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Drug-target interaction (DTT) prediction plays a crucial role in modern drug discov-
ery. However, real-world DTT prediction is often challenged due to limited availabil-
ity of known interaction data on drugs and targets. This study investigates how the
size of a training dataset influences the performance of a machine learning model, in
particular, Kronecker Regularized Least Square model evaluated using Concordance
Index under four experimental settings that represent the realistic scenarios in DTI
prediction. These four settings are based on whether the test set contains entirely
novel drugs and targets, share either drugs or targets in the training set or includes
drugs and targets that are both present during the training phase.

The results of the experiment revealed that the model performance heavily varies
depending on the experimental setting. Although the model showed improvement
of prediction performance under each setting with increased training data size, some
settings showed much improvement and better generalization ability than the oth-
ers. As expected, the model performed best when the model has seen interactions
involving the drugs and targets in the test set during training. The model performed
well when predicting interactions for unseen targets but struggled to generalize well
with novel drugs or both novel drugs and targets.

The findings of the study highlight the importance of addressing each experimental
setting individually. While some experimental settings benefited significantly well
with the available training data size, others showed only slight improvement though
with an upward trend suggesting that more data may help to further improve the
performance.

Keywords: Drug-target interaction, DTI, Binding affinity prediction, KronRLS, Ma-
chine Learning, Evaluation
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1 Introduction

Traditional drug discovery is an expensive process that can take many years before
a single drug reaches the market [1]. On top of the time and cost involved, the
failure rate is also extremely high, with many potential drug candidates failing
during clinical trials. This high cost, time and risk has made drug discovery a major
challenge and researchers are constantly trying to find more productive and efficient
solutions.

The use of in silico methods(computer aided approaches), for predicting Drug
Target Interaction (DTI) has gained much attention over the recent years. These
computational methods allow researchers to identify high-potential drug candidates
early in the process, reducing the need for high-throughput screening (HTS) which is
both expensive and time-consuming. Advances in these computer aided approaches
are helping to make drug discovery faster, more cost-effective, and more targeted.
Among various in silico methods, such as docking simulations [2|, [3] and ligand
based virtual screening [4], Machine Learning(ML) has become a powerful and
promising approach for predicting DTTs.

There are many different ML approaches used for DTI prediction but often the
studies tend to overestimate the ability of the prediction models because the experi-
mental settings do not represent the real world scenarios [5|. The study by Pahikkala
et al. [5] explains four factors that can highly affect DTT prediction results of an ex-

periment. They are (i) whether the problem formulation is binary or regression,
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(ii) The data set used for evaluation, (iii) using simple or nested cross-validation as
the evaluation procedure and (iv) experimental settings. The fourth factor explains
four experimental settings that are defined based on whether the test set contains
entirely novel drugs and targets, share either drugs or targets in the training set or
includes drugs and targets that are both present during the training phase. This
enables the evaluation of the prediction model under more realistic conditions. The
authors of the above study have shown the importance of addressing these settings
in the prediction tasks by showing how these different settings affect the accuracies
of the models. The four settings are,

Setting S1: The model predicts interactions for drugs and targets that were
both present during the training phase. This represents the simplest case.

Setting S2: The model predicts interactions for new drugs, but the targets are
already seen by the model during the training phase.

Setting S3: The model predicts interactions for new targets, but the drugs are
already seen by the model during the training phase.

Setting S4: The model predicts for entirely new drugs and targets which were
not present during the training phase. This is the most realistic as well as the most
challenging scenario.

All the therapeutic drugs that are used today, belong to the Chemical Space
[6] which is the set of all possible molecular structures that can exist theoretically.
The size of the chemical space is enormous and also depends on how the space
is defined. Therefore, one can also argue that it is infinite. The known set of
molecules is only a small fraction of this space and the fraction explored for medicinal
purposes is even smaller [7]. Databases such as Pubchem contains a huge amount
of chemical structures of compounds and protein structure information. However,
the information available on the interactions between these chemicals and proteins

are relatively limited [8]. This is a major challenge faced by computational DTI
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prediction methods. Finding and measuring interactions using traditional methods
is costly in terms of both time and money. Therefore, it is important to not only
find methods that are capable of leveraging this existing data but also study how
size of the training dataset impacts on the performance of prediction models.

The setting S1 represents the scenario where the interactions involving drugs and
targets in the test set are available to the model. In settings S2 and S3, model only
see interaction data on either drugs or targets in the test set whereas in setting S4,
no prior knowledge on interactions involving test drugs and targets is available. ML
models are known to perform well with drug target interaction prediction. When
it comes to predicting interactions for unknown drugs and targets, it seems that
the models find it somewhat difficult to learn patterns [5] particularly in the setting
S4, where the model is expected to predict interaction affinities for unknown drugs
and targets. It is important to treat these problem settings differently and under-
stand the impact of data size on the performance to determine future steps in DTI

prediction.

1.1 Research Question

This study investigates the following research question.

How does the data size of a training dataset impact the performance
of a drug-target interaction binding affinity prediction model under the

above mentioned experimental settings S1-54.

1.2 Objectives

1. Investigate the impact of training dataset size on overall model performance

in each experimental settings S1-54.
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2. Analyse learning curves plot against the training dataset size in each setting.

3. Evaluate the model’s generalization capability under each experimental set-

ting.

4. Compare the prediction performance of each experimental setting.

Apart from the lack of representation of the four experimental settings in ML
based DTI prediction, most research has been carried out treating DTT interaction
prediction as a classification problem. When compared with binding affinity predic-
tion which is a regression task, the classification models show higher performance as
the classification settings simplifies the problem. Although the binary classification
approach has its own applications, the regression based binding affinity prediction
gives more informative insights as it measures the binding strength. This study will
help to determine the model learning capabilities and the data requirements focus-
ing not only on different experimental settings but also on treating DTI prediction
as a regression problem.

This thesis document is organized as follows. Chapter 1 provides an introduction
to the thesis by presenting the motivation behind the research, research question
and the objectives that guide this experiment. Chapter 2 provides background
information on the foundational concepts and methodologies that are relevant to
this work. A review of related work in the area of DTI prediction with a focus on
machine learning techniques is presented in Chapter 3. Chapter 4 describes the data
used in this study including the drug-target binding affinities, drug-drug similarities
and target-target similarities. Chapter 5 provides specifics on the selected machine
learning model and a detailed explanation on how the data is partitioned according
to the four experimental settings. This is followed by Chapter 6, which presents the
results obtained from each experimental setting, organized according to the stated

research objectives and Chapter 7 which discusses the findings focusing on each
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experimental setting. Finally, Chapter 8 concludes the thesis by summarizing the

contributions and limitations of the study along with suggestions for future work.



