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Abstract 

Background  Hepatocellular carcinoma (HCC) is the most common primary liver cancer. It has the sixth most incident 
cases with poor prognosis. Adipokines are known to have been linked with oncogenesis and progression of HCC.

Methods  We extracted TCGA-HCC data and identified differentially expressed genes (DEGs) using R. Genes of 
adipokines and adipogenesis family were scrutinized from DEGs and expression of genes in normal versus tumor 
patients was studied. Prognostic and stage plot analyses were performed, and key genes were selected. Pathway 
and gene ontology (GO) enrichment analysis was conducted. Expression analysis based on nodal metastasis, tumor 
protein p53 (TP53) mutation and tumor grade, and mutation analysis was performed using UALCAN and cBioPortal. 
Tumor infiltration analysis was performed to study the correlation of gene expression with tumor-infiltrating immune 
cells.

Results  We found four genes apelin (APLN), aldehyde dehydrogenase, mitochondrial (ALDH2), E2F transcription 
factor 1 (E2F1) and phosphoenolpyruvate carboxykinase, cytosolic (PCK1) highly associated with HCC. APLN and E2F1 
were upregulated and ALDH2 and PCK1 were downregulated in HCC patients. High expression of APLN and E2F1 and 
low expression of ALDH2 and PCK1 resulted in poor prognosis of HCC patients. In expression analysis, ALDH2 showed 
significant change in all three categories. PCK1 showed highest mutation of out all 4 genes in HCC patients. T cell 
CD8+ is found to be positively correlated with APLN, ALDH2 and E2F1 and macrophages showed a positive correla-
tion with APLN and E2F1.

Conclusions  ALDH2 and PCK1 are great prognostic biomarkers and play a vital role in the development of HCC. 
Overexpression of ALDH2 and PCK1 can be a potential treatment strategy for HCC.
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Background
Liver cancer is the world’s sixth most prevalent cancer 
and the third most significant cause of cancer-related 
death. According to the Global Cancer Statistics report of 
2020 [23], there were 905,677 new cases of liver cancer 
and 830,180 deaths globally, underscoring its poor prog-
nosis. An increase of 58.6% in incident cases of liver can-
cer is estimated by 2040. Liver hepatocellular carcinoma 
(HCC) is the most common cancer. HCC causes more 
than 80% of all primary liver cancer cases worldwide.
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Primary risk factors include chronic hepatitis B virus 
(HBV) and hepatitis C virus (HCV) infection, excessive 
alcohol consumption, non-alcoholic fatty acid liver dis-
ease (NAFLD), obesity, diabetes mellitus and aflatoxins. 
HBV accounted for 219,000 incident cases of HCC and 
192,000 deaths related to HCC globally in 2019 [27]. HCV 
about 17-fold increases the chance of acquiring HCC. 
After acquiring HCV, 80% of people develop chronic 
hepatitis, with 20% developing cirrhosis [2]. Accord-
ing to a meta-analysis of alcohol and liver cancer, those 
who consume three or more drinks per day have a 16% 
increased risk of liver cancer, while those who consume 
six or more drinks per day have a 22% increased risk [25]. 
NAFLD is prevalent in roughly 70% of diabetic individu-
als and 90% of obese people [9]. Diabetic people have a 
2.5-fold increased risk of developing HCC [7]. According 
to a 2012 meta-analysis, aflatoxin B1 increased HCC risk 
by sixfold, HBV raised HCC risk by 11-fold, and the two 
variables together elevated HCC risk by 54-fold [17].

Adipose tissue functions not only as a reservoir for 
excess energy but also as an endocrine organ. It secretes 
bioactive molecules termed adipokines. Adipokines are 
hormones that function as growth factors that regulate 
insulin resistance, affect fat and glucose metabolism, 
and play a role in pro- and anti-inflammatory responses. 
Evidence suggests that dysregulated production of adi-
pokines plays a role in the development of obesity-related 
diseases [18, 19].

