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Abstract

Plasma transcriptomic profiling has emerged as a promising non-invasive strategy
for cancer biomarker discovery, offering a dynamic change in gene expression
profiles associated with carcinogenesis. Plasma-based transcriptomic profiling offers
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a less-invasive alternative for detecting cancer biomarkers compared to tissue-
based methods. Unlike traditional tissue biopsies, plasma-based analyses enable
easier, repeatable sampling and real-time disease monitoring through liquid biopsy.
Despite its clinical potential, plasma transcriptomics remain underutilized due to
technical limitations such as RNA degradation, low yield, and lack of standardized
protocols. This review presents a comprehensive overview of current transcriptomic
technologies including high-throughput sequencing (RNA-seq), single cell RNA

sequencing (scRNA-seq), and spatial transcriptomics, and evaluates their suitability
for plasma-based applications. This review also discusses the analytical workflows
used to process transcriptomic data, including differential expression analysis,
pathway enrichment, and protein-protein interaction network mapping, as well as
tool for assessing biomarker performance through ROC curves and survival analysis.
Furthermore, this review highlights emerging trends in integrative analysis, such as
meta-analysis and artificial intelligence (Al)-assisted multiomics integration, which
significantly enhance biomarker discovery and therapeutic target identification.
The review also outlines critical challenges in plasma transcriptomic profiling and
proposes strategies for advancing the field toward clinical translation. Overall, this
review aims to equip cancer researchers and clinicians with foundational knowledge
and practical insights into plasma-based transcriptomics, reinforcing its potential in
precision oncology and non-invasive cancer diagnostic.

Keywords Plasma transcriptomic profiling, Liquid biopsy, RNA-sequencing, cancer
biomarkers, Non-invasive diagnostics, Bioinformatic

1 Introduction

Transcriptomics refers to the study of transcriptomes, encompassing the complete set
of coding (messenger RNA) and non-coding RNA molecules, including transfer RNA,
ribosomal RNA, and small RNAs such as microRNA, long non-coding RNA, small
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interfering RNA, and small nuclear RNA [1]. In cancer, transcriptomes expression lev-
els are often altered, and profiling these differentially expressed transcripts can aid in
identifying cancer-specific genes that may serve as biomarkers or therapeutic targets
[2]. Additionally, transcriptomic profiling plays a crucial role in predicting therapeutic
resistance, monitoring disease progression, identifying molecular subtypes, detecting
fusion transcripts from chromosomal rearrangements, and evaluating immune infil-
tration within tumors [3-5]. These capabilities highlight transcriptomics as a powerful
tool for enhancing cancer diagnosis, guiding treatment strategies, and improving patient
outcomes.

Liquid biopsy using plasma provides a less invasive alternative to traditional tissue
biopsies in cancer research [6]. Plasma has emerged as a valuable source for transcrip-
tomic studies aimed at identifying cancer biomarkers [7-10]. It is particularly advanta-
geous due to its accessibility via minimally invasive venepuncture, unlike tissue biopsies
that require surgical intervention [11, 12]. This facilitates frequent sampling for disease
monitoring. Plasma-based biomarkers support early cancer detection and enable contin-
uous tracking of disease progression and treatment response [13]. This review provides
an overview of emerging methods in transcriptomic profiling using plasma for cancer

research.

