single head pairwise interaction matrix I € RMV
comes from the CNN and compound fusion encoders in the third layer generating the hidden
protein and drug representations where M and N show the number of encoded substructures in a

amino acid sequence of a protein and atoms/bonds in a compound. The I in the ith ang jth column

represents as follows:

Ly = q" (a(UThE) °a(VTR))),  (4-6)
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Where h} is the ith column of the last compound fusion block's layer and h;; is the jth column of

the last layer of the protein CNN block. The U € RP;xK and V € RP,xK are learnable weight
matrices for compound and protein representations, q € RX is a learnable weight vector, and o

denotes element-wise product.

4.2.3.3.2 Bilinear Pooling Layer
The second component of BAN is the pooling layer to obtain the joint representation f € RX,

applying over the interaction map I. The kth element of f' is computed as

fi=o ((Hf))TU): 10 ((HS))TV)k

=YL, 2 1;(hl) (U VDR, (4-7)

where Uy and Vi denote the kth column of weight matrices U and V. Moreover, to obtain more

compact feature map, we have a sum pooling on the joint representation vector:
f = SumPool (f',s), (4-8)

where the SumPool(-) function is a sum pooling operation with stride s and it converts the
dimensionality of f’€ R X to f € R %, In the last step we feed the joint representation f into a fully
connected layer to classify the inputs and the objective of training is to minimize the Binary Cross-

Entropy with Logit loss function.

4.2.3.4 Cross-domain Adaptation to Enhance Generalization

In cross-domain analysis, (Figure 4-3), we tend to train our model with CPIs and to ensure that
the trained model can perform well in real-world cases where the compounds/proteins are different

from the nodes in the training set based on their features distributions. As a result of this scenario,
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it will become hard for simple ML/DL models to perform well on cross-domain data in the test
sets. To overcome this distribution shift issue between the train and test data, a model is proposed
(100) that uses the CDAN to combine adversarial networks with multilinear feature mapping. As
it was demonstrated that using CDAN can improve DTI prediction accuracy (97), we also embed

the CDAN into GraphBAN to enhance the performance of inductive cross-domain CPI prediction.

As shown in Figure 4-5, the BAN layer generates the source domain joint representation of
compound-protein pairs called X with true labels Y plus the target domain joint as X, without any
label. The CDAN's workflow starts with the component f (.) as the feature extractor that generates
concatenation of separate initial features of the nodes and the BAN's output for source and target
domains separately as follows, f; = F(Xs), f; = F(X;). The next module is a classifier layer called
G(.) that works as the generator part in the adversarial loss, that generates g, = G(X;) for the

source and g; = G(X;) for the target data.

To be able to apply the domain discriminator, we need to have the joint conditional representation

of the g and f called h:

h = FLATTEN (f®g), (4-9)

that (@) is the outer product.

Based on the CDAN's workflow, we align the joint h for both the source and target domains by
the domain discriminator module D(.). The task of D function is to learn how to distinguish
between the join representation h generated from the source and target data domains. As the final
goal of the conditional adversarial network the f(.) and G(.) functions are trained to minimize the

source domain cross entropy loss L by having the true label information and simultaneously
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generate h in an indistinguishable way for D function. The following loss functions represent the

cross-entropy loss (L) and adversarial loss (Lgg,,):
Ly(F,G) = E(xlg‘yis%SSL(G(F(xis)), y§),  (4-10)
Laav(F,G,D) = Epe g log (1= D(f!, D)) + Exs—s,log (D(f7.g5)).  (4-11)

Following the procedure of optimization for the adversarial loss we need to yield minmax model

and define the final representation of CDAN's loss function (L.p4y) as below:

LCDAN = mgx%llGan(F; G) - ﬁLadv(F' G,D), (4'12)

Where f > 0 is a hyperparameter to weight L4,
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Figure 4-5. The CDAN module. This module is to bring the training and test data distributions to the same.

