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ABSTRACT Pancreatic ductal adenocarcinoma (PDAC) is the most common and aggressive form of
pancreatic cancer, accounting for 90% of all pancreatic malignancies. This study addresses the gap in
disease-specific binding affinity prediction by integrating PDAC-derived targets with diverse molecular
descriptors and artificial intelligence (AI) models, enabling more accurate therapeutic profiling. Initially,
we constructed a drug library using compounds from the DepMap database, targeting proteins such as
LIFR, BTG2, EPHX2, and PAK3 identified as differentially expressed genes in a previous PDAC study.
We employed descriptors such as Conjoint Triad, amino acid composition (AAC), and Quasi sequence order
to represent the targets. Similarly, the drugs were described by Morgan, RDKit, and PubChem descriptors.
We used Al algorithms like random forest regressor (RFR), extreme gradient boost regressor (XGBR), and
one-dimensional convolutional neural network (1D-CNN) to predict the binding affinity. We also employed
two benchmark datasets, DAVIS and BindingDB, to compare our models’ performance in binding affinity
prediction. We achieved a mean square error (MSE) value of 1.5 using Morgan-RDKit-PubChem-Conjoint
descriptors and 1D-CNN on the PDAC dataset. Similarly, 1D-CNN with PubChem-AAC descriptors
produced an MSE of 0.27 on the DAVIS dataset. Further, the XGBR model using the PubChem-AAC
descriptors produced an MSE of 0.69 on BindingDB. Our study demonstrates the potential of an Al-driven
framework as an effective and scalable solution for disease-specific drug-target interaction prediction, with
promising implications for drug repurposing in PDAC.

INDEX TERMS Pancreatic ductal adenocarcinoma, drug-target descriptors, drug repurposing, binding
affinity, artificial intelligence.

I. INTRODUCTION

Pancreatic ductal adenocarcinoma (PDAC) is one of the most
aggressive solid tumors, characterized by a poor progno-
sis. In 2020, there were an estimated 495,773 new cases
and 466,003 deaths worldwide, with a notably high inci-
dence reported in the Western Pacific region, including
India. Current treatment strategies for PDAC include surgery,
chemotherapy (e.g., gemcitabine), radiation therapy, CAR-T
cell therapy, and personalized neoantigen vaccines [l1].
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Additionally, targeted therapies are being explored for
patients with specific genetic mutations [2], [3]. However,
these therapies often face challenges such as drug resistance
and the limited efficacy of immunotherapy. In such cases,
repurposing existing drugs offers a cost-effective alternative
to de novo drug development [4], [5]. Drug repurposing
involves identifying new therapeutic uses for existing drugs,
including those already approved for other diseases. In this
study, we aim to repurpose existing drugs for the treatment of
PDAC based on identified genetic biomarkers.

Drug repurposing can be achieved through in vitro, in vivo,
and computational (in silico) methods. In vitro approaches
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involve testing existing drugs on cultured cells or organoids to
observe their biological effects on disease-related pathways,
offering high-throughput and relatively low-cost screening.
In vivo methods utilize animal models to study the effi-
cacy, toxicity, and pharmacokinetics of repurposed drugs
in a whole-organism context, providing more physiologi-
cally relevant insights [6]. Meanwhile, computational meth-
ods leverage bioinformatics to analyze large-scale datasets
such as gene expression profiles, protein interaction net-
works, and drug-target databases to predict new therapeutic
uses for existing compounds. These in silicostrategies are
fast, cost-effective, and hypothesis-generating. In this study,
we explored computational methods for drug repurposing in
PDAC [7].

Computational drug repurposing involves predicting
drug-target interactions (DTIs) for a specific disease con-
dition. A critical step in DTI prediction is the effective
representation of drugs and targets in formats suitable for
computational processing. The simplified molecular input
line entry system (SMILES) is commonly used in com-
putational studies to represent and describe the chemical
structure of drugs and the sequences of proteins [8]. Further,
SMILES strings are converted into computationally analyz-
able formats using molecular descriptors, enabling effective
drug repurposing for PDAC treatment [9]. Drug molecules
can be represented using various 1D descriptors, including
Morgan, PubChem, the molecular access system, and RDKit.
For target-based descriptors, commonly used representations
include Conjoint Triad, amino acid composition (AAC),
k-mers, and Quasi-sequence order (Quasi-seq) [10], [11].
Further, they can be represented in 2D derived from molec-
ular topology (connectivity), like extended-connectivity
fingerprints, graph-based embeddings, and position-specific
scoring matrix. Similarly, 3D descriptors incorporate the
spatial geometry of the molecule, like comparative molecular
field analysis and a 3D voxel grid of the binding pocket [12].
However, the 2D and 3D descriptors require an increased
computational demand, greater complexity, and potential
issues with data quality and interpretability compared to
the robust and straightforward 1D descriptors. In this study,
we utilized Conjoint Triad, AAC, and Quasi-seq for target
representation, and Morgan, RDKit, and PubChem finger-
prints as drug descriptors [13], [14], [15].

