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Accurate prediction of drug—target interactions is essential for
advancing drug discovery and repositioning efforts. This study
introduces a comprehensive framework that effectively addresses
key challenges in DTI prediction, including dataset imbalance and
high-dimensional feature representations. The approach integrates
multiple protein descriptors—specifically, nine statistical and
sequence-based features—and drug molecular fingerprints encoded
via Morgan algorithms, with optimal feature combinations selected
through validation to capture diverse biological and chemical
information. To mitigate dataset imbalance, a one-class SVM-based
undersampling method (One-SVM-US) models the distribution of
positive interactions to guide the selective reduction of the majority
class, thereby effectively balancing positive and negative samples.
Furthermore, a supervised, classification-oriented variational
autoencoder is employed to compress the high-dimensional features
into a lower-dimensional space while preserving class-
discriminative information relevant to interaction prediction. The
refined features are then classified using machine learning models to
predict potential drug—target pairs. Experimental evaluations on
benchmark datasets demonstrate the effectiveness of the proposed
framework, with results showing perfect AUC-ROC scores of 1.00
on the EN, GPCR, and NR datasets, and a score of 0.9731 on the IC
dataset, indicating performance improvements over existing
methods. These findings confirm the robustness and potential of the
approach as a reliable tool for drug—target interaction prediction.

1. Introduction

In recent years, drug-target interaction (DTI)
prediction has emerged as a fundamental challenge
within the fields of bioinformatics and drug
discovery, serving as a critical step toward
elucidating  the  mechanisms  underlying
pharmacological efficacy and adverse reactions.
This process involves the systematic identification
of interactions between chemical compounds—
drugs—and biological entities such as proteins or
nucleic acids, which are integral to understanding
therapeutic effects and facilitating the development
of novel therapeutics. An accurate characterization
of these interactions can significantly accelerate the

identification of promising drug candidates and
reduce reliance on costly experimental procedures
[1]. DTIs are defined by the binding affinity
between a drug and a biological target, often
resulting in functional modifications of the target
molecule. Proteins, as essential cellular
components, perform vital roles including signal
transduction, enzymatic catalysis, and regulation of
biological pathways. Traditional experimental
approaches for assessing DTIs, such as reverse
pharmacology and biological assays, have been
increasingly  replaced by  computational
methodologies due to their superior efficiency and
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reduced resource demands. These computational
strategies not only expedite the screening process
but also improve predictive accuracy, thereby
providing a scalable alternative for large-scale DTI
analysis [2].

Despite notable progress in developing DTI
prediction models, several persistent challenges
hinder their effectiveness. Foremost among these is
the issue of data imbalance, characterized by a
disproportionate number of negative (non-
interacting) samples relative to  positive
(interacting) instances, which impairs the model's
ability to detect rare but biologically significant
interactions [3]. Furthermore, the scarcity of high-
quality, comprehensive datasets, combined with
the inherent complexity and heterogeneity of
biological systems, complicates the learning
process for machine learning algorithms. Many
available datasets suffer from incompleteness and
insufficient annotation, constraining model
performance and generalizability. Consequently,
there is an urgent need for advanced machine
learning frameworks capable of resiliently
handling data limitations and class imbalance while
effectively capturing salient features of DTIs [4].
Recent methodological innovations have aimed to
address these challenges through diverse
algorithmic strategies. For example, Xie et al.
proposed the LRF-DTIs framework, leveraging
random forest classifiers combined with Position-
Specific ~ Scoring  Matrix  pseudo-features
(PsePSSM) and FP2 molecular fingerprints,
supplemented by Synthetic Minority
Oversampling Technique (SMOTE) to mitigate
imbalance [5]. Similarly, Mahmoud et al.
introduced iDTi-CSsmoteB, which employs
PseAAC descriptors and Molecular Substructure
Fingerprints (MSF), alongside SMOTE and
XGBoost classifiers, to enhance predictive
robustness [6].

While these approaches have demonstrated
improvements, they remain limited in their
capacity to fully address the complexity of rare
interaction detection and the preservation of critical
discriminative  information  during feature
reduction. Their imbalance handling strategies may
not sufficiently capture the nuanced patterns of
sparse positive samples, and their feature selection
or reduction techniques risk losing essential class-
specific information in highly heterogeneous
datasets.

To overcome these limitations, this study proposes
an integrated framework that synergistically
combines advanced feature encoding, innovative
imbalance mitigation, and supervised
dimensionality reduction. Specifically, drugs are
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encoded using Morgan fingerprints, which
effectively capture structural information, while
proteins are represented via nine complementary
statistical and sequence-based descriptors—
including AAC, DPC, GAAC, DDE, PseAAC,
PsePSSM, CKSAAGP, GDPC, and GTPC—
whose optimal combination is determined through
a rigorous internal validation strategy. To address
the severe class imbalance inherent in drug—protein
pair datasets, a One-SVM-US undersampling
technique is introduced, wherein a one-class SVM
models the majority class distribution; samples
located far from the decision boundary are
selectively removed, preserving boundary samples
and all minority class instances, thus producing a
balanced yet informative dataset. Subsequently, a
supervised Variational Autoencoder (VAE) is
employed for feature dimensionality reduction;
unlike traditional VAEs that focus solely on
reconstruction, our model incorporates an auxiliary
supervised loss on the latent space, encouraging the
separation of different classes and maintaining
discriminative information. The resulting reduced

features are then classified using multiple
algorithms, enabling flexible and accurate
prediction of DTTs.

The core innovations of this framework can be
summarized as follows: the integration of nine
multi-representational protein descriptors with an
optimal selection process; the application of One-
SVM-US for effective imbalance mitigation; and
the deployment of a tailored supervised VAE to
generate  compact,  discriminative  feature
representations. Collectively, these components
establish a unified, robust pipeline that effectively
captures complex drug-target relationships and
enhances predictive performance relative to
existing methodologies.

The structure of the article is organized as follows:
In Section 2, related works on the research topic are
reviewed, and existing methods for drug—target
interaction prediction are analyzed. Section 3
presents the proposed method and explains its
different steps in detail. Section 4 provides the
analysis and evaluation of the results obtained from
applying the proposed method to the experimental
datasets. Finally, Section 5 concludes the study.

