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Personalized medicine aims to identify effective anticancer therapies tailored
to individual patients, a core goal of precision oncology. Despite significant
advances, achieving reliable and accurate drug response prediction remains
challenging due to the complexity and heterogeneity of pharmacogenomic data.
Motivated by the principle that similar cell lines exhibit similar responses
to similar drugs, we propose an enhanced matrix factorization framework
incorporating a novel dual similarity regularization strategy. The proposed
Dual Similarity-Regularized Matrix Factorization (DSRMF) model constrains
the latent representations of cell lines and drugs to preserve biological
and chemical similarity relationships, ensuring that similar entities occupy
proximate positions in the latent space while dissimilar ones remain distant. The
model integrates two-dimensional (2D) and three-dimensional (3D) chemical
structural features to construct a refined drug similarity matrix and was trained
and validated on processed datasets from the Genomics of Drug Sensitivity in
Cancer (GDSC) and the Cancer Cell Line Encyclopedia (CCLE). Experimental
results demonstrate that DSRMF achieves robust predictive performance,
with an average Pearson correlation coefficient (PCC) of approximately 0.96
and a root mean square error (RMSE) of 0.30, indicating a strong correlation
between predicted and observed drug responses. These findings confirm that
incorporating dual similarity regularization and heterogeneous biological
information enhances both predictive accuracy and interpretability. Overall,
DSRMF advances drug response modeling and provides a scalable framework
for integrating multi-dimensional biological data to improve personalized
cancer treatment strategies.

1 Introduction

Accurately predicting how patients or cell lines re-
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spond to specific therapeutic agents represents a
cornerstone of precision medicine. Drug response pre-
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strategies by integrating genomic, transcriptomic,
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and chemical information, thereby enhancing thera-
peutic efficacy while minimizing adverse effects. De-
spite significant progress in this domain, achieving re-
liable and generalizable prediction remains challeng-
ing due to the intrinsic high dimensionality, sparsity,
and heterogeneity of pharmacogenomic data.

Recent advances in deep learning have shown con-
siderable promise for modeling the complex, nonlin-
ear relationships between molecular features and drug
responses. Approaches such as deep neural networks,
graph convolutional networks (GCNs), and attention-
based architectures have demonstrated strong predic-
tive performance by leveraging multi-omics profiles
and detailed drug descriptors. However, many of these
methods underexploit the rich relational structure
embedded in the data—particularly the similarities
among drugs and among cell lines—which can pro-
vide valuable biological context and improve model
generalization, especially in predicting unseen drug—
cell line interactions.

To overcome these limitations, we introduce a
novel framework for drug response prediction based
on Dual Similarity Regularization (DSR). The pro-
posed approach incorporates prior biological knowl-
edge through predefined similarity matrices for both
drugs (e.g., chemical structure and target profiles)
and cell lines (e.g., gene expression and mutation
signatures). These similarity matrices are embedded
within the learning process as regularization con-
straints, encouraging the latent representations of
drugs and cell lines to preserve biologically mean-
ingful relationships. By explicitly enforcing this
relational structure, the model achieves enhanced
predictive accuracy and improved interpretability.

Specifically, we extend a matrix factorization-based
formulation by introducing dual regularization terms
that align the learned latent spaces with their corre-
sponding similarity graphs for drugs and cell lines. Ad-
ditional graph-based constraints, such as Laplacian
regularization, are applied to promote local smooth-
ness and structural coherence within the latent em-
beddings. This dual similarity regularization acts as
an inductive bias, guiding the model toward biologi-
cally consistent predictions even in scenarios with lim-
ited or noisy data, and ultimately providing a more
robust and interpretable framework for precision on-
cology applications.

Our contributions are as follows:

e We propose a deep learning framework that in-
tegrates dual similarity regularization into drug
response prediction.

e We demonstrate how domain-specific similarity
structures improve both prediction accuracy and
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biological plausibility.

e We conduct extensive evaluations and ablation
studies to validate the model's effectiveness and
interpretability.

