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KEY WORDS Abstract Drug resistance is one of the key factors affecting the effectiveness of cancer treatment
methods, including chemotherapy, radiotherapy, and immunotherapy. Its occurrence is related to factors
such as mRNA expression and methylation within cancer cells. If drug resistance in patients can be accu-
rately identified early, doctors can devise more effective treatment plans, which is of great significance for
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Pracison meskeition intelligence (AI) technology has emerged as a current research hotspot, demonstrating promising appli-
cation prospects in guiding clinical individualized and precise medication for cancer patients. This review

improving patients’ survival rates and quality of life. Cancer drug resistance prediction based on artificial

aims to comprehensively summarize the research progress in utilizing Al algorithms to analyze multi-
omics data including genomics, transcriptomics, epigenomics, proteomics, metabolomics, radiomics,
and histopathology, for predicting cancer drug resistance. It provides a detailed exposition of the
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processes involved in data processing and model construction, examines the current challenges faced in
this field and future development directions, with the aim of better advancing the progress of precision

medicine.

© 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Pharmaceutical Association and
Institute of Materia Medica, Chinese Academy of Medical Sciences. This is an open access article under
the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

The occurrence of cancer has become one of the main obstacles to
human life extension, which is second most common disease in
non-communicable diseases'”. The main hallmarks of cancer
comprise activating invasion and metastasis, reprogramming
cellular metabolism, and avoiding immune destruction’. Hence,
cancer cells are likely to proliferate constantly and escape the
immunologic surveillance, transferring from primary organ to
metastatic organ®. Although the application of chemotherapy,
targeted drugs and immune checkpoint inhibitors has significantly
improved the rate of inhibiting tumor growth, they all face a
common problem called drug resistance’. For example, in lung
cancer, the EGFR T790M mutation is the most common mecha-
nism of resistance to EGFR tyrosine kinase inhibitors®. The
chronic myeloid leukemia patients treated by imatinib were
eventually observed allosteric T3151 mutation which leads to bad
prognosis’.

Drug resistance can be classified into adaptive drug resistance
and acquired drug resistance. Some genetic mutations in cancer
cells cause adaptive drug resistance®. Acquired drug resistance
means that with the continuous progress of treatment, the good
therapeutic efficacy continues to reduce, which may be related to
the proliferation of pre-existing drug-resistant subclones after
treatment’. Hence, both are significantly related to the composi-
tion of tumors and mutation of some genes in cancer cells,
resulting in the demand for assessing drug sensitivity individually.
For example, ARAF mutations lead to the resistance of RAF in-
hibitor belvarafenib in melanoma patients'’. Activation of colo-
rectal cancer ferroptosis by targeting LGR4 can overcome
acquired resistance'’.

The application of artificial intelligence (AI) provided the
support for omics data mining. A subclass of Al, known as ma-
chine learning, mainly refer to a kind of mathematical algorithms
that can identify the features of a large amount of data through
learning. It is widely used in the prediction of drug resistance.
Nowadays, Al has been applied in many fields of biomedicine,
which has shown great accuracy in identifying cancer subtypes,
exploring the biomarkers of diseases and distinguishing diverse
immunohistochemical scores'>'?. Deep learning is a subset of
machine learning with multiple sequential layers, which is espe-
cially suitable for training large datasets. Additionally, the appli-
cation of Al is also used to identify the population, which is likely
to show great sensitivity to the specific treatment'*. For example,
Johannet et al.'” established a machine learning algorithm based
on histology specimens with clinical data to predict the response
of immune checkpoint inhibitors in advanced melanoma.

In this review, we primarily analyze and discuss the latest
advancements in predicting cancer drug resistance based on Al
algorithms and multi-omics data, encompassing various omics
data types such as genomics, transcriptomics, epigenomics,

proteomics, metabolomics, radiomics, and pathomics. In this
section, we discussed the introduction and related research work.
In Section 2, we discuss the application of Al in multi-omics data;
in Section 3, we analyze the modeling process of Al; in Section 4,
we delve into the cutting-edge research of Al in drug response
prediction; and in Section 5, we analyze the existing obstacles and
solutions.

2. The application of Al in multi-omics data

Due to differences in data sources and collection principles, multi-
omics data exhibit diverse representation forms within Al
models'®. The rapid advancement of high-throughput sequencing
technology has enabled the simultaneous synthesis and
sequencing of countless short DNA templates ranging from hun-
dreds to billions, significantly reducing both the time and cost
required for sequencing. This remarkable progress has given rise
to a vast amount of omics data, including genomics, tran-
scriptomics, and epigenomics data'’. Specifically, genomics re-
volves around the in-depth study of an organism’s complete
genome sequence, with the goal of understanding various changes,
including gene mutations and copy number variations. It is pri-
marily presented in the form of numerical matrices or sequences,
encompassing variation information such as single nucleotide
polymorphisms (SNP), insertions, or deletions, as well as infor-
mation on gene expression levels. However, transcriptomics pri-
marily focuses on the expression levels of genes under different
conditions, and it also uses formatted sequence data for Al model
analysis to interpret information such as differentially expressed
genes and transcription factor binding sites. Simultaneously, epi-
genomics specializes in exploring diverse epigenetic modifications
present in the genome, such as DNA methylation and histone
modiﬁcationslx, which mostly exist in the form of numerical
matrices or sequences. Furthermore, proteomics concerns itself
with the types, quantities, and interactions of proteins, and its data
representation is quite diverse, encompassing peptide mass
fingerprinting, protein expression profiles (typically presented in
the form of numerical matrices), and protein interaction networks
(usually depicted in graphical or network diagrams). Furthermore,
proteomics and metabolomics primarily obtain their respective
data through mass spectrometry, a method used to determine
molecular mass and structure. Proteomics focuses on the types,
quantities, and interactions of proteins, with diverse data repre-
sentation forms such as peptide mass fingerprinting, protein
expression profiles (typically presented in the form of numerical
matrices), and protein interaction networks (usually depicted in
graphical or network diagrams). On the other hand, metabolomics
is concerned with the types, concentrations, and changes of me-
tabolites within organisms. In terms of data representation, com-
mon spectra include base peak chromatograms and total ion
current chromatograms. Additionally, the multi-omics data
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discussed in this review also encompasses radiomics and histo-
pathomics, which involve extracting and mining features from
medical images, primarily existing in the form of images but with
varying dimensions and sizes. The sources and processing work-
flows of the aforementioned omics data are illustrated in Fig. 1.

Multi-omics data plays a crucial role in advancing the devel-
opment of personalized and precision medicine. Currently, there
are numerous publicly available multi-omics database resources
and this review has compiled information on some representative
public omics database resources in Table 1. Furthermore, the rapid
development of Al and advancements in high-performance
computing equipment have provided support for the analysis of
exponentially growing multi-omics data. Currently, numerous
studies are exploring the feasibility of utilizing Al technology for
drug resistance prediction based on multi-omics data. This section
will delve into the application of Al in multi-omics data, and
summarize some representative studies based on cell line omics
data and clinical omics data in Table 2'°' and Table 3'°-*°%
respectively.

Different types of omics data provide information across
distinct dimensions. For instance, genomics data can reveal the
overall architecture and composition of the genome, offering
profound insights into life’s microscopic mechanisms. In contrast,
radiomics or pathomics extract quantitative feature information
from medical images, primarily capturing organismal information
from macroscopic perspectives. The strategic combination of
diverse omics data streams can significantly enhance AI model
performance. However, this does not imply that increasing the
number of omics data types automatically improves outcomes. In
other words, the decision to use single-type or multi-type omics
data—and the specific selection of omics modalities—should be

s

guided by the research objectives. When studies focus on specific
biological processes or molecular layers, single-type omics data
suffice. For example, if the goal is to understand the impact of
gene expression levels on disease pathogenesis, and high-quality
transcriptomics data are available, models built solely on tran-
scriptomics can effectively analyze the relationship between
expression variations and disease phenotypes.

However, if the objective of the task is to study complex dis-
eases from a systems biology perspective, or to explore unknown
biological mechanisms and discover new biomarkers, multi-omics
integration becomes advantageous. For instance, in cardiovascular
research, single omics layers often provide partial information,
whereas integrated analysis can uncover complex interactions
between genetic variations, expression patterns, proteomic pro-
files, and metabolic shifts. This holistic approach enables more
accurate disease risk prediction, subtype classification, and ther-
apeutic guidance. Similarly, when investigating aging-related
biomarkers, combined transcriptomics, proteomics, and metab-
olomics analyses may reveal cross-layer molecular signatur-
es—potential key regulators or novel biomarkers in aging
processes.