2- Related Works

Existing methods for drug—target interaction (DTI)
prediction can be broadly divided into similarity-
based and feature-based approaches, with recent
advances leveraging graph-based, deep learning,
and hybrid models. Similarity-based methods rely
on the assumption that drugs or proteins with
similar properties exhibit similar interaction
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patterns, typically using chemical similarity for
drugs and sequence similarity for proteins [7, 8].
Although these approaches offer interpretability
and computational simplicity, they often fail to
capture the complex, non-linear relationships
inherent in biological interactions, thereby limiting
their predictive capacity for novel or unseen drug—
target pairs.

Feature-based  approaches  formulate  DTI
prediction as a binary classification task,
employing a diverse array of machine learning
algorithms such as Support Vector Machines
(SVM) [9], Random Forests, Rotation Forests,
XGBoost, and various deep learning models [10].
These methods typically involve extracting high-
level features from drug molecular structures and
protein sequences, utilizing techniques including
convolutional neural networks (CNNs), multilayer
perceptrons (MLPs), autoencoders, and tensor-
based embedding strategies [10-13]. Despite their
capacity to model intricate feature representations,
these approaches are challenged by the high
dimensionality of feature spaces, data imbalance,
and substantial computational demands, which can
impede scalability and generalization.
Graph-based and attention-enhanced models have
further propelled DTI prediction by explicitly
modeling relationships within heterogeneous
biological networks. For instance, DTRE employs
heterogeneous graphs coupled with graph neural
networks (GNNs) and attention mechanisms to
improve predictive accuracy in specific contexts
such as endometrial cancer [14]. Similarly, CSCo-
DTA integrates molecular-level and network-level
features via graph contrastive learning, achieving
notable performance improvements; however,
these models necessitate high-quality,
comprehensive  datasets  and  significant
computational resources [15]. Approaches
combining  Node2vec  embeddings  with
convolutional neural networks (CNNs) and
bidirectional attention mechanisms facilitate
multimodal feature fusion, demonstrating superior
results over traditional methods [11]. The SSLDTI
framework employs self-supervised learning
paradigms and GNNs to extract features from
heterogeneous  graphs, yielding enhanced
predictive  performance, yet it remains
computationally intensive and reliant on extensive
datasets [16]

The application of pre-trained language models has
also gained prominence in DTI prediction. DLM-
DTI utilizes ProtBERT to transfer intermediate
features from a teacher model to a student model,
demonstrating robust performance across datasets
such as BIOSNAP, DAVIS, and BindingDB [17].
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Similarly, =~ DCGAN-DTA  leverages deep
convolutional generative adversarial networks
(GANSs) to extract complex features from protein
sequences and drug SMILES representations,
achieving superior metrics in CI, MSE, and AUPR,
although its effectiveness depends on high-quality
training data [12]. The iGRLDTI model
incorporates heterogeneous biological interaction
networks (HBIN) with node-dependent local
smoothing, resulting in improved accuracy metrics
such as AUC and AUPR relative to baseline
models [18].

Transfer learning methodologies have been
employed to mitigate data scarcity issues by pre-
training on large-scale source datasets and fine-
tuning on smaller, domain-specific datasets,
thereby reducing training time and enhancing
model performance [19]. Transformer-based
models with hierarchical attention mechanisms,
exemplified by MHTAN-DTI, effectively capture
complex relationships within biological data,
outperforming several existing DTI prediction
frameworks [20]. Moreover, statistical and
experimental database-driven approaches utilize
curated datasets to infer potential interactions;
however, their applicability is often constrained by
incomplete or biased data coverage, limiting their
capacity to model the full spectrum of biological
complexity [21]

Deep neural network (DNN) models process drug
and target features separately before integrating
them via convergence functions, resulting in
improved predictive accuracy over traditional
classifiers [13]. Clustering algorithms provide
alternative solutions in low-label scenarios,
enabling semi-supervised learning in the absence
of extensive annotations [22]. Evolutionary
algorithms, including Genetic Algorithms and
other metaheuristic optimization techniques, have
been applied to identify effective features or
parameter configurations for DTI prediction, albeit
with increased computational overhead [23]. SVM-
based methods continue to serve as reliable tools
for feature selection and classification tasks within
this domain [9]. Reinforcement learning
approaches model the interaction process
dynamically, learning policies that simulate drug—
target binding behaviors, with promising initial
results [24]. Natural language processing (NLP)
techniques extract information from scientific
literature to predict potential DTIs on a large scale,
complementing experimental data-driven methods
[25]. Hybrid models integrating deep learning with
optimization algorithms have demonstrated further
improvements in predictive accuracy [26].
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Furthermore, models such as DTI-Voodoo
combine molecular and phenotypic drug features
with protein—protein interaction networks through
graph convolutional networks, establishing state-
of-the-art performance metrics on datasets sourced
from STRING and STITCH [27]. DeepDTA and
DTA-Deep utilize CNN architectures to analyze
drug and target features, achieving high scalability
and predictive accuracy across extensive datasets.
Nonetheless, persistent challenges include data
imbalance, the high dimensionality and
heterogeneity of feature spaces, and limited
applicability to small or domain-specific datasets.
To address these issues, the proposed approach
integrates One-SVM-US with a modified
variational autoencoder (VAE), specifically
designed to handle imbalanced datasets by
efficiently learning low-dimensional, informative
feature representations. This  methodology
effectively reduces computational complexity,
enhances predictive performance on limited
datasets, and complements existing state-of-the-art
techniques, thereby offering a robust solution for
drug—target interaction prediction.

3. Proposed Method

The proposed method is illustrated in Figure 1. As
shown, the approach consists of several steps. In
the first step, drug and protein data are transformed
into feature vectors. For drugs, which are
composed of molecular structural units, the
Morgan algorithm is employed to generate
molecular fingerprints. The output of this step is
binary vectors, where each element indicates the
presence or absence of specific substructures in the
molecular composition of a given drug (assigned a
value of 1 if present and 0 otherwise).