2 Problem Statement

Predicting drug response in cancer cell lines is a fun-
damental challenge in precision medicine. Experimen-
tal determination of drug sensitivity, typically quan-
tified by metrics such as IC or AUC, is expensive,
time-consuming, and infeasible for all possible drug—
cell line combinations. Consequently, computational
approaches are required to predict missing responses
in drug cell line matrices, enabling personalized treat-
ment planning and drug discovery.

The main challenges in this prediction task include:

1. Sparsity: Most drug—cell line response matri-
ces are incomplete, with many missing entries.

2. High-dimensionality: Cell line profiles (gene
expression, mutations) and drug descriptors
(chemical structure) are high-dimensional.

3. Heterogeneity: Drugs and cell lines differ sig-
nificantly, making it difficult to generalize pre-
dictions.

4. Need for similarity integration: Similar
drugs tend to have similar effects, and similar
cell lines tend to respond similarly to drugs. Ig-
noring these similarities can reduce prediction
accuracy.

3 Background and Related Works

Personalized medicine has emerged as a transforma-
tive approach in modern healthcare, aiming to tailor
medical treatments to the unique molecular and ge-
nomic profiles of individual patients. This strategy en-
ables the selection of the most effective therapeutic in-
terventions with minimal adverse effects. Particularly
in oncology, where cancer exhibits substantial hetero-
geneity in drug response, personalized treatment is
essential to improving patient outcomes.

Cancer remains one of the leading causes of mor-
tality worldwide, with a complex and highly vari-
able response to treatment. In this context, pre-
cision medicine has proven especially promising.
Researchers are actively developing computational
frameworks that integrate genomic features of can-
cer cell lines to predict their sensitivity to anticancer
drugs. These models are often trained using large-
scale pharmacogenomic datasets such as the Cancer
Cell Line Encyclopedia (CCLE) and the Genomics
of Drug Sensitivity in Cancer (GDSC).
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Studies in drug response prediction typically fall
into two major categories. The first category focuses
on identifying biomarkers—genomic or molecular in-
dicators that predict a cell line's sensitivity to a spe-
cific drug. For instance, [1] employed molecular-level
variations to forecast drug response, while others [2—

] utilized machine learning techniques such as elas-
tic net regularization and random forests to identify
predictive genomic biomarkers.

The second category involves predictive modeling
using large-scale gene expression data. In [7], the
Kernelized Bayesian Matrix Factorization (KBMF)
method was used to model drug response by captur-
ing complex nonlinear relationships between drugs
and cell lines. Similarly, [8] proposed a Weighted
Graph-Regularized Matrix Factorization (WGRMF)
algorithm, where both drug similarity and cell sim-
ilarity graphs are incorporated. This method uses
neighborhood-based similarity to enhance latent fea-
ture learning and demonstrates improved prediction
accuracy using GDSC data.

In another comparative study [9], three different
deep learning models were benchmarked against ran-
dom forests (RF) and K-nearest neighbors (KNN).
The combination of RF, gene expression (GE), and
residual KNN achieved the best performance, es-
pecially in scenarios involving outlier removal and
small sample sizes. In [10], a private linear regression
model was introduced for drug sensitivity prediction.
In [11], the Kernelized Bayesian Multitask Learn-
ing (KBMTL) framework was proposed to share a
low-dimensional subspace across tasks and improve
forecasting performance.

A number of multi-task learning approaches have
also been explored. For example, [12] applied mul-
titask models to the CCLE, CTD™2, and NCI60
databases to improve generalizability across datasets.
In [13], a network-based method called GloNetDRP
was used to integrate drug-drug and drug—cell line
similarities through a heterogeneous graph, allowing
drug responses to be inferred not only from nearest
neighbors but also from broader structural similarity.

Several additional models have leveraged similarity-
based reasoning. In [14], a drug similarity model was
proposed in which the drug sensitivity profile of a new
compound was inferred based on its structural similar-
ity to known drugs using CCLE and GDSC data. The
Network-Based Classifier (NBC) introduced in [15] as-
sessed sensitivity across tumor types using apoptotic
gene expression and clinical dose predictions. In [16],
PRECISE, a domain adaptation method, was em-
ployed to align molecular profiles between human tu-
mors and preclinical models. The Support Vector Ma-
chine (SVM) method combined with recursive feature

elimination was used in [17] to classify drug-sensitive
and drug-resistant cell lines based on genomic fea-
tures.

