
Transcriptomic Profiling of Paired Tumor and Non-Tumor 
Biopsies Identifies Dysregulated Genes in Hepatocellular 
Carcinoma

Hepatocellular carcinoma (HCC) is the most common 
primary liver malignancy and accounts for approxi-

mately 75–85% of all liver cancers, representing a major 

cause of cancer-related mortality worldwide. According to 
the latest GLOBOCAN data, liver cancer is the sixth most 
frequently diagnosed cancer and the third leading cause 
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of cancer-related death, with more than 900,000 new cases 
and 830,000 deaths reported annually.[1] The incidence of 
HCC shows marked geographical variation, with the high-
est burden observed in East Asia and sub-Saharan Africa, 
largely reflecting the prevalence of chronic hepatitis B vi-
rus (HBV) and hepatitis C virus (HCV) infections. In Western 
countries, increasing rates of non-alcoholic fatty liver dis-
ease (NAFLD) and alcohol-related liver disease are emerg-
ing as major risk factors.[2] Despite improvements in surveil-
lance programs and therapeutic strategies, the prognosis 
of HCC remains poor, with a 5-year survival rate below 20% 
in most countries, primarily due to late-stage diagnosis, 
high recurrence rates, and limited treatment options.[3]

At the molecular level, HCC is recognized as a highly het-
erogeneous disease, both genetically and phenotypically. 
This heterogeneity arises from the interplay of genomic in-
stability, somatic mutations, epigenetic modifications, and 
deregulated signaling pathways, including Wnt/β-catenin, 
MAPK, PI3K/AKT, and TGF-β.[3,4] Efforts to classify HCC into 
reproducible molecular subtypes have provided important 
insights into tumor biology. For example, expression-based 
classification studies have identified subgroups with dis-
tinct prognoses and associations with oncogenic signaling 
pathways.[5,6] However, these classification systems are still 
not integrated into routine clinical practice. One of the main 
limitations of existing studies is that they were primarily 
conducted on surgically resected tumor specimens, which 
are enriched for patients with preserved liver function and 
early-stage disease. This introduces a selection bias and 
does not adequately represent the molecular landscape 
of advanced HCC or cases associated with cirrhosis, which 
constitute the majority of the clinical population.

Gene expression profiling has emerged as a powerful ap-
proach for unraveling the molecular mechanisms of cancer 
and identifying potential biomarkers. Technologies such 
as microarrays and next-generation sequencing (RNA-seq) 
enable genome-wide evaluation of transcriptomic chang-
es, providing valuable information on both protein-coding 
and non-coding RNAs.[7,8] In HCC, expression profiling has 
been applied to characterize dysregulated pathways, iden-
tify prognostic gene signatures, and explore therapeutic 
targets. For instance, several studies have demonstrated 
that transcriptomic signatures can predict patient survival, 
response to therapy, and risk of recurrence.[5,9] Despite these 
advances, the translation of gene expression signatures 
into clinical biomarkers remains limited due to variability 
in study design, patient cohorts, and analytical methods.

To address these gaps, the present study utilizes publicly 
available gene expression data from the GSE64041 dataset, 
which includes paired tumor and non-tumor liver biopsies 

from 60 patients with HCC. This study design provides sev-
eral advantages: (i) paired sampling allows direct within-
patient comparisons, reducing inter-individual variability; (ii) 
biopsy-derived material better represents real-world clini-
cal scenarios, including patients with cirrhosis and various 
tumor stages; and (iii) integration of non-tumor liver tissue 
as a control enables the identification of truly tumor-specific 
alterations. Through differential expression analysis and vi-
sualization methods such as box plots, density plots, UMAP, 
volcano plots, and MD plots, we aimed to comprehensively 
characterize the transcriptional landscape of HCC.

By identifying the most significantly upregulated and 
downregulated genes, this study contributes to a deeper 
understanding of the molecular mechanisms underlying 
hepatocarcinogenesis. Moreover, the findings may high-
light potential biomarkers for diagnosis, prognosis, or ther-
apeutic targeting, supporting future translational applica-
tions and paving the way for integrative studies combining 
transcriptomic, genomic, and clinical data.