RNA sequencing (RNA-Seq) is enhancing transcrip-
tome research. Researchers can use RNA-Seq to detect 
known and novel features in a single assay, allow-
ing them to detect transcript isoforms, gene fusions, 
single nucleotide variants (SNVs), and other features 
without knowing anything beforehand. RNA-Seq has 
quickly established itself as the most effective method 
for high-throughput transcriptome profiling, thanks 
to the true discovery power of unbiased RNA detec-
tion. RNA-Seq gene expression analysis is critical for 
understanding cancer mechanisms and aiding genetic 
disease research. RNA-Seq is a powerful sequencing-
based method for capturing a broad range of gene 
expression information. Compared to existing tech-
nologies like gene expression microarrays, RNA-Seq 
offers many significant advantages. RNA-Seq, unlike 
hybridization-based methods, is not limited to detect-
ing transcripts that match existing genomic sequences. 
This makes RNA-Seq particularly appealing for non-
model organisms with unknown genomic sequences. 
RNA-Seq can reveal the precise location of transcrip-
tion boundaries to a single-base resolution. RNA-Seq 
has very little to no background noise relative to DNA 
microarrays. The dynamic range of expression levels 
over which transcripts can be detected is quite wide. 

On the other hand, DNA microarrays lack sensitivity 
for genes expressed at low or very high levels, resulting 
in a much smaller dynamic range. RNA-Seq has shown 
to be highly accurate for quantifying expression levels. 
RNA-Seq results also show high levels of reproduc-
ibility, both in terms of technical and biological repli-
cates. Because there are no cloning steps in RNA-Seq, it 
requires fewer RNA samples [28].

In the current study, we extracted the TCGA-HCC 
dataset from the UCSC Xena browser and performed 
differential expression analysis using R to identify dif-
ferentially expressed genes (DEGs). Genes of adi-
pokines and adipogenesis family were filtered out of 
it, and survival analysis and stage analyses were con-
ducted, giving us key genes associated with HCC. Path-
way and gene ontology (GO) term enrichment analysis 
was performed on these key genes to identify the path-
way and processes they are involved in. Expression 
analysis based on nodal metastasis, TP53 mutation and 
tumor grade, and mutation analysis of key genes were 
also carried out. Finally, tumor infiltration analysis was 
carried out for our key genes.

Methods
HCC mRNA data extraction and differential expressions 
analysis (DEA)
The UCSC Xena browser (https://​xenab​rowser.​net/) was 
utilized to retrieve the mRNA HTSeq raw count data 
of HCC patients. We included only those patient sam-
ples which fulfilled the following criteria: (1) mRNA-
Seq data of only primary solid tumor and solid tissue 
normal samples should be available; (2) all the selected 
samples must have survival information available; (3) all 
the selected samples must be present within the TCGA-
GDC data portal; (4) information on race and gender of 
the selected patients must be available. Original raw read 
counts were backlog-transformed to obtain raw integer 
counts. We utilized the DESeq2 R package to obtain log2 
transformed and normalized expression values via vari-
ance stabilizing transformation (VST). The ARSyNseq 
function within the NOISeq R package was utilized for 
batch correcting (with unknown batch setting) normal-
ized expression values. Next, the biomaRt R package was 
utilized to map the Ensembl IDs to their correspond-
ing HUGO gene nomenclature committee (HGNC) 
symbol(s) where only protein-coding genes were retained 
for further analysis. Expression values were taken as an 
average for those genes mapping to multiple Ensembl 
IDs in order to avoid redundancy. DEGs were recognized 
utilizing the limma R package corresponding to a cut-
off: log2 fold change > 2 and a Benjamini–Hochberg 
(BH)-adjusted P value < 0.05.

https://xenabrowser.net/
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Detection of HCC‑specific adipokines and adipogenesis
Gene set of the adipokines family was retrieved from [20] 
and [26], while "Hallmark adipogenesis" and "Nakamura 
adipogenesis early up" gene sets corresponding to the 
adipogenesis family were retrieved from Molecular Sig-
nature Database (MSigDB) (https://​www.​gsea-​msigdb.​
org/​gsea/​msigdb/). Only overlapping genes among the 
two adipogenesis gene sets were finalized. The HCC-
specific adipokines and adipogenesis were finalized by 
checking overlap of HCC DEGs and adipokines/adipo-
genesis gene sets.

