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Abstract: Single-cell RNA sequencing (scRNA-seq) has transformed precision oncology by allowing for high-
resolution transcriptome investigation at the individual cell level. Unlike bulk RNA sequencing, which yields 
averaged gene expression data, scRNA-seq exposes cellular heterogeneity inside tumors, detecting rare cancer 
subpopulations, stem-like cells, and drug-resistant clones. This skill has major implications for tumor drug 
discovery, enabling researchers to identify new therapeutic targets, anticipate patient-specific medication 
responses, and devise more accurate treatment plans. Furthermore, scRNA-seq allows for a better knowledge of 
tumor microenvironment interactions, revealing information on the roles of immune and stromal cells in cancer 
growth and therapeutic resistance. Recent advances in scRNA-seq technologies, including as droplet-based 
sequencing systems and spatial transcriptomics, have increased their usefulness in oncology research. Droplet-
based technologies allow scientists to study tumor differences in much greater detail than ever before, utilizing 
platforms created by 10× Genomics and Drop-seq, which allow the high-throughput collection and barcoding of 
thousands of individual cells. These systems enable researchers to find rare cell groups that are frequently 
undetectable with bulk RNA-seq, specifically, cancer stem cells or drug-resistant clones. Spatial transcriptomics, 
on the other hand, maps different cellular subpopulations directly within the tumor microenvironment by fusing 
tissue architecture and gene expression profiling. Understanding cancer growth and treatment resistance requires 
knowledge of immune infiltration patterns, cell-cell interactions, and tumor evolution dynamics, all of which are 
crucially revealed by this technique. All of these developments have combined to make scRNA-seq an effective 
tool for identifying new biomarkers, predicting treatment outcomes, and directing the creation of precision 
oncology plans. Furthermore, the combination of artificial intelligence (AI) and machine learning has improved 
the interpretation of scRNA-seq datasets, allowing for the discovery of major oncogenic pathways and possible 
therapeutic candidates. Despite its transformative promise, scRNA-seq faces significant barriers to widespread use 
in clinical cancer, including high sequencing costs, technical constraints in single-cell isolation, and the complexity 
of bioinformatics analysis. This study investigates the present applications of scRNA-seq in tumor drug discovery, 
focusing on recent advances in discovering druggable targets, tracking tumor progression, and overcoming 
therapeutic resistance. We also highlight new tactics for overcoming current difficulties, including as 
advancements in multi-omics integration and computational modeling. As scRNA-seq advances, it is predicted to 
play a critical role in bringing precision oncology into clinical practice, ultimately improving cancer treatment 
outcomes through more effective and tailored therapeutic interventions. 
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1. Background 

Cancer research has experienced a dramatic transition since the introduction of single-cell RNA sequencing 
(scRNA-seq) technology. This sophisticated technology has given researchers unparalleled insights into the 
genetic diversity and complexity of cancer cells, paving the path for advances in precision oncology treatment 
development [1,2]. Precision oncology is a tailored approach to cancer therapy that tailors medicines to the genetic 
and molecular characteristics of a patient’s tumor. This is critical for customized medicine because it enables for the 
development of specific therapies that are more successful and have fewer negative effects than standard, one-size-fits-
all treatments [3,4]. Precision oncology uses insights from single-cell RNA sequencing to identify specific genetic 
abnormalities inside a patient’s cancer cells, allowing for the selection of the most appropriate and effective therapy [5]. 
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While bulk RNA sequencing and conventional drug screening in tumors have proven useful, they are 
restricted in their ability to capture the full complexity and heterogeneity of cancer cells. Bulk sequencing averages 
a population’s gene expression profiles, hiding important variations between individual cells. Similarly, traditional 
drug screening in bulk tumor samples fails to account for the varied subpopulations of cells within a tumor, 
potentially excluding viable medicines that target specific cell types [6]. In contrast, single-cell RNA sequencing 
provides a high-resolution view of the genetic and transcriptional landscape of individual cancer cells, allowing 
for the identification of uncommon, drug-resistant cell subsets and the development of more customized, 
successful therapies [2,7]. This innovation in cancer research has paved the door for more tailored and effective 
treatment development, resulting in better patient outcomes and quality of life. 

Single-cell RNA sequencing is a powerful approach for analyzing gene expression levels in individual cells, 
offering previously unknown insights into cancer cells’ genetic diversity and complexity [8]. This groundbreaking 
technology has transformed cancer research, allowing for the discovery of distinct genetic abnormalities inside a 
patient’s cancer cells and the development of more customized and effective medicines, ultimately enhancing 
patient outcomes and quality of life. Despite this, tumor heterogeneity is a major problem in oncology since it 
affects drug resistance and calls for sophisticated therapeutic intervention techniques [9]. The innate genetic and 
phenotypic diversity of cells within a single tumor makes precision cancer treatments less successful and 
frequently results in the selection and enrichment of drug-resistant subclones [10,11]. Therefore, it is essential to 
comprehend the intricate molecular processes causing this variability in order to create methods that effectively 
overcome therapeutic resistance and enhance patient outcomes [12]. A potent method for analyzing this 
heterogeneity is single-cell RNA sequencing (scRNA-seq), which makes it possible to find new treatment targets 
and create plans to counteract medication resistance [13]. 

Even though scRNA-seq analysis has advanced significantly, some issues still exist that need more research. 
Clustering, which is essential for describing cellular heterogeneity, locating uncommon cell types, and examining 
cell–cell interactions, is one such difficulty [14]. Another significant issue is data sparsity, which reduces the 
accuracy of downstream analysis like clustering and trajectory inference since a significant amount of the gene–cell 
expression matrix comprises zeros as a result of either technological dropouts or real biological absence [15]. 
Batch effects, or non-biological differences introduced during sample preparation or sequencing, are another major 
problem. They frequently cause biologically comparable cells to cluster apart, leading to inaccurate interpretations 
of cell diversity [15]. Addressing these challenges will be critical for accurate identification of cell types, rare 
populations, and for translating scRNA-seq findings into clinical applications. 

This review will look at how single-cell RNA sequencing has transformed cancer research by allowing the 
identification of unique genetic aberrations within a patient’s cancer cells. This has facilitated the development of 
more personalized and effective therapies. 

2. Overview of Single-Cell RNA Sequencing Technology 

Single-cell RNA sequencing (scRNA-seq) is an advanced genomic technology that allows for the 
investigation of gene expression levels in individual cells. This method involves isolating individual cells, 
extracting and sequencing their RNA content, and then evaluating the results to provide insight into the genetic 
diversity and transcriptional patterns of distinct cell types within a sample [16,17]. The procedure for single-cell 
RNA sequencing (scRNA-seq) includes sample preparation, cell isolation, sequencing, and data interpretation. 
The sample is first prepared by separating the tissue into a single-cell solution. Individual cells are subsequently 
isolated, commonly utilizing microfluidic devices or fluorescence-activated cell sorting. Next, each cell’s RNA is 
harvested and transformed into a sequencing library [18]. High-throughput sequencing is performed on these 
libraries, resulting in massive volumes of gene expression data for individual cells [19]. Finally, bioinformatic 
analysis of single-cell RNA sequencing data enables the identification of discrete cell subpopulations and gene 
expression patterns, offering a level of clarity and depth unavailable with bulk RNA sequencing. 

Bulk RNA sequencing averages gene expression levels over a population of cells, hiding important variations 
between individual cells [20]. In contrast, single-cell RNA sequencing allows researchers to characterize cellular 
heterogeneity within a sample, allowing them to identify rare cell types and subpopulations that may be critical 
for disease development and therapy response [21,22]. 

