
ONCOLOGY LETTERS  29:  230,  2025

Abstract. Although numerous molecular classifications are 
available to predict the prognosis of patients with hepatocel‑
lular carcinoma (HCC), they are still unsatisfactory. Forkhead 
box O3 (FOXO3) has been widely reported as a transcription 
factor involved in human cancers, but its role in HCC remains 
controversial. The present study aimed to explore the role 
of FOXO3 in HCC, as well as to identify biomarkers and 
construct prognostic models based on FOXO3. FOXO3 was 
highly expressed in HCC and was closely associated with 
poor prognosis in The Cancer Genome Atlas (the training 
set) and International Cancer Genome Consortium (the vali‑
dation set). Subsequently, a co‑expression network indicated 
that the red modules were closely related to FOXO3. Five 
key FOXO3‑related genes [DEAD‑box helicase 55 (DDX55), 
RAB10, member RAS oncogene family (RAB10), RAB7A, 
TATA‑box binding protein associated factor, RNA poly‑
merase I subunit B (TAF1B) and TAF3] were obtained using 
Cox‑least absolute shrinkage and selection operator analyses. 
The 5‑gene signature successfully predicted the prognosis of 
patients with HCC in both the training and validation sets. 
Enrichment analysis suggested marked differences in AKT 
and cell cycle‑related (E2F targets and G2/M checkpoints) 

pathways between HCC subgroups. Furthermore, the tumor 
microenvironment analysis suggested that the difference in 
the distribution of M2 macrophages among various subgroups 
may contribute to the poor prognosis using the CIBERSORTx 
framework. Furthermore, the mRNA and protein expressions 
of DDX55, RAB10, RAB7A, TAF1B and TAF3 were found 
to be higher in HCC tissues compared with paracancerous 
tissues using RT‑qPCR and western blotting. Additionally, 
knockdown of RAB10, RAB7A and TAF3 inhibited prolifera‑
tion of Huh7 cells, assessed by a Cell Counting Kit‑8 assay. 
In conclusion, a novel FOXO3‑related model was constructed 
and revealed that RAB10, RAB7A and TAF3 may be potential 
molecular targets or biomarkers for HCC.

Introduction

Hepatocellular carcinoma (HCC) is a malignant disease with 
the sixth highest incidence and the third highest mortality 
worldwide (1). The crucial reasons for the high mortality of 
HCC include difficulty in early diagnosis, tumor heterogeneity 
and poor efficacy of late stage treatment (2). Tumor hetero‑
geneity includes both the heterogeneity of tumor cells and 
the tumor microenvironment (3). An increasing number of 
studies have reported that the heterogeneity of HCC is at the 
forefront of malignant tumors and has a profound impact on 
the prognosis and treatment of HCC (3,4). In addition, studies 
based on bioinformatics analysis of molecular typing and 
prognostic prediction of HCC have emerged and demonstrated 
clinical potential (4‑6). Unfortunately, the progression of HCC 
is a multifactor, multistage and constantly changing process 
due to its heterogeneity, which leads to certain limitations 
of the models (7). Therefore, it is necessary to explore the 
novel molecular subtypes and models of HCC for evaluating 
prognosis.

Forkhead box O3 (FOXO3), a member of the Forkhead box 
(Fox) transcription factors, is named for its highly conserved 
DNA‑binding domain (DBD)  (8). In addition to the DBD, 
FOXO3 has three other functional domains: a nuclear export 
signal, a nuclear localization signal and a transactivation 
domain (9). In the 1990s, FOXO3 was demonstrated to be 
present at sites of chromosomal translocations, creating onco‑
genic fusions with the DNA‑binding moiety of either paired 
box gene 3/7 or lysine methyltransferase 2A (10,11). Previous 
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studies have shown that the FOX protein is a tumor suppressor 
that is often inactivated in cancer  (12‑14). Gene‑editing 
mouse models have confirmed that knocking out FOXO3 
causes hemangiomas (14). Reactivation of FOXO3 by drugs 
(metformin and SN‑38) also mediates the transformation of 
ovarian and breast cancer cells into non‑cancer cells  (15). 
These phenotypes indicate that FOXO3 may have an antitumor 
role. Currently, the role of FOX3O in HCC seems to be contro‑
versial. On the one hand, knockdown of FOXO3 inhibits HCC 
cell proliferation and promotes HCC cell apoptosis via BNIP3 
inhibition (16,17). On the other hand, ursolic acid inhibits 
HCC cell proliferation by upregulating FOXO3 expression 
while low expression of FOXO3 augments autophagic flux, 
promoting sorafenib resistance of HCC cells (18,19). These 
studies suggest that FOXO3 may serve a different role in HCC 
from other tumors.

The present study aimed to explore the role of FOXO3 
in HCC, construct a novel prognostic model and identify 
biomarkers for HCC prognosis. To accomplish these aims, 
The Cancer Genome Atlas (TCGA) and International Cancer 
Genome Consortium (ICGC) databases were used and 
weighted correlation network analysis (WGCNA) analysis 
was used to screen FOXO3‑related genes. Subsequently, 
univariate Cox‑least absolute shrinkage and selection 
operator (LASSO) analysis was used to identify signatures 
and construct a novel prognostic model. Furthermore, 
clinical samples of patients with HCC were used to assess 
mRNA and protein expression of DEAD‑box helicase 55 
(DDX55), RAB10, member RAS oncogene family (RAB10), 
RAB7A, TATA‑box binding protein associated factor, RNA 
polymerase I subunit B (TAF1B) and TAF3. Finally, a Cell 
Counting Kit‑8 (CCK‑8) assay was used to evaluate the 
effect of RAB10, RAB7A and TAF3 on proliferation of 
Huh7 cells.