Prognostic and stage plot analyses of HCC‑specific 
adipokines and adipogenesis
Kaplan–Meier (KM) plotter (https://​kmplot.​com/​analy​
sis/) was accessed for prognostic analysis of HCC-spe-
cific adipokines and adipogenesis. We generated overall 
survival (OS) and relapse-free survival (RFS) KM plots 
of HCC-specific adipokines and adipogenesis across 
TCGA-HCC cohort. All the patients were bifurcated into 
higher and lower expression groups based on ‘auto select 
best cutoff’ option. Logrank P value < 0.05 between 
the two expression groups were considered as a statisti-
cally significant threshold for assessing the prognosis of 
HCC-specific adipokines and adipogenesis. Next, we 
queried the Gene Expression Profiling Interactive Analy-
sis (GEPIA2) (http://​gepia2.​cancer-​pku.​cn/#​index) for 
stage plot analysis of HCC-specific adipokines and adipo-
genesis. It is a web server that uses a common process-
ing pipeline to analyze the RNA sequencing expression 
data of 9736 cancers and 8587 normal samples from the 
TCGA and GTEx projects. Tumor/normal DEA, pro-
filing according to cancer kinds or pathological stages, 
patient survival analysis, similar gene recognition, corre-
lation analysis, and dimensionality reduction analysis are 
some of the functions that can be customized [24]. The 
genes with logrank P value < 0.05 for both OS and RFS 
and Pr (> F) value < 0.05 in stage plots were considered 
as statistically significant.

Pathway and GO term enrichment analyses of key 
adipokines and adipogenesis
For pathway and GO term enrichment analyses, Enri-
chr (https://​maaya​nlab.​cloud/​Enric​hr/) was accessed. 
It is a web-based enrichment analysis tool that includes 
over 30 gene-set libraries, an alternative approach to 
rank enriched terms, and various interactive visualiza-
tion approaches to display enrichment results [5, 10, 29]. 
BioPlanet 2019, GO-Biological Process (BP), GO-Molec-
ular Function (MF), GO-Cellular Compartment (CC) 
libraries within Enrichr were utilized for selecting top 10 

significantly ( P value < 0.05 ) enriched pathway and GO 
terms.

Validation of key adipokines and adipogenesis using 
UALCAN and cBioPortal
Using UALCAN (http://​ualcan.​path.​uab.​edu/), expres-
sion analysis of key adipokines and adipogenesis was per-
formed based on tumor grade, TP53 mutation and nodal 
metastasis status. UALCAN is a web-based resource for 
analyzing cancer OMICS data. Researchers can use UAL-
CAN to obtain Level 3 RNA-Seq data from The Cancer 
Genome Atlas (TCGA) and perform gene expression and 
survival analyses on over 20,500 protein-coding genes in 
33 tumor types [4]. Using cBioPortal (https://​www.​cbiop​
ortal.​org/) OncoPrint, cancer type summary and mutual 
exclusivity of key adipokines and adipogenesis were 
studied. The cBioPortal is a free, interactive website for 
exploring multidimensional cancer genomics data sets. It 
enables access to molecular profiles and clinical features 
from large-scale cancer genomics research in a fast, intui-
tive, and high-quality manner [3, 8]. The HCC (TCGA, 
Firehose legacy) dataset was chosen and 363 tumor sam-
ples present in our HCC mRNA dataset (extracted from 
UCSC Xena) were selected for mutation analysis.