The discipline of single-cell RNA sequencing (scRNA-seq) has made remarkable progress in recent years, 
thanks to the development of numerous platforms and technologies that have transformed the way we research 
cellular heterogeneity. Some of the major platforms utilized for scRNA-seq include Table 1 [23]: 
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1. 10× Genomics: This platform utilizes microfluidics to capture and barcode individual cells, enabling the 
analysis of thousands of cells in a single experiment. 

2. Smart-seq: This method uses a template-switching approach to generate full-length cDNA from single cells, 
providing comprehensive transcriptome coverage. 

3. Drop-seq: This platform employs a droplet-based system to encapsulate single cells and perform barcoded 
RNA sequencing. 

4. InDrop: This microfluidic-based technique enables the capture and analysis of individual cells in nanoliter-
scale droplets. 

5. Fluidigm C1: This system uses an integrated fluidic circuit to isolate and process individual cells for scRNA-seq. 
6. Seq-Well: This platform utilizes a simple and scalable microwell-based approach for scRNA-seq. 
7. BD Rhapsody: This system combines microfluidics and molecular barcoding to enable high-throughput 

scRNA-seq analysis. 
8. Chromium: Developed by 10× Genomics, this platform utilizes a microfluidic-based approach to capture and 

barcode individual cells. 

Table 1. Comparison of different single cell RNA-sequencing technologies. 

Platforms Targets RNA 
Type Isolation Cell Number Amplification Transcript  

Region UMI Advantage References 

10× 
Genomics 

No poly(A) 
minus RNA 

detection 
Microdroplets <105 PCR 3’ end Yes 

cost-effective per cell, well-
established computational pipelines, 
excellent for capturing cell diversity 

[24] 

Smart-seq - FACS 104 PCR Full length No 

Full-length transcript coverage,  
high sensitivity for low RNA content 

cells, excellent for isoform and 
splicing analysis. 

[25] 

InDrop 
No poly(A) 
minus RNA 

detection 
Microdroplets <105 In-Vitro 

Transcription 3’ end Yes 
Flexible barcoding design, high cell 
capture efficiency, good for custom 

experimental designs. 
[26] 

Fluidigm 
C1 

No poly(A) 
minus RNA 

detection 
Microfluidic 104 PCR Full 

Length No 

Precise single-cell capture and 
imaging, allows selection of high-
quality cells, excellent for small-

scale, high-quality studies. 

[27] 

Seq-Well 
No poly(A) 
minus RNA 

detection 
Microfluidic <105 PCR 3’ end Yes 

Portable, low-cost platform, 
compatible with fragile or frozen 
samples, good for low-resource 

settings. 

[28] 

BD 
Rhapsody - Microfluidic 104 PCR 3’ end Yes 

High reproducibility, robust targeted 
gene expression profiling, integrated 
workflow from capture to analysis. 

[29] 

Chromium - Microfluidic Large number 
of Cells PCR 3’ end Yes 

Standardized workflow with strong 
bioinformatics support, Excellent for 

tumor heterogeneity, immune 
profiling, and drug discovery 

research, High reproducibility and 
low technical variability. 

[30] 

Abbreviations: FACS, fluorescence-activated cell sorting; PCR, polymerase chain reaction; UMI, unique molecular identifier; 
No poly(A) minus RNA detection, cannot detect RNAs without poly(A) tails, such as many non-coding RNAs and only 
captures poly(A)⁺ RNAs like most messenger RNAs (mRNAs). 

These advances in scRNA-seq technology have given researchers new insights into cancer cells’ genomic 
diversity and complexity, paving the way for more tailored and effective precision oncology treatment development. 

2.1. Role of scRNA-seq in Understanding Tumor Heterogeneity 

A significant barrier in cancer research is the tremendous heterogeneity exhibited within tumors, where 
individual cancer cells might exhibit distinct genetic and transcriptional profiles [2,17,31]. 

2.2. Tumor Heterogeneity & Cancer Evolution 

Traditional bulk RNA sequencing approaches are limited in their capacity to capture the full degree of this 
variability since they provide an average gene expression profile across a population of cells [32]. Cancer cell is 
extremely heterogeneous, which means that individual cancer cells within a tumor might have different genetic 
and molecular profiles. This is owing to cancer cells’ fast and uncontrolled division, which can result in the 
accumulation of genetic mutations and epigenetic alterations over time. As the tumor progresses, several 
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subpopulations of cancer cells form, each with the potential to respond differently to treatment [33]. Tumor 
heterogeneity is a significant obstacle in cancer therapy because it can lead to drug resistance, which occurs when 
some cancer cells are able to evade the effects of a specific medicine or treatment. Understanding and addressing 
this heterogeneity is critical for developing more effective and tailored cancer treatments [34]. 

2.3. Identification of Cancer Cell Subpopulations 

Single-cell RNA sequencing (scRNA-seq) is an effective method for detecting and characterizing various 
subpopulations of cells inside a tumor. This approach can assist distinguish between cancer stem cells, immune 
cells, and any resistant clones that may exist [35]. Cancer stem cells are a tiny subset of cells in a tumor that may 
self-renew and specialize into the many cell types that make up the majority of the tumor. scRNA-seq enables 
researchers to detect these rare CSCs and comprehend their distinct transcriptional profiles, which can aid in the 
development of targeted therapeutics [36]. 

Similarly, scRNA-seq can assist identify the presence and features of immune cells in the tumor 
microenvironment, including T cells, B cells, and myeloid cells. This knowledge is critical for understanding the 
tumor’s immune landscape and developing immunotherapies that can effectively target the disease [37]. Finally, 
scRNA-seq can detect the presence of resistant clones, which are cancer cells that have developed ways to dodge 
the effects of specific treatments. By identifying these resistant subpopulations, researchers can devise tactics to 
combat medication resistance and enhance patient outcomes [38]. 

2.4. Spatial Transcriptomics & Tumor Microenvironment 

When single-cell RNA sequencing is paired with spatial transcriptomics, it becomes a useful tool for 
understanding the complicated interactions between cancer cells and their microenvironments. Spatial 
transcriptomics allows for the localization of gene expression profiles to specific regions inside a tumor, revealing 
spatial organization and communication between distinct cell types [39]. By combining scRNA-seq data with 
geographical information, researchers can learn how the tumor microenvironment, which includes immune cells, 
stromal cells, and extracellular matrix components, influences the behavior and phenotype of individual cancer 
cells. The geographical and functional context is critical for identifying important signaling pathways and cell-cell 
interactions that govern tumor growth and treatment response [40]. The combination of single-cell resolution and 
spatial information allows for a more comprehensive understanding of the tumor ecology, resulting in the creation 
of more effective and tailored cancer therapies [13]. 

3. scRNA-seq in Tumor Drug Discovery & Target Identification 

3.1. Discovering Novel Drug Targets 

Single-cell RNA sequencing (scRNA-seq) has emerged as a transformational method for discovering new 
cancer therapeutic targets by identifying oncogenic pathways and signaling networks in the varied tumor 
landscape. By evaluating the transcriptional patterns of individual cancer cells, scRNA-seq can show the activation 
of specific signaling cascades, the presence of rare but potentially targetable cell subpopulations, and the intricate 
connections between cancer cells and their environment [41]. This high-resolution, single-cell knowledge enables 
researchers to identify important drivers of tumor growth, metastasis, and treatment resistance, ultimately leading 
to the creation of more effective and customized cancer medicines [42,43]. 