In [18], the consensus p-median clustering method
was applied to infer drug responses on tumor-derived
cell lines, while in [19], a Bayesian network was con-
structed using a selected set of heterogeneous genes
to model drug response using the NCI60 dataset.

Together, these studies underscore the importance
of integrating biological similarity, molecular fea-
tures, and advanced machine learning techniques to
improve drug response prediction. However, many
existing approaches either rely solely on gene ex-
pression or fail to simultaneously model both drug—
drug and cell—cell similarities. Our proposed model
addresses this gap by introducing a Dual Similarity-
Regularized Matrix Factorization (DSRMF) frame-
work that jointly incorporates drug and cell line
similarity into the prediction process-improving both
biological coherence and predictive accuracy.

Previous models, such as Similarity-Regularized
Matrix Factorization (SRMF), have been widely used
for predicting anticancer drug responses based on the
structural similarity of drugs and the gene expres-
sion profiles of cancer cell lines. However, SRMF has
certain limitations: (1) the chemical similarity data
used were often incomplete or insufficiently validated,
(2) many models relied on limited 2D structural
features, omitting key dimensional and stereochemi-
cal information, and (3) numerical instability, such
as overflow issues, occasionally affected prediction
accuracy, particularly in large or sparse matrices.

To address these limitations, we built upon SRMF
by developing a Dual Similarity-Regularized Matrix
Factorization (DSRMF) model. Unlike SRMF, our
method integrates both drug-drug similarity and
cell line—cell line similarity into a unified framework,
thus capturing biological and chemical relationships
more comprehensively. To enhance the accuracy of
the drug similarity matrix, we synthesized data from
the CCLE, GDSC, and NCBI PubChem repositories.
Drugs were represented using their SDF (Structure
Data Format) files, and a detailed two-dimensional
(2D) structural analysis was conducted using PaDEL
software to extract fingerprint-based features. This
allowed us to overcome prior limitations in chemical
feature extraction and extend the usable drug set.

One notable challenge we encountered was the lim-
ited availability of anticancer drugs with fully speci-
fied chemical structures in the public datasets. We ad-
dressed this by curating and filtering drugs with valid
PubChem Compound IDs (CIDs) and generating con-
sistent SDF-based descriptors, which improved the
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robustness of our drug similarity computation.

To evaluate the performance of our DSRMF model,
we used two key metrics: the Pearson Correlation
Coefficient (PCC) to assess correlation between pre-
dicted and true IC50 values, and the Root Mean
Square Error (RMSE) to measure prediction error.
Our results show that DSRMF consistently outper-
formed prior SRMF-based approaches, achieving
lower RMSE and higher PCC. In addition, our model
was able to infer missing drug response values in
the GDSC dataset, offering a more complete and
biologically coherent prediction matrix.

These findings demonstrate that incorporating
dual similarity regularization and chemically en-
riched descriptors significantly improves prediction
performance, paving the way for more accurate and
scalable drug sensitivity modeling in cancer research.

Predicting drug response has become a critical
task in precision medicine, aiming to tailor treat-
ments to individual patients based on molecular
and genomic profiles. Traditional approaches such as
linear regression or kernel methods [1, 2] have lim-
ited ability to capture complex, nonlinear patterns
in high-dimensional data. Recent advancements in
deep learning have significantly improved prediction
accuracy by learning expressive representations from
heterogeneous data sources.

3.1 Deep Learning for Drug Response Predic-
tion

Deep neural networks (DNNs) have been widely used
to predict drug sensitivity based on omics features of
cell lines or patients. For example, DeepDR, [20] uses
a multi-layer feedforward neural network to learn a
nonlinear mapping from genomic features to drug re-
sponse scores. Other models, such as CDRscan [21]
and GraphDRP [22], incorporate structural informa-
tion of drugs and cellular features via convolutional
and graph-based architectures.