Effective integration of heterogeneous omics data requires
sophisticated fusion strategies to mitigate cross-modal discrep-
ancies. Common multimodal fusion approaches include: Domain
Alignment Techniques, which employ learned mappings to project
diverse data modalities into a unified feature space; Ensemble
Learning Methods, where independent models process each mo-
dality before integrating predictions to enhance overall perfor-
mance; Multimodal Encoding Architectures, featuring modality-
specific branches for feature extraction followed by fusion oper-
ations like concatenation, summation, or multiplication. These
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Table 1  Public omics database resources.
Database name Data type Description Access link
The cancer genome Atlas Genomics Comprehensive multi-omics data from various https://www.cancer.gov/tcga
(TCGA) Transcriptomics cancer types, which can be used to explore
Epigenomics mechanisms of drug resistance.
Proteomics
Histopathomics
Genomics of drug sensitivity Genomics Linking genomic features to drug response in cancer https://www.cancerrxgene.
in cancer (GDSC) Drug data cell lines, focusing on resistance and sensitivity org
profiles.
Cancer cell line Encyclopedia Genomics Providing omics profiles of cancer cell lines, https://portals.broadinstitute.
(CCLE) Transcriptomics integrated with drug resistance and sensitivity data. org/ccle
Proteomics
Drug data
DepMap Genomics Offering functional dependency data to identify https://depmap.org
Transcriptomics cancer vulnerabilities, including resistance
Proteome mechanisms.
Drug sensitivity
PharmacoDB Genomics Aggregating multiple drug screening studies (e.g., https://pharmacodb.ca
Drug sensitivity GDSC, CCLE) into a single platform for drug
resistance research.
OncoKB Genomics Curating database linking cancer mutations to drug https://www.oncokb.org
Drug data resistance and potential therapeutic options.
NCBI GEO (gene expression Transcriptomics Repository for gene expression studies, including https://www.ncbi.nlm.nih.
Omnibus) data sets relevant to drug resistance mechanisms. gov/geo
Metabolomics Workbench Metabolomics Providing metabolomics data relevant to cancer and https://www.
drug resistance, including pathway insights. metabolomicsworkbench.org
ProteomicsDB Proteomics Offering proteomics data that can be used to explore https://www.proteomicsdb.
mechanisms of drug resistance in cancer. org
cBioPortal Multi-omics Interactive platform for exploring multi-omics and https://www.cbioportal.org

clinical data related to drug resistance.

methodologies effectively address data heterogeneity and improve
model performance. However, it is important to acknowledge that
they inevitably increase computational complexity. Therefore,
when selecting data modalities, a critical consideration lies in
balancing data utility against computational demands—a trade-off
that necessitates careful evaluation.

2.1. Applications in genomics, transcriptomics and epigenomics

The application of high-throughput sequencing technology has
made it easier for researchers to obtain genomic, transcriptomic,
and epigenomic data. These three are closely related to molecular
medicine. Transcriptomics is most commonly used in the con-
struction of drug resistance prediction models®, often serving as
standalone input data and frequently analyzed in conjunction with
genomics or epigenomics. However, the use of genomics or epi-
genomics alone is less common.

Most studies that build predictive models based on cell line
data primarily source their data from public databases, such as
GDSC and CCLE. Researchers commonly opt for transcriptomic
data as the foundational dataset. In high throughput gene
expression data, the dimension of features d is much larger than
the number of samples n, which makes it difficult to construct an
optimal classifier. To address this issue, various studies employed
different approaches in data processing. Mourragui et al.”’ pro-
posed a transfer learning algorithm named TRANSACT, capable
of calculating biologically active pathways that are similar be-
tween cell lines and human tumors. Transcriptomic data was
downloaded from GDSC and TCGA, but subjected to
TRANSACT’s nonlinear principal component analysis (PCA)

processing and geometric comparisons. Ultimately, they built an
Elastic Net (EN) prediction model based on the generated
consensus feature score. This model demonstrated promising
predictive results on clinical datasets, addressing the practical
limitations of cell line data predictive models. Kim et al.'” also
conducted research on the model construction which is mainly
based on analyzing active biological pathway after inputting
transcriptomics data. The pathway dysregulation scores for each
individual sample point were calculated using Pathifier algorithm
which is designed to quantify the degree of pathway abnormality.
Similarly, Liu et al.”® utilized transcriptomic data and cancer
signaling pathway information to establish a disease-specific
driver network. Subsequently, they developed the NBSBM
model based on this network. Some studies reduced the dimen-
sionality of input data by standardizing the input criteria. Parca
et al.?' reduced input data by selecting genes that exhibited cor-
relation with both gene expression levels and ICso. Subsequently,
they built models based on the expression levels of these selected
genes. Similarly, Wiesweg et al.”” restricted the gene expression
data for model construction to immune-related datasets.

Since the purpose of anticancer drugs is to interfere with the
dynamics and adaptive mechanisms underlying disease pathology,
changes in gene expression after drug perturbation will partially
reflect the potential mechanisms leading to drug response’'.
Therefore, some studies collected gene expression data post drug
perturbation. For instance, Mannheimer et al.** compared the
predictive performance of models constructed based on the
disturbed gene expression data of 2, 6 and 24 h, and found that
perturbed gene expression at 24 h is the best predictor of drug
response. Tan et al.>® used sensitivity signatures and drug activity
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Table 2  The biological information overview of researches utilizing cell line data for the construction of Al Models.

Study Input data source Omics type Input data

Kim et al. ” GSE; CCLE; CGP Transcriptomics PDS based on mRNA EXP

Liu et al. *° Prostate cancer cell lines; GDSC Transcriptomics Genes EXP

Parca et al.”! GDSC Transcriptomics mRNA EXP; drug-specific genes EXP

Mannheimer et al.*” GSE; NCI-60 Transcriptomics Perturbed mRNA EXP by drugs

Tan et al.” GDSC; CCLE; LINCS Transcriptomics Cell line sensitivity signature

Ma et al.”* GDSC; CCLE Transcriptomics; mRNA EXP, CNV

i genomics

Tang et al.” GDSC; CCLE Transcriptomics; mRNA EXP; MUT; CNV
genomics

Lee et al.”® CCLE; CGP; TCGA Transcriptomics; MUT; expression hubs; known regulators;
genomics; CNV; MET
epigenomics

El-Deredy et al.”’ Gliomas cell Metabolomics Metabolic profiles by proton NMR spectrum

Liu et al.”® CRC cells Metabolomics Metabolomics data

Liu et al.”’ CML cells Metabolomics Metabolomics data

Ma et al.”’ NCI-60 Proteomics Protein EXP

Mian et al.”! Breast cancer cell Proteomics Protein EXP

Yanagisawa et al.*> Colorectal cancer cell Pathomics Cell images

Steyaert et al.* GDSC; Novartis PDXE Transcriptomics mRNA EXP

Majumdar et a}.‘m CCLE; CTRP v2 Transcriptomics mRNA EXP

Sharma et al.*> GDSC; CCLE, LINCS Transcriptomics mRNA EXP

Naulaerts et al.*® GDSC Transcriptomics; SNV; mRNA EXP; MET
genomics;
epigenomics

Choi et al.”’ GDSC; CCLE Transcriptomics mRNA EXP

Bazgir et il ’ NCI-60; GDSC Transcriptomics mRNA EXP

Sakellaropoulos et al.*’ GDSC; CCLP Transcriptomics mRNA EXP

Chiu et al.” CCLE; GDSC; TCGA Transcriptomics; mRNA EXP; MUT
genomics

Carroll et al.*! MCLP; CCLE; CTRP Proteomics Protein EXP

Wang et al.*? GDSC; CCLE; CTRP Transcriptomics LncRNA EXP

Tan et al.*? CCLE; GDSC ) Transcriptomics mRNA EXP

Dorman et al.** Cell lines from *° Transcriptomics; mRNA EXP; MUT; CNV
genomics

Menden et al.*® GDSC Genomics CNV; MUT; MSI

Chen et al.*’ GDSC; CCLE Transcriptomics RNA EXP

Lee et al.*® GDSC; TCGA Genomics; epigenomics MUT; CNV; MET

Sun et al.*’ \ Genomics; transcriptomics; MUT; mRNA EXP; protein EXP

i proteomics
Jia et al.”” GDSC; TCGA Transcriptomics mRNA EXP
Wang et al.”’ GDSC; CCLE Transcriptomics mRNA EXP

CHEM: Chemical structure molecular fingerprints; CNA: Copy-number alterations; CML: Chronic myelo-genous leukemia; DAS: Drug Activity
Signatures; EXP: Expression; MET: Methylation; LN: Nature log; MUT: Mutation; NCRNA: Non-coding RNA; PDS: Pathway dysregulation
scores; SCMS: Single cell mass spectrometry; SMILES: Simplified molecular input line entry system; TSS: Tissue sensitivity signature; LINCS:

Library of integrated network-based cellular signatures.

signatures to predict the activity of a given drug against a specific
cell line. Sensitivity signature is a representation of the gene
expression changes that lead to cell death in a certain cell line.
Drug activity signature is a representation of the “mode of action”
for a drug, summarizing the cumulative differential gene expres-
sion upon treatment on cell lines.