2 Types of transcriptomic profiling
2.1 High-Throughput sequencing (HTS)
RNA sequencing (RNA-seq) has emerged as a powerful and comprehensive technique
for detecting gene expression profiles in plasma samples due to its sensitivity and abil-
ity to capture diverse RNA species [14, 15]. It enables detailed analysis of all transcribed
genes within a biological sample and is particularly effective in identifying differen-
tially expressed genes (DEGs) between disease and healthy states. This high-throughput
approach supports biomarker discovery and the identification of therapeutic targets,
enhancing disease diagnosis and monitoring including for various cancers [14, 16, 17].
However, plasma-derived RNA presents unique biological challenges that could influ-
ence RNA-seq performance. Circulating cell-free RNA (cfRNA) in plasma is often highly
fragmented, present in low abundance, and easily degraded. These challenges increased
the need for optimized sample processing and RNA extraction methods for plasma-
based RNA-seq studies [18]. Beyond biological limitations, several quality issues in raw
RNA-seq data, such as adapter contamination and low-quality reads, can affect down-
stream analysis and lead to erroneous conclusions. Therefore, implementing rigorous
quality control procedures, such as read quality assessment and contaminant removal, is
essential prior to data analysis to ensure reliability and reproducibility [19, 20].
Numerous studies have utilised RNA-seq for plasma-based cancer research. For exam-
ple, DEGs such as COX1, COX2, COX3, ND1, ND2, ND4L, and ATP6 were identified
in plasma from non-small cell lung cancer patients compared to healthy individuals
[21]. Similarly, Jin et al. used RNA-seq to compare plasma gene expression in colorec-
tal cancer patients before and after surgery, identifying prognostic biomarkers including
HPGD, PACS]1, and TDP2 [22]. Another study using small RNA deep sequencing iden-
tified differentially expressed microRNAs such as hsa-miR-182-5p in colorectal cancer
patients versus normal controls [23]. Furthermore, RNA-seq of plasma from patients
with various cancers (colorectal, gastric, liver, lung, and esophageal) were performed to
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identify cancer-specific biomarkers [24]. Collectively, these studies highlight the poten-
tial of plasma RNA-seq for non-invasive cancer biomarker discovery.

2.2 Single-Cell RNA sequencing

Single cell RNA sequencing (scRNA-seq) enables the analysis of gene expression at the
resolution of individual cells, making it particularly valuable for assessing intra-tumoral
heterogeneity [25]. While scRNA-seq is commonly applied to tumor tissue sample
[26-29], it has also been used to study extracellular vesicles (EVs) derived from tis-
sue, peripheral blood mononuclear cells, and blood samples [30-32]. Its application to
plasma-derived EVs offers the possibility of exploring RNA heterogeneity across differ-
ent EV subpopulations in cancer patients.

Nonetheless, scRNA-seq presents technical challenges for plasma analysis due to low
RNA abundance, the acellular nature of plasma, and potential contamination noise.
Additionally, the high cost and methodological complexity of scRNA-seq limit its rou-
tine application in plasma transcriptomics [33].

2.3 Spatial transcriptomics

Spatial transcriptomics (ST) profiles, gene expression while preserving spatial context
within intact tissue section [34]. This technique is valuable in investigating spatial varia-
tions in gene expression, tumor heterogeneity, prognostic factors, and tissue-specific
interactions [35, 36]. Unlike scRNA-seq, which loses spatial context during single-cell
preparation, ST retains positional information, enabling detailed analysis of tumor archi-
tecture and microenvironmental interactions [37]. However, spatial transcriptomics is
not suitable for plasma-based transcriptomic profiling. Since ST requires structured tis-
sue sections to maintain spatial gene expression maps, it is incompatible with plasma, a
fluid matrix lacking spatial organization [35].

3 Computational methods in transcriptomic data analysis

Computational analysis of transcriptomic data typically follows a sequential workflow, as
illustrated in Fig. 1. The process generally begins with quality control of raw sequencing
reads, followed by alignment to a reference genome and quantification of gene expres-
sion. Differential expression analysis is then performed to identify genes with significant
expression changes between conditions. These DEGs can subsequently be subjected to
pathway enrichment analysis and protein—protein interaction (PPI) network construc-
tion to uncover biological functions and molecular interactions. In this section, we pro-
vide an overview of commonly used computational tools at each step, emphasizing their
practical relevance for plasma transcriptomics.

3.1 Differential gene expression analysis
Galaxy and GEO2R are among the most widely used platforms for DEG analysis in
plasma transcriptomics. Both are considered high-level, user-friendly platforms that
enable researchers to perform analyses without requiring advanced computational
expertise.

Galaxy (https://usegalaxy.org/) is an open-access platform for scientific comput-
ing that integrates a suite of tools for RNA-seq analysis [38]. These include quality
assessment (e.g., FastQC, Trimmomatic, Cutadapt, Trim Galore), read alignment to a
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Fig.1 The overview of workflow involving Galaxy or GEO2R, used in cancer-related transcriptomic profiling studies

reference genome (e.g., HISAT2, STAR), gene quantification (e.g., featureCounts), DEG
analysis (e.g., DESeq2, limma, edgeR), and data visualization (e.g., Heatmap2, Vol-
cano plots) [39, 40]. Its modular design and graphical interface make it accessible for
researchers with limited programming background, and it has been widely adopted in
cancer-related transcriptomic studies [41-44].