Molecular docking is a computational technique used
to predict DTIs. Several toolboxes, such as AutoDock,
AutoDock Vina, and GLIDE, are available for molecular
docking. However, these tools are often time-consuming and
labor-intensive. To overcome these challenges, studies have
explored the use of artificial intelligence (AI) algorithms
for DTI prediction. Machine learning (ML) has revolu-
tionized molecular docking by enhancing the prediction of
protein-ligand binding affinities [16], [17]. Guvenilir et al.
used random forest regressor (RFR) and support vector
machine (SVM) algorithms for DTT prediction, as they are
widely used in benchmark studies [18]. Other studies have
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employed one-dimensional convolutional neural networks
(1D-CNNi5s) [19] and attention layers with 1D-CNNSs to pre-
dict DTIs [20]. Additionally, two-dimensional (2D-CNN)
[21] and three-dimensional convolutional neural networks
(3D-CNNs5s) have also been used for DTI prediction [22].
However, the use of complex 2D and 3D-CNN architec-
tures on small datasets may introduce additional noise in
the supervised DTI prediction stage. This may potentially
mask the ability of learned representations to capture ligand
interaction-related properties of proteins, hindering a fair
evaluation of model performance. In this study, we aim to
predict DTIs using RFR, extreme gradient boosting regressor
(XGBR), and 1D-CNN models.
The main contributions of this study are as follows:

o Prepared a library of drugs using DepMap for PDAC and
compared it with the benchmark datasets.

« Extracted molecular descriptors for targets using Con-
joint Triad, AAC, and Quasi-seq, and drugs using
Morgan, Rdkit and PubChem.

« Employed the RFR, XGBR and 1D-CNN model for drug
target affinity prediction and evaluated its performance
using coefficient of determination (R?), mean square
error (MSE), root mean square error (RMSE) and mean
absolute error (MAE).

Il. METHODOLOGY

Figure 1, shown below, depicts the study process pipeline.
The first step is target identification, followed by the prepa-
ration of the drug library corresponding to PDAC. Then,
we extracted the molecular descriptors of the target and drug
of PDAC data, as well as benchmark datasets DAVIS and
BindingDB. Further, Al regression models are trained, and
the performance is evaluated using different metrics.

A. DATASETS

1) PDAC DATASET

We prepared a library of drugs corresponding to PDAC-
identified targets from our previous study, such as LIFR,
BTG2, EPHX2, and PAK3. The drugs were selected using the
Cancer Dependency Map (DepMap) database, a significant
research initiative aimed at identifying essential genes across
various cancer cell lines through advanced genomic tech-
niques such as CRISPR and shRNA screens [23]. To identify
drugs targeting specific genes, we used the “Tools” option
in the Data Explorer available through the DepMap portal.
We selected the “Expression Public 23Q4”" dataset and sorted
the list of drugs based on available drug sensitivity data.
Further, we ranked the drugs based on their correlation values
and selected a library of 15 drugs for each target. This led to
a drug library of 60 drugs. We performed molecular docking
using Autodock with 46 drugs (a few were common uric
acid, KU55933, AP-24534, Alisertib, KU-57788, MK-0457,
GSK525762A, Decitabine and few drugs such as AY-22989,
Bortezomib, Eloxatin, TL-1-85 do not have 3D structure in
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FIGURE 1. Process pipeline of the study.

PubChem), four proteins (LIFR, BTG2, EPHX2, and PAK3),
and 184 DTI pairs.

2) BINDINGDB DATASET

It is a publicly accessible database that catalogs experimen-
tally determined binding affinities between small molecules
and proteins. This resource facilitates a variety of appli-
cations, including medicinal chemistry, the training of Al
models, and the development of computational chemistry
methods [24], [25]. This dataset consists of 10,665 drugs,
1,413 proteins and 52,284 DTI pairs.

3) DAVIS DATASET

It is a benchmark dataset used for DTI prediction that
focuses explicitly on kinase inhibitors and kinases. The
dataset includes experimentally measured binding affinities,
typically represented as kinase dissociation constants (Kg),
which indicate the strength with which a drug binds to a target
protein [26]. This dataset consists of 68 drugs, 379 proteins
and 25,772 DTI pairs.