The combined analysis of multi-omics data allows for a more
comprehensive understanding of the molecular biological features
of drug resistance. Many studies integrate transcriptomics with
genomics or combine them with epigenomics to achieve a more
holistic approach. DualGCN consists of two graph convolutional
networks (GCN) that encode the chemical structures of drugs and
the omics data of biological samples for predicting cancer drug
response”*. Tang et al.”> proposed a pathway-based drug sensi-
tivity prediction model called PathDSP, which integrates chemical
structure information with the enrichment of cancer signaling

pathways across drug-associated genes, gene expression, muta-
tions, and copy number variation data to predict drug responses in
cancer drug genomics datasets. Lee et al.”® present a computa-
tional method called MERGE, which identifies reliable gene
expression markers for drug sensitivity by integrating multi-omics
prior information related to each gene’s potential to drive cancer.
Nam et al.>® developed a machine learning model to predict
temozolomide response for primary IDH-wt glioblastoma patients,
which combines transcriptomics, genomics and epigenetics data.

High-quality data serves as the foundation for developing high-
performance AI models. Although high-throughput sequencing
technology has undergone rapid development in recent years, it is
crucial to acknowledge that variations in high-throughput
sequencing technology across different medical centers and
sequencing platforms often lead to heterogeneity and noise in bio-
logical data, even when derived from the same omics layer. For
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Table 3  The biological information overview of researches utilizing clinical data for the construction of AI Models.
Study Omics type Cancer type Drug Input data
Johannet et al."” Pathomics Melanoma Immune checkpoint WSI; clinical data
inhibitors
Wiesweg et al.’> Transcriptomics NSCLC PD-L1 inhibitors Immune-related mRNA EXP
Nam et al.” Transcriptomics;  Glioblastoma Temozolomide mRNA EXP; SNV; methylation
genomics;
epigenomics
Yu et al.”* Proteomics Ovarian serous carcinoma  Platinum Protein EXP
Qureshi et al.” Proteomics NSCLC Gefitinib and erlotinib Clinical data; geometrical
characteristics of the drug-target
binding site; binding free energy
Yang et al.” Radiomics LARC NCRT ADC images
Xiong et al.”’ Radiomics Breast cancer NCRT MRI; clinical data
Yi et al.>® Radiomics; Ovarian Platinum CT images; clinicopathological
genomics data; SNP
Buttarelli et al.>’ Transcriptomics Ovarian Platinum mRNA EXP
Abraham et al.”” Transcriptomics ~ mCRC FOLFOX mRNA EXP
Lu et al.®' Transcriptomics CRC FOLFOX mRNA EXP
Dercle et al.* Radiomics CRC FOLFIRI in combination CT images

Ruffalo et al.*®

Transcriptomics

Breast cancer

with cetuximab
Aromatase inhibitors
Cytarabine- and
anthracycline-based
induction treatment
Bevacizumab

Platinum-based NRCT
Sorafenib

Herold et al.** Transcriptomics;  AML
genomics
Gampenrieder et al.®>  Transcriptomics; ~ Metastatic breast cancer
epigenomics
Guo et al.*® Genomics Cervical cancer
Nasimian et al.%’ Transcriptomics AML
Kanda et al.®® Radiomics Pancreatic ductal
adenocarcinoma

5-Fluorouracil; gemcitabine

mRNA EXP; clinical data
mRNA EXP; mutation

Methylation
24 SNPs in four genes

mRNA EXP
CT images

and paclitaxel

AML: acute myeloid leukemia; CRC: colorectal cancer; EXP: expression; FOLFOX: 5-FU, leucovorin and oxaliplatin; LARC: locally advanced
rectal cancer; NCRT: neoadjuvant chemoradiotherapy; NSCLC: non-small cell lung carcinoma.

instance, the [llumina platform primarily relies on the Sequencing
By Synthesis principle, whereas the PacBio platform employs
Single Molecule Real-Time sequencing technology. These differing
sequencing technologies result in discrepancies in base call quality,
sequencing error rates, sequencing coverage, and sequencing depth.
Therefore, standardized preprocessing before use is vital to ensure
data consistency. Specifically, data cleaning can be performed to
remove low-quality sequences, adapter sequences, contaminated
sequences, and other imperfections from sequencing data, thereby
reducing noise and errors. Furthermore, imputation techniques can
be adopted to fill in missing values in sequencing data, minimizing
their impact on data analysis. Additionally, data standardization or
normalization can be applied to map data onto the same statistical
distribution, such as the standard normal distribution. Moreover, in
the process of standardizing genomic data, international standards
and guidelines, such as ISO/TS 24420:2023, should be followed to
further enhance data consistency.

2.2.  Applications in metabolomics and proteomics

The fundamental principle of mass spectrometry is to ionize
molecules or atomic ions in the sample to be analyzed. Subse-
quently, under the influence of an external electric field, these ions
are separated and detected based on their mass-to-charge ratio
(m/z). This technique plays a crucial role in acquiring data for
proteomics and metabolomics.

To the best of our knowledge, El-Deredy et al.”" were the first
to study metabolomics using proton nuclear magnetic resonance

1.27

spectroscopy. They subsequently applied this approach to predict
cellular responses to the chemotherapeutic drug 1-(2-chloroethyl)-
3-cyclohexyl-1-nitrosourea in vitro. Liu et al.>® employed single-
probe SCMS technology to measure the metabolomic profiles of
live cancer cells (HCT-116) with varying levels of chemotherapy-
induced drug resistance (i.e., none, low, and high). Based on these
data, they constructed a series of machine learning models,
including Random Forest (RF), Artificial Neural Network (ANN),
and Penalized Logistic Regression (LR), to predict the degree of
drug resistance in individual cells. Furthermore, Liu et al.”>” have
demonstrated for the first time that the combination of single-cell
mass spectrometry and machine learning methods can achieve
rapid and reliable prediction of unknown single-cell phenotypes
based on their metabolomic profiles. This approach holds promise
for clinical application in predicting drug-resistant phenotypes
prior to chemotherapy.

Proteomic analysis allows for the quantification of protein
expression levels, thereby providing a more direct answer to
functional and pharmacological questions. Ma et al.*’ collected
protein expression level data from the NCI-60 and used reverse-
phase protein lysate microarrays to perform proteomic detection.
Protein samples were automatically spotted onto the chips and
then measured with antibodies. They selected important protein
predictors by RF and Relief and 118 anticancer agents were
chosen by using protein expression profiles in the 60 untreated cell
lines. Mian et al.’' conducted their study based on data from
breast cancer cells they cultured themselves. The analysis tech-
nique employed was surface-enhanced laser desorption/ionization



Artificial intelligence and anti-cancer drugs’ responses

3361

mass spectrometry, which allowed the combination and retention
of molecular subgroups for proteomic analysis. This approach was
integrated with an ANN algorithm to ultimately identify proteo-
mic patterns associated with either control/drug treatment for
sensitive cell lines or response/nonresponse for sensitive/resistant
cell lines, respectively, for two widely used chemotherapeutic
drugs, doxorubicin and paclitaxel.

Furthermore, in terms of drug resistance prediction at the pa-
tient level, Yu et al.”* analyzed the proteomic characteristics of
130 patients with ovarian serous carcinoma. They digested the
proteins using trypsin and separated the peptides by basic
reversed-phase liquid chromatography. Subsequently, they
employed high-resolution and high-accuracy Orbitrap mass
spectrometry for proteomic and phosphoproteomic analyses.
Finally, protein quantification was conducted based on ion in-
tensity. Based on these proteomic expression data, they con-
structed various machine learning models, including the Lasso
Cox model, RF, Support Vector Machine (SVM), Bagging, and
Naive Bayes, to predict patients’ responses to platinum-based
drugs. Experimental results confirmed that the proteomic charac-
teristics of patients with ovarian serous carcinoma can not only
predict responses to platinum-based drugs but also provide in-
sights into the biological processes that affect the therapeutic ef-
ficacy of these drugs.