3.2. Predicting Drug Response 

Single-cell RNA sequencing data can also be used to predict which patients would respond to certain 
medications. By examining the transcriptional patterns of individual cancer cells, researchers can find genetic 
signatures or biomarkers linked with treatment susceptibility or resistance [5]. This data can then be utilized to 
stratify patient populations and determine the best treatment for each person, which is a basic principle of precision 
oncology. Furthermore, scRNA-seq can assist identify the processes behind medication response, allowing for the 
development of more effective combination therapies capable of overcoming resistance [44]. Integrating scRNA-
seq data with clinical results allows researchers to create prediction models that guide the selection of optimal drug 
regimens for each patient, thereby enhancing treatment efficacy and patient outcomes [45]. Using scRNA-seq data 
to predict treatment response and resistance is a critical application for improving precision oncology [46]. 
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3.3. Case Studies 

Single-cell RNA sequencing (scRNA-seq) has enabled the identification of novel cancer treatment targets 
and biomarkers in a variety of tumor types. For example, in lung cancer, scRNA-seq analysis identified a small 
subpopulation of cancer cells expressing high quantities of the protein DLL3, prompting the development of 
rovalpituzumab tesirine, a targeted antibody-drug combination. Similarly, in breast cancer, scRNA-seq identified 
a subset of estrogen receptor-positive tumors with different transcriptional signatures, paving the path for 
personalized therapy [47]. In colorectal cancer, scRNA-seq identified an uncommon mesenchymal-like cancer cell 
state linked with a poor prognosis, which guided the development of combination therapy to combat this aggressive 
phenotype [48]. These examples show how scRNA-seq can disclose previously unknown tumor cell types and 
weaknesses, which can then be used to further precision oncology drug development. 

3.4. AI & Machine Learning Integration 

Integrating single-cell RNA sequencing data with advanced computational approaches, such as artificial 
intelligence and machine learning, can boost scRNA-seq’s potential for precision cancer medication development [17]. 
Machine learning algorithms can be trained on scRNA-seq datasets to extract strong biomarker signatures, find 
new therapeutic targets, and predict treatment response at the individual patient level [49]. 

Additionally, Complex single-cell RNA sequencing (scRNA-seq) datasets (Table 2) are currently being 
analyzed using AI-driven algorithms, which improves the accuracy of finding unusual cell types and novel 
biomarkers compared to conventional techniques [50]. To speed up the drug development pipeline, AI and ML 
are being used more and more in clinical trial settings for patient stratification, drug response prediction, and trial 
design optimization [51]. Deep learning models, for example, can identify possible responders to targeted 
medicines and forecast therapeutic results by integrating scRNA-seq data with patient clinical records. 
Furthermore, in order to increase the repeatability and scalability of single-cell investigations, AI-powered systems 
are being attempted to automate data preprocessing tasks including batch effect correction and normalization [52]. 
These developments highlight how AI and ML have the potential to revolutionize precision medicine as well as 
basic research, making them essential instruments in contemporary biomedical research and clinical practice. 

Table 2. A survey of databases for scRNA-seq. 

Database  Link (Data Source of scRNA-seq) 
PanglaoDB https://panglaodb.se/markers/PanglaoDB_markers_27_Mar_2020.tsv.gz 

Hierarchical PanglaoDB https://github.com/JiaLiVUMC/scMRMA/tree/main/data  

SCSig https://data.broadinstitute.org/gsea-
msigdb/msigdb/supplemental/scsig/1.0/scsig.all.v1.0.symbols.gmt  

Cellmarker http://bio-bigdata.hrbmu.edu.cn/CellMarker/download/all_cell_markers.txt  
CellMatch https://github.com/ZJUFanLab/scCATCH/raw/master/data/cellmatch.rda  

For example, to facilitate accurate cell-type annotation from the scRNA-seq data, there are several publicly 
available marker databases. A comprehensive summary of these resources, including their primary data sources 
and access links, is provided in Table 2, and several supervised cell annotation techniques that concentrate on the 
correlation between the target and reference datasets have been created especially for single cell RNA sequencing 
(scRNA-seq) data (Table 3). SingleR [53], Cell Assign [54], CHETAH [55], and scmap [56] are notable 
techniques. SingleR uses a built-in reference transcriptome of pure cell types derived from microarray or bulk 
RNA-sequencing data to assign cellular identities to single-cell transcription tomes. Cell Assign uses a marker-
based reference force ll type assignment in a probabilistic model. Through a stepwise traversal of the classification 
tree, cells can be allocated to intermediate or unassigned kinds using CHETAH’s hierarchical chemical 
categorization technique. Lastly, scmap uses a variety of correlation metrics to categorize query cells according to 
how similar they are to reference cell types. 

These computational tools (Table 3) enable researchers to identify previously unknown weaknesses in the 
tumor landscape and create more focused and individualized cancer medicines. 
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Table 3. Supervised machine learning methods for cell annotation. 

Tool Reference Database Algorithm Use Case/Practical Example Reference 

SingleR 
Built-in cell dex 
(transcriptome of 
pure cell types) 

Spearman 
Automatically annotates new scRNA-seq cells by comparing their 

expression profiles with reference pure cell types. Example: 
Identifying immune cell populations in tumor samples. 

[53] 

Cell 
Assign Markergenes 

Probabilistic 
Bayesian 

model 

Uses predefined marker genes to assign cell types 
probabilistically. Example: Assigning T cell subtypes based on 

canonical markers like CD4/CD8. 
[54] 

CHETAH Annotated 
transcriptome 

Spearman and 
confidence 

Provides hierarchical and confidence-based cell type annotation. 
Example: Distinguishing closely related epithelial cell subtypes in 

single-cell datasets. 
[55] 

scmap Annotated 
transcriptome 

K-nearest 
neighbor 
(KNN) 

Maps new cells to reference datasets using nearest neighbors. 
Example: Mapping scRNA-seq cells from a new mouse tissue 

dataset to a reference atlas. 
[56] 

4. scRNA-seq in Drug Resistance Mechanisms & Personalized Therapy 

4.1. Mechanisms of Drug Resistance 

Single-cell RNA sequencing (scRNA-seq) is a valuable method for identifying drug resistance mechanisms 
in cancer. ScRNA-seq can detect resistant cell clones that persist and multiply in the absence of therapy by 
evaluating the transcriptional profiles of individual tumor cells before and after treatment [57]. This method 
identifies the particular gene expression alterations and signaling pathways that allow resistant subpopulations to 
survive and thrive in the face of pharmacological pressure. Several key genes associated with these resistance 
mechanisms across various cancer types are detailed in Table 4. Importantly, scRNA-seq provides a high-
resolution view of tumor heterogeneity, enabling researchers to identify uncommon resistant cells that bulk 
sequencing approaches may miss [5]. This in-depth understanding of resistance mechanisms at the single-cell level 
is critical for developing individualized combination therapies that can effectively target and overcome drug 
resistance in each patient. 

Table 4. Drug Resistance-Related Genes Identified via scRNA-seq and Other Studies. 

Gene Function Associated Drug Resistance Cancer Type Reference 

ABCB1 
(MDR1) 

Efflux pump (ATP-binding cassette 
transporter)—actively exports drugs out of 

cancer cells 

Paclitaxel, Doxorubicin, 
Cisplatin 

Breast, 
Ovarian, Colon [58] 

BCL2 
Anti-apoptotic regulator—prevents 

programmed cell death, promoting survival of 
drug-resistant cells 

Venetoclax Leukemia 
(CLL, AML) [59] 

EGFR 
T790M 

Mutation in receptor tyrosine kinase—leads to 
resistance to targeted EGFR inhibitors 

Gefitinib, Erlotinib  
(EGFR inhibitors) 

Non–small  
cell lung [60] 

TP53 Tumor suppressor gene—mutations cause 
impaired apoptosis and multi-drug resistance Multi-drug resistance Breast, Lung, 

Colon, Ovarian [61] 

4.2. Adaptive Responses to Therapy 

Researchers can use single-cell RNA sequencing to learn about how cancers change in response to 
chemotherapy, immunotherapy, or targeted therapy. ScRNA-seq, which analyzes the transcriptional patterns of 
individual cancer cells before and after therapy, can reveal the specific genetic and molecular modifications that 
allow certain cell subpopulations to survive and prosper despite therapeutic pressure [62]. This high-resolution 
perspective of tumor heterogeneity and adaptation is critical for understanding drug resistance mechanisms and 
creating targeted combination therapy to overcome them. 