B. MOLECULAR DESCRIPTORS

We employed three drug and target descriptors, Morgan,
RDKit, PubChem, and Conjoint, AAC, Quasi seq, respec-
tively, for our analysis. Morgan fingerprints encode the
structural information of a molecule into a binary vector.
This vector is generated on the basis of the arrangement and
connectivity of atoms within the molecule [27]. RDKit is an
open-source cheminformatics toolkit. It provides advanced
functionality for creating molecular fingerprints. PubChem
is a binary molecular representation that captures the pres-
ence or absence of specific chemical substructures within a
molecule. These are categorized by their dimensionality and
the specific structural information they represent [28]. The
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Conjoint Triad descriptor represents protein sequences by
grouping amino acids into triads, where the three amino acids
in each triad belong to the same class and share functional
similarities. It consists of several descriptors that quantify
different aspects of the amino acid sequence [29], [30].
AAC serves as a fundamental approach for encoding pro-
tein sequences into numerical vector representations. Each
component of the resulting vector represents the frequency
of a specific amino acid within the sequence. The protein
sequences were extracted from FASTA files. Subsequently,
the sequences were processed to generate their corresponding
numerical representations [31]. Quasi-seq is a combination
of sequence composition and correlation of physicochem-
ical properties like hydrophobicity, hydrophilicity, polarity,
and side-chain volume [32]. It encodes both the amino acid
composition and local sequence-order patterns using physic-
ochemical distance matrices.

C. Kp, K; AND BINDING ENERGY RELATIONS
Binding energy (AG) and K; values for DTI prediction
in PDAC were obtained from molecular docking using
AutoDock for the identified targets and the prepared drug
library. In the case of the BindingDB and DAVIS datasets,
the relation between the target and drug is represented by
dissociation constant (K4). Therefore, we converted K; values
obtained from the molecular docking (AutoDock) into Ky for
comparison with both datasets. Initially, the K; was converted
to Kq and then to pKy to standardize drug-target binding
affinity, ensuring consistency and comparability in computa-
tional models [33]. The K4 measures ligand-receptor binding
affinity, with lower values indicating stronger binding. It is
expressed as:

AG =

—RT In(Kq) (1)
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FIGURE 2. Histogram plot of length of SMILES, protein sequence, and affinity in (a-c) PDAC, (d-f) BindingDB, and (c) DAVIS dataset.

where R is the universal gas constant, and T is the temperature
(298K). The affinity values were transformed into logarithm
space (pKy) by applying the following equation

pKqg = —log(Ka/1e9) 2)
It facilitates a straightforward comparison of binding affini-
ties [34]. Figure 2 (a-c), (d-f), and (g-i) represent the length of
SMILES, protein sequences, and the pKy values distribution
for the PDAC, BindingDB and DAVIS datasets, respectively.
The length of SMILES of drugs lies between 20 and 90 for
the PDAC and DAVIS datasets, whereas for BindingDB it
lies from 100 to 900. This shows the high variation between
the values in the datasets. The corresponding length of pro-
tein sequences for these datasets lies between 150-1200,
250-4500, and 250-2500. The majority of the protein
sequences have lengths of 500. It can be noted that the ranges
of pkq are within 2 to 10 in the PDAC and BindingDB
datasets. Similarly, for DAVIS, it is 5 to 10, with the majority
of the values lying around 5.

