
Computational Molecular Biology 2025, Vol.15, No.3, 131-140
http://bioscipublisher.com/index.php/cmb

131

Research Insight Open Access

Genomic Biomarker Discovery for Drug Sensitivity Using Omics Data
Jiayi Wu, Keyan Fang
Traditional Chinese Medicine Research Center, Cuixi Academy of Biotechnology, Zhuji, 311800, China

Corresponding author: keyan.fang@cuixi.org
ComputationalMolecular Biology, 2025, Vol.15, No.3 doi: 10.5376/cmb.2025.15.0013
Received: 18 Mar., 2025
Accepted: 29 Apr., 2025
Published: 19 May, 2025
Copyright © 2025 Wu and Fang, This is an open access article published under the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.6
Preferred citation for this article:
Wu J.Y., and Fang K.Y., 2025, Genomic biomarker discovery for drug sensitivity using omics data, Computational Molecular Biology, 15(3): 131-140 (doi:
10.5376/cmb.2025.15.0013)

Abstract Drug sensitivity refers to the differences in the degree of response of different individuals or cells to drugs. Revealing its
molecular mechanism is crucial for achieving individualized and precise treatment. However, the average efficacy rate of the
anti-cancer drugs approved by the FDA among patients is only about 40%, indicating that the traditional "one-size-fits-all" treatment
model is difficult to meet the diverse needs of patients. The development of omics technology has made it possible to conduct a
global analysis of biomarkers related to drug responses. By integrating multi-level data such as genomics, transcriptomics, and
proteomics, genomic markers closely related to drug sensitivity can be systematically screened out, thereby predicting patients'
responses to specific drugs and guiding clinical medication. This study starts from the basic concepts and molecular mechanisms of
drug sensitivity, reviews the application of omics data in drug response research, methods and algorithms for genomic marker
screening, as well as common data resources, and conducts a case analysis of multi-omics marker screening taking the anti-cancer
drug EGFR inhibitor as an example, discussing the current challenges and limitations. Finally, the development direction of precise
drug response prediction driven by artificial intelligence is prospected. This study aims to provide a reference for mining drug
sensitivity biomarkers using omics data, promoting precision medicine and new drug development.
Keywords Drug sensitivity; Genomic markers; Omics integration; Individualized treatment; Bioinformatics

1 Introduction
The same anti-cancer drug, when applied to different people, often yields vastly different results. Some people
show remarkable therapeutic effects, while others have almost no reaction. The statistics are quite striking - even
for drugs approved by the FDA, the average effective rate is only around 40%, which means that more than half of
the patients may have suffered in vain. It's no wonder. Tumors, as a disease, are inherently complex, involving
genetic differences, tissue heterogeneity, metabolic status... Either of them can affect the efficacy of the medicine
(Creighton et al., 2013). Drug sensitivity, in essence, refers to whether a drug can exert its expected effect on a
specific person or cell. The problem is that such differences cannot be discernment based on experience; answers
have to be sought at the molecular level (Shaffer, 2022). If the key molecules that determine the drug response can
really be identified, doctors can tailor the prescription to the patient's condition before prescribing drugs, which
not only improves the therapeutic effect but also reduces the patient's suffering. This is precisely the core issue
that precision medicine aims to address.

The development speed of omics technology in recent years has almost kept people at a loss. In the past, when
studying drug responses, it was often done by checking each gene one by one. Nowadays, it is possible to observe
the changes of tens of thousands of genes at once, and even the expression patterns can be analyzed
simultaneously. Once the field of vision is broadened, there will naturally be more things to discover. Many new
markers have been unearthed under this kind of "panoramic scanning" (Guang et al., 2018). The more data there is,
the more complex the problem becomes. However, this has instead given rise to various algorithms - machine
learning and network analysis, all of which have come into play to dig out connections and find patterns from the
vast amount of data (Jung et al., 2021). Genome, transcriptome, proteome, metabolome... When these levels of
information are put together, we can see how drugs truly work and even identify the root causes behind drug
resistance (Sun et al., 2021). It can be said that current drug sensitivity research is almost inseparable from the
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support of omics technology. It is like a searchlight, helping researchers find those key points in the vast amount
of molecular information.