Qureshi et al.>” aimed to predict the response of patients with
EGFR-mutant lung cancer to EGFR-TKIs. The dataset used in
their research was unique and included features such as de-
mographic and clinical information, geometric properties of drug-
target binding sites, and binding free energy from molecular dy-
namics (MD) simulations of drug-target complexes. MD simula-
tions were employed to model the unique mutation status of each
patient, extracting molecular-level geometric features. These
geometric features encompassed the number of convex atoms on
the interaction surface, the matching rate of surface atoms, dy-
namic distances between the center of drug molecules and binding
site residues throughout the entire trajectory, and the number of
hydrogen bonds, which differs from others that construct data at
the quantitative level of proteins. Instead, it focuses on the mo-
lecular structure, dynamic properties, and interactions of proteins
with other molecules. This approach emphasizes a more micro-
scopic perspective to predict the affinity of proteins for drugs.

In summary, significant progress has been made in using Al to
analyze proteomic and metabolomic data for predicting drug
resistance. These studies have contributed to a deeper under-
standing of the complex molecular landscape governing resistance
mechanisms. With the continuous advancement of mass spec-
trometry technology and the sharing of sequencing data, this field
is poised to better demonstrate its clinical application advantages.

2.3.  Applications in radiomics and pathomics

Image analysis is also a significant application field of Al, with
image analysis algorithms represented by Convolutional Neural
Networks (CNNs) being widely used in the medical domain.
Unlike genomics and transcriptomics, which require sequencing,
the acquisition of medical images is more straightforward. Com-
mon medical images typically include macroscopic images such
as CT, MRI, and ultrasound, as well as microscopic images like
pathological sections or single-cell images observed under a mi-
croscope. These medical images have also been extensively
applied to tasks related to drug resistance research. For instance,
Yang et al.’® and Xiong et al.’’ both utilized MRI data to predict

the response of cancer patients to neoadjuvant chemoradiotherapy.
The former focused on the drug sensitivity of patients with locally
advanced rectal cancer, while the latter investigated the drug
sensitivity of breast cancer patients. The process of radiomic
feature extraction in both studies was quite similar, involving
image annotation by radiologists unaware of the pathological re-
sults to determine the Region of Interest. However, they adopted
different approaches in feature selection. Specifically, Yang et al.”
performed the Wilcoxon rank sum test and then used Least Ab-
solute Shrinkage and Selection Operator (Lasso) to select the most
predictive features. Xiong et al.’” applied RF to measure the Gini
importance of each parameter and identified the top 10 important
parameters as biomarkers for predicting treatment resistance,
which were used for model construction. Meanwhile, to facilitate
individualized assessment, Xiong et al.”’ integrated the Ki67
index and HER2 status with radiomic features to construct a
combined prediction model.

Johannet et al.'> developed two DCNN classifiers based on
pathological slides of melanoma: the Segmentation Classifier and
the Response Classifier. The Segmentation Classifier identifies
tumor, lymphocyte, and stromal tissue regions, eliminating the
need for manual annotation of the Regions of Interest by physi-
cians, thereby significantly saving time and reducing labor costs.
The Response Classifier predicts the responsiveness of melanoma
patients to immune checkpoint inhibitors based on pathological
images. This model overcomes limitations associated with time
and spatial heterogeneity that impede PD-L1 performance,
demonstrating consistent results across different scanner devices
analyzing Whole Slide Images. This has crucial implications for
clinical practice. Yanagisawa et al.>> employed cancer cell images
from two colorectal cancer cell lines to construct a CNN model,
predicting the drug resistance of colorectal cancer cells to the anti-
tumor drugs 5-fluorouracil and trifluridine. The model can be
applied to identify circulating tumor cells (CTCs), streamlining
the CTC sequence analysis process, which can facilitate a more
convenient determination of drug resistance in patients and pre-
sent promising clinical applications.

In conclusion, radiomics and pathomics data collection is often
more convenient than other omics, such as transcriptomics and
proteomics. It holds greater clinical value than predictive models
built on resistance data at the cellular level. However, in com-
parison, efficiently extracting image features can be more
challenging.

3. The modeling processes of Al

The scientists believed that computers could be used to accomplish
tasks such as decision-making, language interpretation and visual
perception, thus proposing the concept of AI’*. Samuel proposed
the concept of machine learning and described it as a method of
programming to enable computers to learn rules from experience’”.
Machine learning is an important branch of Al, primarily encom-
passing traditional machine learning algorithms and deep learning
algorithms represented by neural networks. Both of these types of
technologies have been extensively studied in the field of drug
resistance. Therefore, the Al discussed in this paper mainly focuses
on the application of these two types of technologies.

This section focuses on the modeling process of Al algorithms
in the paper, including Data collection, Algorithm selection, Data
preprocessing, Model training, and Performance evaluation, as
shown in Fig. 2.
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3.1. Data collection

The research on predicting drug sensitivity using Al algorithms
can be divided into two categories: using Al algorithms to predict
drug resistance in patients and using Al algorithms to predict drug
resistance of cell lines to one or multiple drugs.

In the first condition, the data are usually from patients with the
same cancer who use the same drug. The most common type of
input data is mRNA expression data®””°*’*  In addition to
mRNA expression data, the common input data include methyl-
ation level®, gene mutations®, protein expression” and the fea-
tures of CT or MRI?’*. To increase the accuracy of model, the
clinical data such as Tumor Node Metastasis stage, age and so on
were also often input as predictive factors combined with other
omics data.

In the second condition, the data for constructing algorithms
mainly is from the public database, such as Genomics of Drug
Sensitivity in Cancer (GDSC)’®, Cancer Cell Line Encyclopedia
(CCLE)’®, Cancer Therapeutics Response Portal (CTRP)"” and
NCI-60’%. The screening of NCI-60 anticancer drugs identifies
compounds with growth inhibitory or toxic effects on specific
tumor types, including cell line genomic, transcriptomic and
epigenomic, proteomics and metabonomics data. In addition to
NCI-60, proteomics and metabolomics data are also available in
the CCLE. CCLE and GDSC contain more abundant types of cell
lines than NCI-60, which is more convenient for finding anti-
cancer drug sensitivity biomarkers. However, the data included
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The main construction process of drug resistance predicted algorithm.

in CCLE and GDSC are obtained before the treatment. Comparing
with CCLE and GDSC, Connectivity map’® and the Library of
Integrated Network-Based Cellular Signatures™ were constructed
by perturbation-driven gene expression, which can find com-
pounds with similar perturbation-driven gene expression and is
beneficial to drug repurposing and the exploration of drug targets.
The data from xenografts or patients are also used to verify or
improve the algorithm in some of research.

3.2.  Algorithm selection

Selecting an appropriate algorithm is crucial for achieving high
robustness and accuracy performance. The choice of algorithm
primarily depends on factors such as the type of data being pro-
cessed, the size of the dataset, and the type of task. The existing
mainstream algorithms are mainly divided into two categories:
traditional machine learning algorithms and deep learning algo-
rithms represented by artificial neural networks. Traditional ma-
chine learning algorithms include logistic regression, linear
regression, decision tree (DT), K-nearest neighbors (KNN), and
SVM, among others. These algorithms are capable of handling
various data types such as images, sequences, or multimodal data,
and they have significant advantages, particularly in the analysis
of genomic and transcriptomic sequencing data. They have been
widely applied in tasks related to predicting anticancer drug re-
sponses. For example, Sinha et al.®' developed a precision
oncology prediction tool named “PERCEPTION” based on EN
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regression model, which can accurately capture the development
of drug resistance in lung cancer patients undergoing tyrosine
kinase inhibitor therapy. Traditional machine learning algorithms
are characterized by strong interpretability, fast analysis speeds,
and low computational resource requirements. However, they have
the drawback of relying on expert knowledge for manual feature
selection, which is a relatively complex process. Additionally,
their performance and generalization capabilities are limited.

Deep learning methods, represented by artificial neural net-
works, such as CNNs, recurrent neural networks (RNNs), and
transformers, have also demonstrated significant potential for
application in cancer drug resistance prediction tasks. Specifically,
CNN is a classic visual processing model that can autonomously
learn and extract both local and global features from images,
which are then utilized for various tasks such as classification and
prediction. RNN is a neural network architecture specifically
tailored for processing and predicting sequential data, rendering it
highly suitable for applications involving sequence data in fields
like genomics and transcriptomics. Transformer is currently a
popular neural network architecture based on the attention
mechanism. It has demonstrated superior performance compared
to architectures such as CNN and RNN in both sequence data and
image data domains, making it a mainstream algorithm for
analyzing multi-omics data. Compared to traditional machine
learning algorithms, deep learning boasts advantages such as
automatic feature extraction, end-to-end learning, and strong
generalization capabilities. However, it also has drawbacks
including high data requirements, substantial computational
resource consumption, and poor interpretability.