2 Background

2.1 Machine Learning

ML is a field of study that focuses on the development of algorithms capable of
learning from data without the need for explicit programming. These learning algo-
rithms can be defined as a set of instructions which enables the machines to identify
relationships and complex patterns hidden in data that can be difficult for humans
to detect. Unlike traditional programming techniques, where computers are given
step by step instructions by developers, ML systems learn such rules from data and
has the ability to generalize and make accurate predictions to new inputs based on
the learned patterns in data.

ML is often used in applications where the traditional approaches are inadequate,
either because the problem is too complex or because it requires a huge set of rules
and extensive fine tuning. ML can be well suited when the data it learns from keeps
changing over time or when the goal is to extract insights from large amounts of
data [9]. ML is used in a wide variety of applications across various fields and has
gained a significant amount of attention for its potential in predicting drug-target
interactions over the years.

Machine learning techniques are typically grouped into three main types.

e Supervised Learning - Learn from labeled data and predict for new, unseen

inputs
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e Unsupervised Learning - Discover patterns in unlabeled data

e Reinforcement Learning - Learns by interacting with an environment and ad-

justing based on feedback (rewards or penalties)

This thesis focuses exclusively on supervised learning.

2.2 Supervised Machine Learning

Supervised training involves training machine learning models using labeled data
where z; represent each data point consist of a pair of input z; € X and its cor-
responding output y; € Y. X and Y defines the input and output spaces which
represents all the possible values for x and y. Z is the Cartesian product of the
input and output spaces. It represents the space of all possible input-output pairs.

A training sample S consists of n number of data points,
S = (21, ,2n) €ZL" Z=XxY

zi = (x;,y;) where z; € X and y, €Y

In supervised learning, the objective is to learn a function h : X — Y that can
predict the correct output y for a given input x. h is referred to as a hypothesis.
In the learning process, the algorithm considers all the possible hypotheses which is
known as the hypothesis space H.

Supervised learning can be categorized into two main types as classification and

regression based on the nature of the output variable the model is trained to predict.

e Classification - The model predicts a discrete value either binary y; € {—1,1}

or a value from a predefined set C' = {¢y, - , ¢k}

e Regression - The model predicts continuous values y; € R
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In DTT prediction, both classification and regression tasks can be found in the
literature as some studies treat drug-target interaction as a binary problem while
others focus on predicting the strength of bindings. However, this thesis focuses
on predicting the binding affinities between compounds and proteins which is a
regression based task.

Learning algorithm A can be defined as,

A: U(Xxy)”—w*

neN

Here N represents the set of natural numbers indicating that the algorithm takes
a finite set of labeled training examples (z;,v;) € X X Y as inputs and produces a
function (a hypothesis) that maps inputs to outputs.

The learning algorithm is responsible for selecting a suitable hypothesis from
the hypothesis space H. The goal is to identify the hypothesis which minimizes the
objective function which measures the error between the predicted and the actual
outputs. The optimal hypothesis not only fits well with the training data but also
has the ability to generalize to unseen data which is a fundamental aspect of machine
learning. If a model is too complex, there is high variance and it will fit the training
data very closely giving low training error but poor generalization. This is called
overfitting. If the model is too simple with high bias then it may fail to capture
any meaningful pattern. This is called as underfitting. The optimal solution lies in

between these two and it is often described as the bias-variance trade-off.

2.3 Performance Evaluation

Performance evaluation is a critical component of machine learning as it plays a
significant role when developing high quality accurate models. It is not only used

to estimate performance of a model on novel data but also to compare and assess
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models trained with different algorithms and hyperparameters, in order to select
the most suitable approach for a given task [10]. A good evaluation process helps
to determine that a model with high performance is capable of generalizing well to
unseen data rather than overfitting to its training dataset.

The size of a dataset can affect the reliability and stability of a performance
estimation. In smaller datasets a specific split between training and testing sets can
result a high variance in performance metrics. This is important to consider in this
study, as we investigate how the model performance varies with the dataset size by

systematically dividing it into smaller subsets.

2.3.1 Hold Out Method

This study is focused on estimating the performance of the model using the hold
out method where the dataset is randomly divided into training set Si;a, and test
set Siest sSUCh that Siain U Stest = S and Sipain N Stest = 0.

The performance evaluation measure m on algorithm A using a hold out method
HQO, can be expressed as the prediction performance of the selected hypothesis h

evaluated on the test set.

mgo (8) = Mmp (Stest)

When it comes to performance evaluation, close attention must be given to main-
tain a clean separation between the train and test data. Otherwise, it could lead to
data leakage resulting an overestimated model performance. Apart from not hav-
ing a clean separation, data leakage can also occur due to practices such as data
pre-processing or feature selection with both train and test sets [11]. Such practices
can expose information about the test data to the model before the evaluation step.
However, the model might not be able to reproduce the same performance with new
data.

In this study, to analyse and compare the learning behavior of the model with
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increasing data size across different settings, we need to maintain a fixed test set.
Although cross validation [10] is commonly used for performance estimation on small
datasets as it ensures all data points contribute to both training and validation across
multiple folds, it is not suitable for this study as it does not maintain a fixed test

set.

2.3.2 Repeated Hold Out Method

While hold out method is straight forward and widely used, its performance estima-
tions can suffer from high variance, especially when the dataset is small and a single
train-test split may not be representative. To mitigate this issue, repeated hold out
validation can be used which involves performing hold out method multiple times
with different random splits.

If the evaluation is done k times with different random seeds, the average per-
formance metric Metric,y is computed as follows where Metric; is the performance

of the model on the ;' test set.

k
1
Metric,ys = z Z Metric;
j=1

Repeated hold out approach reduces the variance that can result from a sin-
gle train-test split.[10]. As the model must be trained and evaluated k times, the
computational cost is much higher. However, if hold out method is used, repeated
approach is necessary particularly in scenarios where the performance estimations

are sensitive to data partitioning such as small or imbalanced datasets.