For proteins, amino acid sequences are used as the
initial input. These sequences, consisting of 20
standard amino acids, may vary in length. In the
next step, statistical feature extraction techniques
are applied to the protein sequences. In this study,
nine distinct feature extraction methods are
utilized, and different combinations of these
features are then explored to construct the final
protein feature vectors. A validation set is used to
select the most effective feature combinations.
Subsequently, by selecting the optimal protein
feature set, paired feature vectors of proteins and
drug fingerprints are constructed. Since drug—
protein interactions may exist, all possible protein—
drug pairings are generated. One of the major
challenges in this context is data imbalance: many
of the generated combinations reflect the
disproportion between interacting and non-
interacting pairs, which reduces classification
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accuracy for the “interaction” class. To address
this, the one-SVM-US method is applied to balance
the training dataset.

Another challenge lies in the large number of
sample combinations and the high dimensionality
of the features. To mitigate this issue, a VAE—
based approach is employed for dimensionality
reduction and for mapping the features into a new
latent space. Finally, both training and testing sets
are projected into this latent space, and
classification is performed to assign interaction
labels to the samples. The detailed description of
each stage of the proposed method is provided in
the following sections.

3.1. Feature Extraction

Drug fingerprinting is one of the emerging
techniques in bioinformatics, designed to identify
the unique characteristics of drugs. This method
utilizes the chemical and biological profiles of
drugs to analyze and predict their interactions with
protein targets. A drug fingerprint consists of a set
of molecular features that may include chemical
structure, atomic composition, molecular bonds,
and other physicochemical properties of the
compound. These features are represented as
numerical vectors or sets of codes and can be
employed as inputs for machine learning models.
This approach enables researchers to compare drug
similarities and predict their biological behaviors.
Drug fingerprinting plays a critical role in drug
discovery and in identifying compounds with
similar pharmacological activities. Moreover, by
applying advanced techniques such as graph neural
networks, drug fingerprints can be modeled more
accurately, thereby improving the predictive
performance of drug—target interaction tasks. As
previously mentioned, in this study, nine different
feature extraction methods based on amino acid
character sequences were employed. Each of these
methods is described in the following section.
Amino Acid Composition (AAC):

Amino acid composition [28] is represented as a
20-dimensional vector that calculates the
frequency of occurrence of all 20 natural amino
acids (i.e., ‘A,C,D,E,F,G,H, L K,L, M, N, P, Q,
R, S, T, V, W, Y’). The calculation method is
presented in Equation (1).

f =$, te{4,C,D,....Y} (1)

where N (t ) denotes the number of amino acids of
type t, while NV represents the length of the protein

sequence.
Dipeptide Composition (DPC):

Dipeptide composition [29] provides 400
descriptors for a protein sequence. This
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composition is calculated according to Equation

2).

N,
D(r,s)= Nfl

Where N _ denotes the number of dipeptides

@

formed by amino acids of types r,s and N
represents the length of the protein sequence.
Grouped Amino Acid Composition (GAAC):

In GAAC encoding [30], the 20 amino acids are
classified into five groups based on their
physicochemical properties. The GAAC descriptor

N
Protein molecular structure

Protein sequence

[1] 1 ﬂ\:-l. T
organ method -

represents the frequency of each amino acid group
and is calculated according to Equations (3) and

).
Ng )

f(g):T’ te{glogzvgpgmgs} €)

N(g, )= N(r), @)

Here, N (g) denotes the number of amino acids in

teg

group g, N (t) represents the number of amino

acids of type ¢ and N indicates the length of the
protein sequence.
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Dipeptide Deviation from Expected Mean
(DDE):

Dipeptide Deviation from Expected Mean (DDE)
[14] is a feature vector constructed by calculating
three parameters: dipeptide composition (Dc),
theoretical mean (Tm) and theoretical variance
(Tv). These three parameters, along with DDE, are
defined as follows. D(r,s), the dipeptide

composition measure for the dipeptide ‘rs’, is
expressed in Equation (5).

Dc(r,s):]\]]\]jl, r,se{A,C,D,...,Y} (5)

Where N, denotes the number of dipeptides
composed of amino acidsr and s and N represents
the length of the protein sequence. The theoretical
mean 7, (r,s) is given by Equation (6).

c C
T — r S
L (7,s) cxe ©)

where C, denotes the number of codons encoding
the first amino acid, C, represents the number of
codons encoding the second amino acid in the
dipeptide s and C, is the total number of
possible codons. The theoretical variance Tv(r,s)
for the dipeptide “ s’ is given by Equation (7).

Tv(r,s) _T, (r,s)(l - Tm(r,s))

N -1

Finally, DDE(r,S) is calculated according to
Equation (8).

DDE(r,s)=

O]

Dc(r,s)—Tm(r,S)

JT(r.s)
Pseudo Amino Acid Composition (PseAAC):

To prevent the complete loss of sequence-order
information, Pseudo Amino Acid Composition
(PseAAC) was proposed by Chou [31]. The
concept of PseAAC has been widely applied in
bioinformatics, including proteomics [32], systems
biology [33], protein structural class prediction
[34], subcellular localization prediction, DNA-
binding protein prediction [35], and many other
applications.

In comparison to AAC, which consists of 20
components representing the frequency of each of
the 20 amino acids in a protein, PseAAC includes
a set of more than 20 distinct factors. The first 20
factors correspond to the conventional amino acid
composition components, while the additional
factors represent correlation factors of varying
ranks along the protein sequence. According to the
PseAAC concept, each protein sequence is

®)
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formulated as a PseAAC vector, which is expressed
in Equation (9).
a

X =[x, s X19 X205 Xagy oK | S(A<L) (9)
In this equation, L denotes the length of the protein
sequence, and A is the sequence-related factor,
where choosing different values for A results in
PseAAC vectors of varying dimensions. Each
component is defined according to Equation (10).