GEO2R (http://www.ncbi.nlm.nih.gov/geo/geo2r/) is another web-based tool that
allows direct comparison of gene expression across two or more groups from the GEO
database. It generates DEG lists and visualization outputs such as volcano plots, Venn
diagrams, and box plots [45]. GEO2R is particularly useful for quick, exploratory analy-
ses and has been extensively applied in cancer biomarker discovery studies [46—49]. Fig-
ure 1 illustrates the typical analysis pipelines using Galaxy and GEO2R.

While Galaxy and GEO2R simplify DEG analysis through their high-level, graphical
interfaces, tools such as DESeq2 [50], edgeR [51], and limma [52] represent lower-level
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statistical packages that provide greater flexibility and precision for researchers with
computational expertise.

Comparative evaluations have shown that DESeq2 often identifies more DEGs than
limma, with approximately 90% overlap between the two tools, reflecting high consis-
tency [53]. In a broader analysis, DESeq2 detected the most significant DEGs [760],
followed by edgeR [597] and limma [278], with 273 DEGs overlapping across all three
methods [54]. Despite identifying fewer DEGs overall, limma remains valuable for
detecting subtle but biologically important expression changes. Notably, edgeR and
limma require normalized RNA-seq count data, whereas DESeq2 can be applied directly
to raw counts [55]. In addition, DESeq2 is particularly suitable for studies with at least
six samples per group [56]. Importantly, all three methods have been successfully applied
in plasma transcriptomic studies, supporting their practical utility in analyzing circulat-
ing cell-free RNA [57-59].

3.2 Pathway enrichment analysis
DAVID and ShinyGO are among the most widely used tools for pathway enrichment
and functional annotation of DEGs in cancer research. DAVID (Database for Annota-
tion, Visualization, and Integrated Discovery) (https://davidbioinformatics.nih.gov/tools
.jsp) provides detailed pathway names and statistical data, which can be used with visuali
zation tools like SR Plot to generate enrichment diagrams [60].

ShinyGO (https://bioinformatics.sdstate.edu/go77/) offers a more user-friendly inte
rface that directly produces graphical outputs, enhancing usability and efficiency [61].
Figure 2 shows Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway outputs
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Fig. 2 Example outputs for KEGG pathway analysis using (A) DAVID and (B) ShinyGO
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Fig. 3 Example of KEGG pathway diagrams generated by KEGG. Red indicates the involvement of query genes in
the pathway

Table 1 Available tools for functional and pathway enrichment analysis

Tools Description Usage in plasma transcriptomics for Refer-
cancer research ences
DAVID Web server for gene functional an- Used in cancer-related plasma transcriptomic  [22,
notation and pathway enrichment studies 57,
60]
ShinyGO Web server for gene functional an- Widely adopted in cancer-related studies, in-
notation and pathway enrichment cluding tissue-, plasma-, and serum-derived  [61-
exosomal transcriptomic studies 64]
IPA (Ingenu- Commercial pathway analysis tool Used in cancer-related plasma transcriptomic  [65,
ity Pathway studies 66]
Analysis)
Reactome Curated, expert-authored, and peer-  Very limited use in cancer-related plasma 67,
reviewed pathway database transcriptomic studies 68]
WikiPathways Open-source biological pathway No reported use in cancer-related plasma [69]
database transcriptomic studies
EnrichR Comprehensive resource for curated  Used in cancer-related plasma transcriptomic  [70,
gene sets studies 71]

produced by both DAVID and ShinyGO for selected genes (e.g., PALB2, BRCA1, BRCA2,
PTEN, MLH1, MSH2, ABL1, ALK, and BMPR1A). ShinyGO also produces KEGG path-
way diagrams highlighting the specific involvement of query genes [61-64], as illustrated
in Fig. 3. While ShinyGO has more limited species coverage compared to DAVID, both
tools are well-suited for enrichment analysis in human transcriptomic studies.