Tumor infiltration analysis
We investigated the correlation between mRNA expres-
sion levels of key adipokines and adipogenesis with 
tumor-infiltrating immune cells such as macrophages 
and neutrophils across TCGA-HCC patients using 
TIMER 2.0 (http://​timer.​cistr​ome.​org/). Spearman corre-
lation was utilized to evaluate the statistical significance. 
TIMER2.0 is a web server that analyzes and visualizes 
tumor-infiltrating immune cells in real time. It includes 
four modules for looking into immune infiltrates and 
genetic or clinical features, as well as four modules for 
looking into cancer-related associations in the TCGA 
cohorts [11–13].

Results
HCC mRNA data extraction and DEA
HCC-specific mRNA cohort comprised 413 patient sam-
ples (i.e., 363 tumor and 50 normal samples). Additional 
file 1: Table S1 summarizes the clinical information asso-
ciated with TCGA-HCC cohort. Post pre-processing 
(i.e., normalization, log2 transformation and batch cor-
rection), we obtained 19575 unique protein-encoding 
genes and their respective expression values across the 
samples. We identified 562 DEGs in accordance with 
the aforementioned cutoff, i.e.,  

∣

∣log2
(

fold change
)∣

∣ > 2 
and a BH-P value < 0.05 utilizing limma. A total of 125 
and 437 DEGs were filtered as up and downregulated, 
respectively.

https://www.gsea-msigdb.org/gsea/msigdb/
https://www.gsea-msigdb.org/gsea/msigdb/
https://kmplot.com/analysis/
https://kmplot.com/analysis/
http://gepia2.cancer-pku.cn/#index
https://maayanlab.cloud/Enrichr/
http://ualcan.path.uab.edu/
https://www.cbioportal.org/
https://www.cbioportal.org/
http://timer.cistrome.org/
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Detection of HCC‑specific adipokines and adipogenesis
Nineteen members within the adipokines gene set 
and 321 within the adipogenesis gene set were final-
ized. However, only five (i.e., APLN, ITLN1, SER-
PINE1, LCN2, SFRP5) and fourteen (i.e., ACADL, 
ALDH2, CNTFR, COL15A1, CYP26A1, E2F1, EGR2, 
GADD45B, LIFR, ORM1, PCK1, PTGIS, SERPINE1, 

SOCS3) genes of adipokines and adipogenesis gene sets 
were present in HCC-specific DEGs list, respectively. 
Box-and-whisker plots showing relative expression lev-
els of HCC-specific adipokines and adipogenesis are 
shown in Fig.  1. We observed higher expression levels 
of APLN, LCN2, COL15A1 and E2F1 in tumor patients 
as compared to normal.

Fig. 1  Box-and-whisker plots displaying the expression distribution of A HCC-specific adipokines and B HCC-specific adipogenesis across 
TCGA-HCC cohort samples. Green- and orange-colored areas signify normal and tumor patient samples. The top and bottom of the boxes signify 
75th and 25th percentile of distribution. Horizontal lines within the boxes represent the median values, while the axes end points are labeled by 
minimum and maximum values
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Prognostic and stage plot analyses of HCC‑specific 
adipokines and adipogenesis
Using KM plotter, prognostic analysis was performed 
on our 19 genes to determine the correlation between 
their expression levels and risk of HCC. We reported 
only those genes whose significant survival trend 
matched with their expression status. Higher mRNA 
expression levels of APLN and E2F1 worsened the OS 
of HCC patients. Also, lower mRNA expression levels 
of ACADL, ALDH2, GADD45B, and PCK1 worsened 
the OS of HCC patients (Fig.  2). We observed that 
higher mRNA expression levels of APLN and E2F1 
worsened the RFS of HCC patients. Also, lower mRNA 
expression levels of SFRP5, ACADL, ALDH2, CNTFR, 
CYP26A1, EGR2, GADD45B, LIFR, PCK1, and PTGIS 

worsened the RFS of HCC patients (Fig.  3). ALDH2 
reported highest hazard ratio ( HR = 2.38 ) in OS cate-
gory, while, in the RFS category, E2F1 reported highest 
hazard ratio ( HR = 1.97 ). The median survival times 
w.r.t OS and RFS for prognostically significant HCC-
specific adipokines and adipogenesis is reported in 
Additional file 1: Tables S2 and S3, respectively. Stage 
plot analysis (Fig. 4) revealed high expression of APLN 
across stages II and III of HCC as compared to stages 
I and IV. SERPINE1 expression incremented gradu-
ally with cancer stage advancement from stages I to 
IV, whereas ALDH2 expression decremented gradu-
ally from stages I to IV. ORM1 showed almost stable 
expression trend across all four stages. PCK1 expres-
sion decremented from stages I to III but elevated in 