Ji,i+k = %224 [(Dq (Ri+k )_ q)q (Ri )]Z

1<u<20

f;
leflfl * WZZ—1 g o
X, = B B

WT, 20

+w E T
i=171 =1k

where w is the weighting factor and f; represents

20+1<u<20+4

the frequency of the i-th amino acid in the protein
sequence. 7, , the k-th correlation factor, denotes
the sequence-order correlation between all adjacent
k-th residue pairs and is formulated as shown in
Equations (11) and (12).

1 L-K

T, =— J
k J+k
L—Kl-:l I,

|
Ji,i+k :F[(Dq(RHk)_(Dq(Ri)]z (12)

where qu(Rl.) is the g-th amino acid property

K<L (11

function for residue R, and I' denotes the total

number of considered functions. In this study, the
protein properties considered include
hydrophobicity, hydrophilicity and amino acid
side-chain mass; thus, I"=3. In this work, A is set
to 1 and w to 0.05. The output feature dimension
for each target protein using the PseAAC
descriptor is therefore 28.

Position-Specific Scoring Matrix (PsePSSM):
To represent amino acid sequence features in
protein sequences, Position-Specific Scoring
Matrix (PsePSSM) features, introduced by Shen et
al. [36], are employed. PsePSSM encodes
evolutionary information and sequence patterns of
proteins and has been widely used in
bioinformatics research [36-38]. For a target
sequence P of length L, the PSSM is used as its
descriptor, as originally proposed by Jones et al.
[39]. The Position-Specific Scoring Matrix
(PSSM), with dimensions Lx20, can be defined as
shown in Equation (13).
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_MIAI M1a2 : M14)20 |
M2~>l M2A2 M2~>20
P — . . . . 1
PasM Mia] MHZ : MHZO ( 3)
_ML—>1 ML—>2 ML—»ZO a
Where M, _,; represents the score of the amino

acid at the i-th position of the protein sequence
being substituted by amino acid type j during the

evolutionary process. For simplification, numerical
codes 1,2, ..., 20 are used to represent the 20 native
amino acids according to the alphabetical order of
their single-letter codes. This matrix can be
generated using PSI-BLAST searches against the
Swiss-Prot database. A positive score indicates that
the corresponding amino acid is substituted more
frequently than expected, while a negative score
indicates the opposite.

In this study, the PSI-BLAST parameters are set as
follows: E-value threshold of 0.001, maximum
number of iterations for multiple searches set to 3,
and all other parameters kept at default values.
Each element in the original PSSM is normalized
to the range (0,1) and obtained using Equation (14).

_ 1 (14)

Mi—)' =
! l-l—expi—Mi_)ji

However, due to the varying lengths of target

sequences, constructing a PSSM descriptor as a

uniform representation can be advantageous. One

possible representation for a protein sample P is

illustrated in Equations (15) and (16).
Prssr = [Ml’Mza---aMzo

— .
M, :ZZM"*" (j=12,,..20)
i=1

(s)
(16)

where M, represents the average score of amino

acids in protein P that have been substituted by
amino acid j during the evolutionary process. If
the PSSM of protein P is used directly as in
Equation [20], all sequence-order information
would be lost. To prevent the complete loss of
sequence-order information, the concept of
PsePSSM, introduced by Chou [21], is employed
to represent protein P, as formulated in Equations
(17) and (18).

, — — , T
Ppssit = [M] ,...,MZO,GII,...,,GéO,GIA,...,,GfO] (17)

G{I = LL% [Ml’—ﬁ - M(i+/1)—>j]2 (1 8)
T L-2F(j=12,..20; 0<A<L)

where G;” represents the correlation factor of the j-

th amino acid and A denotes the sequential
distance along the protein chain. This means that
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G} is the correlation factor associated with the

nearest PSSM score in the protein chain for amino
acid type j, G‘]Z. corresponds to the second nearest

PSSM score and so on. Therefore, a protein
sequence can be represented using PsePSSM,
producing a feature vector of dimension
20+420x A . In this study, A is set to 10. The output
feature dimension for each target protein using the
PsePSSM descriptor is 220.

k-Spaced Amino Acid Group Pair Composition
(CKSAAGP):

The k-spaced amino acid group pair composition
(CKSAAGP) [42] defines the frequency of amino
acid group pairs separated by & residues (with the
default maximum k£ set to 5). If k=0, the amino
acid group pairs with zero spacing are represented
as shown in Equation (19).

(Nglgl Nglgz Ng1g3 Ngsgs]
25

(19)

b b bARA ]
N, total N, N, N, total

total total

where the value of each descriptor represents the
composition of the corresponding residue group
pairs in the protein sequence. For a protein of
length P and £=0,1,2,3,4,5, the values of
Niota1 are B, P, P, P,, P, and P, , respectively.
Grouped Dipeptide Composition (GDPC):

The Grouped Dipeptide Composition (GDPC) [42]
is a 25-dimensional vector representing another
type of DPC descriptor. It is defined according to
Equation (20).

N}'S

r,s)= ,
Slrs)=2
r,se {glag2’g3>g4’g5}
where N, denotes the number of dipeptides

(20)

composed of amino acids 7,s and N represents the
length of the protein.
Grouped Tripeptide Composition (GTPC):
The Grouped Tripeptide Composition (GTPC) is
another type of TPC descriptor, producing a 125-
dimensional vector. It is defined according to
Equation (21).
Nrst

Slris)=—72

r,s,te {gl’gZ’g3’g4’g5}
where N,, denotes the number of tripeptides

e2))

composed of amino acids 7,s and ¢and also N
represents the length of the protein.

3.2. Feature Combination

In this step, the features extracted in the previous
section, including both protein and drug features,
are combined to construct input samples. For each
protein, interactions with different drugs are
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examined and aggregated; if an interaction exists,
the sample is labeled as 1, otherwise it is labeled as
0. Specifically, for n proteins and k drugs, nxk
samples are generated. Since the number of known
DTIs is very limited, the majority of samples
represent non-interactions, leading to a severe data
imbalance problem. The data balancing method
employed to address this issue is described in the
following section.