However, these models often overlook pairwise rela-
tionships such as similarity between drugs or between
cell lines. Such relationships are important because
drugs with similar chemical structures often have sim-
ilar effects, and cell lines with similar genomic profiles
may respond similarly to a given drug.

3.2 Incorporating Similarity via Regulariza-
tion

To incorporate prior biological knowledge, several
methods use graph-based regularization. For instance,
DualGCN [23] models both cell line and drug sim-
ilarity using graph convolutional networks (GCNs)
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on predefined similarity graphs. Similarly, Graph-
DRP and DrugCell [24] integrate gene ontology and
pathway information into the prediction pipeline.

These methods are closely related to the dual simi-
larity regularization framework, where regularization
terms are used to ensure that latent representations
of samples and drugs are consistent with similarity
graphs:

This technique is used in DeepDSC [25], which im-
proves drug screening by encouraging the learned fea-
tures to respect drug and cell line similarities.

3.3 Dual Similarity-Aware Matrix Factoriza-
tion

A line of work also applies matrix factorization with
dual similarity constraints, particularly in recom-
mender systems [26] and multi-view learning [27].
These approaches are adapted to the DRP setting
by treating the drug-cell line interaction matrix sim-
ilarly to a user-item matrix, with latent features
regularized by both drug similarity (e.g., chemical
structure or MoA) and cell line similarity (e.g., gene
expression, mutation profiles).

Deep Neural Network Integrating Prior Knowl-
edge (DIPK) presents a compelling design for drug
response modeling. It employs self-supervised pre-
training to integrate gene interaction networks, gene
expression, and molecular structure, enabling the
deep neural network to respect biological similar-
ity constructs and boosting prediction accuracy—
particularly on unseen cell lines and drugs. DIPK
demonstrated strong performance in clinical subsam-
ples, such as correctly identifying heightened pacli-
taxel response in patients with pathological complete
response (pCR), highlighting the value of embedding
prior knowledge. [28]

NMDP, proposed in 2025, exemplifies dual-
regulation via multi-omics similarity fusion. It uses:

1. A semi-supervised weighted SPCA to extract
key genomic features,

2. A weighted similarity network fusion approach
to combine multi-omics similarities,

3. A deep learning predictor based on 1D con-
volutions and Kolmogorov—Arnold networks
(KAN).

This pipeline effectively aligns omics spaces
and regularizes the latent space according to sim-
ilarity structure—analogous to dual similarity
regularization—with promising results on small-
sample datasets [29].

The Dual Similarity Regularization (DSR) method
and Dual-Branch Deep Neural Matrix Factorization
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(DB-DNMF) [30] differ primarily in methodology and
feature representation. DSR uses matrix factoriza-
tion with dual similarity regularization, leveraging ex-
plicit drug—drug and cell—cell similarity matrices to
constrain latent factors. In contrast, DB-DNMF em-
ploys a dual-branch neural network to learn nonlin-
ear embeddings for drugs and cell lines, capturing
complex interactions. Consequently, DSR. is more in-
terpretable and computationally efficient, while DB-
DNMF excels at modeling nonlinear relationships in
rich, high-dimensional datasets.

The Dual Similarity Regularization (DSR) method
and Drug-Specific Gene Selection via Biological Net-
work Learning (DSGS-BNL) [31] differ fundamentally
in their approach to drug response prediction. While
DSR employs matrix factorization with dual simi-
larity regularization to capture global relationships
among drugs and cell lines, DSGS-BNL focuses on
identifying drug-specific predictive genes using bio-
logical network information. Consequently, DSR em-
phasizes latent factor modeling and benefits from sim-
ilarity across the entire dataset, whereas DSGS-BNL
offers gene-level interpretability and mechanistic in-
sights by highlighting the genetic determinants of
response for each drug. Overall, DSR is well-suited
for leveraging sparse datasets and generalizing across
multiple drugs, whereas DSGS-BNL excels in eluci-
dating drug-specific biological mechanisms.