113812

D. DTI PREDICTION USING Al ALGORITHMS

In this study, we employed three Al algorithms, RFR, XGBR
and 1D-CNN to predict the DTIs. We built the models
on different combinations of inputs as follows: Morgan-+
Conjoint Traid, RDKit4-Conjoint Traid, PubChem+-Conjoint
Traid, Morgan+AAC, RDKit+AAC, PubChem+AAC,
Morgan+Quasi-seq, RDKit+Quasi-seq, PubChem-+Quasi-
seq, Morgan+ RDKit+ PubChem+Conjoint Traid,
Morgan+ RDKit+PubChem+AAC, Morgan+RDKit+
PubChem+ Quasi-seq, Morgan+Conjoint Traid+AAC+H
Quasi-seq, RDKit+ Conjoint Traid+ AAC+Quasi-seq and
PubChem+-Conjoint Traid+ AAC+Quasi-seq. We chose
these combinations, ensuring one target and one drug descrip-
tor in addition to one target with three drug descriptors and
vice versa, to know the role of molecular descriptors in DTI
prediction. RFR can determine the most influential molec-
ular descriptors, play a crucial role in predicting outcomes,
and offer valuable guidance for experimental validation of
critical interactions [35]. It is an ensemble method that
builds multiple unpruned regression trees using bootstrap
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samples of the training data along with random feature
selection during tree construction. Predictions are generated
by combining the outputs of all trees, through averaging (for
regression). Additionally, it offers three valuable features:
built-in performance evaluation, the ability to assess the
relative importance of descriptors, and a compound similarity
measure that incorporates descriptor importance weighting
[36], [37]. DTI prediction using XGBR has emerged as a
gradient boosting algorithm based on decision trees. This
model addresses the complex nonlinear relationships between
input features and interaction outcomes in computational
drug discovery, combining feature engineering efficiency
with robust predictive performance [38]. It is an approach to
predict DTIs based on structured numerical representations
of both drug molecules and target proteins. Drug features
were derived from molecular fingerprints or physicochem-
ical descriptors, while target proteins were encoded using
sequence-based or structural features. These representations
were concatenated into a single feature vector for each drug-
target pair, capturing the combined chemical and biological
information necessary for interaction prediction. Due to its
ability to handle feature interactions and prevent overfitting
through built-in regularization, it served as an effective and
interpretable method for DTI prediction. 1D-CNN is a deep
learning model that effectively captures local patterns in
sequential data, such as SMILES strings or protein sequences.
In DTI prediction, ID-CNNs are used to extract meaningful
features from molecular and protein sequences, enabling
accurate interaction modeling [39] from vectorized repre-
sentations of drug molecules and target proteins. Separate
CNN branches were constructed for drugs and targets, each
composed of stacked 1D convolutional layers with increasing
filter sizes to capture local and global features. Global Max
Pooling was applied to retain the most informative features
from each branch. The extracted features from both branches
were then concatenated and passed through fully connected
layers to model the interaction between drugs and targets.
Dropout layers were used to mitigate overfitting, and the
model was trained using the mean squared error loss function
with the Adam optimizer. This deep learning approach allows
the model to automatically learn relevant features for DTI
prediction without the need for manual feature engineering.

E. CROSS-VALIDATION AND PERFORMANCE METRICS
CALCULATION

We performed 5-fold cross-validation on PDAC, as the
dataset has 184 DTI pairs. The BindingDB and DAVIS
datasets have more data, so 10-fold cross-validation was
implemented. This helps to assess the performance of models
on different data segments. The data were split into five or
ten folds, and in each iteration, the model is trained on 4 or
9 folds of the data and tested on the remaining fold, allowing
every data point to be used for both training and validation
at least once. This process provides a more reliable estimate
of model performance compared to a simple train-test split.
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TABLE 1. Drugs corresponding to the identified targets for PDAC.

Targets Drugs

AP-24534%*, P 22077, PILOCARPINE, ARAVA, URIC-
ACID*, ALISERTIB*, AZ 960, DECITABINE*, BIIB-057,
LIFR SELUMETINIB:DECITABINE (4:1 MOL/MOL), TL-1-

85% GSK525762A, EX-8678, WEHI-539, CYTARABINE

HYDROCHLORIDE

4-10DO-6-PHENYLPYRIMIDINE, KU-55933*, AZ-628,
BTG2 KU-57788*, ~ CS-110266, AB1010, URIC-ACID*,

LY2606368, VE 821, ARRY-886, 944328-88-5, 284461-73-

0, RO-3306, FTI-277, OSI930

ELOXATIN?*, KU-55933* NIRAPARIB, BI-2536, 7-
EPHX2 NITROINDAZOLE, = ENOXIMONE, GSK525762A,

ALISERTIB*, TROLOX, FLUVASTATIN, MK 0457, VX-
680, REPAGLINIDE, KU-57788%*, AK-55409
NILUTAMIDE, URIC-ACID#*, ESTRAMUSTINE-
PHOSPHATE, GAMMA-SECRETASE INHIBITOR 1,
PAK3 GSK-2141795, PLX 4720, MK 0457, BORTEZOMIBY,
ACETYLCYSTEINE, MEPIVACAINE, GSK-J4, CGP-
082996, AP-24534*, AY-22989%, CHLORINDANOL

* Depicts the drugs that were common between the targets, # Depicts the drugs having no 3D structure
on PubChem

We evaluated the performance of the models using R%, MSE,
RMSE and MAE. The average of the 5 or 10 folds was
reported as the performance of the model. R? quantifies the
extent to which a regression model explains the variance in
the observed data. It ranges from O to 1, where 1 indicates a
perfect fit, and O means the model explains no variance in the
data.

> (i — A.)2

RP=1— =220 3)

X(i—y)
where y; is the actual/observed values, §; is the predicted
values, y; is the mean of actual values, and N is the number
of observations. MSE evaluates the quality of an estimator
or predictor by quantifying the average squared difference
between the estimated values and the actual values.

L . aa2
MSE = N Zi:l (yl — yl) 4
RMSE quantifies the difference between predicted values
and observed values, providing insight into the model’s
performance.