In existing research, it is common to use a combination of
multiple algorithms, which can be CNN combined with RNN or
Transformer, or Transformer combined with K-nearest neighbors,
etc. This approach aims to enhance model performance by inte-
grating the advantages of different algorithms. For instance,
Karampuri et al.*? developed a drug sensitivity and resistance
prediction model named ResisenseNet by integrating CNN and
RNN, which can effectively learn long-range and temporal pat-
terns from amino acid sequences and transcription factor data,
achieving a prediction accuracy of 0.9794.

3.3.  Data preprocessing

Dimension reduction is often needed before model training, which
can avoid the huge amount of calculation caused by dimension
disaster. In fact, with the increase of the number of variables in
fitting model, the measurement error tends to increase without
increasing the accuracy of the model. and when the data dimen-
sion is too high relative to the data sample size, over-fitting is
more likely to occur®®*. There are two ways to reduce dimen-
sionality called feature extraction and feature selection.

After determining the input features, data cleaning should also
be performed before training. In reality, training data often con-
tains missing values, duplicates, and errors, so sorting and cor-
recting the data is an essential part of the pre-training process. The
handling of missing data can significantly affect the accuracy of
the model. The simplest approach is to delete rows or columns
with a large number of missing values, but this can reduce the
number of samples or features, thereby impacting model fitting.
There are three types of missing data: completely random missing,
random deletion, and non-random deletion. When the third type of
missing data occurs, it may introduce significant bias into the
model. Therefore, when the data loss is less than 10%, we can

adopt the following methods for processing: one method is to
directly use the mean, mode, or median to fill in the missing data.
Another method is to use algorithms such as KNN, RF, or others
to estimate the missing values, allowing for the calculation of the
range or actual distribution of the specific features. The advantage
of this method is that it generates multiple estimates for the
missing values. However, this uncertainty is also incorporated into
the model building process®.

3.4. Model training

The training of Al models refers to the process of using a data-
driven approach to adjust the model’s parameters (such as weights
and biases in neural networks) to fit the distribution of the data,
with the goal of minimizing prediction errors or losses, thereby
enabling the model to make accurate judgments on new data.
Specifically, the parameters of AI models, represented by neural
networks, primarily consist of two components: hyperparameters
and the model’s weight parameters and bias parameters. During
the training process, the model’s weight parameters and bias pa-
rameters are adjusted by calculating the error between the pre-
dicted output of the model and the actual corresponding data
results, in order to improve the mode’s ability to fit the data.
Furthermore, hyperparameters refer to factors such as the learning
rate, batch size, number of training epochs, depth and width of the
network, loss function, optimizer, etc., which are preset manually
before the model training and are used to control the training
process of the model. The specific settings of hyperparameters
depend on the type and characteristics of the data and tasks. For
instance, the choice of batch size requires comprehensive
consideration of hardware resources and training efficiency. A
larger batch size can improve training efficiency but may result in
increased memory usage. Conversely, a smaller batch size allows
the model to adapt more flexibly to the data distribution, albeit at
the cost of potentially slower training speeds. The depth and width
of the model determine its complexity and expressive ability.
More complex models may possess stronger expressive capabil-
ities but are prone to overfitting, whereas simpler models may
suffer from underfitting. In practical applications, it is often
necessary to conduct experiments with multiple sets of different
hyperparameter values and observe the changes in model perfor-
mance in order to find the optimal combination of
hyperparameters.

3.5.  Performance evaluation

The evaluation indexes are different in the classification task and
the regression task. For the classification task, the common eval-
uation indicators are confusion matrix and ROC curve. The
confusion matrix includes four parts: True positive, True negative,
False negative, False positive. On this basis, it is extended some
other evaluated index like Accuracy, Precision, Recall, Specificity,
and F1 score.

Although Accuracy can reflect the performance of the model.
However, if the sample distribution is extremely uneven, the
performance of the model cannot be reflected by Accuracy alone.
For example, when 90% of the cell lines are drug-resistant, if the
model classifies all the cell lines as drug-resistant cell lines, the
Accuracy reaches 90%, but the actual model classification ability
is not good. The use of Precision can solve the problem, which can
better reflect the classification effect of the model and identify the
proportion of all the positive results. Moreover, there is a balance
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between Precision and Recall. Improving Precision often requires
the model to make positive predictions more cautiously, ensuring
that most of the samples predicted as positive are correct. How-
ever, this may also lead to missing some actual positives, thereby
reducing the recall rate. Similarly, increasing Recall rates also
reduces Precision. The F1 score can be seen as a weighted average
of the model’s precision and recall, which simultaneously con-
siders both the precision and recall of the classification model.

ROC curve is another commonly used performance evaluation
method when evaluating classification problems. The ROC curve
can reflect the prediction ability of the model, but there will be
some limitations in the fitting of unbalanced data sets. Precision-
Recall does not have the defect, which can reflect the relationship
between Precision and Recall under different thresholds. It is
convenient for researchers to measure the classification ability of
the classifier in unevenly distributed data.

When evaluating the model of regression problems, we often
use Mean Square Error (MSE), Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), Normalized Root Mean Square
Error (NRMSE), Coefficient of determination (R?), Pearson cor-
relation coefficient () and Spearman’s rank correlation coefficient
(Ry).

4. Al for anti-cancer drug response prediction

Al algorithms can analyze large-scale biological data to assist
researchers in identifying potential drug resistance biomarkers or
directly predicting the responsiveness to anticancer drugs. For
clinical doctors, Al algorithms can provide guidance for medica-
tion, improving the success rate of treatments. For pharmaceutical
companies, traditional drug resistance testing often consumes a
significant amount of time and resources, while Al algorithms can
make predictions in a shorter time, reducing costs and waiting
times. Additionally, Al can help researchers identify potential
drug resistance biomarkers, guiding the development of new
drugs. For patients, Al can assist doctors in accurately predicting a
patient’s resistance to different drugs based on the analysis of their
gene expression data and other biological information, enabling
personalized treatment plans. Through literature retrieval and
screening out based on topic, we found that existing documents
can be mainly categorized into two types. The first type directly
outputs drug resistance results through Al algorithms. The second
type uses Al algorithms to predict drug resistance by predicting
resistance biomarkers such as proteins and mRNA indirectly.

4.1. Al for drug resistance prediction

Numerous studies have been conducted to predict responses to
anti-cancer drugs based on either cell line or clinical data. Al
models based on cell line data typically utilize diverse cell lines
and drug information sourced from public databases. In contrast,
Al models based on clinical data often rely on data from patients
with a single type of cancer and information pertaining to a single
drug. Tables 4 and 5 provide an overview of some studies based on
cell line and clinical data, respectively.

4.1.1. Al models constructed based on cell line data

Most researchers use ensemble learning to complete the model
construction, which are combined with several different machine
learning algorithms. It can improve the prediction performance
and improve the classification accuracy.

Majumdar et al.** developed a novelty k-means ensemble
Support Vector Regression (SVR), which is a blend of supervised
and unsupervised learning methods. The prediction of drug
response was realized by the ensemble of clustering (PCA and
k-means clustering) and local regression. The study split the low-
dimensional data to k clusters and trained SVR models on each of
the different clusters respectively. Finally, the best output is
selected based on a scoring system related to the similarity of gene
expression profiles. The k-means ensemble SVR had the lowest
MSE, showing better performance than other common algorithms,
including LR, Back Propagation Neural network, SVR and
Quantile Regression Forest.

The ensemble learning algorithm developed by Sharma and
Rani is an optimized algorithm based on rotating forest™. In the
proposed technique, researchers obtained feature subsets from
original data and all feature subsets are transformed linearly using
PCA. The transformed feature subsets are input to the basic
learner for training. The basic learners are DT, NN and extreme
machine learning, which leads to better generalization and per-
formance than that only including DT. Compared with Kernelized
Bayesian Multi-task Learning KBMTL, EN, Scalable-Time Ridge
Estimator by Averaging of Models, NN and Vanilla RE, the
ensemble machine learning shows better predictive performance.

Tan et al.** proposed a staking method called ELDAP, which is
slightly different from above ensemble learning. The staking
method means individual predictions of a collection of models are
introduced as inputs to a second-level learning algorithm is an
extensively used technique for boosting prediction accuracy. In the
study, Tan et al. blended EN, KBMTL, NN and Pair SVR through
a stacking module. The staking method have lower MSE than
other any baseline learner when training the data from GDSC and
CCLE.

In addition to improving model prediction performance
through ensemble learning, researchers often use NN to construct
better models. NN simulates the working principle of the human
brain and deep learning is a kind of machine learning based on
deep neural networks (DNN). In essence, DNN is the optimization
of NN.