While not explicitly framed for drug response, sev-
eral recent 2024-2025 models emphasize dual similar-
ity integration in related biomedical tasks:

e RSML GCN (2024) for drug—disease association
employs reinforcement symmetric metric learn-
ing and GCNs. It integrates both drug—drug and
disease—disease similarity through adjacency-
aware pretraining, improving hits in “new drug”
settings [32]

e Broadly in drug interaction prediction, models
like SNF-HCNN (2025) and DDI Hybrid lever-
age similarity network fusion of multiple drug at-
tributes (e.g., structural and biological) followed
by CNN or BiLSTM modules—effectively dual
similarity-enhanced deep architectures. [33]

4 Contribution

In this study, the Dual Similarity-Regularized Ma-
trix Factorization (DSRMF') model was employed to
enhance the predictive accuracy of drug responses in
cancer cell lines. The model integrates both drug simi-
larity and cell line similarity into the matrix factoriza-
tion framework, based on the premise that pharma-
cologically similar drugs and biologically similar cell
lines are likely to exhibit comparable response pat-

Table 1. Comparison of Shallow (Traditional) Models and
Deep Learning—Based Models.

’Model / Method Category ‘

SRMF, WGRMF |Shallow  models  (non-
KBMTL, RF, SVR, Elas{neural networks; classical
tic Net, KBMF, DSRMF |machine learning / matrix
factorization)

CDRscan, GraphDRP, FC|Deep learning models
DNNs, SWNet, DeepIC50,(DNNs, CNNs, GNNs,
Dr.VAE, DLN, etc. autoencoders)

terns. By incorporating similarity information, the
DSRMF approach provides a robust and biologically
informed strategy for drug response prediction. Be-
yond improving predictive performance, this frame-
work offers valuable insights into the underlying rela-
tionships between drugs and cell lines, thereby con-
tributing to the development of more effective and
personalized therapeutic strategies in cancer treat-
ment.

Drug response data were represented by half-
maximal inhibitory concentration (IC ) wvalues,
which denote the concentration of a compound re-
quired to inhibit cell viability by 50%; thus, lower
IC values correspond to greater cellular sensitivity.
Each cell line was characterized by its gene expres-
sion profile, whereas each drug was described by its
molecular structure derived from Structure Data For-
mat (SDF) files obtained from the NCBI PubChem
repository. The processed dataset was organized into
a dense response matrix comprising 604 cell lines and
97 drugs, resulting in 58,588 potential cell line-drug
response pairs.

Data were sourced from two well-established phar-
macogenomic resources: the Genomics of Drug Sensi-
tivity in Cancer (GDSC) and the Cancer Cell Line En-
cyclopedia (CCLE). Specifically, GDSC release 5.0,
which initially contained 790 cancer cell lines and 135
drugs, served as the primary dataset. During prepro-
cessing, drugs lacking unique chemical identifiers—
such as PubChem Compound IDs (CIDs) and cor-
responding SDF files—or those not chemically well-
defined within the CCLE database were excluded,
yielding a refined subset of 97 drugs. Similarly, du-
plicate or incomplete cell line entries were removed,
resulting in a final collection of 604 unique cell lines
for downstream analyses.

To enhance model performance, similarity informa-
tion was incorporated for both cell lines and drugs.
The PaDEL-Descriptor software was used to extract
two-dimensional (2D) and three-dimensional (3D)
molecular descriptors and to compute PubChem sub-
structure fingerprints for all drugs. These processed
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descriptors formed the basis of the drug similarity
matrix, where pairwise structural similarities were
quantified using the Jaccard coefficient. In parallel,
a cell line similarity matrix was constructed by cal-
culating Pearson correlation coefficients between the
gene expression profiles of all cell line pairs, thereby
capturing transcriptional similarity.

The resulting drug response matrix included 58,588
cell line-drug combinations, with missing entries aris-
ing from experimental limitations. For model evalu-
ation, the dataset was randomly divided into train-
ing and testing subsets, with 70% (41,012 samples)
used for training and 30% (17,576 samples) for test-
ing. Additionally, a 10-fold cross-validation procedure
was implemented on the GDSC dataset to rigorously
assess the predictive performance and generalization
capability of the model. This comprehensive prepro-
cessing pipeline ensured meaningful representation
of both cell lines and drugs, allowing the DSRMF
framework to effectively leverage biological similarity
through its dual similarity regularization mechanism.