It receives input from the BAN layer, which generates concatenation of compound and protein features and
SoftMax logits g for source and target domains into a joint conditional representation generated by the
discriminator module. The discriminator has two fully connected layers with an adversarial loss to minimize

the classification error between the source and target domains.
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4.2.3.5 The Loss Functions Implemented in GraphBAN

As depicted in Figure 4-3, GraphBAN has four loss functions in total. The first one is the BCE
loss that is used in the teacher block, and we use it just for the GA optimization. The second loss
is the KD loss, which is the connection between the teacher and student blocks. Based on previous

recommendations (95) we use MSE loss and define Lg, as follows,
1
Lip =30, (Ty — F)2, (4-13)

where the teacher block's output is T;eR™¢ and the joint representation generated by BAN layer

is B;eR™¢ thei € R™P, b is the batch size and e is the embedding size.

The third loss function is the main model's loss, which is a BCE loss defined as,

A
Limoder = — 2i (vilog () + (1 —y)log (1 —py)) + She 13 (4-14)

Where 0 is the set of all learnable values, y; is the true label of the ith compound-protein pair, p;

is its predicted output probability by the model and 4 is the hyperparameter for L2 regularization.

So far, if we want to use GraphBAN for the transductive analysis we add L,,,40; With Lgp call it

Ltransductive ’

Liransauctive = Lmoder + Lxkp »  (4-15)

However, if we want to use the model in inductive mode, we need to add L.p 4y to the above

equation. So, in inductive analysis the final loss function is defined as follows,

Linductive = Ltransductive + LCDAN s (4'16)
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4.2.4 Clustering Strategy

For the cross-domain performance evaluation, we employ a single-linkage clustering method, a
bottom-up hierarchical approach. This method ensures that the distances between data in different
clusters are always greater than a predefined threshold value, which we denote as y. This property
helps maintain an appropriate separation between clusters, preventing them from being too close

to each other.

To represent the data, we utilize two distinct feature extraction methods. For compounds, we use
ECFP with a depth of 4 (ECFP4). ECFP4 is a widely used molecular fingerprinting method that
captures structural information about compounds. It represents compounds as binary vectors,
where each bit in the vector corresponds to the presence or absence of a specific substructure or

molecular pattern.

For proteins, we employ protein structure characterization (PSC) features (101). PSC is a feature
representation that captures essential characteristics of protein structures, including information
about amino acid sequences, secondary structure, and other relevant protein properties. We use
cosine distance to measure the similarity between protein structures based on their PSC features.

The statistics and results of clustering are added in Table 4-1.

Table 4-1. The single-linkage threshold and number of clusters for compounds and proteins based on

different datasets.

Dataset vy threshold # compound cluster # protein cluster
BindingDB 2.0 6,084 1,538
BioSNAP 0.8 2,531 2,010
Johnson 1.5 17,773 150

65



To create source domain data, we randomly select 60% of the compound and protein clusters for
each dataset, considering all associated compound-target pairs within these clusters. The remaining

40% of clusters are taken as the target domain data.

4.2.5 Experimental Setting

4.2.5.1 Datasets

We evaluate GraphBan, GAE2A, GAEZ2F, and four state-of-the-art baselines on three public CPI
datasets: BindingDB (102), BioSNAP (103), and Johnson (52). BindingDB is a public database
that contains over a million data entries of experimental CPIs with numerical affinities, primarily
derived from scientific articles and US patents. As we need a low-biased version of BindingDB,
we use a selection of the dataset previously created (36) that includes 14,643 unique compounds
and 2,623 proteins. BioSNAP includes 4,510 compounds and 2,181 proteins previously compiled
and preprocessed (36). The third dataset (Johnson) is a chemogenomic profile performed in the
Mycobacterium tuberculosis with links between 47,217 small compounds and around 150
hypomorph or knockdown strains that under express essential proteins. Therefore, the Johnson
links mostly represent indirect interactions between compounds and proteins. The Johnson links
could include direct CPIs for some of the compounds. After applying pre-processing to this dataset,

we have balanced the number of interactions with 22,000 compounds and 149 proteins.

The preprocessing steps for the Johnson dataset are as follows First, we remove the isolated
molecules, which are molecules that have no interaction with any of the proteins represented by

the Mycobacterium tuberculosis hypomorphs. This step results in the removal of approximately
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25,000 molecules, reducing the dataset from approximately 7 million to 3 million interactions

(22000 x 150 = 3,300,000).

