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A B S T R A C T

Background: Hepatocellular carcinoma (HCC) is a significant global health challenge with com
plex molecular underpinnings. Recent advancements in understanding the role of non-coding 
RNAs (ncRNAs) and exosomes in cancer biology have opened new avenues for research into 
potential diagnostic and therapeutic strategies.
Methods: This study utilized a comprehensive approach to analyze gene expression patterns and 
regulatory networks in HCC. We integrated RNA sequencing data gathered from both tissue 
samples and exosomes. The WGCNA and limma R packages were employed to construct co- 
expression networks and identify differentially expressed ncRNAs, including long non-coding 
RNAs (lncRNAs) and circular RNAs (circRNAs).
Results: Our analysis demonstrated distinct expression profiles of various ncRNAs in HCC, 
revealing their intricate interactions with cancer-related genes. Key findings include the identi
fication of a network of microRNAs that interact with selected lncRNAs and their potential roles 
as biomarkers. Moreover, exosomal RNA was shown to effectively reflect tissue-specific gene 
expression changes.
Conclusions: The results of this study highlight the significance of exosomal ncRNAs in the pro
gression of liver cancer, suggesting their potential as both diagnostic biomarkers and therapeutic 
targets. Future research should focus on the functional implications of these ncRNAs to further 
elucidate their roles in HCC and explore their applications in clinical settings.
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1. Introduction

Liver cancer, particularly hepatocellular carcinoma (HCC), affects nearly one million people annually and is a leading cause of 
cancer-related deaths worldwide, especially among men aged 60 to 80, and in regions with high rates of liver diseases like cirrhosis, 
hepatitis B, and hepatitis C [1]. Early detection relies on understanding its genetic and molecular causes. Cancer arises from genetic 
abnormalities that drive rapid proliferation, metastasis, and drug resistance by altering molecular pathways within the tumor 
microenvironment, significantly facilitated by exosomes [2].

Exosomes, small vesicles that facilitate intercellular communication, carry diverse biomolecules such as proteins, lipids, and 
nucleic acids, influencing recipient cell behavior [3]. They contain non-coding RNAs (ncRNAs) like long non-coding RNAs (lncRNAs) 
and circular RNAs (circRNAs), which are crucial in regulating gene expression and forming complex regulatory networks through 
mechanisms like the ceRNA hypothesis [4].

Exosomal ncRNAs, including LncRNAs and miRNAs, play critical roles in cancer by modulating gene expression and influencing 
tumor progression and metastasis [5–8]. Understanding these roles is vital for developing new diagnostic tools and therapies for cancer 
treatment [9]. Exosomal circRNAs, for instance, are key regulators influencing cancer proliferation, invasion, and drug resistance [10].

Studies highlight the unique protein and RNA profiles of exosomes from HCC cells, underscoring their functional impact on the 
tumor microenvironment and cancer progression [2,4,11]. These exosomes reshape the tumor microenvironment, promoting tumor 
progression and immune evasion, critical considerations for cancer treatment and immunotherapy [12,13].

Exosomes serve as potential biomarkers for monitoring tumor advancement and treatment response due to their stability and 
specificity in reflecting cancer status and progression [2,4,14]. Despite extensive research on exosomal ncRNAs in cancer biology, 
there remains a notable gap regarding their specific roles in HCC [15], particularly in interactions and regulatory mechanisms.

This study seeks to explore the expression patterns and interactions of ncRNAs within exosomes from liver cancer patients to fill the 
existing research gap. Using computational analyses, exploring ncRNA expression profiles and their potential as biomarkers for early 
detection and therapeutic targeting in HCC, this study. By filling this gap, this research contributes to a deeper understanding of liver 
cancer pathogenesis and highlights potential diagnostic and therapeutic avenues.

In summary, this study focuses on constructing co-expression networks and investigating regulatory mechanisms of exosomal 
ncRNAs in HCC. Through comprehensive analyses, aiming to identify novel biomarkers and elucidate the roles of exosomal ncRNAs in 
liver cancer progression, thereby contributing to a deeper understanding of liver cancer pathogenesis.

Fig. 1. Flowchart illustrating steps in systems biology analyses.
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2. Materials and methods

2.1. Gene expression profile

Gene expression data is pivotal for reconstructing gene regulatory networks and elucidating gene regulatory interactions. The RNA 
sequencing (RNA-seq) data used in this study were sourced from the hepatocellular carcinoma (HCC) dataset available in the exoRbase 
database (version 1), accessible at http://www.exorbase.org. The gene expression data were pre-processed to obtain normalized 
transcripts per million (TPM) values directly from the RNA-seq dataset. Specifically, the normalization process ensured that gene 
expression levels were comparable across samples, thereby facilitating a comprehensive analysis integrating cancerous and healthy 
sample datasets.

2.2. Analysis of genes with the most significant expression changes (gene filtering)

To construct co-expression networks using the WGCNA package in R, a subset of genes was filtered out due to limited mRNA 
availability. Initially, genes with an average expression lower than 2 TPM were excluded from the dataset. Then, a log transformation 
(log(x+1)) was applied to the gene expression data to normalize it. To enhance data quality and minimize errors, a variance-based 
filtering approach was utilized [16,17]. Subsequently, the variance of genes was calculated, and the genes were sorted in descend
ing order based on their variance. The top 5000 genes exhibiting the highest variance were selected for constructing the co-expression 
network [18].

The schematic representation of the overall flowchart for conducting systems biology analyses is presented in Fig. 1. This flowchart 
outlines the main steps in conducting systems biology analyses.

2.3. Reconstruction of WGCNA network

For the construction and analysis of a co-expression network from the selected mRNA genes in this study, the WGCNA package 
(version 1.72–1) in the R language (version 4.3.0, developed by the GNU Project) was used. The superiority of the WGCNA method 
over other approaches, such as partial correlation and the Partial Correlation with Information Theory (PCIT), has been demonstrated. 
In the WGCNA method, genes with high correlation, whose expression values are close to each other, are functionally involved in 
similar biological processes and pathways. Therefore, they can be grouped into common network modules.