3.3. One-SVM-US Method for Balancing DTI
Data

In this application, sequential combinations of
proteins and drugs are used. The generated data
related to DTIs is extremely sparse. To address the
problem of imbalanced data in this study, a new
undersampling algorithm called One-SVM-US
was developed, which leverages a one-class SVM
to handle data imbalance. In the first step, known
DTIs are treated as positive samples.

For enzymes, ion channels, GPCRs, nuclear
receptors, and the Davis dataset, the numbers of
positive samples are 2,926, 1,476, 635, 90, and
2,502, respectively. In the next step, the algorithm
considers all possible interactions in the five
datasets as negative samples, excluding those
known as positive. By applying the One-SVM-US
algorithm, a balanced dataset with equal numbers
of positive and negative samples is obtained.

The one-class SVM [22] is a global semi-
supervised anomaly detector. This algorithm
requires a training set consisting of only one class.
The One-SVM-US technique, based on the one-
class SVM, considers all possible drug-target
combinations while excluding positive samples.
Instead of using a hyperplane to separate two
classes, this algorithm uses a hypersphere to
encompass all samples. The RBF kernel was
employed for the SVM. The parameter y was

determined using a simple empirical approach,
calculated as y=1 number of data points. To

compute the anomaly score, the maximum value of
the decision function is first obtained as shown in
Equation (22).

Q= MAX decision__ function(x') (22)
where x refers to the score vector. The anomaly
score is then obtained as defined in Equation (23).

outlier _scores=Q—decision_ function(x) (23)

The anomaly scores for the majority class (non-
interacting pairs) are sorted in ascending order. The
top n samples from this sorted list (i.e., the majority
class samples with the lowest anomaly scores,
considered most similar to the minority
(interacting) class distribution) are selected.

264

Crucially, the parameter n is set to be exactly equal
to the number of minority class (interacting)
samples in the original training set. It is important
to note that this balancing procedure is applied only
to the training set to prevent any information
leakage and to ensure a fair evaluation on the
untouched test set. The final balanced training
dataset is then constructed by combining all
original minority class samples with these n
selected majority class samples.

3.4. Feature Selection and Dimensionality
Reduction

Given the high dimensionality of features,
employing feature reduction and selection methods
becomes essential. Large feature dimensions can
lead to model overfitting.

Feature selection is the process of choosing an
optimal subset of features (variables) from the
available features in the dataset. The goal of this
process is to improve predictive model accuracy,
reduce model complexity, and enhance
generalizability. Feature selection techniques can
be broadly categorized into three main types: filter,
wrapper, and embedded methods. Filter methods
select relevant features based on independent
evaluation using statistical measures or machine
learning criteria. Wrapper methods involve search
algorithms to identify the best subset of features,
typically evaluating model accuracy for different
feature combinations. Embedded methods select
important features simultaneously with the model
training process. Proper feature selection can
reduce overfitting, enhance model performance,
and accelerate training time.

Feature reduction focuses on decreasing the
number of input features in the dataset, aiming to
simplify the model, decrease computational time,
and prevent issues such as overfitting. Feature
reduction techniques are mainly divided into
feature selection and feature extraction. In feature
selection methods, important and relevant features
are selectively chosen, whereas in feature
extraction, new features are generated based on
nonlinear combinations or analysis of existing
features.

One of the most well-known techniques in this
domain is Principal Component Analysis (PCA),
which analyzes the feature correlation matrix to
produce a set of new features called principal
components that capture the maximum variance in
the data. By reducing the dataset's dimensionality,
feature  reduction helps improve model
generalizability and decrease training time, making
it particularly useful for large and complex
datasets.
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Figure 2. Architecture of the VAE in the Proposed Method.

3.4.1. VAE and Feature Reduction

The VAE is a powerful deep learning technique,
particularly useful for feature reduction. A VAE is
a generative model capable of mapping input data
features into a lower-dimensional latent space. In
this process, the VAE consists of two main
components: the encoder and the decoder.

The encoder maps inputs to a probabilistic
distribution in the latent feature space, which has
fewer dimensions than the original input data. This
dimensionality reduction effectively compresses
and simplifies the data within the feature space.
The decoder then reconstructs the original data
from these compressed representations. This
method efficiently extracts the most important and
representative features of the data while filtering
out redundant information or noise, ensuring that
the latent space accurately reflects the underlying
structure of the data.

Using techniques such as the variational loss, the
VAE learns meaningful probabilistic distributions
and efficient representations of the data.
Consequently, it effectively reduces feature
dimensionality while simultaneously preserving
the quality and accuracy of the reconstructed data.
3.4.2. VAE for Feature Reduction

In this study, since the goal of the VAE is feature
reduction based on class labels, modifications were
made to the standard VAE architecture. A
schematic overview of the VAE architecture used
is shown in Figure 2. As illustrated, this
architecture consists of two main components: the
encoder, which performs feature reduction and
constructs the latent space and the decoder. Unlike
the conventional VAE, the decoder in this
architecture does not aim to reconstruct the input.
Instead, it is utilized for label prediction and model
training based on the latent space representations.
3.4.3. Proposed VAE for Feature Reduction
The details of the proposed VAE are presented in
Table 1. In this approach, after training the dataset,
the mean parameters corresponding to the
dimensions of the latent layer neurons are used for
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feature selection. Essentially, for each original
feature vector, a new mapping to 100 features is
performed for both the training and testing sets.

Table 1. Proposed Architecture for the VAE.

. . Activation
Layer Layer type Layer dimensions function
1 Input Vector Number of features -
1D (Number of
2 Convolution features-2)x100 RELU
1D (Number of
3 Convolution features-2)x100 RELU
4 Flatten - -
Fully
5 Connected (Number of RELU
. features-4)x20
(Linear)
Fully
6 Connected 100 RELU
(Linear)
Fully
7 Connected 100 RELU
(Linear)
8 Linear 2 SIGMOID

3.5. Classification

Classification is a machine learning technique
aimed at assigning input samples to one of several
predefined groups or classes. In this method, the
model is trained on labeled training data, consisting
of samples and their corresponding class labels, so
that it can predict the appropriate class for new,
unseen data. In this study, various classification
methods were employed, and the results indicate
that the proposed approach demonstrated strong
performance across all classifiers used.