Moreover, as the original dataset with three million interactions is highly unbalanced, with only
1% of the interactions labeled as active or “1” while the rest are labeled as inactive or “0”. To
address this issue, we applied the under-sampling strategy (104) to remove unnecessary zero
interactions, resulting in a balanced dataset with around 815,000 interactions. The statistics of the

preprocessed datasets are presented in Table 4-2.

Table 4-2. The datasets statistics

Dataset # Compounds # Proteins # Interactions
BindingDB 14,643 2,623 49,199
BioSNAP 4,510 2,181 27,464

Johnson 22,535 150 815,259

4.2.5.2 Implementation

The three proposed methods are developed using Python 3.8 and PyTorch 1.7.1 (105), DGL 0.7.1
(106), DGL-lifeSci 0.2.8, Scikit-learn 1.0.2, Numpy 1.20.2 (107), Pandas 1.2.4 (108), and RDKit
2021.03.2 libraries. The hyperparameters used in the three methods are provided in Tables 4-3, 4-

4, 4-5. The hyperparameters were selected based on experiment trials and baselines’ suggestions.

Table 4-3. GAE2A hyperparameters configuration

Module Hyperparameter Value

Transformer for compound features Embedding size 512
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Protvec for protein features Embedding size 100
Graph encoder for compounds Embedding size 128
Graph encoder for proteins Embedding size 128
GAE optimizer Learning rate 0.001
DNN classifier Learning rate 0.001
Whole module Max epochs 200
Table 4-4. GAE2F hyperparameters configuration
Module Hyperparameter Value
Transformer for compound features Embedding size 512
Protvec for protein features Embedding size 100
Graph encoder for compounds Embedding size 128
Graph encoder for proteins Embedding size 128
GAE optimizer Learning rate 0.001
DNN classifier Learning rate 0.001
Student Batch normalization 0.5
Student Number of linear layers 2
Student Linea layer sizes [612, 256]
Whole module Max epochs 200
Table 4-5. GraphBAN hyperparameters configuration
Module Hyperparameter Value
Mini batch Batch size 64
Three-layer CNN protein encoder Initial amino acid 128
embedding
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Three-layer GCN molecule encoder Initial atom embedding 128
Bilinear interaction attention Heads of bilinear 2

attention

Discriminator Number of hidden 256
neurons

Graph encoder for compounds Embedding size 128

Graph encoder for proteins Embedding size 128

GAE optimizer Learning rate 0.001

Fully connected network Number of hidden 512
neurons

Whole module Max epochs 50

4.2.5.3 Baselines

Our baseline framework encompasses the RF (109) model, which has input augmented with
Transformer-based features, alongside the utilization of Protvec embeddings for the effective
representation of compound and protein data. Additionally, we introduce three prominent models:
GraphDTA (39), an architecture that leverages GNNs to encode compound molecular graphs and
employs CNNs for encoding protein sequences; MolTrans (36), a DL model that innovatively
adapts the Transformer network to encode both compound and protein information, enhancing its
predictive capabilities through a CNN-based interactive module designed to capture sub-structural
interactions. Moreover, we introduce DrugBAN (97), a model rooted in our student framework.
The model has no feature fusion module, but it concatenates compound and protein features
derived from the GCN and CNN modules, and further incorporates BAN and CDAN for cross-
domain analysis without the inclusion of graph analysis within its architecture. These models

collectively represent renowned paradigms in the realm of CPI prediction. However, they do not
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function in the same way as our proposed methods, as they did not focus on analyzing the input

training data as a graph and performing cross-domain analysis.

4.3 Results

4.3.1 Evaluation Strategies and Metrics

We study the models™ link prediction (classification) performance on three different datasets,
BindingDB, BioSNAP and Johnson. We use two different split strategies: one is transductive,
which means the nodes that participate in test set interactions are seen in the training of the model.
The strategy splits the links or interactions in the bi-partite graph with compounds and proteins
into a 7:2:1 ratio for training, validation and test sets, where the nodes in the validation and test

sets are seen in the training data.

The other strategy is cross-domain evaluation which is essential in assessing the robustness and
real-world applicability of the models in drug discovery. By testing a model's performance across
different datasets representing diverse compound/protein domains, we can gain a more
comprehensive understanding of its generalization capabilities. One such approach for cross-

domain evaluation involves a clustering-based pair splitting strategy.