Methods

Dataset
The dataset used in this study was obtained from the NCBI 
Gene Expression Omnibus (GEO) under the accession num-
ber GSE64041. It consists of 60 paired liver biopsies collect-
ed from patients diagnosed with hepatocellular carcinoma 
(HCC), where each pair includes one sample from the tu-
mor tissue and one from the adjacent non-tumor liver tis-
sue. This design ensures direct within-patient comparisons, 
reducing variability caused by inter-individual differences 
and improving the reliability of identifying tumor-specific 
transcriptional changes.

The dataset provides a valuable resource for investigating 
the molecular features of HCC in a clinically relevant popu-
lation. Since biopsies reflect the tumor microenvironment 
in situ, the expression profiles capture not only the intrinsic 
tumor cell signatures but also interactions with surround-
ing liver tissue. This makes the dataset particularly suitable 
for studying gene dysregulation patterns and for exploring 
potential biomarkers associated with disease progression 
and prognosis.

Gene Expression Analysis
Changes in the physiological or pathological state of an 
organism are reflected in corresponding alterations in 
gene expression patterns. Therefore, the systematic as-
sessment of gene expression provides valuable insights 
into the underlying molecular mechanisms of health and 
disease. Among the available approaches, DNA microar-
ray technology has become a widely adopted method for 
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transcriptome-wide analysis. This technique is based on 
the hybridization of complementary DNA (cDNA) derived 
from messenger RNA (mRNA) molecules to thousands of 
immobilized probes on a solid surface, each representing 
a specific gene sequence.[10] The resulting signal intensities 
allow for the simultaneous quantification of expression lev-
els across the genome.

Such large-scale profiling enables the identification of 
differentially expressed genes between experimental or 
clinical groups, facilitating the discovery of molecular bio-
markers, the characterization of disease subtypes, and the 
elucidation of signaling pathways involved in pathogene-
sis.[11] In biomedical research, microarray-based expression 
analysis has been successfully applied to clinical samples, 
including those from healthy individuals and patients with 
diverse disorders, providing a robust tool for both func-
tional genomics and translational medicine.

Bioinformatics Analysis Phase
In this study, the gene expression profiles obtained from 
paired tumor and non-tumor liver biopsies of patients with 
hepatocellular carcinoma (HCC) were analyzed. Data pre-
processing and normalization were carried out in R using 
the limma package, a widely used statistical framework for 
gene expression studies.[12] Limma applies linear modeling 
and empirical Bayes methods to improve variance estima-
tion, making it particularly suitable for datasets with limit-
ed sample sizes. Differentially expressed genes (DEGs) were 
identified based on log2 fold change (log2FC) values and 
adjusted p-values. Genes with log2FC > 1 were classified 
as upregulated, while those with log2FC < –1 were consid-
ered downregulated.

To visualize the data, several complementary approaches 
were employed. Box plots were generated to assess the dis-
tribution and normalization of expression data across sam-
ples, ensuring comparability between tumor and non-tu-
mor tissues. In addition, Uniform Manifold Approximation 
and Projection (UMAP) was applied to reduce dimension-
ality and provide an unsupervised overview of similarities 
and clustering patterns among the samples.

For the identification of significant DEGs, volcano plots 
were constructed, plotting log2FC against statistical sig-
nificance (–log10 p-value). This visualization enables rapid 
recognition of the most strongly up- and downregulated 
genes, with red dots representing upregulated genes, blue 
dots representing downregulated genes, and black dots 
corresponding to non-significant changes. Alongside this, 
Mean Difference (MD) plots were used to illustrate the log2 
fold change in relation to average expression values, offer-
ing an additional perspective on differential expression. 

The use of consistent color coding across these plots fa-
cilitated the interpretation of results and allowed clear dif-
ferentiation between significantly dysregulated and non-
significant genes.

Results
The study includes data from 60 hepatocellular carcinoma 
(HCC) patients, each contributing one tumor biopsy and 
one matched non-tumor liver biopsy, for a total of 120 tissue 
samples. To evaluate the distribution and normalization of 
the expression data, box plots were generated, as present-
ed in Figure 1. These visualizations provided an overview 
of expression levels across all samples and confirmed that 
the data were properly normalized before further analysis. 
In the plots, tumor biopsies were labeled as cancer, while 
adjacent non-tumor tissues were labeled as normal, with 
color coding applied to distinguish the groups.
In addition, expression density plots were employed to 
further assess data quality. As shown in Figure 2, the den-
sity curves of cancer (green) and normal (purple) samples 
largely overlapped, demonstrating consistency in intensity 
distributions between groups. This overlap indicated that 
technical variation was minimized, ensuring that down-
stream differential expression analysis would reflect genu-
ine biological differences.