In addition to DAVID and ShinyGO, several other resources are available for pathway
enrichment, each with distinct strengths and limitations (Table 1). Ingenuity Pathway
Analysis (IPA) is a commercial software that offers advanced visualization and cura-
tion, and it has been used in cancer-related plasma transcriptomic studies [65, 66].
Reactome is a peer-reviewed, expert-curated pathway database, but its application in
plasma transcriptomic studies remains limited [67-68]. WikiPathways is an open-source
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and community-driven pathway database that is increasingly popular in bioinformat-
ics, although its use in plasma transcriptomic profiling has not yet been reported [69].
EnrichR is a comprehensive platform that integrates multiple gene set libraries, making
it useful for functional annotation across diverse datasets; it has also been applied in
plasma transcriptomic studies [70-71].

Table 1 provides a summary of these enrichment tools, outlining their main features
and reported applications in cancer-related plasma transcriptomic research.

3.3 Protein-protein interaction network construction

The STRING (Search Tool for the Retrieval of Interacting Genes/Proteins) (https://strin
g-db.org) is one of the most widely used resources for constructing PPI networks based
on DEGs from transcriptomic profiling. STRING integrates computational predictions,
experimental data, and curated knowledge to provide both functional and physical asso-
ciations among proteins [72, 73]. These networks can help reveal biological connections
among DEGs at the protein level, offering insights into potential pathways and mecha-
nisms of disease.

PPI networks generated in STRING can be further visualized and analyzed in Cyto-
scape using the StringApp plugin [74, 75]. In these networks, nodes represent genes or
proteins, while edges denote molecular interactions [76]. Figure 4 illustrates an example
of a PPI network constructed with STRING and visualized in Cytoscape. Plugins such
as CytoHubba extend this analysis by identifying hub genes through ranking algorithms,
including degree, density of maximum neighborhood component (DMNC), maximal
clique centrality (MCC), and betweenness [77-79]. Genes consistently identified across
multiple ranking methods are typically considered core hub genes and may represent
strong biomarker candidates.

In addition to STRING and Cytoscape, several other resources are available for PPI
network analysis, including PiSITE, ComPP], IntAct, and BioGRID. However, our litera-
ture search indicates that their adoption in plasma transcriptomic studies remains lim-
ited. Table 2 provides a summary of these additional tools and their potential relevance

to plasma transcriptomic research.

3.4 Diagnostic performance test and survival analysis

Evaluating the clinical potential of candidate biomarkers often involves testing their
diagnostic performance and prognostic value. Two commonly applied approaches are
receiver operating characteristic (ROC) curve analysis and survival analysis.

A ALK B

BMPR1IA— MSH2

Fig. 4 The example of PPI network constructed using (A) STRING database, and (B) visualised using Cytoscape
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Table 2 Other available tools for PPI network construction

Tools Description Use in plasma transcriptomics for  Refer-
cancer research ences
PiSITE Structural PPl site prediction based on 3D data  No reported use in cancer-related [80]

For structural bioinformatics and protein inter-  plasma transcriptomic studies
face prediction

ComPPI Cellular compartment-specific PPl database No reported use in cancer-related [81]
plasma transcriptomic studies
IntAct Freely accessible database for experimentally ~ Used in cancer-related studies,
validated molecular interactions including PPl including plasma transcriptomics [82—
87]
BioGRID Comprehensive repository of protein, ge- Used in cancer research, including
netic, and chemical interactions curated from  tissue- and plasma-based transcrip-  [86—
literature tomic studies 90]
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Fig. 5 Example of a ROC curve generated with AUC value 0.948 for gene RPS7 based on normalized expression
data from the GEO dataset (GSE142987)