To implement this strategy, we employ a clustering technique introduced previously using the
single-linkage algorithm on ECFP4 fingerprints for compounds and PSC for proteins. We then
randomly select 60% of the compound clusters and 60% of the protein clusters derived from the
clustering step. The compound-protein pairs originating from these selected clusters are designated
as the source domain data. Conversely, all pairs occurring between compounds and proteins in the

remaining clusters are categorized as target domain data. For our cross-domain evaluation, we
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adhere to the standard domain adaptation setting (97), using all labelled source domain data and
80% of the unlabeled target domain data for model training. The remaining 20% of the labelled

target domain data form the test set.

We employ a comprehensive approach to assess our model's performance, which includes three
key evaluation metrics: the AUROC, the area under the precision-recall curve (AUPRC), and the
F1-score. To ensure the reliability of our findings and to account for variability, we conduct five
different runs with distinct random seeds and report the average scores obtained from these runs.
This averaging of scores provides a more representative and stable measure of our model's

performance across various datasets and domains in cross-domain scenarios.

4.3.2 Analysis of Performance on Public Datasets

4.3.2.1 CPI Predictions under Transductive Mode

Here we compare GraphBAN and two other methods we proposed with four other published
methods: RF, GraphDTA, MolTrans and DrugBan on the three datasets under transductive mode.
In this mode, our train and test set nodes are from the same domain, so we do not need to utilize
the CDAN module. In addition, when employing the GAE2A method we do not need to use the
“Unseen test block”. Finally, when using the GAE2F method, we turn off the “Student Model” as
we do not have any inductive links. Of note is that during the transductive analysis, the GAE2A

and GAE2F methods are technically the same.

Tables 4-6, 4-7 and 4-8 show the comparative performance of our primary method and the
baselines on three different datasets. Our methods outperformed baselines in terms of AUROC,

AUPRC, and F1-Score. Moreover, GAE2A/GAE2F outperformed as the best model in BioSNAP
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dataset and even around 1.5% higher in AUROC score compared with GraphBAN. Figureure 6
shows the AUROC and AUPRC curves of our proposed methods and other baselines, based on
each dataset. The comparison demonstrates that our proposed GraphBAN and GAE2A/GAE2F

methods are better than other baselines in terms of transductive prediction performance.

Table 4-6. Transductive analysis on BioSNAP dataset.

Model AUROC AUPRC F1-Score
RF 0.686 0.701 0.690
Graph DTA 0.825 0.840 0.830
MolTrans 0.862 0.865 0.854
DrugBAN 0.901 0.902 0.900
GAE2A/GAE2F 0.937 0.857 0.926
GraphBAN 0.912 0.904 0.900

The best results for each model are marked in bold and the second-best results are underlined.

Table 4-7. Transductive analysis on BindingDB dataset.

Model AUROC AUPRC F1-Score
RF 0.552 0.562 0.550
Graph DTA 0.951 0.932 0.933
MolTrans 0.951 0.933 0.920
DrugBAN 0.960 0.947 0.930
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GAE2A/GAE2F 0.933 0.820 0.920

GraphBAN 0.963 0.950 0.945

The best results for each model are marked in bold and the second-best results are underlined.

Table 4-8. Transductive analysis on Johnson dataset

Model AUROC AUPRC F1-Score
RF 0.879 0.880 0.780
Graph DTA 0.870 0.882 0.790
MolTrans 0.880 0.800 0.781
DrugBAN 0.881 0.886 0.802
GAE2A/GAE2F 0.853 0.774 0.822
GraphBAN 0.921 0.922 0.843

The best results for each model are marked in bold and the second-best results are underlined.