Table 2. DSRMF on CCLE and GDSC.

Improving Drug Response Prediction using Du... — A. R. Ebadi, A. Soleimani, and S. J. HashemizadeHaghighi

Component ‘Setting / Value

Datasets GDSC and CCLE drug—cell-line
response (ICs0) [34, 35]

Normalization Scaling to [—1, +1] by dividing by

the maximum absolute value

Latent Dimension|44 (GDSC)
(k)

Iterations 20

«, B, and X scanned in the range
[10-8,1073]

Hyperparameters

Best 8 (drug simi{l x 1077
larity weight)

Replicates 100 randomized runs

PCCy /), ~0.96 (DSRMF) wvs. ~0.71
(SRMF baseline)

RMSE, ;. ~0.30 (DSRMF) wvs. ~0.31

(SRMF), ~0.78 (RF/KBMF)

5 Problem Formulation

In this paper, we use the matrix factorization algo-
rithm to predict the response to the anticancer drug.
A similar framework has been adopted to predict drug
targets [30]. First, we mapped the drug m and n cells
into a shared low-dimensional K latent space in which
the properties of each cell line drug are represented
by the latent coordinates U;and V ;, respectively. We
call the drug response watermarks in this space Y.
The purpose is to obtain an approximation of the re-
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Table 3. Parameters and Their Ranges.

Parameter ‘Value / Range

Dataset GDSC Release 5.0

Cell lines 604

Drugs 97

Potential total pairs 604 x 97 = 58,588

Observed response pairs < 58,588

Cross-validation 10-fold Cross-
validation

Approx. per-fold test samples  |~5,859

Evaluation metrics PCC, RMSE

Average PCC ~0.96 (drug-
averaged)

Average RMSE ~0.12

sponse value of d; to the cell line ¢;, by determining
their corresponding latent coordinates. Our objective
function here is as follows.

min ||W. (Y =0V T)|[%, (1)

Where W is the matrix weight W;; =1, if Yj; has
a certain amount of drug response. Otherwise W;; =
0 and ||| is frobenius norm. And to avoid overflow
of U, V training data, L2 (Tikhonov) regularization
is added to the latent variables U, V as fines.

min  [Wo (Y =0V |[L+X (IU1F+IVIE)

)

+ 2 |[Sa = UUT|[L + A [|Se = VVT|[L (2)

According to the work done by [16], Similar drugs
and similar cell lines have similar responses to drugs.

Lin Wang et al’s research helped to enhance
the prediction accuracy of drug response by mini-
mizing the objective functions of HSd - UUTH and

Se = vV

The primary contribution of this study lies in intro-
ducing a more stringent dual similarity regularization
constraint within the matrix factorization framework.
Specifically, the model enforces that the distance be-
tween the latent representations of two cell lines or
two drugs is inversely correlated with their biological
or chemical similarity. In other words, pairs of simi-
lar drugs or cell lines are encouraged to have closer
latent representations, whereas dissimilar entities are
positioned farther apart in the latent space. By em-
bedding this principle directly into the objective func-
tion, the proposed approach strengthens the preserva-
tion of intrinsic similarity relationships, thereby im-
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Figure 1. Block Diagram of the Proposed Method.

proving the accuracy of drug response prediction com-
pared to existing methods.

The similarity regularization term for cell lines is
formulated as follows:

SimReg, = éz Z ((Se(i,5) — e'YHUi—UjH2>2 3)

i=1j=1
And to obtain similarity regularization for drugs:

v is to control the radius of the Gaussian function

1 n n 5 2
i I ) — e IVi=Vill
SszEQd = 8 Z Z (Sd(laj) € ) (4)
=1 5=1
Finally, the constraints are added to the main objec-
tive function.

min W (Y =0V + 2 (1017 + [VIE)

+ A [|Sa = UUT [+ Ac||Se = VV T,
+ o SimReg, + £ SimReg,
()
and adjust the ratio of the similarity regulariza-
tion term to compare cell lines and drugs. Both and
positively influence model performance when mod-
erately weighted. Overly high values for either or
degrade performance, likely due to over-constraining
the latent space and reducing flexibility. The optimal
configuration in our experiments is « = 0.01 and g =
0.01, suggesting that incorporating both content and
demographic similarity improves factorization qual-
ity. The similarity regularization terms are comple-
mentary; using both yields better results than either

alone.