4.3. Personalized Drug Screening 

Researchers can use patient-derived single-cell RNA sequencing data to match individuals to the most 
successful treatment combinations. This personalized method to drug screening enables the identification of 
tailored medicines that target the distinct molecular profiles of each patient’s tumor, hence enhancing treatment 
efficacy and patient outcomes [63]. 
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5. Challenges & Limitations of scRNA-seq in Drug Discovery 

5.1. Technical Challenges 

Despite substantial advancements in single-cell RNA sequencing technology, various technical obstacles 
have to be addressed before it can fully realize its potential for precision cancer medication development. Efficient 
and unbiased library generation from a small amount of RNA in a single cell, as well as transcript detection 
sensitivity and accuracy, continue to be significant challenges. Furthermore, powerful bioinformatics pipelines are 
required for computational processing of scRNA-seq data because to its high-dimensional and sparse nature [64]. 
Also, many research labs may find it difficult to handle the enormous magnitude of scRNA-seq datasets since it 
requires a significant amount of processing power and storage space. Because of their complexity, activities like 
trajectory inference, batch effect correction, and clustering frequently call for sophisticated algorithms and scalable 
computer frameworks. To increase the accuracy and efficiency of data processing, ongoing research is looking 
into options like cloud-based platforms, GPU-accelerated computing, and machine learning-driven algorithms [54,65]. 
It will be essential to incorporate these developments into scRNA-seq analysis pipelines in order to overcome 
present constraints and guarantee repeatable, superior outcomes, eventually opening the door for more extensive 
clinical applications. 

5.2. Tumor Heterogeneity & Complexity 

The enormous heterogeneity and complexity of solid tumors make it difficult to apply scRNA-seq effectively 
in cancer research. Tumors are made up of a variety of cell types, including cancer cells, immune cells, stromal 
cells, and endothelial cells, each having their own transcriptional profile [9]. This diversity is further complicated 
by spatial organization, tumor microenvironment interactions, and dynamic changes during tumor progression or 
treatment response. Fully collecting and integrating this cellular variability in the context of drug response is a 
difficult undertaking that necessitates advanced computational and experimental methods [66]. 

Algorithms that deconvolute intricate tumor ecosystems and find uncommon subpopulations associated with 
treatment resistance have been developed recently; however, these methods require substantial computational 
resources and thorough validation [67]. To use scRNA-seq to inform precision oncology and individualized 
treatment plans, these obstacles must be overcome. 

5.3. Integration with Other Omics Data 

To fully realize the potential of single-cell RNA sequencing for precision oncology, it is critical to combine 
scRNA-seq data with other high-throughput omics technologies, such as single-cell genomics, epigenomics, and 
proteomics [68]. Combining these disparate data sources can provide a more complete understanding of the 
underlying biological mechanisms governing medication response and resistance, ultimately allowing for the 
development of more effective tailored cancer therapies [69]. 

5.4. High Cost & Scalability Issues 

Single-cell RNA sequencing’s high cost and restricted scalability may also prevent its broad use in clinical 
and research contexts. Significant technological and infrastructure investments are necessary to enable the frequent 
use of scRNA-seq in drug development pipelines [70]. 

Although recent developments like droplet-based sequencing technologies and combinatorial indexing seek 
to increase scalability and lower per-cell costs, more advancements are required before scRNA-seq can be 
regularly used in precision oncology and extensive clinical trials [65,71]. 

5.5. Ethical Considerations & Data Privacy 

The collection and analysis of single-cell data from patient samples raises fundamental ethical concerns, 
including informed consent, data privacy, and the responsible use of sensitive genomic information [13]. Even 
when data are anonymized, there remains a risk of patient re-identification because scRNA-seq generates highly 
precise molecular profiles, capturing unique genetic variations and rare cellular subpopulations [72]. This level of 
resolution makes scRNA-seq data particularly sensitive compared to bulk sequencing approaches. 

To ensure ethical integrity, it is imperative to obtain comprehensive and transparent informed consent, clearly 
outlining how patient samples and data will be used—not only for current research but also for future applications, 
such as drug discovery, commercial development, or integration into precision oncology platforms. Consent 
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protocols should follow a dynamic consent model, allowing patients to update their preferences over time as 
technology and data-sharing practices evolve. 

As scRNA-seq datasets are increasingly shared through open-access repositories, the need for robust data 
governance systems becomes urgent. This includes advanced encryption standards, strict access controls, and data 
de-identification techniques to mitigate the risk of unauthorized use or data breaches [73]. Additionally, regulatory 
challenges arise due to variations in privacy laws across jurisdictions. For instance, compliance with GDPR 
(General Data Protection Regulation) in Europe or HIPAA (Health Insurance Portability and Accountability Act) 
in the U.S. is critical to maintaining legal and ethical standards when handling genomic data. Establishing 
harmonized international guidelines, such as those advocated by the Global Alliance for Genomics and Health 
(GA4GH), can help balance the protection of individual rights with scientific innovation [74]. 

A deeper ethical challenge lies in equitable access and representation. Most scRNA-seq datasets are currently 
derived from patients in developed countries, potentially reinforcing health disparities and biasing precision 
oncology models. Addressing this requires diverse, globally representative datasets and equitable policies to ensure 
all populations benefit from technological advances. 

By proactively addressing these ethical and regulatory challenges, the scientific community can build public 
trust and foster responsible integration of scRNA-seq into clinical research and precision medicine. Despite these 
hurdles, ongoing advances in scRNA-seq technology, coupled with sophisticated computational methodologies, 
hold enormous promise for accelerating the development of personalized cancer therapies while safeguarding 
patient rights. 

6. Future Perspectives & Clinical Applications 

Our basic understanding of biology is being revolutionized by scRNA-seq, and this technology has led to 
new study areas beyond descriptive studies of cell states. One can envision a plethora of fascinating medicinal 
uses for this technology. We anticipate that scRNA-seq can be used to shed light on undiscovered tumor traits that 
are not detectable by conventional bulk transcriptome studies. Tumor heterogeneity is a prevalent phenomena that 
can occur both within and between tumors. This method might be used, for instance, to examine the expression 
patterns of certain pathways and to evaluate transcriptional heterogeneity during the development of drug tolerance 
in cancer cells [75]. Thus, scRNA-seq could contribute to the creation of cancer evolution models. The clinical 
potential and current status of these applications across various cancer types are summarized in Table 5. 

Table 5. Clinical applications of scRNA-seq. 