This article mainly aims to discuss how to use multi-omics data to identify genomic markers of drug sensitivity,
and also incidentally sort out the common research ideas and progress at present. Overall, it is divided into several
parts. First, let's clarify what drug sensitivity is and what the molecular mechanisms behind it are roughly like.
Then, let's talk about the role of genomic markers in predicting drug responses and how pharmacogenomics has
developed in recent years. Next, we will turn to the transcriptome, proteome, and metabolome levels to see what
value they can provide when studying drug responses and how multi-omics data can be integrated and analyzed.
The last part does not offer a summary but rather a outlook, discussing the potential of artificial intelligence in
predicting drug responses in the future, how omics and clinical data can be better combined, and the inspirations
these studies can bring to precision medicine and new drug development.

2 Theoretical Basis of Drug Sensitivity and Genomic Markers
2.1 Definition and molecular mechanism overview of drug sensitivity
Drug sensitivity, in essence, is about how strongly an organism or cell reacts to a certain drug concentration.
Some people calculate it using the half-maximal inhibitory concentration (IC50), while others look at the area of
the dose-response curve (AUC). Clinically, it is more intuitive, such as how much the tumor has shrunk and how
long it has been since the patient relapsed. There are too many links that can affect it, from how the drug enters
the cell to whether it can smoothly act on the target site after entering, all of which may go wrong. For instance, if
the transporter or metabolic enzyme is inefficient, the drug cannot get in. Once the target gene mutates, the
efficacy of the drug may be immediately reduced. What's even more troublesome is that tumor cells can "start
anew", such as opening up backup signaling pathways or repairing damaged DNA more quickly. Some simply
pump the drug out (like the exudation protein P-gp), or simply change their "personality" and undergo
epithelial-mesenchymal transition (EMT), becoming insensitive to several drugs. Overall, drug sensitivity is the
result of the combined action of multiple genes and pathways. To fully understand it, it is necessary to rely on the
integrated analysis of multiple omics.

2.2 The role of genomic markers in drug response prediction
Some patients respond particularly well to medication, while others show almost no reaction. Such differences
often need to be answered in genes. Genomic markers, in essence, are genetic characteristics that can predict a
person's response to a certain drug, such as gene mutations, copy number changes, different expression levels, or
single nucleotide polymorphisms. If doctors know this information before treatment, they can roughly determine
who is more likely to be sensitive to the drug and who may be resistant to it, thus avoiding detours (Wang et al.,
2008). There are many such cases in clinical practice - for instance, in patients with non-small cell lung cancer,
those with EGFR-sensitive mutations usually respond well to tyrosine kinase inhibitors (gefitinib, erlotinib).
However, if KRAS mutations occur in the tumor, such drugs are basically of no use (Martin et al., 2013). Genetic
mutations not only help doctors select the right drugs but also make the development of new drugs more precise.
Nowadays, many clinical trials screen patients in advance, selecting those who are more likely to respond (also
known as the enrichment strategy), which leads to a higher success rate. Overall, identifying and verifying these
genomic markers is the most crucial step for the implementation of precision medicine.

2.3 Development and application of pharmacogenomics
The discipline of pharmacogenomics was actually originally intended to figure out why the same drug has such
different effects on different people. Later, research became increasingly detailed, evolving from initially focusing
on individual genes to later being able to search for clues throughout the entire genome. Over the past two decades
or so, scientists have discovered many genetic markers related to drug efficacy or side effects, and some of them
have truly been incorporated into the hospital medication process. For instance, when it comes to the
antithrombotic drug clopidogrel, before prescriming the medication, doctors will check the patient's CYP2C19
genotype. For those with weak metabolic capacity, they either adjust the dosage or change the medication (Figure
1) (Angulo-Aguado et al., 2021). There are more and more such examples, which also provide doctors with
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clearer references and no longer rely solely on experience. Nowadays, many clinical guidelines include genetic
testing, which can be regarded as an important step in individualized medication (Lee et al., 2022). Of course,
reality is not so smooth either. The genetic differences among different groups of people, the unified standards for
detection technologies, and the acceptance of genetic testing by hospitals are all still under exploration. Despite
this, the emergence of pharmacogenomics has indeed transformed precision medicine from a concept into an
operational reality.