6 Evaluation

Dataset Description: In this study, data from
the Cancer Cell Line Encyclopedia (CCLE) and the
Genomics of Drug Sensitivity in Cancer (GDSC)
databases were utilized to assess similarities between
cancer cell lines and drug profiles. Gene expression
profiles were employed to quantify the similarity
between cell lines. In addition, other molecular
characteristics—such as DNA methylation, reverse-
phase protein array (RPPA) data, and microRNA
expression—could be incorporated to capture com-
plementary aspects of cellular similarity. Further-
more, leveraging genomic features of cell lines, in-
cluding copy number variation, pathway information,
and somatic mutations, has the potential to further
enhance the predictive capability of the proposed
Dual Similarity-Regularized Matrix Factorization
(DSRMF) model. Integrating these diverse data
modalities may improve the accuracy of anticancer
drug response prediction and extend the applicability
of the framework to other predictive modeling tasks
within computational biology.

Evaluation Metrics: The evaluation of the
proposed DSRMF model was conducted using the
Similarity-Regularized Matrix Factorization (SRMF)
algorithm as a reference, following the methodol-
ogy outlined in [19]. The predictive performance
of DSRMF was compared with that of existing ap-
proaches to assess its effectiveness in estimating
drug response values. The results demonstrated that
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DSRMF achieved improved prediction accuracy rel-
ative to previous models. All implementations were
performed using Python 3.7 (64-bit).

Measurements of prediction performance:
To quantitatively evaluate model performance,
two standard metrics were employed: the Root
Mean Squared Error (RMSE) and the Pearson
Correlation Coefficient (PCC), calculated for each
drug as described in [19]. The RMSE measures the
deviation between predicted and observed drug
response values and is computed as follows:

n

RMSE = %Z (R(D, ¢) — R(D, c))2 (6)

c=1

The value of n refers to the number of cell lines that
respond to a particular drug. Also, R (D, C) and R
(D, C) refer to the observed and predicted response
values of the cell lines to the drugs.

The hyperparameter settings in the machine learn-
ing algorithm used in this paper, which is based on
the matrix factorization method, are as follows: First,
the matrix data of the response lines of the cell lines
to the anticancer drugs were collected from the CCLE
and GDSC databases. By dividing the values of the
data in the matrix by the maximum absolute value,
they are converted to values between the range [-1, 1].
Therefore, the regularization parameters \., Agand
A\; were tested in the intervals [276... 22] respectively.
The point is, in [19] paper, which has achieved the
best result at A;=0, actually, the chemical struc-
ture of drugs was ignored. But in our paper, accuracy
was higher in the DSRMF method at Ay = 0.0000001
by applying chemical structure control settings to
the loss function. Another difference in this paper
is producing new cell line drug response data by in-
corporating two-dimensional and three-dimensional
chemical structures in drug similarity and response,
compared to the previous drug similarity in previous
work. The results of applying the SRMF model to the
new production data are shown in this study. The
value of k, which is the low dimensionality K of the
GDSC database, was set as 44, and the Iteration train-
ing was set as 20. In this research, we compared the
performance of the SRMF model with the proposed
DSRMF model. The average PCC and average RMSE
of 100 replicates were used. The newly generated data
from the CCLE and GDSC databases were used in
the DSRMF model to average PCC_S / R (Pearson
correlation coefficient). The sensitivity of the cell line
to the anticancer drug between the observed and the
predicted was approximately 96.0. Comparing with
the previous SRMF model in [19], which at best was
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0.71 on its data by Ag= 0, was about 0.25. For the
SRMF model, on data was about 0.95

Figure 2 compares the mean PCC_S / R between a
sample of drugs, and the averaged RMSE__S /R (root
mean square error) between observed and predicted
cell lines’ response to drugs in the DSRMF model was
0.30, and in the SRMF model was about 0.31 for the
data in this Research. Compared to the previous work
of [16], which had an average RMSE_S / R value of
0.78 on its own data conditions, the proposed method
was about 0.47 better than the previous models in
RF [37] and KBMF [38]. Also, in Figure 2, we see a
comparison of the proposed method and the previous
method for randomly selected anticancer drugs. And
in Figure 3, we compared the previous method and the
proposed method by adding a number of algorithm
iterations. Table 1 shows the prediction details and
the comparisons of results for different methods.