Ma et al.”™ proposed a cancer drug response prediction model
based on dual GCN, named DualGCN. This model consists of two
modules, namely Drug-GCN and Bio-GCN, both of which use
graph neural networks as their backbone. Specifically, Drug-GCN
takes the chemical structure information of drugs as input, treating
each drug as a graph where nodes represent drug atoms and edges
indicate connections between atoms, thereby effectively extracting
the intrinsic chemical properties of the drugs. Bio-GCN, on the
other hand, takes the genetic features of cancer samples as input,
treating each cancer sample as a graph where nodes represent
proteins (genes) and edges represent interactions between pro-
teins, thus effectively encoding the latent features of the genes.
Finally, the encoded features from the two modules are concate-
nated and input into a multilayer perceptron to obtain the response
of a given drug on a given cancer sample. DualGCN incorporates
prior knowledge on cancer-related genes and protein—protein in-
teractions while avoiding the use of large-scale single nucleotide
variant data, and its performance is superior to most state-of-the-
art methods.

Tang et al.”> constructed a pathway-based cancer drug sensi-
tivity prediction model named PathDSP, which is built upon a
fully connected neural network, taking two types of drug-related
features and three types of cell line-related features as input,
where the chemical data is processed using Morgan fingerprints,

3(C
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Table 4 The overview of studies based on cell line data for drug response prediction.
Study Backbone/Method Task Result
Mourragui et al.”’ EN Drug response prediction  \
Kim et al."” EN Drug resistance prediction AUC = 1.00; AUPCR = 1.00
Liu et al.”® SB Drug response prediction ~ AUC = 0.942, 0.791 (prostate cancer cell, breast cancer cell)
Mannheimer et al.”> SVR Drug sensitivity prediction r = 0.6074
Ma et al.** GCN Drug response prediction ~ RMSE = 1.079; r = 0.925; R, = 0.907
Tang et al.” FNN Drug sensitivity prediction RMSE = 0.35; MAE = 0.24; R® = 0.92; r = 0.96
Liu et al.”® RF; NN; LR Drug resistance prediction AUC = 0.998,0.997,0.991 (RF, LR, NN)
Ma et al.*’ RF Drug response prediction  \
Liu et al.”’ RF; LR; NN Drug resistance prediction AUC = 0.9542, 0.9884, 0.9976 (RF, LR, NN)
Mian et al.*! NN Drug sensitivity prediction \
Yanagisawa et al.”> CNN Drug resistance prediction TPR = 0.68; TNR = 0.76; ACC = 0.72

Majumdar et al.**

Sharma et al.*
Naulaerts et al.*
Choi et al.”’

Bazgir et al.”®
Chiu et al.*
Carroll et al.”’
Wang et al.*
Tan et al.*
Dorman et al
Menden et al.*
Chen et al.*’

144

Lee et al.*®

Sun et al.*’
Jia et al.”"
Wang et al.”!

Ensemble of

k-means; PCA; SVR

RF
XGBoost
NN and EN

CNN
NN
O-PLS
EN
KMTL
SVM
RF; NN
NN

NN
EN

RF; NN; SVM
GCN

Drug response prediction

Drug sensitivity prediction
Drug sensitivity prediction
Drug resistance prediction

Drug sensitivity prediction
Drug response prediction
Drug response prediction
Drug response prediction
Drug response prediction
Drug sensitivity prediction
Drug sensitivity prediction
Drug response prediction

Drug response prediction
Drug sensitivity prediction

Drug response prediction
Drug sensitivity prediction

MSE = 0.336, 0.307, 0.301,0.350, 0.450

MSE = 3.14, 0.414 (GDSC, CCLE)
R, > 025

AUC = 0.891,0.951; AUPRC = 0.932,0.958; ACC = 0.81,0.91
(GDSC, CCLE)

ACC = 0.754 (NCI-60); NRMSE = 0.414, r = 0.911 (GDSC)
MSE = 0.59(GDSC); MSE = 0.62(CCLE)

RMSE = 0.09

r = 0.59, 0.62 (CCLE, CTRP)

MSE = 3.305, 0.501, 0.556 (GDSC, CCLE), NCI-DREAM)

\

r = 0.85, 0.85; R = 0.72, 0.72; RMSE = 0.83, 0.84 (NN, RF)
AUC = 0.898; TNR = 0.899; PREC = 0.926; Recall = 0.899;

F1 = 0.892

AUC = 0.8939; AUPRC = 0.5906, ACC = 0.9137;
PREC = 0.6409

\

AUC = 0.875

R’ = 0.863; AUC = 0.858

ACC: accuracy; KMTL: Kernelized Multi-Task Learning; EN: Elastic Net; SB: Sparse Bayesian; SVR: Pairwise Support Vector Regression; NN:
Neural Network; RF: Random Forest; LR: Logistic Regression; CNN: Convolutional Neural Network; GCN: Graph convolutional networks; PCA:
principal component analysis; O-PLS: orthogonal partial least squares; AUC: area under curve; AUPCR: area under the Precision-Recall curve;
TNR: true negative rate; TPR: true positive rate; : Pearlman Correlation Coefficient; MSE: mean-square error; R,: Spearman correlation coefficient;
RMSE: root mean square error; R?: determination coefficient.

Table 5 The overview of studies based clinical data for drug response prediction.
Study Backbone/Method Task Result
Nam et al.>* XGBoost Drug response prediction P = 1.12e—4, 3.63e—4 (PFS, OS)
Yu et al.™ RF; SVM; Bagging; NBM Drug response prediction \
Yang et al.>® RF Drug resistance prediction AUC = 0.83; TPR = 0.889; TNR = 0.928;
ACC = 0913
Xiong et al.”’ MLR Drug sensitivity prediction AUC = 0.935
Johannet et al." CNN Drug response prediction AUC = 0.805
Yi et al.”® RF and SVM Drug resistance prediction AUC = 0.967
Buttarelli et al.”” RF Drug response prediction ACC = 0.93; Precision = 0.94

Abraham et al.®’

Lu et al.®!
Dercle et al.*

Ruffalo et al.*®
Herold et al.®*
Nasimian et al.®’
Kanda et al.®®

RF; SVM; NN; etc.

Drug response prediction

HR = 0.629, 0.483; P = 0.04, 0.02 (FOLFOX,
FOLFOXIRI)

SVM; RF; NN
RF

SVM, RF
Lasso
TabNet
CNN

Drug sensitivity prediction
Drug response prediction

Drug response prediction

Drug resistance prediction
Drug resistance prediction
Drug sensitivity prediction

AUC = 0.827, 0.877, 0.800 (SVM, RF, NN)

AUC = 0.80, 0.72; TPR = 0.80, 0.82; TNR = 0.78,
0.61 (FSHQ, FCSD)

AUC = 091

ACC = 0.77

ACC = 0.83; Precision = 0.84

ACC = 0.934; AUC = 0.979

ACC: accuracy; HR: hazard ratio, MLR: multivariable logistic regression; NBM: Naive Bayes Model; GBM: Gradient Boosting Machine; KNN:
K-Nearest Neighbor; DT: decision tree; Lasso: logistic regression; PFS: progression-free survival; OS: overall survival; TNR: true negative rate;
TPR: true positive rate; AUC: area under curve.
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while the cell line omics data is analyzed through pathway
enrichment. In the experiments, the data was standardized using
z-scores before being input into the model, and a ten-fold cross-
validation was conducted. Additionally, early stopping was
applied to avoid overfitting and ensure the robustness of the re-
sults. The experimental results demonstrate that PathDSP ad-
dresses the issues of high dimensionality and heterogeneity in the
data by mapping the data used in the task onto curated pathways.
Compared with the current state-of-the-art methods, this approach
achieves better performance, enhances the model’s generalization
ability across different datasets, and offers explanatory power at
the cancer pathway level beyond individual genes or mutations.
Yanagisawa et al.’” constructed a CNN based on the VGG16
model to predict drug response at the single-cell level. Interest-
ingly, it focused on circulating tumor cells entering cancer pa-
tients’ circulatory systems and realized the predictive goal by
training models based on phase-contrast images of colorectal cell
lines, DLD-1 and HCT-116. The accuracy of model is about 0.8.
Since circulating tumor cells in the patient’s blood can be
extracted for predicting drug reactivity, the algorithm is suitable
for clinical use.

Bazgir et al.*® present a feature representation approach termed
REFINED to arrange high-dimensional vectors in a compact image
form conducible for CNN-based deep learning. Different from
Yanagisawa et al., the training images are not obtained directly from
microscope. The feature map was generated by minimizing the
pairwise distance values following a Bayesian Metric Multidi-
mensional Scaling Approach from high-dimensional vectors,
making genomics and proteomics data can be used as the training
data of CNN in the form of two-dimensional images. CNN-based
deep learning has the advantages of automated feature extraction
and high-accuracy prediction. Comparing with two alternative
image generation methods: PCA representation and random pro-
jections and other machine learning algorithms: artificial NN, RF,
SVR, logistic regression, REFINED-CNN show the best predictive
performance in the NCI-60 cell lines.