Figure 1 Allele and genotype frequencies. Data for allele and genotype frequencies of CYP2C19 are illustrated. (A) Allele frequency
and (B) genotype frequency (Adopted from Angulo-Aguado et al., 2021)

3 Application of Omics Data in Drug Sensitivity Studies
3.1 Transcriptomics and analysis of drug response gene expression profiles
When studying drug sensitivity, people often start with the transcriptome. Because changes in gene expression
often reveal the attitude of cells towards drugs. The difference is that some cell lines "surrender obediently" upon
encountering drugs, while others are almost unaffected. Researchers will compare the gene expression profiles of
these two types of samples to see which ones are up-regulated and which ones are down-regulated. For instance,
the drug-resistant group often activates the efflux pump or anti-apoptotic pathways, while the sensitive group
instead activates the genes related to the drug target at a higher level. Such differentially expressed genes were
later often used as potential markers to predict whether new samples would respond to drugs (Talwar and Carter,
2020). In addition to identifying differences, transcriptome data can also be used for model training - by
combining the expression data of different cell lines with IC50 values and using regression or classification
algorithms to calculate which genes best reflect drug efficacy (Mannheimer et al., 2016). Although it sounds
complicated, the core idea is actually very simple: let the gene expression map tell us the story of the drug. These
analysis results can not only help explain the mechanism but also provide clues for subsequent experiments and
clinical decisions.

3.2 The role of proteomics and metabolomics in the study of drug action mechanisms
When studying the mechanism of drugs, merely looking at genetic and transcriptional information is far from
enough. What really works is often at the protein and metabolic levels. Proteomics can directly observe which
proteins in cells are mobilized and which are modified, and the changes in pathways under different drug
treatments are clear at a glance. Sometimes, drug-resistant cells quietly activate key proteins in backup signaling
pathways or turn on the repair system more aggressively to evade drug attacks - all of which can be found as clues
in the proteome (Figure 2) (Fortuin and Soares, 2022). In contrast, the transcriptome is merely a "plan", while the
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proteome is more like a "construction site", where one can actually see what is happening. Looking at
metabolomics, it focuses on the changes of various small molecule products within cells, reflecting the energy and
material flow of cells. Once the sugar, amino acid and fat metabolism of tumor cells deviates, it often indicates the
signs of drug resistance. By comparing the metabolic profiles of sensitive and drug-resistant samples, researchers
can identify the abnormally activated pathways (Shajahan-Haq et al., 2015). Perhaps by intervening in these
pathways, the drug efficacy can be "salvaged". By combining the proteome and metabolome, the full picture of
drug effects can be depicted at the functional level.

Figure 2 Summary of data integration workflow combining proteomics and metabolomics data for a comprehensive understanding of
the biochemical alterations of pathogenic drug resistant bacteria (Adopted from Fortuin and Soares, 2022)

3.3 Multi-omics data integration strategy and bioinformatics analysis framework
When it comes to studying drug sensitivity, relying on a single type of data is often insufficient. There are various
theories at the levels of genes, transcription, proteins, and metabolism, but when taken together, the picture
becomes complete. There are several approaches to multi-omics integration. Some people prefer to "get started
early", standardizing different data first and then mixing them into a high-dimensional matrix and throwing it all
into the model at once (Liu and Mei, 2023). Some people are more cautious. They analyze each one separately
first and then piece together the results at the end. No matter which path it is, it cannot do without the support of a
complete set of bioinformatics tools. From data cleaning to feature screening, and then to modeling and
verification, every step must be meticulous. Old methods like principal component analysis, co-clustering, and
network analysis are still effective and can uncover commonalities and complementary information among
different omics. There is a more systematic approach - mapping multi-omics data onto the same molecular
network, allowing genes, proteins, and metabolites to "match" in pathways. This makes it easier to identify
functional modules related to drug responses (Oh et al., 2020). Finally, pathway enrichment is used for
verification, which also makes it convenient to explain exactly what these markers mean.