=
RMSE = / N Do, 0l =30 )

MAE quantifies the average absolute differences between
predicted values and actual/observed values. It is beneficial
because it treats all errors equally, regardless of their direction
(positive or negative), and is given by

[
Mm:ﬁildm_m (6)
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IIl. RESULTS

Table 1 shows the library of drugs selected from the DepMap
database for the PDAC targets (LIFR, BTG2, EPHX2, and
PAK3). To ensure the relevance of the selected compounds,
we considered the top 15 drugs for each, which exhibit a
significant relationship with specific gene targets. Thereby
prioritizing those with stronger associations to the drug sen-
sitivity profiles. This rigorous selection process resulted in a
final library comprising 60 compounds representing diverse
mechanisms of action. Finally, 46 drugs (a few were com-
mon uric acid, KU55933, AP-24534, Alisertib, KU-57788,
MK-0457, GSK525762A, Decitabine and few drugs such as
AY-22989, Bortezomib, Eloxatin, TL-1-85 do not have 3D
structure in PubChem).

Figure 3 (a-d) represents the performance of AI mod-
els on the PDAC dataset using the different combina-
tions of descriptors. We received the highest performance
on RFR using the Morgan4RDKit+PubChem-+Quasi-seq
combination with R?, MSE, RMSE, and MAE of 0.19,
1.5, 1.2, and 1, respectively. In the case of XGBR, the
PubChem+-Conjoint Traid+AAC+Quasi-seq combination
produced the performance with R?> of —0.003, MSE of
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FIGURE 3. Performance evaluation of Al models on PDAC datasets based on (a) RZ, (b) MSE, (c) RMSE, and (d) MAE.

1.9, RMSE of 1.4, and MAE of 1.1. We achieved the
highest prediction performance with the 1D-CNN using
Morgan+RDKit+PubChem+Conjoint Traid combination
with R% of 0.25, MSE of 1.5, RMSE of 1.21, and MAE
of 1. We can see that ID-CNN seems to outperform RFR and
XGBR on our PDAC dataset. RFR and 1D-CNN perform well
with three drug descriptors and one target descriptor, whereas
in XGBR, one drug and three target descriptors show better
outcomes. It can be noted that the multiple drug and target
descriptors perform well compared to individual target and
drug descriptors. This emphasizes the importance of using
various descriptors to fit the model. However, we were not
able to find a pattern between the models.

Figure 4 (a-d) represents the performance of the AI models
on the BindingDB dataset using different combinations of
descriptors. RFR model produced the highest performance
using Morgan+RDKit+PubChem+AAC combination, with
R%of 0.6, MSE of 0.74, RMSE of 0.86, and MAE of
0.53. We achieved the highest accuracy with XGBR using
PubChem-+AAC combination with the RZ, MSE, RMSE, and
MAE of 0.63, 0.7, 0.83, and 0.54, respectively. Similarly,
the 1D-CNN using RDKit+AAC combination showed the
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FIGURE 4. Performance evaluation of Al models on BindingDB datasets based on (a) R2, (b) MSE, (c) RMSE, and (d) MAE.

best performance, with R? of 0.65, MSE of 0.65, RMSE
of 0.81, and MAE of 0.52. Notably, the features com-
puted using AAC (target descriptor) are common in all
top-performing models, indicating their significance in bind-
ing affinity prediction. Furthermore, while ensemble learning
models like XGBR and RFR exhibited robust performance
with multiple descriptor sets, the 1D-CNN model consistently
demonstrated better results, particularly when paired with
sequence-based descriptors. This suggests that deep learning
architectures are better at capturing intricate patterns in mul-
timodal descriptor data.

Figure 5 (a-d) represents the performance of the mod-
els on the DAVIS dataset using different combinations
of descriptors considered in the study. In RFR model,
Morgan+Conjoint Traid+AAC+Quasi-seq combination
shows the best performance with R? of 0.5, MSE of 0.32,
RMSE of 0.57, and MAE of 0.34. In the case of XGBR,
Morgan+RDKit+PubChem+AAC combination shows the
best performance with R? of 0.59, MSE of 0.27, RMSE of
0.52, and MAE of 0.33. Similar performance was produced
by 1D-CNN on PubChem+AAC combination with R? of
0.59, MSE of 0.27, RMSE of 0.52, and MAE of 0.33. On this
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dataset, the 1D-CNN and XGBR models outperform the
RFR model. In terms of descriptors in 1D-CNN, single drug
and target (PubChem+AAC) combination performed well,
but in the case of RFR and XGBR, multiple combinations
of descriptors showed better performance. This highlights
that deep learning models may generalize from fewer but
informative features, whereas ensemble models benefit from
diverse input representations.