RefDNN was developed by Choi et al.*” as a novel Reference
Drug-based Neural Network model for prediction of anticancer
drug response and identification of biomarkers related to drug
resistance, which requires a pair consisting of the molecular
structure data of a drug and gene expression profiles. RefDNN
combines EN with DNN. The EN algorithm used for calculating
high-dimensional gene expression data, which allows it to identify
the biomarker of drug resistance. In performance comparison, the
predictive performance of RefDNN is significantly better than the
three traditional machine learning models, such as KNN, Multi-
layer Perceptron, EN. However, RefDNN does not exceed the two
ensemble models XGBoost and RF in some metrics.

4.1.2. Al models constructed based on clinical data
The construction of Al algorithm for drug response based on
clinical data is faced with the difficult problem of data collection.
Existing studies usually need to collect patients’ data like genome,
epigenetics, clinical data. Because there is no large public data-
base with various omics data and drug resistance information of
patients, studies based on clinical data are usually faced with
problems that the datasets for construction are small and single.
RE%:60:6263 1 a550 Regression®, SVM®”* are frequently used in
the prediction of drug resistance.

Yi et al.”® include the radiomic texture features of CT images,
clinicopathological features and SNP features of 102 OC patients
in the study. The innovation of this method is that SVM was used

to score the two weak regressors for regression, and the classifi-
cation effect was better than that obtained by RF and Lasso alone.
Moreover, combined with multi-omics data, the model had a
higher AUC than that constructed only for gene-level character-
istics or radiomic data.

Abraham et al.® developed and validated a molecular signa-
ture predictive of efficacy of oxaliplatin-based chemotherapy
combined with bevacizumab in patients with mCRC. The algo-
rithm used for prediction is deliberative analytics (DEAN)
framework combing many Algorithms. Researchers take TTNT
(time-to-next treatment) into training and use Real Word Evidence
(RWE) including 412 patients receiving FOLFOX/bevacizumab
therapy. It can distinguish FOLFOX-treated mCRC patients with
increased benefit from those with decreased benefit.

Xiong et al.’’ proposed a combined model integrating MRI
image features and independent clinical data of 125 breast cancer
patients. First, for features of MRI images, Lasso regression was
selected for screening. Backward step-wise selection following the
Akaike’s information criterion was applied to select the optimal
variable dataset based on clinical characteristics. Finally, the
remaining variables of clinical data and MRI images features were
integrated into a multivariate logistic regression model. The AUC
of combined models was higher than that of models constructed
based solely on radiomic or clinical features, which is 0.986 in the
training cohort and 0.935 in the validation cohort.

Liu et al.”” construct a disease-specific driver signal network
based on genomic data from TCGA patients with prostate cancer.
Meanwhile, the drug resistance data of 16 prostate cancer cell
lines to Dasatinib collected by Wang et al*°. was used to construct
a network-based sparse Bayesian machine (NBSBM) algorithm by
combining a sparse Bayesian classifier with a Laplace graph.
Then, researchers used NBSBM to predict resistance to Tamoxifen
(GSE17705) in 103 breast cancer patients. Comparing the SVM
based recursive feature elimination classifier (SVM-RRFE) and
NBSVM, AUC of NBSBM reached almost 0.8 with better pre-
dictive performance.

Constrained by the size of the data, there are almost no studies
that build neural network algorithm models based on clinical data.
Researchers primarily improve algorithm performance by stacking
several layers of Al algorithms or using multiple Al algorithms in
parallel.

4.2. Al for drug resistance biomarker prediction

Al algorithms are used to predict resistance-related biomarkers,
thereby indirectly predicting drug responsiveness. P-glycoprotein,
MRP1 and BRCP are the most relevant ABC-transporters in
conferring a multidrug-resistance phenotype to cancer cells®’.
Zhong et al.*® proposed an integrated scheme for the simultaneous
treatment of both feature selection and parameter based on SVM
called GA-CG-SVM, which is used for identifying the substrates
and non-substrates of BCRP and perform better than C4.5 DT and
k-NN model. it presented 91.3% and 85.0% of overall accuracy in
the training and test set, respectively'. Gantner et al.** also pro-
posed a machine learning model for predicting BCRP substrates,
which have no requirement of preprocessing of the predicted
chemical structure. However, its overall accuracy is slightly lower
with 82% in training set and 74.5% in test set. Estrada-Tejedor and
Ecker used a modified algorithm based on Self-Organizing Maps
called CSOM, an unsupervised neural network, to predict
P-glycoprotein, MRP1 and BCRP substrates, which can solve the

problem of processing imbalanced data®”.
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Al algorithms can also be used to predict other molecular
related to drug resistance. For example, to MicroRNA, it regulates
gene expression in eukaryotes and prokaryotes and affect the anti-
cancer drug response. PDSM-LGCN, a light graph convolution
neural network for predicting drug sensitivity associated micro-
RNAs, can calculate the relationship between microRNA and
anticancer drugs sensitivity, which saves time and effort than
traditional bioinformatics methods. The AUC and AUPRC is
0.8872 and 0.9026, respectively. The core principle is to obtain
high-dimensional features of both parties and then reconstructed
the correlation relationship according to the eigenvalues’'.

Additionally, many researchers tend to detect biomarkers related
to drug resistance. Han et al.”” applied SVM algorithm to the
screening of serum biomarkers for predicting chemotherapy resis-
tance in small cell lung cancer, and they identified m/z 10468Da as
S100-A9 for separating the chemotherapy-resistance group from all
patients treated by cisplatin plus etoposide. Also, there was a ma-
chine learning algorithm developed by Shannon et al.”*, aiming at
identifying predictive molecular biomarkers for cisplatin chemo-
sensitivity following surgical resection in ovarian cancer. They
evaluated many algorithms and finally choose the GB with the
highest accuracy. Four potential biomarkers were obtained.
Different from them, Wu et al.”* first determined clear cell renal cell
carcinoma subtypes based on the expression of mRNA, miRNA and
IncRNA by using unsupervised learning, then they detected the
subtype specific biomarkers based on RE. Kim et al.”” conducted a
prospective phase II trial of ramucirumab plus paclitaxel as second-
line treatment in 62 patients with metastatic gastric cancer and
identified some transcriptomes, which are obviously upregulated in
non-responders and associated with angiogenesis, chemotaxis, and
VEGEF signals, enrichments of metabolism and sonic hedgehog
cellular pathways. Based on the analysis of somatic mutations on
patients with stage III colorectal cancer, Lin et al. constructed a
survival decision tree to divide patients into seven subtypes and
found that mutations in DNA damage response genes represent
promising biomarkers to assess the response of stage III colorectal
cancer patients to oxaliplatin-based chemotherapy. The study
considered the impact of tumor evolution through cancer evolu-
tionary tree because the genetic mutation order or co-occurring
genetic mutations are important in cancer biology”®.

These researches have boosted the detect for anti-cancer drug
biomarkers among multiple cancer patients and conducted pre-
liminary screening for biomarkers, which is benefit for the
research on drug resistance mechanism and clinical medication.
However, it is hard to interpret the result because the nature of Al
is black box, and lacking the rigorous experiments to verify the
drug resistance mechanism of biomarkers leads to less practical of
the screening results.

4.3. Al for compound—protein interaction prediction

Accurate prediction of compound—protein interactions can enable
researchers to rapidly screen for potential drug candidates and
optimize drug structures, which is of great significance in
advancing the development of personalized medicine. Traditional
laboratory validation methods are not only time-consuming and
labor-intensive but also costly. In recent years, significant progress
has been made in the application of Al methods in this field. The
DeepMind research team”’ has developed a model called
AlphaFold3, which is designed to predict the interactions and
structures between proteins and a wide range of other bio-
molecules. This model can predict the structures and interactions

of almost all biomolecules, including but not limited to proteins,
DNA, RNA, and small molecules, thereby presenting novel pos-
sibilities for drug design and disease treatment. Ni et al.”® have
developed a method based on knowledge graph technology to
analyze compound—protein interactions from perturbation tran-
scriptomics, which identifies ectonucleotide pyrophosphatase/
phosphodiesterase-1 as the target for the unique anti-tumor
immunotherapy effect of tankyrase inhibitor K-756 and dis-
covers five novel candidate drugs targeting the emerging cancer
therapeutic target aldehyde dehydrogenase 1B1, with a hit rate of
up to 10.2%. Cao et al.”” have proposed a novel geometric
diffusion network based on protein surfaces, named SurfDock,
which can generate reliable protein-ligand complex conformations
with high accuracy and has been successfully applied to structure-
based virtual screening. Tao et al.'” proposed an innovative
framework named BEACON, which enhances the accuracy of
compound—protein interaction predictions by bridging chemical
structures and conceptual knowledge. Extensive experiments
conducted on four datasets demonstrate that BEACON signifi-
cantly outperforms state-of-the-art baseline methods.