2.3.3 Evaluation Metrics

Depending on the problem formulation, different evaluation metrics are used in

machine learning. For example in classification tasks, metrics such as accuracy,
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precision and recall are used. Metrics such as Mean Squared Error(MSE) and Mean
Absolute Error(MAE) are widely used to assess the performance of regression tasks.

In this study, Concordance index also known as the C-Index(CI) is used as the
evaluation metric. Rather than predicting the exact value of the drug target binding
affinity, the goal is to determine which drug-target pairs are having good binding
strength over others. CI is a rank based method which means that it is concerned
about the order of the predictions. In the topic of DTI prediction task with binding
affinities, CI measures the likelihood that for two randomly selected drug-target
pairs, the model predicts binding affinities preserving the order of their actual values.

If the model predicts f; and f; for actual values y; and y; where y; > y;, it checks

whether f; > f;.

1
Cl=~ > h(fi— 1)

Yi>Yj
7Z is the normalization constant which represents the total number of valid com-
parisons and the function h assigns a score based on the comparison of prediction

pairs.

;

1, if fZ > fj

h(fi fi) =05, if f; = f

\O, it f; < f;

The CI is calculated using the method described in Algorithm 1 which takes a
list of true outcome values and a list of predicted values.

The method initializes counters for comparable pairs(n) and concordance pairs
(h_num). Two pairs are considered as comparable if the true labels of the two pairs
are different. The method iterates through all unique pairs indexed by ¢ and j where

j > 1 to avoid duplicates and identifies the comparable pairs. n is incremented by 1
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for each comparable pair.

A pair is considered concordant when the order of the predicted values are in the
same order as the actual values. For each comparable pair, if the pair is concordant
with each other then (h num) is incremented by 1. if predicted scores are equal,
(h_num) increment by 0.5 whereas if pairs are discordant they are not counted.
Final CI is calculated as,

h_num

Cl =

n

Algorithm 1: Compute Concordance Index
Input: List of true outcome values true_labels, list of predicted values
pred_labels
Output: Concordance index c_index, a float between 0 and 1

1 num_comparable_pairs < 0 ; // Total number of comparable pairs

2 num_concordant < 0 ; // Number of concordant pairs

3 for i < 0 to length(true_labels) — 1 do

4 true_i < true_labels[i] ;

5 pred_i < pred_labels[i] ;

6 for j < i+ 1 to length(true labels) — 1 do

7 true_j « true_labels[j] ;

8 pred_j ¢ pred_labels[j] ;

9 if true_i # true_j then

10 num_comparable_pairs ¢<— num_comparable_pairs +1 ;

11 if (pred_i < pred_j and true_t < true_j) or (pred_i >

pred_j and true_i > true_7j) then

12 num_concordant < num_concordant +1 ; // Concordant
pair

13 end

14 else if pred_t == pred_j then

15 num_concordant < num_concordant +0.5 ; // Tie in
prediction

16 end

17 end

18 end

19 end

20 c_index < num_concordant / num_comparable_pairs ;
21 return c_indezx
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Calculated CI value can be interpreted as follows.

e CI =1 — A perfect prediction where all pairs are in order

e CI = 0.5 — A random prediction. The model is not learning any useful

patterns.

e CI < 0.5 — Worse than random. Inversely predicting the actual outcome

2.3.4 Learning Curves

Learning curves are beneficial in machine learning, particularly in guiding decisions
related to data collection, early stopping of model training, and selecting the most

appropriate model [12] [13].

Learning Curve of Californian Housing Data

Accuracy

=il “'Decision Tree “i T
! H Logistic Regression --»--
0.68 L L L
10 160 le08 166068 166000

Sample Size

Figure 2.1: Comparing learning curves of two machine learning approaches [14|

Learning curves are useful to assess how efficiently models, like KronRLS in
our study, utilize available data. They also support comparative analysis between
models (Figure 2.1) by illustrating which models continue to improve as the data

size increases and which tend to plateau early potentially due to the limitations in
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the model capacity or data representations . In this study, instead of comparing
different model architectures, we focus on comparing the learning behavior across
the four experimental settings.

Learning curves are important diagnostic tools which can offer insights on learn-
ing capability and the generalization of models. Some studies plot curves using error
or loss. However, in this study we will be using c-index plotted against the training
dataset size. We are interested in the shape of the curves as well as the gap be-
tween the training and testing curves. A larger gap while having a higher training
performance and a lower testing performance indicates a problem of overfitting. If
both curves are showing poor performance, it can mean a problem of underfitting
where the model is facing difficulty to find meaningful patterns in data. By looking
at the learning curves, we can get insights on whether the model will improve with
more data. When the curves have reached a plateau more data will not help to im-
prove the performance. In such cases, hyperparameter tuning, alternative learning
algorithms or different data representations can be helpful.

To compliment visual inspections, we compute the Area Under the Learning
Curve (AULC) [13] which is a metric that is often used to summarize a model’s
performance with varying data sizes. However, it is important to interpret this value
as different learning behaviors can result the same value. Therefore, AULC should
be used alongside the shape of a learning curve to gain a complete understanding of

model’s efficiency.

2.4 Pair Input Data

In pair input data, each input x is represented as a pair of objects. In drug target
interaction this can be viewed as a drug target pair (d;,t;).The trained model is
expected to predict the drug target binding affinity y = f(d;, t;) for new pairs where

y € R [15]. Unlike in regular inputs, two pair input observations may share their
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objects introducing dependencies between them. These dependencies should be

taken into consideration when evaluating model performance.

Targets

. Training Set
. 51 Testing Set

52 Testing Set

. 53 Testing Set

ds 5S4 Testing Set

DrLigs

Figure 2.2: Illustration of pairwise drug-target settings. How training and testing
sets differ from each setting [15]

The drug space and the target space are denoted by D and T. The drug-target
space which includes the complete set of possible drug target pairs is given by
X = D xT. Given a dataset with drug-target pairs Z,,s where Dy, C D and
Tors C T are the unique drugs and targets observed in the dataset. When the
model try to predict the binding affinity for a new drug-target pair (d;, t;) following

4 scenarios should be considered,

1. known drug and known target: d € Dg,s and t € T
2. new drug and known target: d ¢ Dops and t € Ty
3. known drug and new target: d € Dgps and t & Ty

4. new drug and new target: d ¢ Dops and t & Ty



2.5 KERNEL METHODS 16

2.5 Kernel Methods

While many traditional machine learning methods excels at modeling linear relation-
ships, real world data often exhibits complex non-linear patterns. Kernel methods
bridge this gap through ’kernel trick” which implicitly transform input data into high
dimensional feature spaces where data may become linearly separable. By avoiding
explicit computations of high dimensional feature space and solely relying on kernel
evaluations, this maintains computational efficiency while learning complex patterns
[16].