Using the pre-processed selected mRNAs from the previous stage, which includes 5000 genes for HCC and healthy samples, a co- 
expression network in the form of a signed hybrid was reconstructed using the WGCNA package. To construct the network, a similarity 
matrix was generated by calculating the Pearson correlation between all pairs of genes. To achieve a scale-free topology, the similarity 
matrix was raised to the power of β, which was set to 5. The adjacency matrix was then obtained. The selection of β was based on the 
suggested scale-free topology criteria by Ref. [19], resulting in an appropriate scale-free topology index (R^2) of 0.92, indicating the 
biological relevance of the network.

Using the adjacency matrix, a Topological Overlap Matrix (TOM) was calculated. This similarity measure indicates the correlation 
and overlap between neighboring nodes, which is useful in biological networks [20]. To identify biologically meaningful modules, the 
TOM was transformed into a Topological Overlap Dissimilarity Matrix (TOM dissimilarity) by subtracting it from 1. A hierarchical 
clustering tree (dendrogram) of genes was generated based on the TOM dissimilarity [20]. Finally, modules representing highly 
interconnected clusters of co-expressed genes were obtained by cutting the dendrogram branches using the Dynamic Tree Cut algo
rithm [21]. In the next step, the most significant module was selected for further analysis.

To select the best module, an eigengene, which is the first principal component of its expression matrix, was calculated for each 
module. This eigengene serves as a summary indicator for each module, reflecting expression changes in a one-dimensional vector. 
These eigengenes were then used to calculate the module-trait relationships. The primary clinical feature examined was the sample 
type, i.e., cancer versus normal samples. The module-trait relationship for a specific module and trait is the correlation between the 
eigengene of the module and the trait vector for all samples. Subsequently, a module (yellow) with the highest correlation with the 
sample type trait and the lowest p-value was selected. Finally, genes involved in cell cycle pathways or apoptosis were chosen.

2.4. MM-GS analysis

In the MM-GS analysis, the WGCNA package in R was utilized. From the modules identified through WGCNA analysis, the yellow 
module was selected as it showed the strongest correlation with disease traits, as illustrated in Fig. 2-I. The yellow module contained 
genes that were highly interconnected and demonstrated significant correlation with the disease phenotype. The GS-MM analysis was 
then conducted using all genes within this yellow module to identify key genes associated with disease progression.

2.5. DEG analysis and interaction investigation with LncTAR

The differential expression analysis (DEG) of genes within modules was conducted using the limma package (Linear Models for 
Microarray Data) [22] in R. This analysis included mRNA, LncRNA, and circRNA data, with the exclusion of records containing zero 
values. mRNA sequences were obtained from

https://www.ncbi.nlm.nih.gov/, LncRNA sequences from https://lncipedia.org/, and CircRNA sequences from http://www. 
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circbank.cn/, all in FASTA format.
To examine the interactions between mRNA, LncRNA, and circRNA, the LncTAR tool was employed [23] LncTar serves as a 

valuable tool for researchers investigating interactions between RNAs.

2.6. Gene ontology analysis and pathway enrichment

In this study, the KEGG [24] and EnrichR databases [25] were used for the interpretation and analysis of genes associated with 
significant candidate modules.

2.7. Comprehensive analysis of LIHC OMICS data

The UALCAN web resource (https://ualcan.path.uab.edu) [26] was used to conduct an extensive analysis of LIHC OMICS data. The 
focus was on genes identified through WGCNA and differential expression analysis, targeting the upregulated and downregulated gene 
expression patterns in exosomes. This platform provided a vast array of information, including sample sizes, cancer stages, gender 
distribution, and histological subtypes within LIHC datasets. This comprehensive analysis allowed to understand the expression 
patterns of identified genes and compare the results effectively.

2.8. Online databases and tools used for mRNAs and ncRNAs analysis

Several online databases and tools were employed to analyze the data, including databases for examining lncRNAs, circRNAs, 
microRNAs, protein-protein interactions, pathway enrichment, and data visualization. A detailed description of all databases and tools 
used in this study, along with their specific applications and web addresses, is provided in Appendix 8.

We identified potential interactions between our selected genes and microRNAs using the miRTarBase database. We found that 24 
microRNAs interacted with 7 of our selected genes. We then extended this analysis to include physical interactions between these 
microRNAs and our remaining genes, as well as with 10 lncRNAs and 1 circRNA. The interactions were visualized using Cytoscape 
software in Fig. 4.

3. Results

3.1. Data collection, normalization, and outlier removal

RNA-Seq data for normal and liver cancer exosomes were extracted from the exoRbase database (GSE100206, GSE100207). This 
dataset includes 32 samples from individuals with liver cancer and 21 samples from healthy individuals. After downloading, data 
quality was assessed using the Plot density function to visualize expression levels, as shown in Fig. 2-A.

Hierarchical clustering, performed using the hclust command, further assessed data quality. The results are presented in Fig. 2-B. 
This method identifies and removes outliers; however, no outliers were found, indicating the data’s robustness. The specific codes used 
are provided in Appendix 1.

3.2. Identification of WGCNA modules

The optimal beta value for constructing a Scale-Free network based on gene expression profiles was calculated. These values and 
the mRNA data results are depicted in Fig. 2-C and 2-D. Subsequently, co-expression networks for cancerous and healthy data were 
reconstructed and clustered, assigning a unique color to each module. The gray module, representing unclustered genes, was dis
carded. The modules for hepatocellular carcinoma (HCC) are shown in Fig. 2-E.

An eigengene, representing each module’s gene expression profile, was assigned. Hierarchical clustering of module representatives 
for HCC disease was performed to identify closely correlated modules, as seen in Fig. 2-F. No modules were combined.

To determine the most significant modules, a module-trait correlation analysis was performed on the obtained modules for HCC 
disease. The results of this analysis can be observed in Fig. 2-G.

Module-trait correlation analysis identified significant modules for HCC disease, presented in Fig. 2-G. The co-expression patterns 
of genes within the Yellow module are shown in Fig. 2-H, suggesting potential functional relationships or regulatory interactions 
within this module.