4.4.  Practical case studies

In recent years, several studies have been conducted to investigate
real-world applications of Al-based technology for predicting
drug responses. For instance, Yi et al.”® have developed a machine
learning model to predict platinum resistance in the treatment of
ovarian cancer. Their study retrospectively enrolled 102 OC pa-
tients from January 2006 to February 2018. In the validation
cohort, the model achieved an AUC of 0.967, demonstrating its
promising clinical application value. Buttarelli et al.”” employed
machine learning techniques to identify a novel gene signature
that accurately predicts the response to first-line chemotherapy in
patients with BRCA wild-type high-grade serous ovarian cancer,
providing a useful tool for personalized treatment modalities.
Dercle et al.®? conducted a retrospective analysis using radiomics
data based on machine learning methods to investigate the treat-
ment sensitivity in 667 patients with metastatic colorectal cancer
who were treated with irinotecan, 5-fluorouracil, and leucovorin
alone or in combination with cetuximab. The experimental results
revealed that radiomics data outperformed known biomarkers in
providing early prediction of treatment sensitivity and could be
used to guide decisions on the continuation or cessation of
cetuximab treatment. These Practical Case Studies reveal that Al-
based technology can accurately predict drug responses and
identify patient populations that can benefit from treatment, which
has important clinical significance for tailoring personalized
treatment plans for patients.

5. Clinical application barriers and solutions

Despite the notable clinical application advantages demonstrated
by Al-based prediction of cancer drug resistance, several obstacles
persist in its practical clinical deployment, primarily manifesting
in issues related to data, model performance, the inherent black-
box nature of Al, as well as legal and ethical concerns.
Large-scale high-quality data forms the cornerstone for
developing high-performance medical Al models. However, col-
lecting sufficient high-quality data in the medical field poses
significant challenges, primarily due to limitations in the dis-
cretized distribution of medical data, and inadequate data quality.
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Specifically, even within the same hospital or medical center,
medical data is dispersed across various information systems, such
as the Hospital Information System (HIS), Laboratory Information
System (LIS), and Picture Archiving and Communication System
(PACS). The lack of unified standards and interfaces among these
data systems makes it difficult to integrate and share data.
Furthermore, aggregating data from different medical centers
across countries or regions poses an even greater challenge.
Similarly, the quality of data is also a crucial factor restricting the
use of medical data. Some data may be subject to multiple noise
interferences from equipment and the environment during the
collection process, leading to issues such as data distortion.
Moreover, some data suffer from severe modality deficiencies,
challenging data integrity. To address these data issues, several
corresponding solutions have been proposed successively. For
instance, federated learning offers a solution to challenges such as
discrete distribution. This method enables various medical centers
to collaboratively train a shared machine learning model without
duplicating or transferring their data. Data generation techniques,
represented by generative adversarial networks (GANs), can
tackle issues like missing data modalities and distorted data
quality. These techniques generate entirely new data by learning
from the distribution of existing data. Furthermore, international
cooperation in establishing standards for data acquisition and
quality control, as well as actively building multicenter medical
big data repositories, are equally crucial solutions.

Secondly, the instability of Al model performance is one of the
key factors limiting its clinical application. The factors contrib-
uting to the differences in model performance are mainly man-
ifested in three aspects: algorithmic differences, data-specific
differences, and biological complexity. Specifically, different al-
gorithms have distinct design principles, which determine their
adaptability to different tasks. For example, the dual-layer graph
convolution structure of DualGCN** enhances cross-modal in-
formation fusion, giving it an advantage in multi-omics data
integration scenarios; PathDSP* focuses on the dynamic changes
of signaling pathways through RNN and attention mechanisms,
making it better at uncovering the temporal patterns of biological
processes. Additionally, the hyperparameter settings and optimi-
zation strategies (such as learning rate and loss function selection)
of algorithms can also lead to performance fluctuations. Further-
more, data collected from different medical centers or using
different devices and methods exhibit certain heterogeneity,
meaning there are differences in the distribution of feature data.
This results in the excellent performance of the model being
limited to specific datasets and lacking generalization across data
from diverse populations in different regions. Moreover, current
research often focuses solely on a single disease type, lacking
diverse data encompassing different diseases, populations, and
treatment stages, which leads to the lack of universal applicability
of model performance. Furthermore, biological complexity is also
a significant factor contributing to the differences in model per-
formance. Cancer drug resistance involves changes at multiple
levels, including genetic mutations, epigenetic modifications, al-
terations in protein expression, and metabolic reprogramming.
Different algorithms have varying abilities to capture and analyze
these complex factors, thereby affecting performance. On the
other hand, tumor heterogeneity is widespread, with different parts
and cellular subsets exhibiting distinct drug resistance mecha-
nisms. Additionally, the interaction between the tumor microen-
vironment and tumor cells adds to the complexity of drug
resistance, making it difficult for algorithms to accurately address,

ultimately leading to differences in performance. The performance
differences of the models in clinical settings can significantly
impact doctors’ ability to formulate precise treatment plans. When
the prediction error of drug sensitivity exceeds 10%, it may lead to
overtreatment (such as unnecessary chemotherapy) or under-
treatment. For example, if an anticancer drug response prediction
model reduces the predicted probability of an actually effective
patient from 85% to 70%, it may cause doctors to mistakenly opt
for conservative treatment. Currently, there are several solutions to
improve the stability of model performance. For example, feder-
ated learning can be employed to leverage diverse data from
multiple centers for distributed training, thereby reducing the
impact of data heterogeneity. Another approach is to use ensemble
learning, which combines the strengths of multiple algorithms to
enhance the robustness of the model. Additionally, regularization
techniques are used to constrain the complexity of the model and
improve its stability against data variations and noise, further
enhancing its robustness.

Then, the black-box nature of Al is also a significant factor
hindering the development of medical Al. Al models, exemplified
by deep learning, are trained in an end-to-end manner. This im-
plies that data is input into the model to directly obtain corre-
sponding results, but the reasons behind these results remain
unknown. The lack of interpretability in the decision-making
process of Al models often leads to distrust from doctors and
patients, which severely restricts the deployment and application
of Al models in clinical settings. In recent years, several methods
have been developed to improve the interpretability of Al models.
These include the interpretable heatmap method, which visualizes
model parameters to reveal the importance of different features in
the input data; the occlusion method, which assesses the impor-
tance of occluded parts to model decisions by observing changes
in model output when input data is folded or masked; and the
knowledge graph method, which represents data in a structured
knowledge format for model training. Furthermore, some excel-
lent interpretable deep learning frameworks have been proposed in
genomic research. For example, Li et al.'"”' constructed an inter-
pretable deep learning framework based on the graph attention
mechanism, which not only identifies key cancer genes but also
explains how these genes interact and their roles in cancer
development. Novakovsky et al.'> proposed an interpretable and
transparent neural network for genomics, which can predict
transcription factor binding sites, chromatin accessibility, and de
novo motifs. The predictions generated by it are transparent,
providing both global (at the cell state level) and local (at the
individual sequence level) biological insights into the data.

Finally, legal and ethical considerations are also pivotal factors
limiting the development of medical Al models, particularly in the
areas of data collection and model application. Data serves as the
foundation for Al models, yet medical data often contains private
information of patients, whose security is strictly regulated and
protected by both ethics and law. Consequently, the process of
collecting and using medical data must obtain approval from
regulatory agencies, secure informed consent from patients, un-
dergo rigorous data anonymization, and be stored in encrypted
format. These steps lead to a prolonged and more challenging data
collection process. Furthermore, the deployment and use of
medical Al models in clinical settings similarly require approval
from relevant regulatory agencies. For instance, in the United
States, medical Al needs to obtain approval from the FDA.
Additionally, there are still gaps in legal frameworks regarding the
delineation of responsibility for entities involved in Al-related
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medical accidents. To address ethical and legal obstacles, the
primary step should be to improve laws and related systems in this
field, clarifying the boundaries for the implementation of medical
Al At the same time, a comprehensive ethical review mechanism
should be established to conduct rigorous ethical reviews of
medical activities involving Al technology, ensuring that the use
of technology conforms to ethical principles. Additionally, tech-
nical means such as data encryption and de-identification can be
employed to protect patient-related information.
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