Kernel Methods rely on functions known as kernels which compute similarity
between two data points. Kernel functions produce kernel matrices. These matrices

satisfy two key properties.
1. Symmetric: k(x;,%;) = k(x;,X;)

2. Positive Semi-Definite (PSD): Ensure that the kernel corresponds to a valid

inner product in some feature space.

To be used in a kernel-based machine learning model a similarity matrix should
pass the above two conditions. In DTI prediction problems, kernel methods are
particularly valuable as they can incorporate chemical and genomic prior knowledge
in the form of drug-drug and target-target similarity matrices. It is also convenient
for some complex data structures be represented as similarity matrices rather than
feature vectors. The matrix used to represent n number of objects will always be

n xXn.
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2.6 Kronecker Regularized Least Squares (KronRLS)

In classical least squares method, the goal is to find the function which minimizes

the squared error between the predicted and true outputs.

n

S i — f(@0)?

=1

However, this method can overfit to the training data, especially in scenarios
where there are high dimensions or when data contain outliers. This overfitting
might lead to complex models. To address this issue, the regularization term is

added. The two most common approaches are,

1. Lasso Regression (L1 Regularization) - Use the absolute value of coefficients

as the penalty term

2. Ridge Regression (L2 Regularization) - Use the square of coefficients as the

penalty term

KronRLS method is build upon ridge regression.

n

> (i — fl@)? + AlfIR

1=1

Here, A is referred to as the regularization parameter and ||f]|? denotes the
squared norm of the function f in the Reproducing Kernel Hilbert Space (RKHS)
associated with the kernel k. This term penalizes model complexity to improve
generalization. A small A\ allows the model to fit to training data which may lead to
overfitting and a higher \ increases the weights of the term leading to a more simpler
model. Therefore, the regularization term mused be tuned to find the balance
between these two.

In this study we use KronRLS provided by the RLScore [17] library which is a

open source Python library designed for kernel based machine learning. It offers
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various implementations of regularized least squares algorithms and also supports
multiple kernels including pre-computed externally created kernels. KronRLS is
specifically designed for pairwise input data such as drug-target binding affinities
x; = (d;, t;) where d; is a drug and ¢; is a target.

Let us denote Kp € R"2*™0 as the kernel of drugs and Kp € R"™*"T ag the
kernal of targets. The Kronecker product which can be viewed as the interaction

between all drug-target pairs can be represented as,

K ((di i), (dj, t;)) = Kp(ds, dj) - Kp(ti, t;)

The Kronecker product allows KronRLS to model interactions between two do-
mains. However, forming the full Kronecker product matrix is computationally

expensive. KronRLS avoids this issue using optimization techniques.



3 Related Work

3.1 DTI Prediction

There are three main approaches used to study Drug-Target Interactions(DTT). In
viwo approaches represent experiments conducted on living organisms such as human
clinical trials. In wvitro experiments are tests done outside living organism typically
in controlled laboratory settings while in silico approaches involve methods carried
out with the aid of computer programs [18|. Rather than relying on a single method,
DTT studies follows a step by step approach utilizing these different approaches.

In vitro experiments are widely recognized for their efficiency and reliability in
studying drug-target interactions, particularly with the use of HT'S setups. However,
these experimental approaches are often time-consuming and costly [19]. To address
these challenges, computer-aided drug design (CADD) approaches such as virtual
screening (VS) have emerged as powerful alternatives, significantly shortening the
time and lowering the cost involved in drug development. While virtual screening
methods like ligand-based virtual screening (LBVS) [4] have proven valuable for
predicting drug candidates it has significant limitations as it heavily relies on known
active ligands in a target protein of interest. Structure based VS methods such as
molecular docking [2] rely on the 3D structure of target proteins for DTT prediction.
As a result, it cannot be applied when the 3D structure of a target is unavailable

which is often the case for membrane proteins, such as GPCRs (G-protein coupled
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receptors) [20].

To mitigate these limitations more research was focused on methods that uses
chemogenomic approaches [8]. These methods integrate information from both
chemical space with chemical structure information and genomic space with tar-
get protein sequences to predict DTIs with currently available drug target interac-
tion data. Early DTT research focused on one drug-one target approach. However,
multiple studies has revealed that drug-target interactions are far more complex and
diverse [21] [22] [1]. Predicting new drugs for established targets and discovering new
treatment possibilities for the existing drugs [20] can be identified as key features in
the drug-target interaction.

DTT prediction is not only useful for discovering new drugs but also for drug side
effect prediction [23] and drug repurposing [24], defined as the process of discovering
new therapeutic applications for established drugs beyond their original indications.
This can be especially valuable in situations where developing a new drug from

scratch might not be practical.

3.2 Machine Learning in DTI Prediction

Numerous ML approaches are used to predict drug-target interactions. Supervised
machine learning methods in DTI prediction can be categorized into two main
branches as feature vector based methods and similarity based methods [25].

In feature vector based methods data is represented as feature vectors that are
generated combining chemical descriptors of drugs and sequence of targets and stan-
dard machine learning models for the prediction [20] [26].

Similarity /Distance-based functions [27] use chemical structure similarities be-
tween compounds and sequence similarities between proteins to predict DTIs using
methods such as nearest profile or bipartite graph learning. The underlying concept

of similarity based methods is that two compounds with high structural similar-
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ity are likely to interact with target proteins that has high sequence similarity and
likewise proteins that are close in the network tend to interact with similar drugs
[24]. The study by Yamanishi et al. [27] used a similarity based approach with four
different drug-target classes: GPCRs, ion channels, enzymes and nuclear receptors.
Importantly, this dataset included membrane proteins such as GPCRs and ion chan-
nels which are challenging for structure based prediction methods such as docking
simulations due to the lack of 3D structures. The data sets introduced by this study

was later used as the gold standard in early DTI prediction works.