4 Methods and Algorithms for Screening Genomic Markers
4.1 Single-omics feature selection and statistical analysis methods
When studying drug sensitivity, many people initially start with single-omics data for the sake of intuitiveness. A
common practice is to first separate the drug sensitivity and resistance samples into two groups to see which
molecular features are significantly different on both sides - the old methods such as t-test and chi-square test are
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still effective. Sometimes, the correlation between gene expression levels or mutation frequencies and the IC50 of
drugs is also calculated to identify possible markers. In terms of models, linear regression is the most commonly
used one. Although it is simple, the results are clear and easy to explain. To prevent the model from being
distorted due to "learning too much", researchers usually add regularization penalties to make the results more
stable. Overall, although these basic methods are simple, they are important starting points for screening markers
(Nguyen et al., 2016).

4.2 Multi-omics integrated analysis based on machine learning and artificial intelligence
In recent years, the advancement of algorithms has made machine learning and artificial intelligence almost
standard in multi-omics analysis. Researchers are no longer content with the set of linear relationships; instead,
they are more eager to capture those complex and elusive nonlinear patterns. Deep learning has its advantages.
Data from different omics can be processed separately and then "converged" at the middle layer to extract more
comprehensive features (Tan et al., 2020). Some people prefer ensemble learning, which combines models trained
for different omics, and the results are often more stable (Yang et al., 2022). One study did it this way: by
integrating gene expression, mutation and copy number data into a Stacking model, the accuracy of predicting
drug sensitivity directly increased. Of course, such methods are not omnipotent. However, on the whole,
multi-omics models are indeed more reliable than single-omics models and have greater reference value for
clinical decision-making.

4.3 Application of biological networks and systems biology methods in marker recognition
When it comes to studying drug responses, looking at just a few genes is often insufficient. Systems biology
places more emphasis on the "sense of the whole". It attempts to weave the relationships among molecules such as
genes, proteins, and drugs into a web, and identify the truly crucial nodes or modules from the network structure.
Some people use protein-protein interaction networks, while others conduct gene co-expression analysis
(Zogopoulos et al., 2022). Their approaches are different, but their goals are similar - to identify those factors that
are at the "hub" position in the network and may dominate drug responses. Sometimes, the results also need to be
combined with pathway enrichment analysis, placing candidate genes in known biological pathways for
comparison. This can make their functional roles clearer and also make the model's explanation more intuitive
(Zhang et al., 2018). Overall, this type of network method enables people to understand the underlying logic of
drug effects from a more systematic perspective.

5 Data Sources and Database Resources
5.1 Comparison and application of drug sensitivity datasets (such as CCLE, GDSC, NCI-60)
Most people studying drug sensitivity cannot avoid several commonly used databases. The most famous one is
probably CCLE, which collected approximately a thousand cancer cell lines. It not only contains genomic
information but also multi-omics and drug response data. The GDSC developed by the Sanger Institute in the UK
is also frequently mentioned. Currently, it has collected nearly 700 cell lines and tested their responses to over 100
types of anti-cancer drugs. It is regarded as one of the largest drug sensitivity databases. Its focus lies in analyzing
drug efficacy data together with information such as gene mutations and copy number changes, from which
molecular clues that may affect drug responses are unearthed (Reinhold et al., 2015). A little further back, NCI-60
can be regarded as a "senior". Although it only contains sixty cell lines, it covers over a thousand compounds and
remains an important reference for the study of traditional chemotherapy drugs to this day (Takamatsu and
Matsumura, 2023).