Based on the results derived from the GAE2A/GAE2F methods shown in Tables 4-1, 4-2 and 4-
3, it is evident that the straightforward GAE module can generate high-quality embeddings. These
embeddings effectively capture meaningful descriptors for each link and exhibit impressive
accuracy in predicting neighbouring links. Furthermore, it becomes apparent that incorporating a
KD process and compound feature fusion can enhance the performance of the DrugBAN module
within our GraphBAN framework. However, this also suggests that increasing the model's
complexity doesn't always translate to improved performance, as demonstrated by the superior
results of the GAE2A/GAE2F methods compared to GraphBAN and DrugBAN, particularly in

the BioSNAP dataset.
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Figure 4-6. AUROC and AUPRC curves under transductive analysis
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4.3.2.2 CPI Predictions Under Inductive Mode

In the context of inductivity, as well as the inherent disparities between the distributions of training
and test data encountered more frequently in real-world scenarios, we conduct a comparative
analysis between our proposed methodologies and the established baselines under these
conditions. To address this challenge, we activate the CDAN module within the GraphBAN
framework, which enables us to effectively manage the distinct data distributions. Additionally,
we employ the previously “Unseen test block™ in the GAA model and “Student Module" in the
GAE2F model to handle inductive nodes. A comprehensive performance assessment is presented
across three distinct datasets, and the results are elaborated upon in Tables 4-9, 4-10, and 4-11,
while Figure 4-7 illustrates the performance comparisons through AUROC and AUPRC curves.
The overall results are decreased compared with the transductive analysis, which indicates the
challenge of dealing with inductive CPI prediction no matter what models are applied. In line with
our findings in transductive analysis, GraphBAN consistently outperforms other state-of-the-art
models across the board in inductive analysis. Specifically, it exhibits superior performance
compared to DrugBAN, boasting improvements of 0.7%, 2.0%, and 2.2% in AUROC across the
BindingDB, BioSNAP, and Johnson datasets. Furthermore, our other proposed methods, GAE2A
and GAE2F, outperform the ML-based model (RF), and demonstrate comparable performance

with other leading state-of-the-art methods except DrugBAN.
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Table 4-9. Inductive analysis on BioSNAP dataset

Model AUROC AUPRC F1-Score
RF 0.622 0.601 0.600
Graph DTA 0.650 0.660 0.655
MolTrans 0.651 0.650 0.652
DrugBAN 0.680 0.731 0.720
GAE2A 0.600 0.611 0.621
GAE2F 0.612 0.615 0.669
GraphBAN 0.700 0.740 0.730

The best results for each model are marked in bold and the second-best results are underlined.

Table 4-10. Inductive analysis on BindingDB dataset

Model AUROC AUPRC F1-Score
RF 0.503 0.495 0.500
Graph DTA 0.660 0.652 0.610
MolTrans 0.684 0.609 0.680
DrugBAN 0.720 0.722 0.708
GAE2A 0.671 0.664 0.651
GAE2F 0.668 0.638 0.718
GraphBAN 0.727 0.737 0.720

The best results for each model are marked in bold and the second-best results are underlined.
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Table 4-11. Inductive analysis on Johnson dataset

Model AUROC AUPRC F1-Score
RF 0.601 0.610 0.622
Graph DTA 0.611 0.620 0.628
MolTrans 0.620 0.633 0.630
DrugBAN 0.630 0.651 0.642
GAE2A 0.603 0.623 0.633
GAE2F 0.613 0.632 0.660
GraphBAN 0.652 0.670 0.668

The best results for each model are marked in bold and the second-best results are underlined.

The results provided for inductive CPI prediction indicate that our first model, GAA, is not the top
performer. Its performance is comparable to the ML model, RF. However, GAA excels in handling
input as a bi-partite graph and fully supports inductive CPI prediction, which is a capability not
shared by the other baseline models. On the other hand, the GAE2F method can compete with RF,
Graph DTA, and MolTrans as a novel approach in CPI prediction. Nevertheless, it is clear that
GAEZ2F struggles with domain shift between training and test data and KD having only a minimal

impact on its performance.

Lastly, looking at our GraphBAN's results, it is evident that incorporating compound feature fusion
and graph structural features enhances the model’s performance. The differences between

GraphBAN and GAE2F lie in adding a BAN layer instead of a simple concatenation, using CDAN
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to address different data distributions, and employing supervised-based node features. These
modifications are reflected in a considerable improvement in performance, with an average
AUROC score across three datasets showing a 6.2% difference. This improvement underscores

the considerable influence of the mentioned modules in our model.
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4.3.3 Analysis of Performance on a Case Study

To underscore the efficacy and generalization potential of our approach, we predicted 44 ‘unseen”
interactions that could be confirmed with previously published literature. This dataset
encompasses 44 distinct small compounds and 25 unique proteins. Because the 44 interactions
contain only true positive labels, we added 44 interactions with true negative labels for the same

protein nodes extracted from the Johnson dataset.