Application Cancer Type Key Insight Therapeutic Impact Clinical Status/Outcome Reference 

CAR-T 
Optimization Leukemia 

Identified 
exhausted CAR-T 
subpopulations 

Guided design of next-
generation CAR-T 

therapies 

Early-stage clinical trials; 
promising preclinical data but 

more validation needed 
[76] 

Combination 
Immunotherapy Melanoma 

T-cell exclusion 
gene program 

discovered 

Suggested checkpoint 
+ targeted therapy 

combos 

Some combinations are in 
phase II/III trials; early 
results show improved 

response rates 

[77] 

Targeted 
Therapy 

Resistance 

NSCLC  
(Lung Cancer) 

Identified drug-
tolerant persister 

cells 

Prevented relapse 
through dual targeting 

Preclinical studies successful; 
clinical validation ongoing in 

pilot trials 
[41] 

Additionally, combining scRNA-seq with proteomics, metabolomics, and epigenomics can lead to a more 
thorough understanding of the molecular mechanisms behind treatment response and resistance, allowing for the 
development of more effective customized cancer therapies [78]. The integration of multiple orthogonal data 
sources can assist researchers in discovering previously unknown vulnerabilities in the tumor landscape and 
identifying personalized medication combinations that target the distinct molecular profiles of each patient’s tumor [79]. 
For example, combining scRNA-seq with other large-scale genetic screening technologies will increase the 
technology’s uses. One such combinational technology is combining scRNA-seq and CRISPR-based genome-
scale genetic screening, such as Perturb-seq, which enables the assessment of transcriptional effects of knocking 
out several genes with CRISPR [80] and LinTIMaT, which integrates single-cell transcriptome data and mutation 
data for lineage tracing [81]. In addition to CRISPR-mediated mutagenesis, it is also conceivable to combine 
scRNA-seq with CRISPR-mediated gene activation or interference [82,83]. These combinational applications 
enable us to explore the genetic effect on the cellular transcriptome and functions at a wide scale. With the ongoing 
advancement of both single cell RNA sequencing and CRISPR gene editing, such as prime editing [84]. More 
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such combinational technologies and applications are expected to be arrived and contributed to the better 
understanding of gene and cell functions. 

Prognostic testing is another example of how genetic datasets are used in clinical decision-making. Oncotype 
Dx and Mammaprint are exemplary assays for assessing the recurrence risk of early-stage breast cancer [85]. 
Oncotype Dx calculates a recurrence score from RT-PCR-based expression data of 21 genes, whereas Mammaprint 
calculates the probability of distant recurrence 10 years after diagnosis using a microarray-based gene expression 
score of 70 genes [86]. These assays are suggested in clinical guidelines by the National Comprehensive Cancer 
Network (NCCN) and the American Society of Clinical Oncology (ASCO) as prognostic and therapy-predictive 
(Oncotype Dx only) assays to supplement other clinical data. In multiple myeloma, MyPRS [87] and SKY-92 [88] 
give microarray-based gene expression signature scores for risk stratification. However, these remain 
investigational, and their clinical implementation requires further validation. 

Additionally, future advancements in single-cell RNA sequencing technology, such as improved library 
preparation, transcript detection sensitivity, and computational analysis pipelines, will increase the efficiency and 
accuracy of this powerful tool for precision cancer medication development [89]. 

7. Conclusions 

Single-cell RNA sequencing has emerged as an effective method for precision cancer medication 
development. Although scRNA-Seq technology is widely used in a variety of basic research disciplines and clinical 
trials, there are still several key technical challenges that must be addressed. First, the single-cell capture process 
disrupts cell integrity and activity, and there is still room for improvement in cell throughput and precision. Second, 
sequencing generates high-dimensional data with a high level of noise, and reducing the impact of noise on high-
throughput data analysis is a critical issue that must be addressed in order to improve the accuracy of scRNA-Seq. 
Furthermore, cell differentiation and reproduction are dynamic processes, and current scRNA-Seq methods make 
it difficult to discriminate between cell types. In addition to technical issues, the cost of scRNA-Seq analysis 
remains high when compared to other analytical methods, which limits the development of scRNA-Seq as a routine 
analytical tool. Although significant technological progress has been made, technical hurdles such as efficient 
library preparation, sensitive transcript detection, and robust computational analysis remain. Tumor heterogeneity 
and complexity, the need to combine multi-omics data, and cost, scalability, and ethical concerns all contribute to 
scRNA-seq’s limited use in precision oncology. However, continuous technological developments and integration 
with other methodologies show enormous promise for advancing the development of more effective tailored cancer 
medicines. Finally, the development of scRNA-Seq and its integration with other multiomics technologies is 
critical not only for understanding individual cell growth and differentiation, as well as the regulatory relationships 
between different genes, but also for understanding the heterogeneity of cells in complex tissues, and thus for 
understanding disease pathogenesis and developing novel drugs. 

Funding: This research received no external funding 

Conflicts of Interest: The author declares no conflict of interest. 

Use of AI and AI-Assisted Technologies: During the preparation of this work, the author used ChatGPT (OpenAI) and Gemini 
(Google) to improve the language, grammar, and readability. After using this tool/service, the author reviewed and edited the 
content as needed and takes full responsibility for the content of the published article. 

References 

1. de Sande, B.V.; Lee, J.S.; Mutasa-Gottgens, E.; et al. Applications of single-cell RNA sequencing in drug discovery and 
development. Nat. Rev. Drug Discov. 2023, 22, 496. https://doi.org/10.1038/s41573-023-00688-4. 

2. Li, L.; Xiong, F.; Wang, Y.; et al. What are the applications of single-cell RNA sequencing in cancer research: A 
systematic review. J. Exp. Clin. Cancer Res. 2021, 40, 163. https://doi.org/10.1186/s13046-021-01955-1. 

3. Ferrer, F.; Fanciullino, R.; Milano, G.; et al. Towards Rational Cancer Therapeutics: Optimizing Dosing, Delivery, 
Scheduling, and Combinations. Clin. Pharmacol. Ther. 2020, 108, 458. https://doi.org/10.1002/cpt.1954. 

4. Serrano, D.R.; Luciano, F.C.; Anaya, B.J.; et al. Artificial Intelligence (AI) Applications in Drug Discovery and Drug Delivery: 
Revolutionizing Personalized Medicine. Pharmaceutics 2024, 16, 1328. https://doi.org/10.3390/pharmaceutics16101328. 

5. Dini, A.; Barker, H.; Piki, E.; et al. A multiplex single-cell RNA-Seq pharmacotranscriptomics pipeline for drug 
discovery. Nat. Chem. Biol. 2025, 21, 432–442. https://doi.org/10.1038/s41589-024-01761-8. 

6. Levitin, H.M.; Yuan, J.; Sims, P.A. Single-Cell Transcriptomic Analysis of Tumor Heterogeneity. Trends Cancer 2018, 
4, 264. https://doi.org/10.1016/j.trecan.2018.02.003. 

7. Chen, S.; Jiang, W.; Du, Y.; et al. Single-cell analysis technologies for cancer research: From tumor-specific single cell 
discovery to cancer therapy. Front. Genet. 2023, 14, 1276959. https://doi.org/10.3389/fgene.2023.1276959. 



IJDDP 2026, 5(2), 100010 https://doi.org/10.53941/ijddp.2026.100010  

10 of 13 

8. Wiedmeier, J.E.; Noel, P.; Lin, W.; et al. Single-Cell Sequencing in Precision Medicine. In Precision Medicine; Springer: 
Berlin/Heidelberg, Germany, 2019. https://doi.org/10.1007/978-3-030-16391-4_9. 

9. Fustero-Torre, C.; Jiménez-Santos, M.J.; García-Martín, S.; et al. Beyondcell: Targeting cancer therapeutic heterogeneity 
in single-cell RNA-seq data. Genome Med. 2021, 13, 187. https://doi.org/10.1186/s13073-021-01001-x. 

10. González-Silva, L.; Quevedo, L.; Varela, I. Tumor functional heterogeneity unraveled by scRNA-seq technologies. 
Trends Cancer 2020, 6, 13–19. https://doi.org/10.1016/j.trecan.2019.11.010. 