Drugs Targets

T

Interactions
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Figure 3.1: Machine learning approaches used in drug-target interaction prediction
[25]

Another recent survey conducted by Bagherian et al. |28], has systematically cat-
egorized machine learning approaches used in the DTTI prediction into six branches.

In addition to the above mentioned feature based models and similarity based ap-
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proaches, the authors identified matrix factorization [29], network based methods
[30], hybrid methods and deep learning techniques.

The survey paper by Bagherian et al. [28] also states the issue of many data
sets used for ML based research in DTI being in binary nature [27] [31] and the
importance of having continues values for DTI binding affinities as it will be more
useful and meaningful because binding affinities between drug target pairs naturally
vary across a spectrum. The 'gold standard’ data sets 27| used in the early DTI
prediction experiments also contains binary data. This issue was also mentioned in
the paper by Pahikkala et al. [5] suggesting to use the kinase binding assay data
from Davis et al. [32] as a bench marking data set in the future experiments due to
continues values and high quality.

Recent advances in drug-target interaction prediction has adopted deep learn-
ing approaches with different architectures such as DeepDTA [33], WideDTA 34|
and GraphDTA [35] which are focused on predicting drug target binding affinities.
While these studies have demonstrated strong performance, they do not address the

challenge of predicting the interactions that involve unknown drugs and targets.

3.2.1 Kernel Methods in DTI Prediction

Kernel methods are applicable to the four experimental settings in pairwise learning
and are suitable for a wide range of application domains including DTI predic-
tion. Although some other approaches may achieve higher performance in certain
domains, they often do not generalize well across all four settings [36]. Biological
entities such as protein structures are easier to represent using their similarities
rather than using feature vectors. There are several types of kernel functions often
used in pairwise learning such as linear, polynomial and Gaussian also known as
RBF. A comprehensive overview of most commonly used pairwise kernels focusing

on improving computational efficiency, can be found in the study by Viljanen et al.
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[15].

Different experiments use different types of data to construct kernel matrices [31]
[37]. The study by Van Laarhoven et al. [31] has used Gaussian kernels to build
kernels from binary vectors called interaction profiles. In this case, a single vector
for a drug, represents whether an interaction is present or absent for all the targets
in that network which is the target interaction profile for that particular drug. The
primary assumption under this study is if two drugs interact in a similar manner
with targets in a known drug target interaction network, they will likely interact
similarly with a novel target. The study has compared performance of several kernel
based methods given different kernels as inputs. These include kernels constructed
with drug-target interaction network topology information, chemical and genomic
sequence information and a combined version of the above two types. Another study
proposed using target kernels based on biological hierarchies to predict interactions
between proteins and small molecules [38].

Support Vector Machine (SVM) [20] and KronRLS [5] are widely used kernel-
based pairwise learning algorithms. Apart from DTI, the study by Ben-Hur and
Noble [39] has used kernel based methods for protein-protein interaction prediction

where it compares the performance of a SVM classifier with a diverse set of kernels.



4 Data

In DTT prediction, many methods such as KronRLS and SimBoost [40] use a com-
bination of interaction data and side information like drug-drug and target-target
similarities to enhance model generalizability especially for unseen drug or target
entities. At the same time, there are also recent deep learning methods that learn
representations from raw data such as protein sequences or SMILES (Simplified
Molecular Input Line Entry System) without relying on predefined similarity scores

33].

4.1 Drug-Target Binding Affinities

In this study, we use the dataset Davis [32] which contains dissociation constant (K )
values that quantify the binding affinity between kinase inhibitors and their targets.
The dataset contains K, values for 68 unique kinase inhibitors(drugs) and 442 ki-
nases(targets) which covers more than 80% of human catalytic protein kinome.

The Davis dataset is considered a full dataset as it provide binding affinities
for all the 30056 drug-target pairs in the dataset. Lower K, values indicate strong
binding while higher K, values indicates weaker binding. The distribution of Davis
dataset is highly skewed as illustrated in figure 4.1. Majority of the data pairs are
having no binding or very weak binding in the dataset.

This experiment also uses drug-drug similarity and target-target similarity data

sets from the study by Pahikkala et al. [5].
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Figure 4.1: Data distribution of binding affinities
4.2 Drug-Drug Similarities

The drug-drug similarity dataset was calculated using Tanimoto Coefficient(TC) [41]
that compares molecular fingerprints which are binary representations of structural
features of drugs (figure 4.2). It ranges from 0 to 1 where 0 means no similarity and

1 is identical.
Nap
Ny + Np — Nap

TC(A, B) =

Here, A and B are two fingerprints and N, and Np are the number of features
present in them respectively while N4p represents the number of shared features
between them.

The drug-drug similarity dataset shows a normal distribution centered around
0.55 (figure 4.3). This indicates that the majority of drug-drug pairs are showing a
moderate structural similarity while highly similar or highly dissimilar pairs seem

to be rare.
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Figure 4.2: Molecule is converted into a fingerprint vector where “1” indicates the
presence of specific substructures at a specific position [42]
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Figure 4.3: Distribution of drug-drug similarities
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4.3 Target-Target Similarities

Target-target similarities were calculated using Smith-Waterman(SW) score [43].
SW algorithm is well suited for target sequence comparison as it is designed to
handle the complexity and length of biological sequences such as proteins. Higher

SW scores indicate that there are more similar regions in the compared sequences.
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Figure 4.4: Distribution of target-target similarities

Figure 4.4 shows the distribution of the target-target similarities which is heavily
skewed towards the lower similarity values. Only a small number of target pairs

seem to have high similarities. This indicates that there’s a high diversity among

the target sequences in the dataset.



5 Experimental Setting

5.1 Model

In this study, we used the Kronecker Regularized Least Squares (KronRLS) method
in RLScore [17] to train the DTI binding affinity prediction model.

RLScore facilitates use if multiple kernel functions such as Linear kernel, Gaus-
sian kernel and Polynomial kernel. It also allows the use of pre-computed kernels if

needed. In this study we will be using the Linear kernel.
k(x;, ;) =< x;,x; > + bias (default = 1.0)

Even though we are using drug similarity and target similarity matrices as inputs,
since they are not positive semi definite kernel matrices, they were used as feature
representations. For instance, each row in drug-drug similarity matrix will be con-
sidered as a feature vector representing the similarity of one drug to all the other
drugs in the dataset.