In our experimentation, we find that the BindingDB yields the most favorable prediction results
overall. Consequently, we employ the same training set of BindingDB to train the GraphBAN
model and subsequently test its performance on the interactions, which closely mirror real-world
scenarios and are entirely inductive. The prediction results are aligned with our expectations as we
get the following results: AUROC score is 0.65%, AUPRC score is 0.65% and F1-Score is 0.70%.

The list of interactions with participating compounds and proteins is provided in Table 4-12.

Table 4-12. List of interactions with their true labels that were used in the case study (The references

for 44 true positive interactions are provided in the ‘label’ column.)

# Compound protein label # compound protein | Labe
1

1 2471-80 TopA 1(110) 45 @ Al1617543 TopA 0

2 actinonin Def 1(111) 46 | A75147472 Def 0

3 amsacrine TopA 1(112) 47  A79803969 TopA 0

4 amycobactin SecY 1(113) 48  A80061297 SecY 0

5 AN2679 LeuS 1(114) 49  A90396468 LeuS 0

6 azaserine GltB 1(115) 50  KO01047527 GltB 0

7 BB-3497 Def 1(111) 51  KO01577834 Def 0

8 Butein Fas 1(116) 52 | K08797482 Fas 0
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10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37

CCA34

Compound 1_gurcha
Compound 1_buchieri
Compound 1 _murugesan
Compound 14 _jeankumar
Compound 14 krishna
Compound 14 palencia

Compound 15
Compound 16
Compound 18b
Compound 29¢
Compound 4c
Compound 7
D155931
DC-159a
Fc14-584B
GSK85A
GSK92A
GSK93A
GSK97C
IMTO007
LBK-611
MB16695
Octoclothepin
SC-5217501
SC-6655281
SC-7759844
thiolactomycin

THT-1

FadD32
AspS
CanB
NdhA
GyrB
IvC
LeuS
TrmD
IvC
Dxr
TrmD
Def
Fum
Dlat
GyrA
CanB
AspS
AspS
AspS
AspS
GlgB
Def
GlgB
ParA
GuaB2
GuaB2
GuaB2
KasA
DfrA

1(117)
1 (118)
1(119)
1 (120)
1(121)
1(122)
1(114)
1(123)
1(122)
1 (124)
1 (125)
1 (126)
1(127)
1 (128)
1(129)
1 (130)
1(131)
1(131)
1(131)
1(131)
1(132)
1(111)
1(132)
1(133)
1 (134)
1 (134)
1 (134)
1 (135)
1(136)

53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81

K08959788
K08980087
K11695342
K12602264
K16297821
K20944421
K21948397
K24877262
K27435692
K29653246
K30978330
K37960868
K38851002
K39792319
K41217525
K46807985
K48257186
K51916742
K54790791
K57755201
K59574735
K62025857
K62228400
K65183503
K65659695
K80789558
K83932612
K84994806
K86290588

FadD32
AspS
CanB
NdhA
GyrB
IvC
LeuS
TrmD
IvC
Dxr
TrmD
Def
Fum
Dlat
GyrA
CanB
AspS
AspS
AspS
AspS
GlgB
Def
GlgB
ParA
GuaB2
GuaB2
GuaB2
KasA
DfrA
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38  VCC234718 GuaB2 1(137) 82  K&87885489 GuaB2 0
39 VXc-486 GyrB 1(138) 83  K88549378 GyrB 0
40 720933 ProB 1(139) 84  K&89202613 ProB 0
41  IDR-0106878 Eno 1(140) 85  K91045118 Eno 0
42 | secneolitsine TopA 1(141) 86  K94190539 TopA 0
43  TPSA GlmU 1(142) 87  K96007995 GlmU 0
44  GSK3011724A KasA 1(143) 88  K99032519 KasA 0