Figure 6 (a) shows the predicted values of the RFR model
using the Morgan+-RDKit+PubChem+Conjoint Traid com-
bination on the PDAC dataset. The figure helps visually
compare model effectiveness in terms of closely predictions
align with actual values. We can observe a spread around
the regression line, which indicates moderate prediction
accuracy. Figure 6 (b) shows the predicted values XGBR
model using the PubChem+-Conjoint Triad+AAC+Quasi-
seq combination on the PDAC dataset. In this model,
the data points show a lesser alignment with the ideal
fit compared to others; variance remains, which sug-
gests prediction limitations. Figure 6 (c) shows 1D-CNN
using Morgan+RDKit+PubChem+-Conjoint Traid combi-
nation. In this regression, the data points are more tightly
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FIGURE 5. Performance evaluation of Al models on DAVIS datasets based on (a) R2, (b) MSE, (c) RMSE, and (d) MAE.

clustered around the line, indicating improved predictive per-
formance and reduced error. This suggests that the 1D-CNN
model effectively captures complex, nonlinear relationships
between molecular and sequence-based features, outperform-
ing traditional ML models (RFR and XGBR). This also
indicates the generalization capacity of 1D-CNN in predict-
ing drug-target binding affinity on the PDAC dataset.

IV. DISCUSSIONS

In our study, we demonstrated that several critical factors
can significantly influence the performance and interpreta-
tion of DTI prediction models. Specifically, we highlighted
the impact of (i) Datasets (PDAC, BindingDB, and DAVIS),
(i) Drug and target descriptors (RDKit, PubChem, Mor-
gan, AAC, Quasi-Seq, and Conjoint Triad descriptors), and
(iii) AT algorithms (RFR, XGBR, and 1D-CNN). We explored
15 different combinations of these drugs and target fea-
tures to evaluate model performance comprehensively. Our
results underscore the necessity of carefully considering these
factors when developing DTI models. Table 2 summarizes
recent studies on drug-target binding affinity prediction using
Al models, highlighting the datasets, molecular descrip-
tors, model architectures, and their respective performance
metrics.
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A. EFFECT OF DATA CHOSEN FOR THE ANALYSIS

Our models performed well on DAVIS followed by Bind-
ingDB and PDAC dataset. The difference in MSE between
DAVIS and BindingDB may be partly attributed to the vari-
ation in their affinity value ranges. DAVIS has a narrower
affinity range (5 to 10), while BindingDB spans a broader
range (2 to 10). Since MSE is sensitive to the scale and
variability of the target variable, the broader range in Bind-
ingDB increases the complexity of the prediction task. This
increased variability in BindingDB likely results in higher
MSE compared to the more constrained and homogeneous
affinity values in the DAVIS dataset. In addition to the wider
affinity value range (2 to 10), the higher MSE observed
in the PDAC dataset may also be influenced by its small
sample size, containing only 184 binding affinity values. This
limited the model’s ability to learn complex patterns and
generalize effectively. Consequently, the combination of a
wide target range and a limited number of samples likely
contributes to the elevated MSE in PDAC compared to larger
datasets like DAVIS and BindingDB. In a study by Abbasi
et al., the proposed model achieved best performance on the
KIBA with the lowest MSE. BindingDB exhibited intermedi-
ate performance, while DAVIS had the highest MSE. These
differences highlight dataset characteristics as well as the
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interaction with the Al model to influence prediction accu-
racy [5]. Kalemeti et al. evaluated their proposed model on
the different benchmark datasets such as KIBA, BindingDB,
DAVIS and PDBbind. It was reported that the PDBbind and
DAVIS performed exceptionally well, demonstrating supe-
rior prediction accuracy and robustness in drug-target binding
affinity [48]. This matches our results, where the models
perform well in the DAVIS dataset compared to BindingDB.

B. EFFECT OF DRUG-TARGET DESCRIPTORS

The study indicates that the AAC descriptor consistently
contributes to high model performance across all datasets and
algorithms, highlighting its significance in target (protein)
representation for binding affinity prediction. This may be
due to the fact that AAC provides a fixed-length numerical
representation of proteins. It captures the overall frequency
of each amino acid in a protein sequence. It highlights
global patterns in protein composition that are often enough
to distinguish functionally different proteins. Additionally,
drug descriptors such as PubChem and Morgan fingerprints
frequently appear in top-performing combinations, under-
scoring the value of integrating multiple molecular feature
types. While no single descriptor combination consistently
outperforms across all datasets, models tend to achieve better
predictive accuracy when both drug and target descriptors
are used together. Ji et al. compared the models performance
using Morgan and behavioral descriptors. The study found
that the combination of Morgan and behavior performs well
compared to the individual descriptors [49]. Alkhadrawi et al.
employed multiple individual combinations of drug and tar-
get descriptors to identify potential membrane transporters
for glycyrrhetinic acid and reported that the Morgan-Conjoint
Traid combination showed the highest accuracy. AAC placed
sixth and occurred frequently 6 times out of the 12 combina-
tions [29]. This matches our results showing the influence of
AAC on the higher performance of the Al models.