Figure 1. Box plot of gene expression values.

Figure 2. Expression density plot of samples (Density plot showing 
the distribution of expression intensities across cancer (green) and 
normal (purple) samples. The substantial overlap between the two 
groups confirms successful normalization and comparability of the 
datasets prior to differential expression analysis.).
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Figure 3 shows the UMAP plot generated from the expres-
sion profiles of the samples. This visualization demonstrates 
how samples with similar molecular characteristics cluster 
together in a reduced dimensional space. The distribution 
and clustering patterns provide important insights into the 
biological similarities and differences among the groups. In 
the graph, green dots represent cancer (tumor) tissue sam-
ples, while purple dots represent normal (non-tumor) liver 
tissue samples. The separation between these two groups 
highlights the distinct gene expression signatures of tumor 
and non-tumor tissues and illustrates the effectiveness of 
UMAP as a tool for visualizing heterogeneity and group 
classification within the dataset.

Based on the analysis of the GSE64041 dataset, the top 10 
upregulated genes identified in the comparison between 
cancer (tumor) and normal (non-tumor) liver tissues are 
presented in Table 1. To ensure both statistical significance 
and biological relevance, threshold criteria were applied 
during differential expression analysis. Specifically, genes 
with an absolute log2 fold change (|log2FC|) greater than 
1.0 and a p-value below 0.05 were considered significantly 
dysregulated.

These cut-off values provided a robust framework for dis-
tinguishing true biological differences from background 
noise. The upregulated genes identified under these con-
ditions represent candidates of particular interest, as their 
consistent overexpression in cancer tissues may point to 
their involvement in tumor progression and carcinogenic 
pathways. Consequently, the results obtained from this 
analysis may offer valuable insights into potential biomark-
ers for diagnosis, prognosis, or therapeutic targeting in he-
patocellular carcinoma.

Based on the analysis of the GSE64041 dataset, the top 
10 downregulated genes identified in the comparison 
between cancer (tumor) and normal (non-tumor) liver 
tissues are presented in Table 2. For the identification of 
downregulated genes, the same statistical thresholds used 
for upregulation were applied. Specifically, genes with an 
absolute log2 fold change (|log2FC|) greater than 1.0 and 
a p-value below 0.05 were considered significantly down-
regulated.

These results highlight genes whose expression levels were 
consistently reduced in cancer tissues compared with nor-
mal liver tissues, suggesting potential roles as tumor sup-
pressors or regulators of normal liver function that become 
impaired during hepatocarcinogenesis. The findings may 
provide further insight into molecular mechanisms under-
lying disease development and could support the identifi-
cation of novel diagnostic or therapeutic biomarkers.

Figure 4 illustrates the volcano plot, which provides a com-
prehensive visualization of genes exhibiting differential ex-
pression between cancer (tumor) and normal (non-tumor) 
liver tissues. In this representation, the x-axis corresponds 
to the log2 fold change (log2FC), reflecting the magnitude 
and direction of expression changes, while the y-axis indi-
cates statistical significance as –log10 (p-value). This dual-
axis representation allows for the simultaneous evaluation 
of both the size and reliability of gene expression changes.

Figure 3. UMAP visualization of cancer and normal samples (UMAP 
plot based on expression data from 60 HCC patients (120 samples). 
Cancer (green) and normal (purple) tissues cluster separately, reflect-
ing distinct transcriptional profiles.)