The results of the module membership (MM) and gene significance (GS) analysis for the Yellow module are detailed in Fig. 2-I, 
showing a significant correlation coefficient of 0.96 with a p-value of 6e-29. Additional module information is provided in Appendix 2.

3.3. Gene ontology analysis of the candidate module in HCC disease using EnrichR

Significant pathways from biological and gene ontology pathways related to the Yellow module were obtained using EnrichR. 
These results are reported in Fig. 2-J, with a complete gene ontology analysis provided in Appendix 3. Fig. 2-K presents the KEGG 2021 
Human database enrichment results for the Yellow module, indicating significant pathways.

Genes involved in significant pathways were selected through enrichment analysis. Two additional filters were applied: KEGG 
pathways related to cell cycle or apoptosis, and upregulation in cancer tissue samples as determined by GEPIA. A list of 29 genes, 
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Fig. 2. Workflow integrating WGCNA, DEG analysis, and enrichment studies in hepatocellular carcinoma (HCC). (A) RNA expression intensity in 
HCC. (B) Hclust analysis of mRNA data between HCC and normal stages. (C–D) Optimal beta selection and network topology in Scale-Free biological 
networks for normal-HCC mRNA data. (E) Modules identified in HCC mRNA data. (F) Dendrogram clustering of module representatives. (G) 
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corresponding to 70 different transcripts based on NCBI/Ref-seq annotations, was obtained (Table 1).
The KEGG pathway enrichment analyses for this study were performed using EnrichR (https://maayanlab.cloud/Enrichr/). 

Figures related to KEGG pathways (Fig. 2J and K-M-N) were generated using data accessed through EnrichR, which provides KEGG 
pathway information for research purposes.

3.4. Differential expressed genes (DEGs) in mRNAs

Comparing logFC + genes with the Yellow module genes from the WGCNA network revealed complete overlap, indicating these 
genes are upregulated co-expression genes (Fig. 2-L). DEG analysis, excluding genes with zero mean expression, identified down
regulated genes using the Limma package in R. Genes with an adjusted p-value <0.01 were considered downregulated. Further insights 
are provided in Appendix 4.

Out of 263 significant genes based on adjusted p-value, 138 were downregulated. Significant pathways associated with these DEGs 
were obtained using EnrichR, shown in Fig. 2-M and 2-N. Genes involved in the cell cycle and apoptosis pathways, and exhibiting 
downregulation according to GEPIA, were selected (Table 2). Differential expression analysis results for mRNAs, LncRNAs, and 
circRNAs are in Appendix 5.

Next, the DEGs Down was examined to identify those involved in cell cycle regulation or apoptosis based on KEGG [27] infor
mation. Then, using the data available in the GEPIA database, those genes showing downregulation were selected (Table 2). Label 1 
indicates that the gene of interest is involved in important cell cycle pathways. Label − 1 represents genes with downregulation ac
cording to the GEPIA database. Label 0 indicates cases where none of the mentioned results were observed.

Fig. 2-O illustrates a graphical network representing the top 10 diseases associated with hepatocellular carcinoma. In this network, 
nodes represent the diseases, and the connections or edges between nodes indicate the relationships or associations between these 
diseases. The nodes or edges’ size, color, or other visual attributes provide additional information about the strength or nature of these 
relationships. By examining this graphical network, insights can be gained into the interconnectedness and potential comorbidities of 
the top diseases linked to hepatocellular carcinoma.

Figures J-K-M-N. KEGG pathway analysis for HCC samples. The KEGG pathway enrichment analyses presented in these figures were 
performed using EnrichR (https://maayanlab.cloud/Enrichr/). EnrichR provides access to KEGG pathway data for research purposes, 
and the visualizations were generated directly from this resource.

3.5. Differential expressed genes (DEGs) in HCC-LncRNAs

Genes were filtered to remove those with zero expression average. The Limma package in R identified significant DEGs with an 
adjusted p-value <0.01. Among 111 significant DEGs, 73 were upregulated and 38 downregulated. DEGs with available sequences in 
the Lncpedia database are shown in Fig. 3-A and 3-B.

3.6. Differential expressed genes in HCC-CircRNA data

From the significant DEGs, one gene showed increased expression and one decreased expression. The FASTA sequences of these 
genes can be obtained from the CircBANK database, as shown in Fig. 3-C.

The analysis was performed using the R programming language with the following packages: igraph, rTRM, and png. In Fig. 4, a 
two-part network illustrating the influence of differentially expressed genes (DEG+ and DEG− ) CircRNAs and LncRNAs on the Yellow 
module and DEG− mRNAs is presented. The interactions between these RNAs are depicted.

As shown in Fig. 4, this image was generated using Cytoscape [33]. The figure illustrates mRNAs that overlap with non-coding 
RNAs (ncRNAs). UP mRNAs are identified based on their interactions with DEG− and DEG + ncRNAs, and Down mRNAs are also 
selected based on their interactions with both types of ncRNAs. The color-coding represents expression patterns from exosomal 
RNA-seq data, showing how these genes are expressed differently in HCC exosomes compared to normal controls.

Tables of the interaction results between mRNAs with upregulated and downregulated LncRNAs and circRNAs are provided in 
Appendix 6.

3.7. Results of physical interaction analysis

The results of the physical interaction analysis are presented in Table 3. For the upregulated and downregulated messenger RNAs 
(mRNAs), multiple transcript variants were identified for each gene. Due to the high sequence overlap among different transcript 
variants, only the gene names are listed here. Following the physical interaction analysis, a total of 166 common interactions were 
selected out of eight corresponding interactions.