Fig. 2  KM plots showing the OS of A APLN, B E2F1, C ACADL, D ALDH2, E GADD45B, and F PCK1 across TCGA-HCC cohort. Higher and lower 
expression groups are signified by red and black colors
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Fig. 3  KM plots showing the RFS of A APLN, B E2F1, C SFRP5, D ACADL, E ALDH2, F CNTFR, G CYP26A1, H EGR2, I GADD45B, J LIFR, K PCK1, L PTGIS 
across TCGA-HCC cohort. Higher and lower expression groups are signified by red and black colors
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stage IV. We finalized APLN, ALDH2, E2F1 and PCK1 
as our key HCC-specific adipokines and adipogenesis 
because they only reported significant results in both 
survival and stage plot analyses.

Pathway and GO term enrichment analyses of key 
adipokines and adipogenesis
Utilizing abovementioned Enrichr libraries, we per-
formed pathway and GO term enrichment analyses 
for our 4 key genes (i.e., APLN, ALDH2, E2F1 and 
PCK1) and top 10 entries with P value < 0.05 (Addi-
tional file 1: Fig. S1 and S2). Most significant pathway, 
GO-BP, and GO-MF terms were pyruvate metabolism 
( P value = 3.96× 10−5 ), oxaloacetate metabolic pro-
cess ( P value = 9.99× 10−4 ), and aldehyde dehydro-
genase (NAD+) activity (P value = 2.59× 10−3 ). In 
GO-CC, all entries were statistically insignificant, i.e., 
(P value > 0.05).

Validation of key adipokines and adipogenesis using 
UALCAN and cBioPortal
Expression analysis based on nodal metastasis of our 4 
genes revealed a constant significant decrease in ALDH2 
expression as the cancer metastasized in 1 to 3 axil-
lary lymph nodes. No significant change in expression 
of APLN, E2F1 and PCK1 was observed as metastasis 
progressed from N0 to N1. Expression analysis based 
on TP53 mutation of our 4 genes revealed a significant 
difference in the expression of ALDH2, E2F1 and PCK1 
in HCC patients with mutant and non-mutant TP53. 
ALDH2 and PCK1 showed high expression in non-
mutant TP53 compared to mutant TP53, while E2F1 
showed low expression in non-mutant TP53 compared 
to mutant TP53 in HCC patients. Expression analysis 
based on tumor grade of our 4 key genes revealed a con-
stant decrease in the expression of ALDH2 and PCK1 
as the tumor grade increased. E2F1 showed a gradual 
increase in expression, while APLN expression showed 
no pattern with tumor grade  (Fig.  5). cBioPortal was 

Fig. 4  Violin plots displaying association between significant TNM stages and A APLN, B SERPINE1, C ALDH2, D E2F1, E ORM1, F PCK1 across 
TCGA-HCC cohort. The black-colored bars and white-colored dots signify interquartile ranges and median, respectively. The ordinate and abscissa 
depict expression levels of these key genes and various stages
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Fig. 5  Box-and-whisker plots displaying expression distribution of A APLN, B ALDH2, C E2F1, and D PCK1 based on nodal metastasis status (N0 
means no regional lymph node metastasis; N1 means metastases in 1 to 3 axillary lymph nodes), TP53 mutation status, and tumor grade across 
TCGA-HCC cohort. * P value < 0.05 , **P value < 0.01 , ***P value < 0.001
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used to validate the specific genetic modifications asso-
ciated with key adipokines and adipogenesis (i.e., APLN, 
ALDH2, E2F1, PCK1) across the HCC dataset (TCGA, 
Firehose legacy) comprising 363 primary tumor sam-
ples. OncoPrint results for these queried genes as shown 
in Fig.  6 revealed genetic alterations in 7% ( 24/363 ) 
cases. As observed, PCK1 showed maximum muta-
tion frequency ( 3% ). The cancer type summary analysis 
revealed the overall alteration frequency of these genes as 