The list of true positive interactions gathered by reference (3)
4.4 Discussion

In this work, we successfully tackled the CPI prediction problem with a KD-based approach,
namely GraphBAN. In GraphBAN, we designed embedded modules to participate in a training
(backpropagation) process to extract compound and protein features to generate a bi-partite graph
with node features, use GAE to extract structural features of the graph and BAN to concatenate
nodes’ features. These two modules are connected in the form of the KD technique. Experimental
results showed that our proposed combination of compound feature fusion, GAE, BAN, and
CDAN modules can improve predictions by extracting more informative features, more
meaningful concatenation, and taking care of distribution shifts between the training and test data.
We conducted comprehensive studies on BioSNAP, BindingDB, and Johnson datasets, showing
that our proposed GraphBAN outperformed other baselines on almost all of the evaluation metrics,
considering differences between our datasets, such as their size from small to large and their
diverse sources. With respect to our inductive analysis, the overall predictive results for all
methods are not particularly high. Therefore, more work will be necessary to advance research in

this field.

82



Another area for improvement lies in the two approaches to performing inductive CPI prediction:
the semi-inductive approach, where one of the compounds or proteins is absent, and fully
inductive, where both nodes are absent. The latter is considerably more challenging for the model
to predict the CPIs. Hence, we conducted a fully inductive analysis to demonstrate our model's
generalization capabilities. However, as our case study analysis reveals, when both nodes for a
CPI interaction are absent and entirely unseen by our model, determining the optimal cutoff for
predicted values is impossible. This is compounded by the absence of true labels in real-world
scenarios, making it highly likely that we will not select the best cutoff. In contrast, the semi-
inductive approach offers the advantage of having one fixed node (e.g., protein), allowing us to
make cutoff decisions based on the protein types involved in both the training and testing

procedures.
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4.5 Summary

In conclusion, our contribution to the field of CPI prediction is encapsulated in the end-to-end DL
model, GraphBAN. This model adeptly processes CPI data in both bi-partite graph and tabular
formats, enabling transductive and inductive link prediction across cross-domain and in-domain
scenarios. GraphBAN incorporates KD, where a GAE serves as a teacher module, imparting
structural and neighboring information from the CPI graph to a student model. The student model
effectively concatenates the separated features of compounds and proteins involved in interactions
using the BAN layer. Furthermore, GraphBAN addresses the distribution gap between training

data and inductive cross-domain test data through the CDAN module.

Our proposed GraphBAN exhibits outstanding performance by providing acceptable CPI
prediction accuracy, surpassing two other methods we introduced, and four other state-of-the-art
methods found in the literature when they are evaluated across three distinct datasets. This research
offers a significant advancement in CPI prediction, promising substantial practical implications in

drug discovery.
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Chapter 5 Conclusion and Future Work

5.1 Conclusion

This thesis presented two significant contributions to the fields of computational chemistry and
drug discovery. The first, detailed in Chapter 3, involved the development of a novel DL-based
model for clustering small molecules at a large scale. This model successfully integrated both local
and global molecular features through PCA and VAE, enabling the effective clustering of
molecules from a large chemical library. The second contribution, explored in Chapter 4, was the
development of GraphBAN, a graph-based DL model for accurately predicting CPIs in both

inductive and transductive settings.

The first study demonstrated how ML techniques could optimize the process of clustering large
molecule datasets using advanced embedding strategies that has potential applications in

narrowing down the candidates for drug screening, thus saving time and resources.

The second study introduced a novel approach to CPI prediction using graph KD, which is critical
for identifying potential drug compounds. GraphBAN, with its unique architecture, proved
effective in handling complex data in both bipartite graph and tabular formats, and outperformed

several baseline models in various settings.
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5.2 Future Work

For future research, several directions can be taken to build on this thesis:

1.

Advanced Molecular Clustering Techniques: Explore deep learning models that include
dynamic aspects of molecular structures, like molecular dynamics simulations, to better

understand molecular behavior over time and potentially find new drug candidates.

Expansion of GraphBAN Capabilities: Extend GraphBAN to use multiple types of data,
such as genomic, proteomic, and metabolomic, to improve its predictive accuracy and offer

a more complete view of CPlIs.

GraphBAN in Personalized Medicine: Adapt GraphBAN for personalized medicine,

focusing on predicting patient-specific drug responses based on genetic variations.

Scalable Computational Frameworks: Develop more scalable and efficient computational
frameworks for handling large and complex datasets, possibly using parallel computing or

cloud-based platforms to improve data processing.
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