Using the above kernels and linear KronRLS, a model was trained for each exper-
imental setting. Linear KronRLS learns a weight matrix of size, number of features
in X;x number of features in Xy where X; and X, are feature matrices of drugs
and targets.

The initial training data sets created for each setting was split further into smaller

parts(refer to 5.2). Models were trained starting from 10% of the whole training set.
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Then the number of drug target pairs in the training was gradually increased by
10% in each iteration until the model is trained on the full training data set while
keeping record of the c-index in each iteration.

In setting S1 the binding affinity matrix samples fed to the model during the
training phase is sparse. The KronRLS model is not capable of handling missing
or incomplete data and performing imputation in this context can be misleading.
RLScore provides an iterative Kronecker RLS training algorithm called CGKronRLS

and in setting S1 we will be using this model.

5.2 Data Partitioning and Sampling

This study adopts the four experimental settings (S1-S4) proposed by Pahikkala
et al. [5] to evaluate model performance under different scenarios.

To systematically evaluate how the model performance behave with the number
of unique drug-target pairs, four separate experiments were carried out for settings
S1-S4. Therefore, for each setting, the data set was divided into initial train and
test sets adhering to the conditions of each setting.

The training datasets of each setting were then further divided to 10 equal parts

in order to gradually increase the data size while training.

5.2.1 Setting S1

In setting S1, the trained model is expected to predict binding affinities for known
drugs and targets. Therefore, the test set must consist of drugs and targets which
were seen by the model during the training phase. This doesn’t mean that the exact
drug-target pairs must be present in both training and test sets but the individual
drugs and targets. The training set is allowed to have other drugs and targets apart

from the ones that are in the test set.
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To ensure this, out of all the drug target pairs in the binding affinity dataset,
20% was randomly selected for the test dataset and the remaining 80% was taken
as the initial training pool. From the pairs in the training pool, 10% was selected
as the first sample ensuring that all the drugs and targets in the test set are present

in that sample.

Targets

Drugs

ds

Figure 5.1: Selecting the first training sample of the binding affinity dataset in
setting sl

Let A and B be two drug-target pairs in the test set of setting S1 (figure 5.1). A
consist of drug dy and target t3. The first sample (the 10%) of the training dataset
should include this drug and target. For instance, the pair C and D could represent
the drug d4 and target t3. B is a combination of drug ds and target t5. To represent
drug dy E can be added to the sample and D is already in the sample which also
represent the target ts.

After the first training sample was selected, more pairs were gradually added
to the subsequent samples increasing the sample size by 10% of the initial training
dataset size until it reaches 100%. Since the first training sample is included in all
the other samples it guarantees that all the drugs and targets in the test set are

present in all the training samples. The training samples of the binding affinity
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matrix selected in the S1 training phase are sparse. Figure 5.2 shows a selected
training sample highlighted in blue, where every drug and every target in the whole

training dataset is represented at least once.

Targets

Dr Ligs

Figure 5.2: Illustration of sparse data in binding affinity training samples in setting
S1
Complete drug-drug and target-target similarity matrices were provided in both

training and testing phases.

5.2.2 Setting S2

In setting S2, the model is trained to predict binding affinities for novel drugs against
known targets. Therefore, the complete target-target similarity matrix was used
during both training and testing. As explained in section 5.1, we are treating the
similarities as feature representations of drugs and targets. For that reason, the
drug-drug similarity matrix was divided row wise into train and test with 80:20
ratio to include only the drugs that were present in the training sample of the drug

target binding affinities (5.3).
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Figure 5.3: Train test split of drug-drug similarity matrix
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The matrix which contains the drug target binding affinities were split by drugs only

as the targets should be shared between the train and test sets (5.4).

Train and Test Split

Targets

L Training set
80%

Hold-out test set
20%6

Figure 5.4: Train test split of binding affinity dataset in setting S2

Drugs

During the training phase, both binding affinity and drug-drug similarity training

datasets were again divided row-wise into 10 smaller samples (5.5).
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Sampling Training Set

Targets

Drugs

Figure 5.5: Sampling of the binding affinity training set in setting S2

5.2.3 Setting S3

In setting S3, the expectation is to train a model to predict binding affinities for
novel targets against known drugs. To fulfill this requirement the complete drug-
drug similarity matrix were used in both training and testing sets. However, the
target-target similarity matrix was partitioned row-wise into training and testing to
include only the targets that were present in the training sample of the drug target

binding affinities (5.6).

Targets Targets

Training set

} Testing set

Figure 5.6: Train test split of target-target similarity matrix

Targets
Targets

The binding affinity dataset was split column-wise to ensure that the targets in the
testing dataset are unseen to the model (5.7). Then, the training dataset of the

binding affinities was again divided into smaller samples by targets. The target-
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target dataset was sampled row-wise (5.8).

Train and Test Split

Drugs

Targets
L i J
T : r
Training set ! Hold-out test set
80% i 20%

Figure 5.7:

Train test split of binding affinity dataset in setting S3
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Figure 5.8: Sampling of the binding affinity training set in setting S3

5.2.4 Setting S4

In setting S4, the data sets were divided into train and test based on both drugs
and targets such that there are no shared drugs or targets between the two datasets.
Therefore, after the test set is separated, all the other drug-target pairs that involves
either a drug or a target found in the test set must be removed from the remaining
data in order to define the training dataset.

After removing the drug-target pairs as shown in 5.9, from the remaining data
pairs the training and testing datasets were separated following 80:20 ratio. Let us

define p; and p, as two fractions where,

pitp=1 (5.1)

When the number of drugs and targets in the dataset is given by n, and n, respec-
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tively, as the training set is expected to be 80%,

ngp1 X NP1 80

(napr X nep1) + (napa X nypa) 100

After simplifying the above equation,
1= 2p2 (5.2)

By solving the above two equations we get p; ~ 0.67 and py &~ 0.33. Therefore, the
training dataset was selected with 67% of both drugs and targets while the testing

dataset has the remaining 33% of the drugs and targets.

Train and Test Split
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fest set

Training set

Figure 5.9: Train test split of setting S4
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Figure 5.10: Sampling of the training set in setting S4

In this setting, both drugs and targets were incrementally added to the training
data across iterations, rather than exposing the model to all 40 drugs or all the 300
targets in the data set starting from the first iteration (5.10).