4. Results Analysis

In this section, the results of the proposed method
are analyzed. Initially, the dataset, evaluation
metrics, and well-known databases in the DTI
domain are introduced. Subsequently, the results of
the various stages of the proposed method are
described in detail. In this context, the impact of
different protein feature extraction methods, the
effect of the data balancing technique, and the
extraction of new features using the VAE are
thoroughly analyzed. Finally, the results obtained
from the proposed method are compared and
analyzed against the most recent and state-of-the-
art methods presented in recent years.
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It is worth noting that, in this study, the Python
programming language was used along with
hardware with the following specifications: CPU:
Intel(R) Xeon(R) CPU E5-2670 v2 @ 2.50GHz,
2.49 GHz; RAM: 48 GB; GPU: NVIDIA GeForce
RTX 2060 Super — 32 GB. For deep learning, the
widely used PyTorch framework was employed.
All implementations and comparisons with other
studies were conducted using the same dataset.

Table 2 shows all the hyperparameters used in all
experiments. It should be noted that these values
were used consistently across all experiments. For
parameters not explicitly specified, the default

values of the Scikit-learn library were used.
Table 2. Hyperparameters used in this study.

Model Name hyperparamete hyperparamete
rs Name rs Value
. Binary-Cross-
VAE Loss function Entropy
Latent Space 100
Kernel Linear
C 0.025
sve random state 42
Probability True
KNeighborsClassifier K 3
DecisionTreeClassifier = max depth 5
RandomForestClassifi ~ max depth 5
er n_estimators 10
. Alpha 1
MLPClassifier max_iter 1000
AdaBoostClassifier Algorithm SAMME

4.1. Evaluation Metrics

In this study, several evaluation metrics were

used to assess the performance of the proposed

method. These metrics include accuracy (Acc),
precision (Pre), recall, Fl-score (F1), and the
receiver operating characteristic (ROC) curve.

In these definitions:

e TP (True Positive) refers to the number of
samples correctly identified as having an
interaction between a drug—protein pair.

e TN (True Negative) refers to the number of
samples correctly identified as having no
interaction.

e FN (False Negative) refers to drug—protein
pairs that actually interact but are incorrectly
predicted as non-interacting by the model.

e FP (False Positive) refers to drug—protein pairs
that do not interact but are incorrectly predicted
as interacting.

The accuracy metric represents the proportion of

correct predictions out of the total number of

samples. This metric indicates the percentage of
predictions, both positive and negative, that were
correct. Here, accuracy is calculated using the
counts of TP and TN. Accuracy (Acc) is calculated
using the following formula (Equation 24):
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TP +TN (24)

TP+ FP+TN +FN
The Precision metric represents the proportion of
correct positive predictions out of all positive
predictions. In other words, this metric indicates
the percentage of samples predicted as positive by
the model that are actually positive. Equation (25)
was used to calculate Precision.

TP

TP+ FP

The Recall metric indicates how many of the actual
drug—target interactions are correctly identified by
the model. It represents the proportion of true
positive samples that are correctly detected out of
all actual positive samples, helping to assess the
model's effectiveness in identifying real
interactions. Equation (26) was used to calculate
Recall.

.. (25)
Precision =

P

TP+ FN
The F1 Score metric acts as a combined measure of
Precision and Recall. It evaluates the balance
between these two metrics in the model's
performance. This measure is particularly useful
when the data is imbalanced, as it considers both
Precision and Recall simultaneously. Equation (27)
was used to calculate the F1 Score.

2x Recall x Precision

26
Recall = (26)

27
Fl1_ score= @)

Re call + Precision
The Receiver Operating Characteristic (ROC)
curve is a graphical representation of a classifier's
performance across different threshold settings. It
plots the True Positive Rate (Recall) against the
False Positive Rate (FPR), showing the trade-off
between sensitivity and specificity. The area under
the ROC curve (AUC) provides a single measure
of overall model performance, with higher values
indicating better discrimination between positive
and negative classes. Equation (28) was used to
calculate the False Positive Rate (FPR).

FP

FP+TN

4.2. Datasets

In this study, the gold standard dataset provided by
Yamanishi et al. [2] was used. This dataset contains
drug—target interaction information collected from
various sources, including BRITE, KEGG,
BRENDA, Target-Super, and DrugBank. The
dataset is divided into four main groups: enzymes
(EN), ion channels (IC), G protein-coupled
receptors (GPCRs), and nuclear receptors (NRs).
In addition, the Davis dataset was also used. This
dataset  includes  drug—target interactions
specifically focused on enzymes and G protein-
coupled receptors. The data from the Davis dataset

28
FPR (28)
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were used for more detailed analysis and validation
of the results obtained from the gold standard
dataset. Combining these datasets allows for a
more  comprehensive  evaluation of  the
performance of drug—target interaction prediction
models and improves the accuracy of predictions.
Table 3 compares the number of drugs, proteins
and known and unknown interactions for each
dataset. As shown in this table, the number of non-
interacting samples is much higher than the
interacting samples, indicating that the dataset
suffers from class imbalance. It is worth noting that
in this study, 80% of samples from each class were
used for training, 10% for validation and 10% for
testing.
Table 3. Information of the datasets used.

Number

Datasets Number of Intractions Non- .
of drugs . Intractions
proteins

EN 445 664 2926 292554

1C 210 204 1476 41364
GPCR 223 95 635 20550

NR 54 26 90 1210

. 2502
Davis 68 442 (Affinity>7) 27554

4.3. Evaluation of Feature Extraction and Data
Balancing Methods

As mentioned in the proposed method, nine protein
feature extraction methods and one drug-based
Morgan fingerprint method were applied to the
entire dataset. The number of features extracted
from proteins for each method is as follows: AAC
produced 20 features, DPC 400 features, GAAC 5
features, DDE 400 features, PseAAC 28 features,
PsePSSM 220 features, CKSAAGP 150 features,
GDPC 25 features, and GTPC 125 features. The
length of the drug fingerprint vector was constant
across all datasets and equal to 256.