Table 1. Top 10 upregulated genes between cancer and normal tissue samples

ID	 adj, P, Val	 p	 t	 B	 logFC	 Gene symbol

8053341	 4,18E-08	 1,13E-09	 6,603974	 11,72321	 2,624876	 REG3A
8114964	 1,41E-08	 3,20E-10	 6,856537	 12,94729	 2,350635	 SPINK1
8084630	 3,20E-12	 1,48E-14	 8,755112	 22,65842	 2,341945	 NMRAL1P1
8175234	 7,22E-09	 1,42E-10	 7,016854	 13,73453	 1,945761	 GPC3
8102800	 3,04E-11	 2,16E-13	 8,258221	 20,04891	 1,936128	 SLC7A11
8167254	 1,28E-07	 4,10E-09	 6,341416	 10,47336	 1,876775	 SSX1
7927694	 3,69E-11	 2,71E-13	 8,215627	 19,82698	 1,658532	 PHYHIPL
8136336	 2,05E-04	 2,18E-05	 4,418465	 2,233265	 1,61133	 AKR1B10
7923086	 5,02E-14	 1,10E-16	 9,651242	 27,43665	 1,5879	 ASPM
8117054	 7,79E-22	 4,95E-26	 13,56161	 48,38471	 1,574118	 CAP2
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In the plot, red dots represent significantly upregulated 
genes, while blue dots denote significantly downregulated 
genes. Genes that do not meet the established significance 
thresholds are shown in black, representing non-differen-
tially expressed genes. The volcano plot therefore enables 
rapid identification of candidate biomarkers, as it high-
lights genes with both large fold changes and strong sta-
tistical support. This visualization is a widely used method 
in transcriptomic studies, as it effectively combines statisti-
cal significance with biological relevance, thereby provid-
ing an intuitive overview of the gene expression landscape 
within the dataset.

Figure 5 presents the Mean Difference (MD) plot, which 
provides a detailed visualization of the genes that dis-
play differential expression between cancer (tumor) and 
normal (non-tumor) liver tissues. In this plot, the x-axis 
corresponds to the average log2 expression level of each 
gene, while the y-axis represents the log2 fold change 
(log2FC), thereby combining both the baseline expres-
sion and the relative change in a single view. This dual 
representation makes the MD plot a powerful tool for 
detecting both subtle and pronounced alterations in 
gene expression.

Each point in the plot represents an individual gene. Red 
points indicate significantly upregulated genes, whereas 
blue points mark significantly downregulated genes, with 
color coding aiding in the rapid distinction of expression 
patterns. Genes that do not pass the significance threshold 
remain uncolored, providing a clear separation between 
relevant and background signals.

By visualizing expression levels in this way, the MD plot 
highlights not only global transcriptional trends but also 
emphasizes genes that deviate strongly from baseline 
expression, potentially serving as biomarker candidates. 
These dysregulated genes may be linked to critical path-
ways involved in hepatocarcinogenesis, offering valuable 
clues for understanding disease mechanisms and identify-
ing possible therapeutic targets.

Discussion
In this study, we performed a comprehensive transcriptom-
ic analysis of paired tumor and adjacent non-tumor liver bi-
opsies from 60 hepatocellular carcinoma (HCC) patients us-
ing the GSE64041 dataset. This design, which incorporates 
matched samples from the same individuals, minimizes 
inter-patient variability and increases the robustness of the 

Figure 4. Volcano plot of differentially expressed genes between 
cancer and normal tissues.

Figure 5. Mean Difference (MD) plot of gene expression between 
cancer and normal tissues.

Table 2. Top 10 downregulated genes between cancer and normal tissue samples

ID	 adj, P, Val	 p	 t	 B	 logFC	 Gene symbol

8106418	 4,92E-19	 1,48E-22	 -12,0965	 40,61003	 -2,70026	 CRHBP
7914075	 6,18E-17	 3,53E-20	 -11,1056	 35,27825	 -2,61709	 FCN3
7928330	 2,82E-21	 5,08E-25	 -13,1323	 46,12448	 -2,52153	 OIT3
8110183	 5,99E-18	 3,06E-21	 -11,5475	 37,6603	 -2,42389	 CDHR2
7958056	 3,55E-22	 1,07E-26	 -13,8465	 49,87529	 -2,37671	 STAB2
8148029	 8,02E-16	 7,76E-19	 -10,5478	 32,26708	 -2,24046	 COLEC10
7961102	 1,47E-21	 2,21E-25	 -13,2856	 46,93317	 -2,23152	 CLEC1B
7964183	 5,60E-13	 1,95E-15	 -9,1272	 24,63333	 -2,21438	 GLS2
8113369	 2,54E-16	 1,75E-19	 -10,8162	 33,71613	 -2,19836	 SLCO4C1
7968678	 2,85E-16	 2,40E-19	 -10,7599	 33,41227	 -2,16527	 FREM2
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findings by allowing direct comparison of tumor-specific 
transcriptional alterations against the background of the 
patient’s own liver tissue. Differential expression analysis 
revealed distinct sets of upregulated and downregulated 
genes, highlighting not only known drivers of hepato-
carcinogenesis but also novel candidates with potential 
diagnostic, prognostic, or therapeutic relevance. Impor-
tantly, the integration of multiple visualization strategies, 
including UMAP clustering, volcano plots, and mean differ-
ence plots, provided an intuitive overview of the transcrip-
tional landscape and reinforced the biological separation 
between malignant and non-malignant tissues. Together, 
these results contribute to a more refined understanding 
of the molecular heterogeneity of HCC and may inform the 
development of precision medicine approaches aimed at 
improving early detection, risk stratification, and treatment 
outcomes in this highly lethal malignancy.