Module-trait correlation analysis. (H) Co-expression in the Yellow module by WGCNA. (I) Module membership and gene importance analysis in 
Normal-HCC mRNA data. (J) Biologically significant pathways and gene ontology related to the Yellow module by EnrichR [29]. (K) KEGG 
enrichment of genes in the Yellow module [25,30,31]. (L) Comparison of LogFc + genes with WGCNA’s Yellow module output by Venny tool [32]. 
(M) Enrichment analysis of DEG− genes by Enrichr [29]. (N) KEGG enrichment of DEG− genes [25,30,31]. (O) Graphical network of top 10 diseases 
related to Hepatocellular Carcinoma [28].
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Fig. 2. (continued).
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Based on the selection of genes with interactions and overlap with both positive and negative differentially expressed gene (DEG) 
non-coding RNAs (ncRNAs), the upregulated genes were searched first, followed by the downregulated genes, in various sources 
(Tables 3 and 4). Furthermore, the important pathways involved in the cell cycle, which undergo changes leading to cancer, were also 
examined.

Table 1 
Genes in the yellow module output from WGCNA analysis identified as up-regulated using KEGG [28] and GEPIA filters.

Gene Symbol Module Color GS.Type p.GS.Type MM.yellow p.MM.yellow

ZBED1 yellow 0.962079 1.94E-30 0.957347208 3.68E-29
SLC25A6 yellow 0.934238 1.73E-24 0.959161976 1.24E-29
HSPA1B yellow 0.911247 2.73E-21 0.924771055 4.77E-23
FGB yellow 0.844718 1.87E-15 0.875982192 8.96E-18
ORM1 yellow 0.811584 1.69E-13 0.853134586 5.01E-16
HRG yellow 0.774312 1.04E-11 0.812141095 1.58E-13
PPP2R3B yellow 0.757742 5.08E-11 0.78879904 2.31E-12
FGG yellow 0.700765 5.15E-09 0.725556917 7.95E-10
APOB yellow 0.698028 6.26E-09 0.750443977 9.83E-11
MYL6B yellow 0.685911 1.45E-08 0.690707819 1.04E-08
CYP2E1 yellow 0.684578 1.58E-08 0.761483469 3.59E-11
FGA yellow 0.665319 5.49E-08 0.698225432 6.17E-09
APOA2 yellow 0.642471 2.15E-07 0.686138183 1.42E-08
RASA4B yellow 0.625151 5.61E-07 0.7402919 2.37E-10
GC yellow 0.603415 1.73E-06 0.660054814 7.59E-08
ALDOB yellow 0.564663 1.06E-05 0.617653376 8.36E-07
RASA4 yellow 0.557154 1.47E-05 0.675856122 2.81E-08
ALB yellow 0.556889 1.49E-05 0.711233717 2.40E-09
KNG1 yellow 0.552543 1.79E-05 0.636929549 2.94E-07
APOH yellow 0.522358 6.02E-05 0.581176983 5.04E-06
COL4A1 yellow 0.515986 7.67E-05 0.584020417 4.42E-06
SHC2 yellow 0.501379 0.000131 0.563830264 1.10E-05
TF yellow 0.489262 0.000201 0.549825919 2.00E-05
KCNJ2 yellow 0.429778 0.00132 0.537655923 3.30E-05
SCD yellow 0.422299 0.001634 0.570159477 8.32E-06
VTN yellow 0.416662 0.001913 0.493096134 0.000175915
INSR yellow 0.401905 0.002854 0.496066222 0.000158468
CXCR5 yellow 0.334518 0.014355 0.396558594 0.00328509
MGST1 yellow 0.291656 0.034093 0.401906994 0.002853903

Table 2 
The list of significant down-regulated DEGs based on the KEGG and GEPIA filters.

KEGG GEPIA logFC adj.P.Val

FYB 1 − 1 − 201.4101662 6.35E-05
PRKCB 1 − 1 − 98.67789065 0.000244
KAT6A 1 − 1 − 89.64292823 1.86E-06
PLEK 1 − 1 − 83.19481878 0.00947
NCOR1 1 − 1 − 72.44780179 2.47E-06
IL7R 1 − 1 − 70.23576777 0.00707
SMARCA2 1 − 1 − 69.18246396 0.001513
AKT3 1 − 1 − 63.84605529 3.20E-06
LEF1 1 − 1 − 55.75956944 0.002092
BIRC6 1 − 1 − 43.6924995 0.003107
THOC2 1 − 1 − 41.68583865 1.14E-05
RSF1 1 − 1 − 41.45360285 0.007161
BTK 1 − 1 − 37.07722659 0.001807
DNMT1 1 − 1 − 35.55202429 0.002048
CRKL-1 1 − 1 − 27.23454566 0.005057
HDAC9 1 − 1 − 25.50142416 3.28E-05
TTN 1 − 1 − 21.24324449 0.001597
USP10 1 − 1 − 20.39936841 0.006471
CAMK4 1 − 1 − 19.40384265 0.001341
ARID2 1 − 1 − 18.395143 0.008518
RAB14 1 − 1 − 16.85863442 0.001031
DLG1 1 − 1 − 14.98564783 0.00984
PPP2R2D 1 − 1 − 12.1515161 0.007608
ZBTB16 1 − 1 − 10.78785871 0.000626
HPGD 1 − 1 − 9.875168146 0.004836
PLCB4 1 − 1 − 8.936647911 0.00169
MEF2C 1 − 1 − 60.46365042 3.89E-07
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Fig. 3. Differential expression of genes (DEGs) in HCC involving LncRNAs and circRNAs. (A) LncRNA DEG + genes with corresponding FASTA 
sequences in the LNCipedia database. (B) LncRNA DEG− genes with corresponding FASTA sequences in the LNCipedia database. (C) circRNA 
transcripts of DEG+ and DEG− available in circBase. Selected significant circRNAs for further analysis.

Fig. 4. Network visualization of RNA interactions in HCC. The “24 miRNAs” node represents a set of 24 distinct microRNAs. Upregulated genes are 
shown in red, while downregulated genes are depicted in blue. All genes and lncRNAs interact with all 24 miRNAs, while the circRNA interacts with 
23 out of 24 miRNAs, lacking interaction only with hsa-miR-30c-5p.
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To analyze protein-protein interactions (PPIs), the Integrated Interactions Database (IID) web tool was utilized. Protein-protein 
interactions refer to the physical associations between proteins in a biological system, playing a crucial role in various cellular pro
cesses and biological pathway functions. In this context, the PPIs displayed in Fig. 5-A are specifically derived from analyzing selected 
messenger RNA (mRNA) molecules. Fig. 5-A visualizes the connections between proteins, represented as nodes, highlighting their 
interactions as edges or links between these nodes. By studying this network of PPIs, insights can be gained into the complex web of 
interactions among proteins, identifying key players or hubs critical for the underlying biological processes being studied.