C. Al REGRESSOR PERFORMANCE VARIABILITY

In this study, 1D-CNN performed well consistently across all
the datasets compared to RFR and XGBR. This may be due to
the ability of deep learning architectures to use convolutional
filters to capture local and global patterns of multimodal
descriptor data. In addition, regularization techniques such
as dropout help in performing well. For instance, convolu-
tional architectures like 1D-CNN inherently optimize feature
extraction from sequential or grid-like data, which explains
their robustness with sequence-based descriptors like AAC.
Meanwhile, ensemble methods like RFR and XGBR rely on
feature engineering. A study by Ismail et al. compared ML
and deep learning and reported that deep learning models
(especially SEQ) consistently outperformed ML models in
classifying whether DTTs are active or inactive [50]. Ji et al.
compared different ML classifier models such as logistic
regression, k-nearest neighbor, Naive Bayes, RF and decision
tree. They reported that RF performed well in comparison to
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FIGURE 6. Actual vs Predicted pKd of DTI on PDAC dataset (a) RFR,
(b) XGBR, and (c) 1D-CNN models.

the other classifiers considered in the study [49]. Chu et al.
emphasize that neural networks excel in fusing heterogeneous
features through hierarchical representations [51].

D. LIMITATIONS AND FUTURE SCOPE
This study highlights the potential of AI in predicting
drug-target binding affinities for PDAC. While this study
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TABLE 2. Comparison of studies that used the Al algorithms for DTI prediction.

Author Dataset Type of Descriptors Al Algorithms Perforn.lance
Dataset metrics
Target specific Conjoint triad, AAC, and MSE
PDAC, dataset Quasi-seq (targets) RFR, XGBR, 1D- PDAC-1.5
Our study BindingDB and  (PDAC) and q{targes) ’ ’ DAVIS-0.27
Morgan, RDK:it, and CNN ..
DAVIS benchmark PubChem (drugs) BindingDB-
dataset & 0.65
Ranjan et al DAVIS and Benchmark 1D, 2D, and 3D (sequence MSE
' ’ ’ ’ MDF-DTA KIBA-0.14
(2024) [40] KIBA Dataset graph, and structure features) DAVIS-0.17
Mol2Vec, substructure
fingerprints, and  graph MSE
Liyaqat et al. DAVIS and Benchmark fingerprints (drugs) TeM-DTBA KIBA-0.18
(2023) [41] KIBA dataset ProtBERT-BFD from © DAVIS-0.23
ProtTrans and
PSSM (targets)
Voitsitskyi. et MSE
al.  (2023) Eﬁ;ﬁs and dB;‘;‘;l;mrk One-hot encoding GNN DAVIS-0.28
[42] KIBA-0.23
AUC
Mengmeng DrugBank, Target-specific ~ Molecular graph (drug) and GraphormerDTI DrugBank-0.86
Gao et al. DAVIS, and and benchmark 1D-CNN- embedding layer P DAVIS-0.89
(2023) [43] KIBA dataset (target) KIBA-0.92
2D molecule graphs (drugs) MSE
(Z;gjz‘;;‘[zelt] al. Eﬁ‘;ﬁs and gaet‘;‘s’gtmark 128-dimensional ~ feature ~ GDGRU-DTA  KIBA-0.13
(targets) DAVIS-0.20
Souza et al. DAVIS and Benchmark MSE
(2022) [19] ’ KIBA dataset Encoder-decoder CNN DAVIS-0.28
KIBA-0.21
Hua et al. DAVIS, KIBA Benchmark a'md FCFPs and GNN-derived MSE
(2022) [16] and sc-PDB target specific features (drug), MFR-DTA DAVIS-0.22
dataset AAE, and WE (target) KIBA-0.13
Alkhadrawi, DAVIS, Benchmark Morgan, Pubchem, Daylight, Morgan-

. RDkit, ESPF, and ErG (drug) o .
et. al (2022) Glycyrrhetinic and, Target Conioint Triad. and AAC CNN. SVM Conjoint Triad
[29] acid specific Dataset . ’ ’ AUROC-0.95