The ROC curve plots sensitivity (true positive rate) against specificity (true negative
rate), providing a graphical representation of diagnostic accuracy. The area under the
curve (AUC) serves as a key performance metric, with values closer to 1.0 indicating
high discriminative ability [91, 92]. Online tools such as easyROC (http://biosoft.erciye
s.edu.tr/app/easyROC/) and SR plot (https://www.bioinformatics.com.cn/plot_basic_on
e_or_multi_ROC_curve_plot_106_en) are frequently used to generate ROC curves [93].
An AUC value close to 1 indicates high diagnostic accuracy. Biomarkers with AUC val-
ues above 0.8 are generally considered clinically relevant [94, 95]. Figure 5 presents an
example of a ROC curve generated using publicly available plasma transcriptomic data,
where an AUC of 0.94 demonstrates strong diagnostic ability. Several studies have also
validated plasma-based cancer biomarkers using ROC analysis, further supporting its
clinical utility [96—-99]. In addition to online platforms, offline alternatives such as the
pROC R package or Python-based implementations (e.g., scikit-learn) provide advanced
customization and greater control over data handling, making them suitable for studies
involving sensitive or confidential datasets [100, 101].

Survival analysis is equally important for assessing prognostic value. Tools such as the
KM Plotter (kmplot.com/analysis/), allow researchers to evaluate associations between
gene expression levels and patient survival outcomes [102, 103]. Kaplan—Meier plots
can indicate whether high or low gene expression correlates with favorable or poor
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Fig. 7 Plasma transcriptomic analysis workflow for less-invasive cancer biomarker discovery (created with
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prognosis [104]. More advanced strategies, including multi-gene risk score models, fur-
ther improve prognostic stratification [105, 106]. Figure 6 shows an example Kaplan—
Meier plot, while Fig. 7 provides an overview of a complete plasma transcriptomic
analysis workflow.
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4 Integrated analysis as the emerging trend

4.1 Meta-analysis

Meta-analysis combines data from multiple studies with similar objectives to produce
a single, more precise estimate of the overall effect size [107]. In the context of plasma-
based transcriptomic profiling, studies often vary in terms of patient populations, sam-
ple handling procedures, and analytical techniques. Meta-analyses help standardise
these differences, reducing heterogeneity and providing a more balanced and reliable
synthesis of findings [108].

By integrating dataset, meta-analyses can improve the diagnostic accuracy of cancer
biomarkers, enhance statistical power, and increase the robustness of research outcomes
[109-112]. This is particularly beneficial for plasma-based studies with small sample
sizes, where pooling data from multiple sources can overcome limitations in statistical
significance. Furthermore, meta-analysis is a cost-effective strategy, as it relies on exist-
ing datasets rather that requiring new and often expensive sequencing experiments
[112].

In recent years, there has been a notable increase in meta-analyses involving differ-
ential gene expression data from plasma, serum, and blood for cancer biomarker [113—
116]. These efforts demonstrate that meta-analysis is a powerful tool for integrating
transcriptomic data to advance our understanding of cancer biomarkers and their clini-
cal applications.

4.2 Artificial intelligence

Artificial intelligence (AI) has become an essential tool in transcriptomic data analy-
sis, particularly in managing and interpreting large, complex datasets that are difficult
to handle using conventional methods [117, 118]. For instance, machine learning (ML)
algorithms such as XGBoost and Boruta have been applied to identify prognostic bio-
markers in kidney cancer using transcriptomic data from 531 kidney renal clear cell
carcinoma and 72 normal control samples [119]. Moreover, a range of ML methods
including Extra-Trees, GBDT, XGBoost, AdaBoost, KNN, MLP, RFECV-LR, RFECV-
SVM, RE, LR-L1, and SVC-L1, has been employed to detect diagnostic and prognostic
biomarkers in breast cancer by analyzing transcriptomic profiles from 356 cancerous
and 345 normal breast tissue samples [120].

Beyond transcriptomics alone, Al techniques such as deep learning have been used
to integrate multi-omics data (e.g., transcriptomics, proteomics, genomics, epigenom-
ics, and metabolomics) to enhance cancer classification, diagnosis, prognosis prediction,
and treatment response modeling [121-123]. For example, a concatenation autoencoder,
which is an Al-based deep learning tool, was used to predict the survival rate of breast
cancer patients by integrating multi-omics data from 60 000 samples [124].