Additionally, hsa-miR-449a and hsa-mir-107, identified through computational analysis and documented in the Human MicroRNA 
Disease Database (HMDD) as influencing the upregulation and downregulation of several genes were utilized. A PPI analysis was then 
conducted by integrating these target genes with selected gene expression data. This allowed for the identification of potential in
teractions and connections between the genes regulated by these microRNAs and the genes identified in this study, as shown in Fig. 5- 
B, providing deeper insights into their roles and relationships in hepatocellular carcinoma.

Fig. 6 presents the analysis of PPI annotations based on diseases (A) and tissues (B). In part A of Fig. 6, the focus is on understanding 
the associations between PPIs and diseases. The PPI annotations are mapped and linked to specific disease categories, allowing 

Table 3 
Upregulated genes examined across various cancers and cell cycle pathways.

Genes (Up 
Regulated)

Disorders Pathway in KEGG

MGST1 Liver cancer [34], Stomach cancer [35],Pancreatic cancer [36], Colorectal cancer 
[37]

Pathways in cancer, Hepatocellular 
carcinoma

RASA4 RASA4B Liver cancer [38], Cervical cancer [39], Brest cancer [40] Ras signaling pathway
SHC2 Liver cancer [41],Brest cancer [42],Lung cancer [43] Alcoholism 

Chemokine signaling pathway 
Chemokine signaling pathway

ZBED1 Liver cancer [46],Stomach cancer [44] regulates cell proliferation [44,45]
CXCR5 Liver cancer [47],Lung cancer [48], Prostate cancer [49] 

Colorectal cancer [50],Stomach cancer [51]
Chemokine signaling pathway

PPP2R3B Liver cancer [52],Melanoma [53],Breast cancer [54] PI3K-Akt signaling pathway 
AMPK signaling pathway

Table 4 
Downregulated genes examined across various cancers and cell cycle pathways.

Genes (Down 
Reg.)

Disorders Pathway in KEGG

CRKL Liver cancer [55], Lung cancer [56],Breast cancer [57], Stomach cancer [58], Cervical 
cancer [59]

Pathways in cancer
ErbB signaling pathway
MAPK signaling pathway
Rap1 signaling pathway

DLG1 Liver cancer [60], colorectal cancer [61], ovarian cancer [62], prostate cancer [63] Hippo signaling pathway 
T cell receptor signaling pathway

HDAC9 Liver Cancer [64], Breast Cancer [65], Lung Cancer [66] Alcoholism
JAK1 Liver Cancer [67], Melanoma [68], Ovarian Cancer [62] PI3K-Akt signaling pathway 

EGFR tyrosine kinase inhibitor resistance 
Hepatitis C 
NOD-like receptor signaling pathway

LEF1 Liver Cancer [69], 
Prostate Cancer [70], Colorectal Cancer [71]

Hippo signaling pathway, Hepatocellular 
carcinoma 
Pathways in cancer 
Wnt signaling pathway 
Alcoholic liver disease

MOB1A Liver Cancer [72], Colorectal Cancer [73], Bladder Cancer [74] Hippo signaling pathway
PRKCB Liver Cancer [75], Ovarian Cancer [62] Pathways in cancer 

EGFR tyrosine kinase inhibitor resistance 
MAPK signaling pathway mTOR signaling 
pathway

STK4 Liver Cancer [76],Thyroid Cancer [77], Prostate Cancer [78] Pathways in cancer 
FoxO signaling pathway 
Ras signaling pathway 
MAPK signaling pathway

KAT6A Liver Cancer [79], Ovarian Cancer [80] Signaling pathways regulating pluripotency of 
stem cells

PLCB4 Liver Cancer [81], Neuroblastoma [82], Prostate Cancer [63] cGMP-PKG signaling pathway 
Wnt signaling pathway 
Rap1 signaling pathway

SMARCA2 Liver Cancer [41], Lung Cancer [83], Pancreatic Cancer [84] Hepatocellular carcinoma 
Thermogenesis
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exploration of the molecular basis and potential molecular targets associated with various diseases. By examining the PPIs within the 
context of diseases, insights can be gained into the underlying biological mechanisms, identifying disease-related protein modules or 
complexes, and potentially discovering novel therapeutic targets.

In part B of Fig. 6, the emphasis shifts to exploring the relationship between PPIs and specific tissues. By analyzing the PPI an
notations within different tissue contexts, tissue-specific protein networks and interactions that play crucial roles in the physiological 
processes and functions of those tissues can be uncovered. This analysis provides valuable information about the molecular mecha
nisms underlying tissue-specific functions, potential biomarkers, and tissue-specific drug targets. The analysis of PPI annotations based 
on diseases and tissues in Fig. 6 offers a comprehensive view of the connections between protein interactions and specific disease 
categories or tissues. It helps understand the intricate relationships between proteins, diseases, and tissues, ultimately contributing to a 
deeper understanding of complex biological systems and facilitating the development of targeted therapeutic strategies.

The selected mRNAs at this stage were searched on the miRTarBase website [85]. Among the results, genes that had strong evidence 
according to quantitative polymerase chain reaction (qPCR), Western blot, and reporter assay criteria were chosen. These genes are 
indicated in Table 5. In addition to the names of the searched miRNAs, the expression patterns of miRNA and mRNA in UALCAN for 
LIHC were also searched, and the results are provided in the specified columns. It is worth noting that the genes listed in the mRNA 
column are those with decreased expression patterns in exosomes. The cases for which there were no results or were not statistically 

Fig. 5. (A) Protein-protein interactions (PPIs) based on selected mRNA profiles. (B) PPI network involving affected genes of hsa-miR-449a and hsa- 
miR-107 with mRNA profiles in HCC.