shown in Fig.  7. APLN, ALDH2, E2F1, and PCK1 were 
altered in 1.65% , 0.55% , 1.93% , and 3.03% of 363 total 
HCC patient samples. We observed 1.1% ( 4/363 cases) 
amplifications, 0.28%(1/363 case) deep deletion, and 
0.28%(1/363 case) missense mutation in case of APLN. In 
case of ALDH2, we observed 0.28%(1/363 case) amplifi-
cation and 0.28%(1/363 case) missense mutation. In case 
of E2F1, we observed 1.1%(4/363 cases) amplification 
and 0.83%(3/363 cases) missense mutation. In case of 

Fig. 6  OncoPrint summarizes genomic alterations in key adipokines and adipogenesis across TCGA-HCC cohort comprising 363 samples. The 
bottom row represents frequency of genomic alterations in APLN, ALDH2, E2F1, PCK1 with red, blue, green, and gray bars signifying amplifications, 
deep deletions, missense and truncating mutations, respectively

Fig. 7  Barplots showing alteration frequencies of A APLN, B ALDH2, C E2F1, and D PCK1 across TCGA-HCC cohort. Red, blue, and green colored 
bars signify amplifications, deep deletions, and missense mutations
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PCK1, we observed 1.38%(5/363 cases) amplification and 
1.65%(6/363 case) missense mutation.

Tumor infiltration analysis
Correlation of APLN, ALDH2, E2F1, and PCK1  mRNA 
expression levels with tumor purity and infiltrating lev-
els of neutrophils, macrophages, T cell CD4+, and T 
cell CD8+  across TCGA-HCC cohort are shown by 
scatterplots in Fig.  8A–D. APLN displayed significant 
positive correlations with infiltrating levels of neutro-
phils ( r = 0.228 , p = 1.83× 10−5 ) and macrophages 
( r = 0.12 , p = 2.59× 10−2 ). ALDH2 displayed sig-
nificant negative correlations with infiltrating levels of 
neutrophils ( r = −0.197 , p = 2.28× 10−4 ) and mac-
rophages ( r = −0.152 , p = 4.68× 10−3 ). E2F1 displayed 
significant positive correlations with infiltrating levels 
of neutrophils ( r = 0.104 , p = 0.05 ) and macrophages 
( r = 0.272 , p = 2.91× 10−7 ). PCK1 displayed signifi-
cant negative correlations with infiltrating levels of neu-
trophils ( r = −0.22 , p = 3.72× 10−5 ) and macrophages 
( r = −0.215 , p = 5.73× 10−5 ). APLN ( r = 0.224 , 
p = 2.70× 10−5 ), ALDH2 ( r = 0.114 , p = 3.47× 10−2 ), 
E2F1 ( r = 0.241 , p = 5.8× 10−6 ) displayed significant 
positive correlations with tumor purity across HCC. 
PCK1 ( r = 0.002 , p = 9.71× 10−1 ) displayed nonsignifi-
cant positive correlations with tumor purity across HCC.

Discussion
Analysis of gene expression data can help to identify 
genes that are differentially expressed in disease states, 
which can suggest potential drug targets. By identifying 
genes that are differentially expressed in disease states, 
researchers can gain insights into the underlying bio-
logical processes involved in the disease and  identify 
potential drug targets [1]. In a disease state, abnormal 
differential gene expression can play a key role in the 
development and progression of the disease. For exam-
ple, the over-expression or under-expression of certain 
genes may contribute to the development of cancer by 
promoting cell proliferation, evasion of programmed cell 
death, or the ability to invade other tissues. Moreover, the 
differential expression levels of certain genes may be used 
to diagnose cancer or to predict the likelihood of a cancer 
recurrence.