It is important to understand how the dataset sizes vary in these four experimen-
tal settings as we are specifically trying to find out the impact of the dataset size
on the models learning ability. In setting S4, part of the dataset pairs are removed

to fulfill the setting conditions. Therefore it has the smallest training and testing

datasets (5.1).

Train Test
Experimental Drugs  x | Pairs Drugs x| Pairs
Setting Targets Targets
S1 68 x 442 24044 68 x 442 6011
S2 54 x 442 23868 14 x 442 6188
S3 68 x 354 24072 68 x 88 5984
S4 46 x 296 13616 22 x 146 3212

Table 5.1: Number of training and testing drug-target pairs under different experi-

mental settings
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5.3 Evaluation

Since the evaluation is performed using hold out test method, the results may be
sensitive to the specific data partitioning. To avoid this, we repeat the same process
with 100 different random splits for each setting.

The performance was measured by calculating the CI for each data sample across
the 100 random splits. The mean CI and the standard deviation were then calculated
for each training sample to capture both average performance and its variability.

The learning curves were plotted using the mean CI against the corresponding
training dataset percentage with error bars representing the standard deviation. The

learning curve for the training data was also included for comparison.



6 Results and Findings

This chapter presents the results and the analysis of the model performance across
the different experimental settings. We performed four separate experiments train-
ing KronRLS linear pairwise predictors under different settings by systematically
increasing the data size. In each iteration the trained model was evaluated using
a hold out test set that was partitioned suitably for each setting, satisfying it’s

conditions.

6.1 Impact of Training Dataset Size on Overall Model
Performance

In this section we investigate how the increasing training dataset size has influenced
the overall performance of the model in each experimental setting focusing on the

CI values reported in the starting and ending samples.
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6.1.1 Setting S1

In setting S1, the model predicts binding affinities for known drugs and targets. It
means that, during the training phase, the model has seen at least one interaction

data involving each drug and each target in the test set.

S1: CGKronRLS cross-drug learning curve
(mean =+ std over 10 random splits)
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Figure 6.1: Training and Evaluation CI with increasing dataset size in setting S1.
The model is showing the highest test CI 0.882 at 100% of the training data

As expected, setting S1 starts with a high CI value of 0.763 at 10% and shows

significant improvement as the data size increases.

6.1.2 Setting S2

Shows a moderate improvement in test performance as the drug-target pairs in the

training set increases.
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S2: KronRLS cross-drug learning curve
(mean = std over 100 random splits)
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Figure 6.2: Training and Evaluation CI with increasing dataset size in setting S2.
The model is showing the highest c-index 0.727 at 100% of the training data

The model trained under setting S2 shows only a small performance gain despite
increasing data volume, with the CI rising only marginally from 0.611 to 0.727 as
training pairs grow from 10% to 100%. It seems to struggle to do accurate predictions

for new drugs in the test set.

6.1.3 Setting S3

The model exhibits a more consistent upward trend in CI, increasing from 0.693 to

0.819 showing better scalability with more training data.
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S3: KronRLS cross-drug learning curve
(mean = std over 100 random splits)
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Figure 6.3: Training and Evaluation CI with increasing dataset size in setting S3.
The model is showing the highest CI 0.819 at 100% of the training data

6.1.4 Setting S4

The model is showing a slight improvement in CI from 0.607 to 0.683. Shows a
consistent improvement even though the minimum and maximum CI does not have

a larger gap.
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S4: KronRLS cross-drug learning curve
(mean =+ std over 100 random splits)
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Figure 6.4: Training and Evaluation CI with increasing dataset size in setting S4.
The model is showing the highest CI 0.683 at 100% of the training data

6.2 Analysis of The Shape of Learning Curves

In this section, we analyse the shape of the plotted learning curve of test data and

see whether it reveals any trends.

e Setting S1: The learning curve shows the highest slope with the widest perfor-

mance gap from start to end. Exhibits the most desirable learning behavior.

e Setting S2: The learning curve is erratic specially in the beginning of learning.

Error bars are bigger.

e Setting S3: The test performance consistently improves with more data. The
error bars are smaller which indicates that there is less variability in c-index
values across the 10 different random splits. This can be identified as a well be-

haved learning curve, constantly showing an improvement in the performance.
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e Setting S4:The learning curve looks smoother but it does not show a big slope.

Increasing number of training data pairs vary in the four experimental settings.

Experimental AULC mean C-index at | mean C-index at
Setting 10% 100%
S1 0.7628 0.763 0.882
S2 0.6211 0.611 0.727
S3 0.7069 0.693 0.819
S4 0.5921 0.607 0.683

Table 6.1: Area Under the Learning Curve(AULC) values of each setting with the
C-index values at starting and ending data samples

6.3 Evaluation of the Generalization Capability

In this section, we look at the shape of both training and testing curves to get

insights on model’s generalization capability.

e Setting S1: The model seems to generalize well to test data. Based on the

shape of the curve, it appears that the model is approaching convergence.

e Setting S2: Shows a big gap between the training and testing curves suggesting

overfitting and therefore weaker generalization.

e Setting S3: Demonstrates the narrowest gap implying strong generalization

capability.

e Setting S4: Shows a wider gap indicating weaker generalization capability.

6.4 Comparison of Prediction Performance Among
The Experimental Settings

The four experimental settings demonstrate different levels of prediction perfor-

mance. As shown in table 5.1, each setting has different number of drug-target pairs



6.4 COMPARISON OF PREDICTION PERFORMANCE AMONG THE
EXPERIMENTAL SETTINGS 45

and the percentage in each setting doesn’t mean the same number of drug-target
pairs across the four settings. Therefore, the results are not directly comparable.

The figure 6.5 is only used to get the general overall idea about the learning.

Ccintr)\pare Learning Curves of 4 Settings (mean + std over 100 random splits)
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Figure 6.5: A comparison of the four learning curves

e Setting S1 model outperformed other settings achieving the highest CI both
at the start and end of the training. This shows that the model has benefited

from knowing some interaction information on drugs and targets.

e Secondly, S3 outperforms both S2 and S4 settings in terms of highest c-index.
Although S3 represents a challenging setting than S1. the model showed con-
sistency in model’s learning capability. The shape of the S3 learning curve
is very similar to the learning curve observed in S4 except with lower values.
This suggests that the model is relatively good at leveraging knowledge from

known interactions to predict binding affinities for unseen targets.
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e Setting S2 was able to achieve slightly better peak performance than S4, but
this setting displays a slightly unstable learning curve compared to others.
Among all settings, the learning curve of S2 appears to be the most sensitive
setting to the data split particularly in the first few samples of the experiment.