11. Sharma, A.; Cao, E.Y.; Kumar, V.; et al. Longitudinal single-cell RNA sequencing of patient-derived primary cells 
reveals drug-induced infidelity in stem cell hierarchy. Nat. Commun. 2018, 9, 4931. https://doi.org/10.1038/s41467-018-
07261-3. 

12. Crucitta, S.; Cucchiara, F.; Mathijssen, R.; et al. Treatment-driven tumour heterogeneity and drug resistance: Lessons 
from solid tumours. Cancer Treat. Rev. 2022, 104, 102340. https://doi.org/10.1016/j.ctrv.2022.102340. 

13. Ren, X.; Kang, B.; Zhang, Z. Understanding tumor ecosystems by single-cell sequencing: Promises and limitations. 
Genome Biol. 2018, 19, 211. https://doi.org/10.1186/s13059-018-1593-z. 

14. Cheng, C.; Chen, W.; Jin, H.; et al. A review of single-cell RNA-seq annotation, integration, and cell–cell communication. 
Cells 2023, 12, 1970. https://doi.org/10.3390/cells12151970. 

15. Song, F.; Chan, G.M.A.; Wei, Y. Flexible experimental designs for valid single-cell RNA-sequencing experiments 
allowing batch effects correction. Nat. Commun. 2020, 11, 3274. https://doi.org/10.1038/s41467-020-16905-2. 

16. Fan, J.; Slowikowski, K.; Zhang, F. Single-cell transcriptomics in cancer: Computational challenges and opportunities. 
Exp. Mol. Med. 2020, 52, 1452. https://doi.org/10.1038/s12276-020-0422-0. 

17. Liu, J.; Xu, T.; Jin, Y.; et al. Progress and Clinical Application of Single-Cell Transcriptional Sequencing Technology in 
Cancer Research. Front. Oncol. 2021, 10, 593085. https://doi.org/10.3389/fonc.2020.593085. 

18. Zhou, W.; Yan, Y.Y.; Guo, Q.R.; et al. Microfluidics applications for high-throughput single cell sequencing. J. 
Nanobiotechnology 2021, 19, 312. https://doi.org/10.1186/s12951-021-01045-6. 

19. D’Avola, D.; Villacorta-Martin, C.; Martins-Filho, S.N.; et al. High-density single cell mRNA sequencing to characterize 
circulating tumor cells in hepatocellular carcinoma. Sci. Rep. 2018, 8, 11570. https://doi.org/10.1038/s41598-018-30047-y. 

20. Haque, A.; Engel, J.A.; Teichmann, S.A.; et al. A practical guide to single-cell RNA-sequencing for biomedical research 
and clinical applications. Genome Med. 2017, 9, 75. https://doi.org/10.1186/s13073-017-0467-4. 

21. Hwang, B.; Lee, J.H.; Bang, D. Single-cell RNA sequencing technologies and bioinformatics pipelines. Exp. Mol. Med. 
2018, 50, 1–14. https://doi.org/10.1038/s12276-018-0071-8. 

22. Anaparthy, N.; Ho, Y.-J.; Martelotto, L.G.; et al. Single-Cell Applications of Next-Generation Sequencing. Cold Spring 
Harb. Perspect. Med. 2019, 9, a026898. https://doi.org/10.1101/cshperspect.a026898. 

23. Hebenstreit, D. Methods, Challenges and Potentials of Single Cell RNA-seq. Biology 2012, 1, 658. 
https://doi.org/10.3390/biology1030658. 

24. Zheng, G.X.Y.; Terry, J.M.; Belgrader, P.; et al. Massively parallel digital transcriptional profiling of single cells. Nat. 
Commun. 2017, 8, 14049. https://doi.org/10.1038/ncomms14049. 

25. Goetz, J.J.; Trimarchi, J.M. Transcriptome sequencing of single cells with Smart-Seq. Nat. Biotechnol. 2012, 30, 763–
765. https://doi.org/10.1038/nbt.2325. 

26. Klein, A.M.; Mazutis, L.; Akartuna, I.; et al. Droplet barcoding for single-cell transcriptomics applied to embryonic stem 
cells. Cell 2015, 161, 1187–1201. https://doi.org/10.1016/j.cell.2015.04.044. 

27. Xin, Y.; Kim, J.; Ni, M.; et al. Use of the Fluidigm C1 platform for RNA sequencing of single mouse pancreatic islet 
cells. Proc. Natl. Acad. Sci. USA 2016, 113, 3293–3298. https://doi.org/10.1073/pnas.1602306113. 

28. Gierahn, T.M.; Wadsworth, M.H.; Hughes, T.K.; et al. Seq-Well: Portable, low-cost RNA sequencing of single cells at 
high throughput. Nat. Methods 2017, 14, 395–398. https://doi.org/10.1038/nmeth.4179. 

29. Gao, C.; Zhang, M.; Chen, L. The comparison of two single-cell sequencing platforms: BD Rhapsody and 10× Genomics 
Chromium. Curr. Genom. 2020, 21, 602–609. https://doi.org/10.2174/1389202921999200625220812. 

30. Salcher, S.; Heidegger, I.; Untergasser, G.; et al. Comparative analysis of 10× Chromium vs. BD Rhapsody whole 
transcriptome single-cell sequencing technologies in complex human tissues. Heliyon 2024, 10, e28358. 
https://doi.org/10.1016/j.heliyon.2024.e28358. 

31. Li, X.; Wang, C. From bulk, single-cell to spatial RNA sequencing. Int. J. Oral Sci. 2021, 13, 36. 
https://doi.org/10.1038/s41368-021-00146-0. 

32. Gay, L.J.; Baker, A.; Graham, T.A. Tumour Cell Heterogeneity. F1000Research 2016, 5, 238. https://doi.org/ 
10.12688/f1000research.7210.1. 

33. Maleki, E.H.; Bahrami, A.R.; Matin, M.M. Cancer cell cycle heterogeneity as a critical determinant of therapeutic 
resistance. Genes Dis. 2024, 11, 189–204. https://doi.org/10.1016/j.gendis.2022.11.025. 

34. Januškevičienė, I.; Petrikaitė, V. Heterogeneity of breast cancer: The importance of interaction between different tumor 
cell populations. Life Sci. 2019, 239, 117009. https://doi.org/10.1016/j.lfs.2019.117009. 



IJDDP 2026, 5(2), 100010 https://doi.org/10.53941/ijddp.2026.100010  

11 of 13 

35. Rahman, M.S.; Rahman, Md.K.; Kaykobad, M.; et al. isGPT: An optimized model to identify sub-Golgi protein types 
using SVM and Random Forest based feature selection. Artif. Intell. Med. 2018, 84, 90–100. 
https://doi.org/10.1016/j.artmed.2017.11.003. 

36. Yu, L.; Wang, X.; Mu, Q.; et al. scONE-seq: A single-cell multi-omics method enables simultaneous dissection of 
phenotype and genotype heterogeneity from frozen tumors. Sci. Adv. 2023, 9, eabp8901. 
https://doi.org/10.1126/sciadv.abp8901. 

37. Guo, T.; Li, W.; Cai, X. Applications of Single-Cell Omics to Dissect Tumor Microenvironment. Front. Genet. 2020, 11, 
548719. https://doi.org/10.3389/fgene.2020.548719. 

38. Lee, H.W.; Chung, W.; Lee, H.O.; et al. Single-cell RNA sequencing reveals the tumor microenvironment and facilitates 
strategic choices to circumvent treatment failure in a chemorefractory bladder cancer patient. Genome Med. 2020, 12, 
47. https://doi.org/10.1186/s13073-020-00741-6. 