Understanding the patterns of differential gene expres-
sion in HCC can provide insights into the underlying 
molecular mechanisms of the disease and may inform 
the development of new diagnostic and therapeutic 
approaches. In the present, we found over-expression of 
APLN, LCN2, COL15A1 and E2F1 and under-expression 
of ITLN1, SERPINE1, SFRP5, ACADL, ALDH2, CNTFR, 
CYP26A1, EGR2, GADD45B, LIFR, ORM1, PCK1, 

PTGIS and SOCS3 in tumor patients as compared to 
normal patients.

Prognostic analysis of these nineteen genes showed 
worsened OS and RFS for patients exhibiting higher 
expression of APLN, E2F1 and lower expression of 
ALDH2 and PCK1. These four genes were considered as 
key genes. Among these four key genes, highest hazard 
ratio of 2.2 reflected that high expression of E2F1 in HCC 
patients is highly lethal.

Pathway enrichment analysis of these four key genes 
showed significant involvement of PCK1 and ALDH2 
in pyruvate metabolism and glucose metabolism (gly-
colysis and gluconeogenesis) from which we concluded 
that HCC is significantly related with metabolic path-
ways. GO-BP enrichment analysis showed significant 
involvement of PCK1 in oxaloacetate metabolism which 
is a component of the TCA cycle and gluconeogenesis. 
GO-MF analysis revealed that ALDH2 codes for alde-
hyde dehydrogenase (NAD+) which plays role in alco-
hol metabolism. Even in the presence of oxygen, tumor 
cells conduct aerobic glycolysis known as the Warburg 
effect, which is essential for fulfilling the metabolic needs 
of rapid cancer cell growth and multiplication [14]. The 
liver is the primary site of gluconeogenesis, with the con-
version of oxaloacetate (OAA) to phosphoenolpyruvate 
(PEP) by phosphoenolpyruvate carboxykinase serving as 
the initial rate-limiting step. PCK1 restricts glycolysis and 
promotes gluconeogenesis in HCC cell lines, reducing 
cancer cell survival, inducing apoptosis, and inhibiting 
migration. [16]. ALDH2 has been linked to malignan-
cies caused by alcohol consumption. ALDH2 is a crucial 
enzyme in the detoxification of the ethanol metabolite 
acetaldehyde. ALDH2 deficiency results in the accumula-
tion of acetaldehyde, which promotes liver inflammation, 
HBV infection persistence, T cell inactivation, and HCC. 
ALDH2 under-expression induces acetaldehyde build-
up in cells, which enhances the activation of the AMP-
activated protein kinase (AMPK) pathway in HCC, which 
is one of the mechanisms of ALDH2-modulated HCC 
progression. [30]. Furthermore, a recent study found 
that ALDH2 deficiency promotes HCC growth by trans-
ferring oxidized mitochondrial DNA-rich extracellular 
vesicles from weaker hepatocytes to HCC cells. These 
extracellular vesicles, in conjunction with acetaldehyde, 
activate multiple oncogenic pathways (including C-Jun 
N-terminal kinase, signal transducer and activator of 
transcription 3, BCL-2, and transcriptional co-activator 
with PDZ-binding motif ) and promote HCC carcinogen-
esis after chronic exposure to alcohol [22].

Further, expression analysis based on nodal metastasis, 
TP53 mutation and tumor grade of these four key genes 
revealed significant changes in ALDH2 expression in all 
three categories. This reflects that ALDH2 is differentially 
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Fig. 8  Scatterplots showing significant correlations of A APLN, B ALDH2, C E2F1, and D PCK1 with infiltrating levels of neutrophils and 
macrophages across TCGA-HCC cohort. Spearman’s correlation value and estimated statistical significance were shown as the legends for each 
scatter plot
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regulated in cancer samples with different characteristics 
and may be involved in the development or progression 
of the disease. OncoPrint analysis is often used to iden-
tify patterns of genetic changes in cancer samples and 
to investigate how these changes might be related to the 
development or progression of the disease [8]. It can also 
be used to compare the genetic changes that occur in dif-
ferent types of cancer or to identify potential therapeutic 
targets for the treatment of cancer.