At this stage, to evaluate the performance of the
extracted features, a baseline SVM classifier was
used. The results obtained using this method on the
entire dataset with individual features are presented
in Table 4. It should be noted that one of the most
suitable metrics for evaluating imbalanced data is
the F1 score, which has been used here to assess
performance. As shown in the results in Table 4,
due to the imbalanced nature of the data, the
performance of the baseline SVM classifier is not
satisfactory.

As mentioned in the proposed method, the One-
SVM-US approach was used for data balancing.
After balancing, the number of samples in each
class was set in a 1:2 ratio; that is, the number of
non-interacting class samples is twice that of the
interacting class samples. The results obtained
from data balancing using the baseline SVM
classifier are presented in Table 5. As shown in the
table, balancing the data improved performance
compared to the previous state in Table 4.

Next, to investigate the impact of feature
combination, different features were combined.
The results of these feature combinations are
presented in Table 6 based on the baseline SVM
classifier. According to the obtained results, the
AAC+DPC combination achieved the best
performance; therefore, this feature combination
was used in the proposed method.

4.4. Results of the VAE for Feature Reduction
A key step in the proposed method is the use of a
VAE to map input features into a latent space. For
this purpose, the proposed architecture was
employed. Figure 3 illustrates the comparison of
the VAE loss across the five datasets. As shown in
the figure, the loss decreases with successive
iterations of the algorithm.

The results indicate that the model parameters are
well-trained and that the algorithm is moving
toward optimal performance. Furthermore, it is
evident that the proposed model is independent of
the dataset, as the loss decreases consistently across
all datasets.

—e— VAE_EN
20 VAE_GPCR
—— VAEIC

— VAE_NR
—&— VAE Davis

Epochs

Figure 3. Loss during VAE training phases for the five
datasets based on AAC+DPC features.

Table 4. Results of each individual feature on five datasets based on F1 metric without data balancing

eatures

Datasers AAC DPC GACC DDE PseAAC PsePSSM CKSAAGP GDPC GTPC
EN 0686 0760 0566 063  0.731 0.64 0.633 0387  0.568
GPCR 0.594  0.673 0465 0447 0457 0.56 0.489 0522 0.568
IC 0.537 0478 0378 051  0.499 0.466 0.551 0499  0.489
NR 0445 0566 0504 0455 0.561 0.489 0.591 0478  0.501
Davis 0.48 0472 0466 0388  0.388 0.415 0.382 0387 0411
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Table 5. Results of each individual feature on five datasets based on the F1 metric after data balancing.

Features

Datasels AAC DPC GACC DDE PseAAC PsePSSM CKSAAGP GDPC GTPC
EN 0.842 0862 0810 0801 0.798 0.779 0.821 0733 0.814
GPCR 0783 0.855 0.680 0781 0.688 0.791 0.799 0.810  0.821
IC 0799 0765 0.645  0.681 0.771 0.819 0.831 0873 0875
NR 0.851 0.845 0.787  0.692 0.791 0.564 0.704 0710  0.674
Davis 0789 081 0770 071 _ 0.561 0.590 0.661 0.658  0.788

Table 6. Results of feature combinations on the five datasets based on the F1 metric with data balancing.

Features

Datasets AAC+DPC GACC+DDE PseAAC+ PsePSSM  CKSAAGP+ GDPC+ GTPC
EN 0.922 0.854 0.891 0.901
GPCR 0911 0.802 0.812 0.845
IC 0.907 0.722 0.852 0.894
NR 0.896 0.744 0.673 0.754
Davis 0.884 0.681 0.851 0.733

jearest Neighbors.

ROC score

00

& & & ©

Figure 4. Performance of the Proposed Method Based on
AUC-ROC Using Different Classifiers.

4.5. DTI Classification Based on the Proposed
Method

In this section, to evaluate the proposed method,
various classifiers were employed for comparison.
Figure 4 illustrates the performance comparison of
the proposed method using different classifiers on
the test set based on the AUC-ROC metric.
Furthermore, since the data are imbalanced across
the two classes, Figures 5 and 6 show the ROC
curves of the proposed method based on four
different feature extraction combinations on the EN
and NR datasets. As can be seen, the AUC-ROC
values of the proposed model are close to 1,
indicating strong performance in distinguishing
positive and negative samples. Therefore, it can be
concluded that the proposed method is effective
and reliable in predicting drug—protein interactions.
This analysis demonstrates that the model can
accurately identify positive samples while
minimizing false positives. Another significant
advantage is that this method 1is dataset-
independent. Unlike other approaches, which are
typically tested on only one or two datasets, the
proposed method has been evaluated on multiple
datasets with varying sizes and characteristics,
showing consistently strong performance across
them.

&

) [C]

@ T

Figure 5. Results of the Proposed Method Based on Four
Different Feature Extraction Combinations on the
Enzymes (EN) Dataset: (a) GACC + DDE, (b) AAC +
DPC, (¢) CKSAAGP + GDPC + GTPC, (d) PseAAC +
PsePSSM.

- T;]

Figure 6. Results of the Proposed Method Based on Four
Different Feature Extraction Combinations on the
Nuclear Receptors (NR) Dataset: (a) GACC + DDE, (b)
AAC + DPC, (c¢) CKSAAGP + GDPC + GTPC, (d)
PseAAC + PsePSSM.
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In addition, to provide a better analysis of the
proposed method and evaluate its performance
from different perspectives, the evaluation results
based on three metrics—Recall, F1-Score and
Accuracy—are presented for the different datasets
EN, GPCR, IC and NR in Figure 7. According to
the results, it is evident that the extracted and
selected features have improved the performance
of wvarious classifiers. Moreover, combining
features has further enhanced the performance of
the proposed model across different classifiers. The
chart analysis across the EN, GPCR, and Davis
datasets demonstrates a robust and consistent
performance trajectory for Recall, F1-Score, and
Accuracy metrics among various classifiers. In the
EN dataset, the lines for these metrics remain
tightly clustered above 0.97, with Gaussian Process
and Random Forest exhibiting peaks near 0.99 in
F1-Score and Accuracy, indicating minimal
variance and high reliability in classification tasks.
Similarly, GPCR shows parallel trends where QDA
and BRFC classifiers achieve superior F1-Scores
around 0.98, while Recall fluctuates slightly below
0.96 for some models like Random Forest,
suggesting a balanced trade-off between precision

Multi-Line Comparison - EN

and sensitivity. The Davis dataset mirrors this
stability, with Neural Net leading at 0.956 in
Accuracy and 0.954 in F1-Score, underscoring the
efficacy of ensemble methods in handling diverse
data distributions.