Fig. 6. (A) Analysis of PPI annotations based on diseases and (B) tissues.
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significant are indicated by N/A and Not significance, respectively. Additional information about this analysis is provided in 
Appendix 7.

The sequences of these 24 miRNAs were validated against different transcripts of LncRNA, circRNA, as well as their corresponding 
mRNA transcripts from the previous stage using lncTar analysis. The details can be found in the attached document.

The Human MicroRNA Disease Database (HMDD v4.0) offers a comprehensive and expanded collection of miRNA-disease asso
ciations with improved classification and new features for network visualization. By searching the HMDD v4.0 database [86], it was 
found that two miRNAs, hsa-mir-107 and hsa-miR-449a, are associated with hepatocellular carcinoma causality and these are indicated 
with an asterisk (*) in Table 5. The networks of these two miRNAs can be observed in Fig. 7.

Our analysis revealed a complex network of interactions between the selected genes, microRNAs, lncRNAs, and circRNA. Notably, 
24 microRNAs showed interactions with 9 of our selected genes (7 initially identified plus PRKCB and DLG1). Furthermore, all 10 

Table 5 
Investigation of physical interaction between RNA molecules and miRNA.

miRNA (miRTarBase) LIHC Expression miRNA (UALCAN) Target (mRNA) LIHC Expression mRNA (UALCAN)

hsa-miR-29a-3p Down CRKL Up
hsa-miR-124-3p N/A CRKL N/A
hsa-miR-126-3p Down CRKL N/A
hsa-miR-107* Up CRKL N/A
hsa-miR-15a-5p Up CRKL Up
hsa-miR-29a-5p Down HDAC9 N/A
hsa-miR-211-5p Not significant HDAC9 N/A
hsa-miR-3619-5p Up HDAC9 No change
hsa-miR-30c-5p Down JAK1 N/A
hsa-miR-9-5p Up JAK1 N/A
hsa-miR-373-3p Not significant JAK1 N/A
hsa-miR-107* Up JAK1 N/A
hsa-miR-126-3p Down JAK1 N/A
hsa-miR-106b-5p Up JAK1 No change
hsa-miR-17-5p Up JAK1 No change
hsa-miR-452-5p Up LEF1 N/A
hsa-miR-218-5p Not significant LEF1 N/A
hsa-miR-34c-3p Up LEF1 Up
hsa-miR-34a-5p Up LEF1 Up
hsa-miR-449a* Up LEF1 Up
hsa-let-7i-3p Not significant LEF1 N/A
hsa-miR-186-5p Not significant MOB1A N/A
hsa-miR-199a-5p Down SMARCA2 N/A
hsa-miR-199a-3p Down SMARCA2 N/A
hsa-miR-18a-5p Up STK4 N/A
hsa-miR-655-3p Down VIM-AS1 N/A

Fig. 7. miRNA regulatory network involving hsa-miR-107 and hsa-miR-449a.
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Fig. 8. Heatmap of gene expression using TCGA-LIHC dataset, highlighting statistically significant results for both gene and protein expression. (A) 
Heatmap displaying gene expression patterns of up-regulated and down-regulated genes in liver hepatocellular carcinoma. (B) Gene expression 
levels for PPP2RB3, SHC2, MGST1 (C) Protein expression levels for PPP2RB3, SHC2, MGST1 (D) Gene expression levels for RASA4, DLG1, STK4 (E) 
Protein expression levels for RASA4, DLG1, STK4 (F) Gene and protein expression for gene CRKL (G) Gene and protein expression for gene JAK1.

F. Mirzaei-nasab et al.                                                                                                                                                                                                Practical Laboratory Medicine 45 (2025) e00464 

13 



lncRNAs showed physical interactions with these microRNAs. Interestingly, the selected hsa_circ_0001380 interacted with all the 
microRNAs except one (hsa-miR-30c-5p). Fig. 4 provides a visualization of these interactions.

The genes listed in Tables 3 and 4, derived from co-expression networks and differentially expressed gene (DEG) analysis in 
exosomes, were searched on the UALCAN website [26].

Fig. 8 presents a comprehensive visualization and analysis of gene expression patterns in hepatocellular carcinoma using the TCGA- 
LIHC dataset. The heatmap (A) displays the expression patterns of 16 key genes that were identified through our RNA-RNA interaction 
analysis and subsequently queried in UALCAN portal. This analysis provided both transcriptomic and proteomic data from TCGA for 
these specific genes, allowing us to examine their expression patterns in HCC compared to normal tissue. Subsequent panels (B-G) 
provide detailed expression analyses for selected genes, showing both their transcriptional and protein-level regulation in HCC, which 
helps elucidate their potential roles in disease progression. These selected genes showed particularly interesting patterns of dysre
gulation and were further analyzed to understand their contribution to HCC pathogenesis.

A summary of gene and protein expression patterns is provided in Table 6.
The heatmap in this figure was generated using data from UALCAN. Please refer to the UALCAN manuscript for further details. 

More information is available at https://ualcan.path.uab.edu.
Table 6 provides computational expression profiles from tissue studies of hepatocellular carcinoma. Data were extracted from 

UALCAN.

3.8. Statistical analysis enhancement

The statistical analysis was conducted using R version 4.2.2 and the Relative Expression Software Tool (REST-2009). Gene 
expression analyses, including normalization, filtering, and differentially expressed gene (DEG) analysis, were performed using R 
software. In the investigation of physical interactions between RNAs, the guidelines provided by LncTAR were adhered to, setting the 
threshold for the normal ΔG cutoff at − 0.15. For protein-protein interaction (PPI) analysis, the STRING database was utilized, and for 
miRNA interaction analysis, the miRTarBase online database was used. Differential expression of genes between sample groups was 
assessed using the linear model method, with statistical significance determined by false discovery rate (FDR) adjustment (FDR <0.01). 
The significance of other statistical analyses was assessed with a p-value threshold of <0.05.