OncoPrint analysis of these four genes revealed that 
PCK1 has the highest frequency of genetic alteration ( 3% ) 
as compared to the other three genes in HCC patients. 
Also, amplification was found to be the most prominent 
type of genetic alteration in all four genes. No mutual 
exclusivity was found between our set of four genes.

Macrophage showed positive correlation with APLN 
and E2F1 while negative correlation with ALDH2 and 
PCK1. Majority of the studies have shown that mac-
rophage mainly M2 macrophages inhibits antitumor 
immunity and aids in HCC progression. [6]. Recent evi-
dence suggested that M2 macrophages promote patho-
genic angiogenesis, tumor cell invasion and migration, 
epithelial-mesenchymal transition (EMT), and cancer 
stem cell-like characteristics, all of which contribute to 
the advancement of liver cancer [31]. Studies have shown 
increased macrophages in HCC tumor tissue as com-
pared to healthy liver [21]. Neutrophils are abundant in 
the microenvironment of liver cancer and exhibit dif-
ferent functional characteristics after being converted 
into tumor-associated neutrophils (TANs). In the tumor 
microenvironment, TANs promote HCC tumor forma-
tion, growth, and metastasis by promoting hepatoma 
cell proliferation, migration, invasion, colony forma-
tion, and the negative regulation of antitumor immu-
nity. TANs can also release neutrophil extracellular traps 
(NETs) to promote the progression of liver cancer, induce 
tumor-related thrombosis, aggravate the body’s hyper-
coagulable state, and increase the risk of tumor-related 
complications, such as organ failure. However, the antitu-
mor effect of neutrophils in the tumor microenvironment 
should not be overlooked. Neutrophils induced by tumor 
necrosis factor alpha (TNF-α) have the capacity to slow 
tumor growth and metastasis through HGF/MET (MET 
proto-oncogene, receptor tyrosine kinase)-dependent 
nitric oxide release, whereas TANs can directly kill tumor 
cells by releasing ROS, stimulating the T cell response, 
assisting in antigen presentation, inhibiting early tumor 
formation, and inhibiting the formation of metastatic 
foci. [15].

By understanding the patterns of differential gene 
expression in HCC, this study showed a strong associa-
tion of four key genes namely APLN, ALDH2, E2F1, and 
PCK1 with HCC. These four genes can be validated and 

developed as prognostic biomarkers. Overexpression or 
under-expression of these genes may be a targeted for 
potential treatment plan for HCC.

Conclusion
In conclusion, our studies showed that APLN, ALDH2, 
E2F1 and PCK1 were significantly associated with 
HCC. APLN and E2F1 showed high expression in HCC 
patients which was further associated with poor progno-
sis. ALDH2 and PCK1 showed low expression in HCC 
patients which was also related with poor prognosis. 
High expression of E2F1 showed to be highly lethal in 
HCC patients. APLN and PCK1 expression showed con-
stant decrease as the tumor progressed. We also found 
that under-expression of PCK1  inhibits gluconeogenesis 
which promotes HCC. ADLH2 expression was found 
positively correlated with metastasis in 1 to 3 axillary 
lymph nodes. We found high mutation of PCK1 in HCC. 
Macrophages were negatively correlated with ALDH2 
and PCK1. This study revealed significant association of 
four genes named APLN, ALDH2, E2F1, and PCK1 with 
HCC of which ALDH2 and PCK1 are great prognostic 
biomarkers for HCC and play a pivotal role in develop-
ment of cancer. Overexpression of PCK1 and ALDH2 can 
be considered and targeted for potential treatment strat-
egy in HCC.
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