5.2 Integration and utilization of public omics databases (such as TCGA, GEO)
Most people who conduct drug response research cannot do without those large cancer databases. TCGA is a
representative among them. It not only contains the genomic and transcriptomic data of the patient's tumor, but
also the corresponding clinical information, which can be used to analyze which molecular features may affect the
therapeutic effect. Some researchers will match these patient data with the drug sensitivity information of cell
lines to infer which drugs the patients might be more sensitive to. For instance, the R package pRRophetic
combines the gene expression profile of GDSC with the tumor data of TCGA, and uses the ridge regression model
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to predict the IC50 value of the drug, helping doctors make a rough judgment before treatment (Clayton et al.,
2020). Of course, TCGA is not the only source. Public databases like GEO also store a large amount of
transcriptome data, which can be used not only to validate new markers but also to train predictive models, and
are equally convenient to use (Wang et al., 2023).

5.3 Issues regarding data standardization and repeatability
When the data of multi-source omics are combined, problems also arise. Due to different experimental conditions
and the mixture of batch effects, the analysis results often do not match. Even in different drug sensitivity
databases, the test results of the same drug can vary greatly, and this situation is not uncommon. To make the data
more reliable, we must first start from the source - the experimental process, data processing, and standardization.
Each link should be as unified as possible. Even if the result looks very good, it still needs to be tried again in an
independent queue to verify whether it can be reproduced; otherwise, it is hard to say how reliable it is (Moossavi
et al., 2020). Nowadays, many teams are making efforts in this regard, unifying the analysis process and
promoting data sharing, hoping to make drug sensitivity studies more stable and comparable (Sinke et al., 2021).

6 Case Study
6.1 Case selection: anti-cancer drug sensitivity analysis based on GDSC and TCGA
Here, we take EGFR-targeted therapy for lung cancer as an example. Let's start with the GDSC database, pick out
the genomic markers related to EGFR-TKI drug sensitivity, and then see if these markers "make sense" in real
patients. The specific approach is to take the screened candidate genes into the TCGA lung adenocarcinoma data
for verification to see if there is a consistent trend between them and clinical efficacy (Huang et al., 2018; Cheng
et al., 2020). In this way, not only can clues be found at the cell line level, but also the reliability of the results can
be tested with patient data.

6.2 Multi-omics feature screening process and identification of key markers
After analysis, the result is quite interesting. Sensitive mutations of EGFR only occur in those cell lines that
respond well to drugs, while the drug-resistant batch often carries driver mutations such as KRAS (Ohashi et al.,
2012). In addition, drug-resistant cells also exhibit distinct EMT characteristics, with different forms and
expression patterns. Piecing together these multi-omics clues reveals a more complete picture - different mutation
backgrounds and transcriptional states seem to be jointly shaping the differences in cells' responses to EGFR-Tkis
(Yamaguchi et al., 2012).

6.3 Verification and clinical correlation analysis: taking EGFR mutation and TKI response as an example
Clinical data also confirm this point. Lung cancer patients with EGFR mutations often have a much more obvious
response after using EGFR-TKI than those with wild-type EGFR-TKI, and the difference in therapeutic effect is
obvious at a glance (Mitsudomi et al., 2006; Li et al., 2010). For this reason, nowadays, doctors basically conduct
EGFR gene testing before formulating treatment plans for patients with advanced lung adenocarcinoma. This step
has become a routine operation. Without clarifying the mutation situation, it is often difficult to even choose the
right medicine.

7 Challenges and Limitations
7.1 Heterogeneity and high-dimensional feature issues of multi-omics data
Multi-omics data may seem rich in information, but there are also many problems. The noise brought by different
platforms and batches often overshadows the truly meaningful signals, resulting in a chaotic analysis (Liu and
Park, 2024). Moreover, when there are many features and few samples, if the model is not careful, it will "learn
off course" and overfit may occur (Hu et al., 2022). At such times, the data must be sorted out first -
standardization, feature screening, and dimensionality reduction. None of these steps can be omitted. Only by
suppressing the redundancy and noise can the subsequent models remain stable.