4. Discussion

Hepatocellular carcinoma (HCC) remains a formidable challenge in global health, characterized by complex molecular mechanisms 
driving its progression [87]. This study presents a comprehensive analysis of gene expression patterns and regulatory networks in HCC, 
integrating data from tissue samples and exosomes while exploring the intricate web of interactions among various RNA species, 
including mRNAs, lncRNAs, circRNAs, and miRNAs. Our analysis revealed a complex network of predicted physical interactions 
among these RNA species. Notably, we found that exosomal RNA content can reliably reflect tissue-specific gene expression changes, 
highlighting the potential of exosomes for non-invasive diagnostics. Key genes such as MOB1A, HDAC9, PRKCB, STK4, SMARCA2, and 
JAK1 showed interactions with multiple miRNAs, suggesting intricate regulatory mechanisms in HCC pathogenesis.

These findings both confirm and expand upon previous research in the field of HCC and exosomal RNA. Our observations on the 
role of RN7SL1 in activating the RIG-I pathway and stimulating an interferon response, which paradoxically promotes tumor pro
gression, align with the study by Nabet et al. (2017) [88]. Furthermore, our findings on the importance of JAK1, and CRKL in multiple 
signaling pathways corroborate and extend previous findings on the role of these genes in HCC progression [55,89].

4.1. Expression patterns and RNA-RNA interactions

These analysis revealed diverse expression patterns across different genes, underscoring the complexity of gene regulation in HCC 
[90]. The consistency observed in gene expression patterns between tissue samples and exosomes suggests that exosomal RNA content 
reliably reflects tissue-specific gene expression changes, making exosomes a promising tool for non-invasive diagnostics [91].

However, discrepancies between mRNA and protein levels were observed in some cases, highlighting the complexity of post- 
transcriptional regulation in HCC. For instance. 

• PRKCB showed reductions in both mRNA and protein levels, potentially due to its interaction with RN7SL1 transcripts and lnc- 
C12orf74-3:34.

• SMARCA2, on the other hand, exhibited reduced mRNA levels but increased protein expression, possibly influenced by its 
interaction with hsa_circ_0001380.

These observations extend our understanding of the intricate regulatory mechanisms in HCC, suggesting that post-transcriptional 
factors, selective exosomal packaging, and tumor microenvironment dynamics play significant roles.

4.2. Implications for signaling pathways and tumor microenvironment

The expression patterns and interactions observed in this study have significant implications for various signaling pathways and the 
tumor microenvironment (TME). 
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1. Perturbations in multiple signaling pathways, including PKC and JAK/STAT cascades, are indicated by changes in expression and 
interactions of PRKCB, JAK1, and CRKL [55,67,75]. These pathways play pivotal roles in regulating immune evasion, angio
genesis, and apoptosis within the TME.

2. The selective inclusion of RNA species in exosomes suggests a mechanism by which HCC cells actively shape the TME. For instance, 
RN7SL1 was found to activate the RIG-I pathway, stimulating an interferon response that paradoxically promotes tumor pro
gression [88].

3. Dysregulation of DLG1 and its interactions with multiple lncRNAs suggest a complex regulatory network controlling cell polarity 
and intercellular interactions, potentially impacting metastasis [92].

4. The interactions of key non-coding RNAs, such as lnc-C12orf74-3:34 and hsa_circ_0001380, with genes like PRKCB and 
SMARCA2, further emphasize their roles in modulating signaling pathways and the microenvironment. These findings underscore 
the dynamic interplay between tumor cells and the TME, mediated through exosomal communication.

These results not only highlight the relevance of ncRNAs in the TME but also provide a foundation for further experimental studies 
to validate these mechanisms and explore their potential as therapeutic targets.

4.3. Potential therapeutic applications of exosomal communication

A deeper understanding of the messages cancer cells send to distant sites through exosomes can provide novel therapeutic ap
proaches [93]. Exosomes, as carriers of molecular signals, might play a crucial role in preparing distant sites for metastasis or 
modulating immune responses [94]. By deciphering the specific messages and molecular contents within these exosomes, we could 
potentially develop targeted therapies that interrupt these communication pathways. This approach may offer new treatment options 
that go beyond conventional systemic chemotherapy, particularly for cancers where current treatments are limited [95].

These findings provide new insights into the molecular basis of HCC progression and may offer novel targets for therapeutic 
intervention.

4.4. Role of non-coding RNAs and exosomes

Our study uncovered a complex network of predicted physical interactions among various RNA species. Key genes such as MOB1A, 
HDAC9, PRKCB, STK4, SMARCA2, and JAK1 showed interactions with multiple miRNAs, including hsa-miR-29a-3p, hsa-miR-124-3p, 
and hsa-miR-15a-5p. These interactions can play a significant role in regulating gene expression and cellular pathways [96].

Further analysis using the miRTarBase database revealed an even more intricate network of interactions. We identified 24 
microRNAs that showed interactions with 9 of our selected genes (MGST1, RASA4, RASA4B, SHC2, ZBED1, CXCR5, PPP2R3B, CRKL, 
DLG1, HDAC9, JAK1, LEF1, MOB1A, PRKCB, STK4, SMARCA2). Interestingly, these microRNAs also showed physical interactions with 
10 lncRNAs and one circRNA that we identified in our study. Notably, all lncRNAs interacted with all 24 microRNAs, while the circRNA 
interacted with all except hsa-miR-30c-5p. This complex interactome suggests a highly coordinated regulatory network involving 
various RNA species in HCC, potentially influencing gene expression and cellular pathways through competitive binding or co- 
regulation mechanisms.

The differential expression patterns observed between exosomes and cellular samples highlight the selective nature of exosomal 
packaging [97]. This suggests a mechanism by which cancer cells might modulate the tumor microenvironment, potentially priming 
distant sites for metastasis or influencing immune cell functions [93]. These findings open new avenues for understanding intercellular 
communication in HCC and may lead to novel diagnostic and therapeutic strategies.

In our analysis of non-coding RNAs, we designed primers to detect specific transcripts of interest. Notably, our primer sets for VIM- 
AS1 were able to detect transcripts VIM-AS1:14, VIM-AS1:16, and VIM-AS1:17, which showed 100 % sequence similarity in BLAST 

Table 6 
Summary of gene expression data.