Among the most significantly upregulated genes, REG3A, 
SPINK1, GPC3, SLC7A11, and AKR1B10 emerged as key play-
ers. GPC3 has been widely validated as a diagnostic bio-
marker in HCC, with strong involvement in Wnt/β-catenin 
signaling and tumor proliferation.[13] SLC7A11, encoding 
the cystine/glutamate antiporter xCT, regulates glutathi-
one synthesis and ferroptosis resistance, and its overex-
pression has been linked to poor prognosis and sorafenib 
resistance in HCC.[14] Similarly, AKR1B10 overexpression is 
consistently observed in HCC and has been associated with 
lipid metabolism, early carcinogenesis, and poor survival.
[15,16] The upregulation of SPINK1 has also been implicated 
in promoting tumor growth and metastasis in HCC, poten-
tially through EGFR pathway activation.[17] Collectively, the 
overexpression of these genes highlights their translation-
al potential as biomarkers or therapeutic targets.

Conversely, several tumor suppressor candidates, includ-
ing CRHBP, FCN3, OIT3, STAB2, and CLEC1B, were markedly 
downregulated. The reduced expression of STAB2, a scav-
enger receptor involved in hyaluronan clearance, has been 
linked to enhanced tumor progression and stromal remod-
eling.[18] CLEC1B, which contributes to platelet aggregation 
and immune regulation, has been reported as a prognostic 
marker, with lower levels associated with higher metastatic 
potential and poor outcomes in HCC.[19,20] Similarly, FCN3 
and CRHBP downregulation may impair innate immune 
defense and stress response, thereby facilitating tumor de-
velopment.[21,22]

The unsupervised UMAP clustering in this study clearly 
separated tumor and non-tumor tissues, underscoring the 
transcriptional divergence between groups. This observa-
tion aligns with prior large-scale transcriptomic classifica-
tions, such as those by Hoshida et al. and Boyault et al., 

which defined molecular subtypes of HCC with distinct sig-
naling dependencies and clinical outcomes.[5,6] Important-
ly, the dysregulated genes identified in our dataset map 
onto pathways implicated in these molecular subclasses, 
reinforcing the robustness of our findings.

From a translational standpoint, the identified genes hold 
promise for both diagnostic and therapeutic applica-
tions. Serum-based detection of proteins such as GPC3 or 
AKR1B10 could facilitate earlier diagnosis, while expression 
status of SLC7A11 might guide ferroptosis-based therapies. 
Moreover, strategies aimed at restoring the expression of 
downregulated genes (e.g., CLEC1B or STAB2) may repre-
sent novel therapeutic directions.

Nevertheless, this study has limitations. First, it relied on a 
single dataset based on microarray technology, which does 
not capture the full spectrum of transcriptomic regulation, 
including non-coding RNAs and alternative splicing. Sec-
ond, functional validation was beyond the scope of this 
analysis and is necessary to confirm the biological roles of 
the identified genes. Future studies integrating transcrip-
tomic, genomic, and clinical data, along with experimental 
validation, will be crucial to translate these findings into 
clinical practice.

In summary, this transcriptomic analysis of paired biopsies 
highlights a panel of dysregulated genes that reflect both 
oncogenic activation and loss of tumor suppressor func-
tion in HCC. The results reinforce previously established 
molecular classifications  while pointing to novel biomark-
er candidates that may improve diagnosis, prognosis, and 
therapeutic decision-making in hepatocellular carcinoma.
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