39. Hénon, C.; Vibert, J.; Eychenne, T.; et al. Single-cell multiomics profiling reveals heterogeneous transcriptional programs 
and microenvironment in DSRCTs. Cell Rep. Med. 2024, 5, 101582. https://doi.org/10.1016/j.xcrm.2024.101582. 

40. Tang, L.; Mei, Y.; Shen, Y.; et al. Nanoparticle-Mediated Targeted Drug Delivery to Remodel Tumor Microenvironment 
for Cancer Therapy. Int. J. Nanomed. 2021, 16, 5811. https://doi.org/10.2147/ijn.s321416. 

41. Maynard, A.; McCoach, C.E.; Rotow, J.K.; et al. Therapy-Induced Evolution of Human Lung Cancer Revealed by Single-
Cell RNA Sequencing. Cell 2020, 182, 1232–1251. https://doi.org/10.1016/j.cell.2020.07.017. 

42. Johnson, B.E.; Creason, A.L.; Stommel, J.M.; et al. An omic and multidimensional spatial atlas from serial biopsies of 
an evolving metastatic breast cancer. Cell Rep. Med. 2022, 3, 100525. https://doi.org/10.1016/j.xcrm.2022.100525. 

43. Valdés-Mora, F.; Handler, K.; Law, A.M.; et al. Single-Cell Transcriptomics in Cancer Immunobiology: The Future of 
Precision Oncology. Front. Immunol. 2018, 9, 2582. https://doi.org/10.3389/fimmu.2018.02582. 

44. Nassar, S.F.; Raddassi, K.; Ubhi, B.K.; et al. Precision Medicine: Steps along the Road to Combat Human Cancer. Cells 
2020, 9, 2056. https://doi.org/10.3390/cells9092056. 

45. Long, J.E.; Wongchenko, M.J.; Nickles, D.; et al. Therapeutic resistance and susceptibility is shaped by cooperative 
multi-compartment tumor adaptation. Cell Death Differ. 2019, 26, 2416–2429. https://doi.org/10.1038/s41418-019-
0310-0. 

46. Wang, X.; Zhang, H.; Chen, X. Drug resistance and combating drug resistance in cancer. Cancer Drug Resist. 2019, 2, 
141–160. https://doi.org/10.20517/cdr.2019.10. 

47. Rudin, C.M.; Pietanza, M.C.; Bauer, T.M.; et al. Rovalpituzumab tesirine, a DLL3-targeted antibody-drug conjugate, in 
recurrent small-cell lung cancer: a first-in-human, first-in-class, open-label, phase 1 study. Lancet Oncol. 2017, 18, 42–
51. https://doi.org/10.1016/S1470-2045(16)30565-4. 

48. Wang, F.; Long, J.; Li, L.; et al. Single-cell and spatial transcriptome analysis reveals the cellular heterogeneity of liver 
metastatic colorectal cancer. Sci. Adv. 2023, 9, eadf5464. https://doi.org/10.1126/sciadv.adf5464. 

49. Chen, J.; Wang, X.; Ma, A.; et al. Deep transfer learning of cancer drug responses by integrating bulk and single-cell 
RNA-seq data. Nat. Commun. 2022, 13, 6494. https://doi.org/10.1038/s41467-022-34277-7. 

50. Hou, N.; Lin, X.; Lin, L.; et al. Artificial intelligence in cell annotation for high-resolution RNA sequencing data. TrAC 
Trends Anal. Chem. 2024, 178, 117818. https://doi.org/10.1016/J.TRAC.2024.117818. 

51. Topol, E.J. High-performance medicine: The convergence of human and artificial intelligence. Nat. Med. 2019, 25, 44–
56. https://doi.org/10.1038/s41591-018-0300-7. 

52. Ma, A., Xu, J., Chang, Y. et al. Deep learning shapes single-cell data analysis. Nat Rev Mol Cell Biol. 2022; 23, 303–
304. https://doi.org/10.1038/s41580-022-00466-x. 

53. Aran, D.; Looney, A.P.; Liu, L.; et al. Reference based analysis of lung single-cell sequencing reveals a transitional 
profibrotic macrophage. Nat. Immunol. 2019, 20, 163–172. https://doi.org/10.1038/s41590-018-0276-y. 

54. Zhang, A.W.; O’Flanagan, C.; Chavez, E.A.; et al. Probabilistic cell-type assignment of single-cell RNA-seq for tumor 
microenvironment profiling. Nat. Methods 2019, 16, 1007–1015. https://doi.org/10.1038/s41592-019-0529-1. 

55. DeKanter, J.K.; Lijnzaad, P.; Candelli, T.; et al. CHETAH: A selective, hierarchical cell type identification method for 
single-cell RNA sequencing. Nucleic Acids Res. 2019, 47, e95. https://doi.org/10.1093/nar/gkz543. 

56. Kiselev, V.Y.; Yiu, A.; Hemberg, M. Scmap: Projection of single-cell RNA-seq data across data sets. Nat. Methods 2018, 
15, 359–362. https://doi.org/10.1038/nmeth.4644. 

57. Wenzel, A.T.; Champa, D.; Venkatesh, H.; et al. Single-cell characterization of step-wise acquisition of carboplatin 
resistance in ovarian cancer. NPJ Syst. Biol. Appl. 2022, 8, 20. https://doi.org/10.1038/s41540-022-00230-z. 

58. Holohan, C.; Van Schaeybroeck, S.; Longley, D.B.; et al. Cancer drug resistance: An evolving paradigm. Nat. Rev. 
Cancer 2013, 13, 714–726. https://doi.org/10.1038/nrc3599. 

59. Souers, A.J.; Leverson, J.D.; Boghaert, E.R.; et al. ABT-199, a potent and selective BCL-2 inhibitor, achieves antitumor 
activity while sparing platelets. Nat. Med. 2013, 19, 202–208. https://doi.org/10.1038/nm.3048. 



IJDDP 2026, 5(2), 100010 https://doi.org/10.53941/ijddp.2026.100010  

12 of 13 

60. Yu, H.A.; Arcila, M.E.; Rekhtman, N.; et al. Analysis of tumor specimens at the time of acquired resistance to EGFR-
TKI therapy in 155 patients with EGFR-mutant lung cancers. Clin. Cancer Res. 2013, 19, 2240–2247. 
https://doi.org/10.1158/1078-0432.CCR-12-2246. 

61. Vousden, K.H.; Lane, D.P. p53 in health and disease. Nat. Rev. Mol. Cell Biol. 2007, 8, 275–283. 
https://doi.org/10.1038/nrm2147. 

62. Zhu, Y.; Huang, Y.; Tan, Y.; et al. Single-Cell RNA Sequencing in Hematological Diseases. Proteomics 2020, 20, 
1900228. https://doi.org/10.1002/pmic.201900228. 

63. Delhalle, S.; Bode, S.F.N.; Balling, R.; et al. A roadmap towards personalized immunology. npj Syst. Biol. Appl. 2018, 
4, 1. https://doi.org/10.1038/s41540-017-0045-9. 

64. Kolodziejczyk, A.A.; Kim, J.; Svensson, V.; et al. The Technology and Biology of Single-Cell RNA Sequencing. Mol. 
Cell 2015, 58, 610–620. https://doi.org/10.1016/j.molcel.2015.04.005. 

65. Lähnemann, D.; Köster, J.; Szczurek, E.; et al. Eleven grand challenges in single-cell data science. Genome biology 2020, 
21, 31. https://doi.org/10.1186/s13059-020-1926-6. 