(target)
. Tanimoto similarity matrix MSE
(Szh(;;"l) [Zt 4 al, E@QS and 13;‘;‘;2:“”1( and Smith (drugs) SimCNN-DTA  KIBA-027
Waterman similarity (targets) DAVIS-0.31
Aleb et al. DAVIS and Benchmark One-hot encoding Multilevel KHIBVIAS_ ]3 13
(2021) [45] KIBA dataset attention model DAVIS- 0.18
MSE
Abbasi et al. KIBA, DAVIS Benchmark Embedding layer technique KIBA-0.17
(2020) [5] and BindingDB  dataset DeepCDA DAVIS-0.73
& BindingDB-
0.45
Rifaioglu, et Target-specific . DEEPScreen,
al 2020 [46] ChEMBL dataset 2D molecular images CNN Accuracy- 0.87

demonstrates the effectiveness of combining multiple molec-
ular descriptors with ML and deep learning models for DTIs

prediction, several limitations must be acknowledged. The
analysis was confined to three datasets (PDAC, BindingDB,
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TABLE 2. (Continued.) Comparison of studies that used the Al algorithms for DTI prediction.

Breast cancer

Chemical, topological, and

geometrical properties LASSO-DNN,
You et al (Target- ) . Accuracy -0.81
2019)[47] ~ Drugbank specific (drugs), ~AAC, —dipeptide  SVM, — SLG 507 g
composition, and tripeptide regression
dataset) .\
composition (targets)
. RMSE
He et al DAVIS, KIBA, Benchmark Drug similarity SlmBPOSt DAVIS- 0.24
and Metz L (Gradient
(2017) [17] dataset dataset Target similarity boosting) Metz-0.16
5 ostng KIBA- 0.204

MDEF-DTA-Multi-dimensional fusion for drug target affinity prediction, TeM-DTBA-Time-efficient drug target binding affinity, ProtBERT-BFD- Protein
Bidirectional Encoder Representation from Transformers-Big Fantastic Database, PSSM-Position-Specific Scoring Matrix, GNN-Graph neural networks,
GraphormerDTI model-Graph transformer neural network, GDGRU-DTA-Graph based Gate Recurrent Unit drug and target affinity, FCFPs-circular fingerprints,
AAE-Amino acid embeddings, WE-Word embeddings, MFR-DTA-Multi-functional and robust drug-target binding affinity prediction, ESPF-Explainable
substructure partition fingerprint, ErG-2D -Pharmacophore descriptions for scaffold hopping, SimCNN-DTA-Sim convolutional neural network drug target
affinity , DeepCDA-Deep combined drug affinity, LASSO-DNN-Least absolute shrinkage and selection operator-Deep neural network, SLG-standard logistic

and DAVIS), potentially limiting the generalizability of the
findings to broader chemical and biological spaces. Using
a small PDAC dataset with docking-based scores may limit
model generalizability and risk overfitting. Additionally, the
reliance on predefined descriptors may have restricted the
ability to fully capture complex DTIs, as structural, dynamic,
and contextual biological information (such as 3D conforma-
tions or pathway data) was not included. Moreover, the deep
learning models, particularly the 1D-CNN, were used in this
study. In future research, we will focus on integrating graph
neural networks and transformer-based models to enable
richer, data-driven representations of drugs and proteins.
Incorporating 2D/3D descriptors, structural biology data,
multi-omics profiles, and real-world clinical or pharmacoge-
nomic information could significantly enhance prediction
accuracy and translational relevance. We will incorporate
the semi-supervised approaches to increase the sample
count in future studies. Furthermore, adopting explain-
able Al techniques (SHAP or LIME) would make these
models more transparent and informative, facilitating their
application in drug discovery, repurposing, and precision
medicine.

V. CONCLUSION

In conclusion, the study indicates that the 1D-CNN model
can predict binding affinity for potential PDAC therapeutics,
though with varying degrees of accuracy, depending on the
descriptor combinations. Across all three datasets (PDAC,
BindingDB, and DAVIS), the 1D-CNN model consistently
outperformed both traditional ML models (RFR and XGBR)
across all evaluation metrics (RZ, MSE, RMSE, and MAE).
While XGBR showed comparable performance, especially in
the BindingDB dataset, it generally lagged behind 1D-CNN.
RFR exhibited the lowest predictive accuracy, particularly
when using individual descriptor sets. In addition, combin-
ing multiple molecular descriptor types, such as Morgan,
PubChem, AAC, Conjoint Triad, and Quasi-seq features,

VOLUME 13, 2025

significantly improved model performance across datasets,
highlighting the critical role of rich feature representation for
drug-target affinity prediction. These findings suggest that
descriptor and Al selection are crucial for accurate binding
affinity prediction, and further research is needed to improve
the models’ predictive power for PDAC targets.
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