7.2 Obstacles to model interpretability and clinical translability
No matter how accurate many models are, doctors are still reluctant to believe them directly. The main reason is
that it's too complicated to understand and explain clearly. Nowadays, some research is seeking ways to make



Computational Molecular Biology 2025, Vol.15, No.3, 131-140
http://bioscipublisher.com/index.php/cmb

137

models "speak human language", such as using simpler algorithms or adding interpretation tools like SHAP,
allowing people to see exactly how much effect each feature plays (Zeng et al., 2024). Even so, to truly enter
clinical practice, several hurdles still need to be overcome - the model must be verified in clinical trials, and the
detection of markers cannot be too complicated (Baek et al., 2024). Otherwise, even the smartest model may only
remain at the research stage.

7.3 Data sharing, privacy protection and ethical issues
The genomic and clinical data of patients are indeed a "gold mine" for scientific research, but problems also arise
- privacy, ethics, and regulation - none of which can be avoided. Regulations in all countries are very strict, and it
is almost impossible to freely use these data. Some people have proposed controlled sharing, while others have
attempted federated learning, hoping to strike a balance between "opening" and "preventing" (Calvino et al., 2024;
Chandrashekar et al., 2024). What researchers can do is to advance their work as much as possible under the
premise of adhering to the ethical bottom line, making the data valuable while also ensuring that patients' rights
and interests are not infringed upon.

8 Future Outlook and Conclusions
Looking ahead, the weight of artificial intelligence in drug response prediction will only become increasingly
significant. The more data there is and the stronger the computing power, the more detailed and accurate the
model will be trained. However, nowadays people no longer merely pursue "accuracy", but also want models to
explain "why" clearly. Thus, the integration of interpretability and biological knowledge has become a new
direction. On the other hand, multimodal fusion is also on the rise - not only looking at genetic or transcriptional
information, but also taking into account the patient's clinical indicators and imaging data to piece together a more
complete "digital patient". This integration approach might enable AI to truly understand individual differences,
thereby being closer to reality when predicting drug responses. When these technologies mature, perhaps precise
medication will no longer be the goal but will become a habit.

In the future medical scene, it is likely that it will not be as simple as just looking at medical records and images.
The patient information in the hands of doctors may also carry a complete set of genomic sequencing results,
transcriptional profiling data, and even real-time monitored molecular changes. As hospitals accumulate more and
more such comprehensive data, the boundary between clinical practice and omics will become blurred. Imagine a
system that can simultaneously understand molecular-level features and, in combination with the patient's clinical
condition, judge drug responses. This "clinical-omics integration" decision-making approach is much more
precise than the past empirical speculation. The emergence of liquid biopsy has also made dynamic adjustment
treatment a reality. In the future, multi-center collaboration and data sharing may make these systems smarter and
smarter as they are used. At that time, doctors did not rely solely on intuition but had a complete set of intelligent
tools behind them to support them.

The most fundamental goal of precision medicine is to ensure that the right medicine is used for the right people.
Biomarker screening serves precisely this purpose - it can inform doctors in advance who is more likely to benefit
and who is at greater risk. EGFR mutations in lung cancer are a typical example, transforming targeted therapy
from an attempt into a precise strike. For pharmaceutical companies, such markers are equally crucial. New drug
trials no longer involve blind submissions but first identify potentially sensitive patient groups to increase success
rates and shorten approval cycles. The drug resistance mechanisms revealed by multi-omics studies are also
constantly providing new directions for new drugs. For instance, osimertinib was developed to address the drug
resistance of EGFR T790M mutations. In the future, biomarkers will no longer be regarded as "add-ons" in new
drug development, but will be incorporated into the design from the very beginning. When drugs and biomarkers
appear in pairs, the development efficiency will naturally be higher.
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