Table 4. Comparison Results of Different Methods under
10-Fold Cross-Validation on the GDSC Dataset.

Method |Drug- Drug- Reference
averaged |averaged
PCCg/r RMSEg, r

DSRMF |0.96 0.31 Proposed

NMDP |0.92 0.47 [29]

SRMF  |0.71 0.62 [19]

KBMF |0.49 - [38]

DLN 0.55 0.44 [22]

RF 0.50 0.40 [37]

The average cell line response to drugs, which is the
same IC50 value, is evaluated for SRMF and DSRMF
(proposed method) and their difference with the ob-
served values are illustrated in Figure 5 and Figure 6.
The DSRMF model is more accurate than the SRMF
model.

7 Conclusions

In this study, we developed a Dual Similarity-
Regularized Matrix Factorization (DSRMF) model
to predict the responses of cancer cell lines to an-
ticancer drugs, using half-maximal inhibitory con-
centration (IC ) values as the primary indicator of
drug sensitivity. The proposed framework integrates
data from two major pharmacogenomic resources-
the Cancer Cell Line Encyclopedia (CCLE) and the
Genomics of Drug Sensitivity in Cancer (GDSC)-to
comprehensively model both cellular and chemical
similarities. Cell line similarity was primarily derived
from gene expression profiles; however, the frame-
work is inherently extensible and can incorporate




—
)
—

Research Article, 2025, Volume 12, Number 2 (pp. 93-105)

B RMSE dsrmf

srmf

(pensesqo s pejoipaid) ISNY
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Figure 5. The average cell line response to drugs, which is the same IC50 value.
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Figure 6. The average cell line response to drugs, which is the same IC50 value.

additional omics layers such as DNA methylation,
microRNA expression, reverse-phase protein array
(RPPA) data, and other multi-omics modalities to
capture more complex biological relationships.

For the drug similarity network, a comprehen-
sive matrix was constructed by integrating two-
dimensional (2D) and three-dimensional (3D) chemi-
cal structures obtained from Structure Data Format
(SDF) files available through the NCBI PubChem
database. These structural representations were fur-
ther enriched with chemical and molecular descrip-
tors adopted from prior studies, thereby enhancing
the precision of the drug similarity estimation.

Moreover, the DSRMF framework can be expanded
to include additional genomic features—such as copy
number variation (CNV), somatic mutation profiles,
and pathway-level information—to further improve
prediction accuracy. Owing to its modular and scal-
able architecture, DSRMF offers a versatile platform
not only for anticancer drug response prediction but
also for broader applications in pharmacogenomics,
biomarker identification, and personalized therapeu-
tic modeling.

Future works are as follows:

e Dynamic Similarity Learning
Rather than using static similarity matrices, fu-
ture work could involve learning similarity rep-
resentations dynamically during training using

deep metric learning or contrastive loss.
Explain ability and Model Interpretation
Integrate explainable AT (XAI) techniques to in-
terpret which genes, pathways, or drug features
contribute most to predicted responses, improv-
ing trust and adoption in clinical settings.
Application to Drug Combination Prediction
Extend the dual similarity approach to predict
synergistic drug combinations, where pairwise
drug—drug interaction effects are modeled jointly
with similarity regularization.

Scalability and Transferability

Improve scalability to handle large-scale drug li-
braries and test transfer learning strategies to
adapt models across datasets (e.g., from GDSC
to CCLE or real-world data).

e Availability of data and materials

The cell line data in this article were derived from
https://portals.broadinstitute.org/ccle
The drug data in this article was sourced from
https://www.cancerrxgene.org/downloads/
anova, and https://pubchem.ncbi.nlm.nih.
gov/. Also, data can be sent via email as needed.
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