This suggests that the model performance was not much stable.

e Setting S4 reports the lowest CI value out of the four experimental settings.
Initially, both S2 and S4 exhibits roughly similar values. However, as the
training progresses, the performance of the S4 only shows a smaller improve-
ment. When compared with S2, the learning appears to be relatively stable
in S4. The curve indicates a very slow learning which shows that the model is
having difficulty to capture enough patterns to predict interactions for novel

drugs and targets.



7 Discussion

This study aimed to investigate the influence of training dataset size on performance
of drug-target interaction binding affinity prediction model under four experimental
settings (S1-S4). As the model, KronRLS linear pairwise predictor was used. The
results of the experiment revealed that the performance of the model varies signif-
icantly across settings. It also gave insights on the impact of the dataset size on
models generalization capability.

All the settings appears to improve their performance while some experimental
settings show a significant improvement. Setting S1 and S3 seems that the model
is closer to approaching convergence with the available data. Setting S2 and S4
are only showing slight overall improvement. However, as the curve is showing an
upward trend, we can assume that more data might benefit the model to improve
its performance in these two settings.

Setting S1, which is the most easiest prediction task for the model out of the
four settings, showed the highest performance in this experiment. In this setting
the model gets to know at least one interaction about every drug and target it is
predicting interactions in the testing phase.

Setting S2 and S3 are scenarios where at least one of the prediction entities (drug
or target) is already known to the model from the training phase. The model in
S2 which is trained to predict binding affinities for unknown drugs, showed some

difficulty to keep the performance constantly increasing. The learning curve dis-
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played fluctuations with relatively large error bars reflecting the affect of random
data splits. The Davis data consist of 68 drugs and 442 targets. This imbalance can
be a reason for the model to face difficulty when trying to predict for new drugs.
Also, in this study, the model relies on drug-drug similarities derived from Tanimoto
coefficient which is based on the chemical structure of a drug. The structural sim-
ilarity of two drugs may not always indicate functional similarity. There are drugs
which are chemically similar without similar pharmacological properties as well as
chemically different but with similar pharmacological behaviors. [44]. This may
also be a reason behind the difficulty as the predictions solely rely on structural
similarity of drugs.

The model of setting S3, which is trained to predict binding affinity values for
unknown targets was showing a smooth increasing learning curve throughout with
narrow error bars. S3, also reported the highest c-index value among the settings
which involved unseen drugs and targets. Out of all the experimental settings, set-
ting S3 has the highest number of drug target pairs in it’s initial training dataset (
refer to 5.1). Interestingly, although the target-target similarities are generally low
across the data distribution, it doesn’t appear to negatively affect the model perfor-
mance in this setting. When compared with setting S2, S3 is better at generalizing
to new targets and similar observation was reported by Pahikkala et al. [5].

The most challenging scenario out of the four settings is S4, where the model
was trained to predict binding affinities for unknown drugs and unknown targets.
This reported the lowest c-index value out of all settings. It is also important to
note that this setting has the smallest number of drug-target pairs as a subset of
pairs was removed from the dataset to ensure neither targets nor drugs in test set
appeared in the training data. However, a slight improvement can be seen with the
increase of the data size. The gap between the training and testing curves highlights

the limited ability to generalize to novel drugs and targets with no interaction data.
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Overall, these observations emphasize the importance of evaluating prediction
models under these realistic experimental settings as the performance can be over-
estimated. These results also highlights the ability of KronRLS algorithm to perform

well in binding affinity prediction of the setting S3 which involves unknown targets.



8 Conclusion

This thesis explored the impact of training dataset size on the performance of a
KronRLS model in drug-target interaction binding affinity prediction. The study
focused on four experimental settings(S1-S4) that represent realistic scenarios that
reflect the actual challenges faced in the field of DTI prediction. A major challenge
in DTT studies is the limited availability of known interactions among drugs and
targets. Similarity based approaches, such as KronRLS, rely on leveraging these
known interactions to predict unknown interactions with the use of chemical space
and genomic spaces. Treating the DTIs as a regression task, it assess the interaction
strengths, providing more informative insights than binary classification tasks. The
model performance was evaluated by analysing the shape of the learning curves.
The results of this experiment demonstrated that the model performance is
highly dependent on the specific experimental setting depending on whether the test
data contains known or unseen drugs and targets. By analysing learning curves, the
study revealed how the KronRLS model responds differently to increasing training
data size under each setting emphasizing its strengths and limitations. As expected,
setting S1 reported the highest accuracy and demonstrated good learning abilities
achieving relatively high performance starting from the smallest training sample.
Notably, setting S3 which predicts interactions for new targets reported the sec-
ond highest performance and generalization ability. In contrast, Setting S2 which

involves predicting interactions for new drugs, indicated a problem of overfitting
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and difficulty maintaining consistent learning. Setting S4 which is the most chal-
lenging setting involving both unseen drugs and targets also wasn’t able to improve
the performance much with increasing training data size and showed difficulty with
generalizing to unseen drugs and targets. This thesis highlights the importance of
distinguishing among the four experimental settings in DTI prediction and under-
standing their data size requirements.

While this provides valuable insights, it is not without limitations. This exper-
iment were conducted using a single dataset and a single ML technique. As this
study is using linear kernels the model is limited to capturing linear relationships
in data. By expanding this experiment to include multiple datasets with different

kernels could provide deeper insights and broaden the scope of the findings.



9 Statement on the Use of Al in the

Thesis

In the writing of this thesis, I have used few Al tools primarily to improve the lan-
guage. Specifically I used ChatGPT (https://openai.com/chatgpt/overview/) and
DeepSeek (https://deep-seek.chat/) to rephrase sentences into a more academic style
and to get suggestions on how to structure the content of the thesis meaningfully. I
have also used QuillBot (https://quillbot.com/) and ChatGPT to get ideas on how
to paraphrase sentences while doing the literature review. However, I did not use

any information generated by these Al tools directly and without reviewing.
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