Li et al. (2025) integrated plasma-based transcriptomic and lipidomic profiles from
hepatocellular carcinoma (HCC) patients and normal controls using deep learning and
ML tools and identified 12 lipid markers as HCC diagnostic markers [125]. Meanwhile,
Wei et al. (2024) established plasma miR-15a/16 as a potential early-stage HCC diag-
nostic biomarker using ML [126]. The Al-facilitated integration of plasma-based multi-
omics data from cancer patients, particularly when utilising large sample sizes, holds
significant promise for uncovering plasma-based less-invasive novel biomarkers for can-

cer diagnosis.
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While AI offers significant advantages in terms of accuracy, efficiency, and reduction
of human error, it also require advanced technical expertise for effective implementation
[127]. Compared to traditional methods, Al-assisted approaches present a steep learn-
ing curve, making them less accessible to researchers without specialized computational

backgrounds.

4.3 Multi-omics integration for biomarker discovery

Integrating multi-omics data provides a more comprehensive view of cancer biology,
enabling the identification of novel biomarkers that may be missed through single-
omics analyses [128]. While tissue-based studies have led to demonstrating the power of
combining transcriptomic and proteomic analyses, plasma-based multi-omics remains
underexplored. For example, one study integrated transcriptomic profiling of buffy
coat with plasma proteomics in HCC patients, and established SH3PXD2B and CD70
as potential blood-based biomarkers for HCC [129]. Similarly, transcriptomic profil-
ing of tissue, combined with blood and plasma proteomic profiling, has played a critical
role in identifying biomarkers at different stages of breast cancer, aiding early diagno-
sis and treatment planning [130]. However, despite the growing interest in circulating
cell-free RNA (cfRNA), integrated transcriptomic studies focused on discovering cancer
biomarkers sourced solely from plasma samples remain limited. This gap likely stems
from the technical and biological challenges associated with cfRNA in plasma, including
its low abundance, fragmentation, and potential contamination from lysed blood cells.
Nevertheless, future studies on integrated plasma transcriptomic profiling could open

new avenues for minimally invasive biomarker discovery in cancer.

5 Challenges and future directions

5.1 Challenges in transcriptomic profiling

Despite its promises, plasma-based transcriptomic profiling faces several challenges.
RNA is highly susceptible to degradation during sample collection and handling, where
improper storage and delays in processing can significantly compromise RNA integrity
[131]. Degraded RNA fragments can lead to inaccurate RNA-seq reads [132]. Moreover,
the inherently low abundance of circulating RNA in plasma samples can impair data
quality. Low input RNA increases the risk of adapter dimer formation and the inclusion
of non-target reads, which may contaminate sequencing results [133]. Proper handling
protocols and highly sensitive RNA extraction methods are essential to address these
issues.

Another major challenge is the lack of standardized protocols for plasma transcrip-
tomic analysis. Variability in blood collection storage conditions, and data processing
pipelines can significantly affect RNA profiles and compromise reproducibility [134].
Differences in bioinformatics tools used for read alignment, quantification, and DEGs
analysis further contribute to inconsistent results. Establishing standardized protocol
would help minimize variability across studies.

Integrating transcriptomic with other omics also presents computational challenges
requiring advanced statistical and analytical tools for effective interpretation [128, 135].
Researchers in low- resource settings may face difficulties accessing the technical infra-
structure and expertise required to adopt these tools. Additionally, the high cost of
sequencing remains a barrier to widespread implementation [136].
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5.2 Future directions
The following outlines some key suggestions for future research to further advance
plasma-based transcriptomic profiling:

+ Increasing the application of Al-based techniques to integrate transcriptomic data
with other omics layer, thereby improving model accuracy for cancer diagnosis,
prognosis, and treatment planning.

+ Advancing the clinical translation of plasma transcriptomic by developing
reproducible biomarkers, validating them in large and diverse patient cohorts, and
standardizing RNA extraction and analytical protocols.

6 Conclusion

Transcriptomic profiling is a powerful tool in cancer research, offering insights into dis-
ease mechanisms, biomarker discovery, and therapeutic targets. However, its application
in plasma-based studies introduces specific challenges, including issues of RNA degra-
dation, variability in data processing pipeline, and the complexity of integrating diverse
data types.

Despite these challenges, integrated transcriptomic profiling holds great potential for
enhancing diagnostic precision and enabling personalized treatment approaches. Ongo-
ing efforts to improve standardization, adopt advanced analytical tools, and validate
findings in clinical settings will be essential to realize the full potential of plasma tran-
scriptomics in cancer research.
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