Gene HCC RNA Tissue Expression Normal Protein Level HCC Protein Level References

PRKCB Down High Low UALCAN.
HDAC9 NA NA NA UALCAN.
SMARCA2 NA Low High UALCAN.
LEF1 Up NA NA UALCAN.
DLG1 Up High Low UALCAN.
CRKL Up Low High UALCAN.
JAK1 Up High Low UALCAN.
MOB1A Up Low High UALCAN.
STK4 Up Low High UALCAN.
MGST1 Down High Low UALCAN.
CXCR5 NA NA NA UALCAN.
ZBED1 NA NA NA UALCAN.
RASA4 Up Low High UALCAN.
SHC2 Up Low High UALCAN.
PPP2R3B Up High Low UALCAN.
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analysis. Similarly, primers for SEMA3F-AS1 detected both SEMA3F-AS1:2 and SEMA3F-AS1:3 transcripts, which also exhibited 100 % 
similarity. For RN7SL1, our primers were designed to capture both lnc-LRR1-1:1 and lnc-LRR1-1:2 transcripts, which showed 99 % 
similarity. This high degree of similarity between transcripts of the same gene highlights the complexity of transcriptional regulation in 
HCC and underscores the importance of careful primer design in studying non-coding RNAs. The detection of these highly similar 
transcripts raises intriguing questions about their functional roles and potential differences in regulation or interaction with other RNA 
species in the context of HCC progression.

Our network analysis revealed a complex web of interactions among various RNA species in HCC (Fig. 4). To simplify the visual 
representation, we depicted the 24 identified miRNAs as a single node. Notably, all examined genes and lncRNAs showed interactions 
with the entire set of 24 miRNAs, suggesting a highly interconnected regulatory network.

Interestingly, the identified hsa_circ_0001380 exhibited interactions with 23 out of the 24 miRNAs, with the sole exception being 
hsa-miR-30c-5p. This comprehensive interaction pattern underscores the potential for intricate regulatory mechanisms in HCC, where 
multiple RNA species may compete for miRNA binding or cooperate in gene expression regulation.

Among these miRNAs, Table 5 highlights specific interactions, including those of hsa-miR-107* (targeting CRKL and JAK1) and hsa- 
miR-449a* (targeting LEF1). These miRNAs and their targets exhibit particular expression patterns in LIHC in TCGA, indicating po
tential regulatory roles in liver cancer pathogenesis.

The unique interaction profile of hsa_circ_0001380, particularly its lack of interaction with hsa-miR-30c-5p, warrants further 
investigation as it may indicate a specific regulatory role or functional significance in HCC pathogenesis. These findings provide a 
foundation for further research into the complex miRNA-mRNA-lncRNA-circRNA regulatory networks in HCC and their potential as 
diagnostic or therapeutic targets.

4.5. Limitations and future directions

The RNA-seq data used lacks detailed patient disease stages and clinical conditions. Moreover, the exosomes sequenced from blood 
samples may originate from non-liver sources, emphasizing the need for liver-specific exosome studies. Our BLAST analysis revealed 
100 % sequence similarity among certain transcripts (e.g., VIM-AS1:14, VIM-AS1:16, and VIM-AS1:17; SEMA3F-AS1:2 and SEMA3F- 
AS1:3), allowing us to design primers that effectively detect these highly similar isoforms. While our method successfully identified 
these similar transcripts, it raises questions about the biological significance of such closely related isoforms. Future studies could 
employ more advanced techniques, such as isoform-specific sequencing or functional assays, to examine the potential distinct roles or 
regulatory mechanisms of these highly similar transcripts. The biological implications of these subtle transcript variations in HCC 
progression remain to be fully elucidated and warrant further investigation. Future research should focus on. 

1. Validating these findings in larger cohorts of liver cancer patients, correlating ncRNA expression levels with clinical outcomes.
2. Conducting functional analyses of identified ncRNAs to elucidate their specific roles in liver cancer progression.
3. Developing reliable and non-invasive biomarkers based on the identified ncRNAs for early detection and monitoring of liver cancer.
4. Investigating the potential of targeting these ncRNAs for therapeutic purposes, including the development of ncRNA-based 

therapies.
5. Integrating these findings with emerging technologies such as AI to enhance HCC research and treatment strategies.

While the focus of this study was on hepatocellular carcinoma (HCC), several of the identified genes and non-coding RNAs 
(ncRNAs) have been implicated in other cancer types as well. For instance, CRKL and PRKCB are known to influence key pathways such 
as JAK/STAT and PKC, which are dysregulated in cancers like colorectal, lung, and breast cancers. Similarly, pathways like PI3K-Akt 
and Ras signaling, which were highlighted in our analysis, are commonly affected across various malignancies.

However, a systematic comparison of these findings with other cancer types was beyond the scope of this study. Future research 
could focus on exploring the broader relevance of these ncRNAs and pathways across different cancers, potentially uncovering shared 
mechanisms and therapeutic targets.

4.6. Clinical implications

The identification of novel candidate biomarkers, including lnc-HMGA1-2:8, lnc-HMGA1-2:9, and lnc-C12orf74-3:34, reported here 
for the first time, alongside the confirmed differential expression of hsa_circ_0001380, SEMA3F-AS1:2,3, lnc-LRR1-1:1,2, and VIM- 
AS1:14, underscores the potential of non-coding RNAs in enhancing our understanding of liver cancer pathogenesis. These findings 
may lead to the development of new diagnostic tools and therapeutic targets, potentially improving patient outcomes in HCC.

5. Conclusion

This comprehensive analysis reveals an extraordinarily complex and interconnected RNA regulatory network in HCC, highlighting 
the importance of non-coding RNAs and exosomal communication in disease progression. Our findings not only deepen the under
standing of HCC pathogenesis but also open up new avenues for biomarker discovery and therapeutic interventions. By pursuing 
integrated future directions, we can advance towards more personalized and effective treatments for HCC patients.
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