66. Fischer, C.L.; Bates, A.M.; Lanzel, E.A.; et al. Computational Models Accurately Predict Multi-Cell Biomarker Profiles 
in Inflammation and Cancer. Sci. Rep. 2019, 9, 10877. https://doi.org/10.1038/s41598-019-47381-4. 

67. Wu, S.Z.; Al-Eryani, G.; Roden, D.L.; et al. A single-cell and spatially resolved atlas of human breast cancers. Nat. Genet. 
2021, 53, 1334–1347. 

68. Marx, V. scRNA-seq: Oh, the joys. Nat. Methods 2024, 21, 750–753. https://doi.org/10.1038/s41592-024-02263-0. 
69. França, G.S.; Baron, M.; King, B.R.; et al. Cellular adaptation to cancer therapy along a resistance continuum. Nature 

2024, 631, 876–883. https://doi.org/10.1038/s41586-024-07690-9. 
70. Jovic, D.; Liang, X.; Hua, Z.; et al. Single-cell RNA sequencing technologies and applications: A brief overview. Clin. 

Transl. Med. 2022, 12, e694. https://doi.org/10.1002/ctm2.694. 
71. Cao, J.; Packer, J.S.; Ramani, V.; et al. Comprehensive single-cell transcriptional profiling of a multicellular organism. 

Science 2017, 357, 661–667. https://doi.org/10.1126/science.aam8940. 
72. Kramann, R.; Kuppe, C.; Luyckx, V.; et al. Unveiling the risks: protecting privacy in single-cell genomics data. Nephrol. 

Dial. Transplant. 2025, 40, 1077–1080. https://doi.org/10.1093/ndt/gfaf010. 
73. Torkamani, A.; Wineinger, N.E.; Topol, E.J. The personal and clinical utility of polygenic risk scores. Nat. Rev. Genet. 

2018, 19, 581–590. https://doi.org/10.1038/s41576-018-0018-x. 
74. Xafis V, Schaefer GO, Labude MK, et al. An ethics framework for big data in health and research. Asian Bioeth. Rev. 

2019;11(3):227-254. https://doi.org/10.1007/s41649-019-00099-x 
75. Kim, K.-T.; Lee, H.W.; Lee, H.O.; et al. Single-cell mRNA sequencing identifies subclonal heterogeneity in anti-cancer 

drug responses of lung adenocarcinoma cells. Genome Biol. 2015, 16, 127. https://doi.org/10.1186/s13059-015-0692-3. 
76. Zhang, Z.; Deng, C.; Zhu, P.; et al. Single-cell RNA-seq reveals a microenvironment and an exhaustion state of T/NK 

cells in acute myeloid leukemia. Cancer Sci. 2023, 114, 3873–3883. https://doi.org/10.1111/cas.15932. 
77. Jerby-Arnon, L.; Shah, P.; Cuoco, M.S.; et al. A cancer cell program promotes T cell exclusion and resistance to 

checkpoint blockade. Cell 2018, 175, 984–997.e24. https://doi.org/10.1016/j.cell.2018.09.006. 
78. Choi, J.R.; Yong, K.W.; Choi, J.Y.; et al. Single-Cell RNA Sequencing and Its Combination with Protein and DNA 

Analyses. Cells 2020, 9, 1130. https://doi.org/10.3390/cells9051130. 
79. Senft, D.; Leiserson, M.D.M.; Ruppin, E.; et al. Precision Oncology: The Road Ahead. Trends Mol. Med. 2017, 23, 874–

898. https://doi.org/10.1016/j.molmed.2017.08.003. 
80. Replogle, J.M.; Norman, T.M.; Xu, A.; et al. Combinatorial single cell CRISPR screens by direct guide RNA capture 

and targeted sequencing. Nat. Biotechnol. 2020, 38, 954–961. https://doi.org/10.1038/s41587-020-0470-y. 
81. Zafar, H.; Lin, C.; Bar-Joseph, Z. Single-cell lineage tracing by integrating CRISPR-Cas9 mutations with transcriptomic 

data. Nat. Commun. 2020, 11, 3055. https://doi.org/10.1038/s41467-020-16821-5. 
82. Alda-Catalinas, C.; Bredikhin, D.; Hernando-Herraez, I.; et al. A single-cell transcriptomics CRISPR-activation screen 

identifies epigenetic regulators of the zygotic genome activation program. Cell Syst. 2020, 11, 25–41. 
https://doi.org/10.1016/j.cels.2020.06.004. 

83. Genga, R.M.J.; Kernfeld, E.M.; Parsi, K.M.; et al. Single-cell RNA-sequencing-based CRISPRi screening resolves molecular 
drivers of early human endoderm development. Cell Rep. 2019, 27, 708–718. https://doi.org/10.1016/j.celrep.2019.03.076. 

84. Anzalone, A.V.; Randolph, P.B.; Davis, J.R.; et al. Search-and-replace genome editing without double-strand breaks or 
donor DNA. Nature 2019, 576, 149–157. https://doi.org/10.1038/s41586-019-1711-4. 

85. Bartlett, J.M.; Bayani, J.; Marshall, A.; et al. Comparing breast cancer multiparameter tests in the OPTIMA prelim trial: 
No test is more equal than the others. J. Natl. Cancer Inst. 2016, 108, djw050. https://doi.org/10.1093/jnci/djw050. 

86. Ross, J.S.; Hatzis, C.; Symmans, W.F.; et al. Commercialized multigene predictors of clinical outcome for breast cancer. 
Oncol. 2008, 13, 477–493. https://doi.org/10.1634/theoncologist.2007-0248. 



IJDDP 2026, 5(2), 100010 https://doi.org/10.53941/ijddp.2026.100010  

13 of 13 

87. Shaughnessy, J.D., Jr.; Zhan, F.; Burington, B.E.; et al. A validated gene expression model of high-risk multiple myeloma 
is defined by deregulated expression of genes mapping to chromosome 1. Blood 2007, 109, 2276–2284. 
https://doi.org/10.1182/blood-2006-07-038430. 

88. Kuiper, R.; Broyl, A.; de Knegt, Y.; et al. A gene expression signature for high-risk multiple myeloma. Leukemia 2012, 
26, 2406–2413. https://doi.org/10.1038/leu.2012.127. 

89. Zhu, S.; Qing, T.; Zheng, Y.; et al. Advances in single-cell RNA sequencing and its applications in cancer research. 
Oncotarget 2017, 8, 53763–53779. https://doi.org/10.18632/oncotarget.17893. 


	1. Background
	2. Overview of Single-Cell RNA Sequencing Technology
	2.1. Role of scRNA-seq in Understanding Tumor Heterogeneity
	2.2. Tumor Heterogeneity & Cancer Evolution
	2.3. Identification of Cancer Cell Subpopulations
	2.4. Spatial Transcriptomics & Tumor Microenvironment

	3. scRNA-seq in Tumor Drug Discovery & Target Identification
	3.1. Discovering Novel Drug Targets
	3.2. Predicting Drug Response
	3.3. Case Studies
	3.4. AI & Machine Learning Integration

	4. scRNA-seq in Drug Resistance Mechanisms & Personalized Therapy
	4.1. Mechanisms of Drug Resistance
	4.2. Adaptive Responses to Therapy
	4.3. Personalized Drug Screening

	5. Challenges & Limitations of scRNA-seq in Drug Discovery
	5.1. Technical Challenges
	5.2. Tumor Heterogeneity & Complexity
	5.3. Integration with Other Omics Data
	5.4. High Cost & Scalability Issues
	5.5. Ethical Considerations & Data Privacy

	6. Future Perspectives & Clinical Applications
	7. Conclusions
	References