Overall, these patterns highlight the datasets
suitability for applications requiring high
predictive consistency, as the overlapping lines
reflect low sensitivity to classifier choice. In
contrast, the IC and NR datasets reveal more
pronounced divergences in the multi-line charts,
For IC, the Recall line dips notably for LDA at
0.85, creating a wider spread compared to F1-Score
and Accuracy, which hover around 0.96-0.97 for
top performers like RSC; this variability implies
potential overfitting or underrepresentation in
certain classes, necessitating feature engineering or
hyperparameter tuning. The NR dataset exhibits
the most erratic behavior, with drastic drops in
Recall for Nearest Neighbors and Linear SVM at
0.833, while F1-Score and Accuracy lines stabilize
around 0.94 for models like Random Forest and
BRFC, likely due to smaller sample sizes or noisy
labels.

Multi-Line Comparison - GPCR

Multi-Line Comparison - IC

Qassters

Multi-Line Comparison - NR

Multi-Line Comparison - Davis

Classfers

Figure 7. Illustrates the classification performance results of various classifiers after applying VAE for effective feature
extraction. The first row (from left to right) corresponds to the EN and GPCR datasets, the second row (from left to right)
represents the IC and NR datasets, and the final row displays the Davis dataset.
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These insights from the multi-line visualization
emphasize the need for dataset-specific classifier
optimization, as the diverging trajectories in NR
and IC contrast sharply with the convergent
patterns in EN, GPCR, and Davis, informing
strategies for improving model generalization in
scientific computing applications. To demonstrate
the effectiveness of the features extracted by the
VAE, a Box Plot diagram was employed. Figure 8
presents the performance of all classifiers after
utilizing the VAE for feature extraction, evaluated
using five performance metrics across different
datasets. As observed, all methods achieved
satisfactory performance on all datasets. These
results indicate that the features extracted by the
VAE exhibit strong stability and robustness,
consistently leading to reliable performance across
all classifiers. The analysis of the Box Plot for the
EN, GPCR, and Davis datasets reveals a
consistently high and stable performance across
most metrics, with medians ranging from 0.98 to
0.99 for Precision, Recall, F1-score, and Accuracy,
accompanied by a narrow interquartile range (IQR)
of less than 0.01 in many cases. This suggests a
high degree of uniformity among classifiers in

Box Plot of Metrics - EN

these datasets, where even the minimum values
remain above 0.92, and only a few outliers are
observed, particularly in ROC, which maintains an
average above 0.98. In contrast, the IC dataset
exhibits greater variability, especially in Recall
(with an IQR of 0.017 and a minimum of 0.85),
likely due to the sensitivity of certain classifiers
like LDA to specific data characteristics.
Nevertheless, Precision and ROC remain robust,
indicating a generally reliable performance with
room for improvement in recall consistency. The
NR dataset, however, stands out with significant
variability as highlighted by its Box Plot, featuring
a high IQR of 0.098 in Precision and a minimum
value of zero (e.g., for AdaBoost), which points to
instability and the presence of extreme outliers.
This dataset exhibits the weakest overall
performance, though its ROC average of 0.93
suggests some resilience. A comparative overview
across datasets indicates that EN and GPCR are
better suited for precision-critical applications,
while NR requires further optimization of
classifiers to reduce variability and achieve a more
balanced performance.

Box Plot of Metrics - GPCR
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Figure 8. illustrates the output of the proposed methods after feature extraction using the VAE. The first row (from left to
right) corresponds to datasets EN and GPCR, the second row (from left to right) represents datasets IC and NR, and the last
row shows dataset Davis.
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These insights underscore the importance of
tailoring classifier selection to the specific
characteristics and challenges of each dataset.

4.6. Comparison with Other Methods

In this section, the results obtained from the
proposed method are compared with recent
approaches in this field. For comparison, the
methods of Musavian et al. [43], Pirgazi et al. [44],
Mahmud et al. [45], Wang et al. [46], Mahmud et
al. [47], Wang et al. [48], Meng et al. [49], and Li
et al. [50] were used. To ensure a more precise
evaluation, the results are based on 10 runs with
averaging. Figure 9 presents the comparison
between the proposed method and other
approaches. As shown in the bar chart, the
proposed method demonstrates very good
performance based on the AUC-ROC metric and
achieves the best results on four datasets: EN,
GPCR, IC, and NR, outperforming the current
state-of-the-art methods.

5. Conclusion

In this study, a novel framework for DTI
prediction was proposed, combining diverse
feature sets with advanced machine learning
techniques. Experimental results on multiple
benchmark datasets (EN, GPCR, IC, and NR)

demonstrated  superior performance in
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Precision, Recall, F1-Score, Accuracy, and
AUCROC compared to state-of-the-art
approaches. The primary strength of the
proposed method lies in its two novel
components. The One-SVM-US algorithm
effectively addresses severe class imbalance,
ensuring that minority class interactions are
properly represented and reducing false
negatives.

The modified, classification-oriented VAE refines
feature representations in a supervised latent space,
enhancing the model’s ability to capture complex
drug—target relationships. Our evaluations indicate
that the synergistic combination of these
components is the main reason for the observed
performance improvement. While selecting
informative protein features provides a solid
foundation, substantial gains are consistently
achieved only when the class imbalance is
mitigated and the features are refined through the
modified VAE. This demonstrates that both novel
components are crucial to the framework’s success.
Overall, the proposed methodology offers a robust
and effective tool for identifying novel drug—target
interactions and can serve as a foundation for future

studies in computational pharmacology and
bioinformatics.
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Figure 9. Comparison of the proposed method with recent state-of-the-art methods.
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