Materials and methods

Data collection and processing. The RNA‑sequencing 
(RNA‑Seq) transcriptome profile (TCGA‑ LIHC) of transcripts 
per kilobase of exon model per million mapped reads format, 
including 365 HCC tissues and 50 normal hepatic tissues, were 
acquired from TCGA database (TCGA‑LIHC, https://portal.gdc.
cancer.gov) using the TCGAbiolinks package ((https://biocon 
ductor.org/p‑ackages/release/bioc/html/TCGAbiolinks.html, 
version 2.28.4) (20) in R (version 4.3). The accompanying clin‑
ical information of 365 patients with HCC was also obtained 
by the TCGAbiolinks package in R (version 4.3). For duplicate 
samples, the mean was calculated and used as the final sample 
gene expression value. Samples clearly identified as HCC were 
included and samples with missing or incomplete clinical 
information [age, sex, tumor, node, metastasis (TNM) staging, 
survival time and status] were removed in subsequent prog‑
nostic and modeling analyses. The patients were then divided 
into high‑ and low‑FOXO3 expression groups according to 
X‑tile software (version 3.6.1, /x‑tile.software.informer.com/), 
with a cut‑off value of 4.206.

The RNA‑seq transcriptome data and corresponding clin‑
ical information of 206 patients with HCC (ICGC‑LIRI‑JP), 
including 206 HCC tissues and 177 normal hepatic tissues, 
were downloaded from the ICGC database (ICGC‑LIRI‑JP, 

https://dcc.icgc.org/). The data from ICGC was processed in 
the same way as the aforementioned database.

WGCNA. An mRNA co‑expression network of the 
TCGA‑LIHC dataset was constructed using the WGCNA R 
package (version1 73) (21). Briefly, the Pearson correlation 
between each pair of genes was calculated and the simi‑
larity matrix was acquired. The power function was used to 
transform the similarity matrix to an adjacency matrix using 
the WGCNA R package and the β was determined through 
the scale‑free topological fit test for constructing scale‑free 
weighted network. A threshold of R2>0.9 (soft threshold=32) 
was selected to acquire a high‑confidence scale free network. 
Co‑expression modules were acquired through the pairwise 
topological overlap between genes and highly correlated 
modules were further merged. The hub module was desig‑
nated as that with the highest Pearson correlation coefficient 
and P<0.05. Furthermore, module membership (MM) and 
gene significance (GS) were calculated and genes with MM 
>0.8 and GS >0.2 in the hub module were selected as the 
hub genes.

LASSO regression analysis and protein‑protein interaction 
(PPI) network. LASSO regression analysis was performed using 
the glmnet (version 4.1‑4) (22) and survival (version 3.8‑3) (23) 
R packages. LASSO was then used to identify the final gene 
signature for constructing the prognostic model according 
to the minimum λ value. The PPI network was constructed 
using the STRING database (version 12.0; string‑db.org/) and 
visualized by Cytoscape (version 3.9.1, https://cytoscape.org/).

Construction and validation of the prognostic model. 
Univariate Cox analysis was used to identify the hub genes 
and genes with P<0.05 were retained for subsequent analysis. 
LASSO analysis was performed and five genes were identi‑
fied for constructing the model according to the minimum 
λ value (24). The risk score (RS) of each HCC sample was 
calculated using the following formula: RS= Σn

i=1coef (genei) 
x expr (genei). The patients were then divided into high‑ and 
low‑risk groups according to X‑tile software.

Clinical potential evaluation of the prognostic model. 
Time‑dependent receiver operating characteristic (ROC) 
curves were generated using the pROC R package 
(version 1.18.5) (25). Univariate and multivariate Cox analyses 
were performed and visualized using the survival R package, 
SPSS (version 23; IBM Corp.) and the ggplot2 R package 
(version 3.5.1) (26). Nomogram and calibration curves were 
generated using the rms R package (version 7.0) (27).

Gene set enrichment analysis (GSEA) and immune analysis. 
GSEA of the training (TCGA cohort) and validation sets (ICGC 
cohort) was performed using GSEA software (version 4.3.2, 
gsea‑msigdb.org/gsea/index.jsp). Hallmark gene sets from 
the molecular signature database (MSigDB; http://www.
gseamsigd‑b.org/gsea/msigdb/index.jsp) were defined as the 
reference gene set database. Pathways with P<0.05 and false 
discovery rate (FDR) <0.25 were considered statistically 
different between the high‑ and low‑risk groups. Infiltration 
of 22 immune cell types in the tumor microenvironment was 
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analyzed using the CIBERSORTx website (cibersortx.stanford.
edu/). Results were visualized using the ggplot2 package.

Reverse transcription‑quantitative polymerase chain reaction 
(RT‑qPCR). A total of 10 paired tumor and tumor‑adjacent 
tissues from patients with HCC were collected by hepatectomy 
between May 2024 and August 2024 from the Second Affiliated 
Hospital of Guangdong Medical University (Zhanjiang, 
China). The use of samples was approved by Research Ethics 
Committee of the Second Affiliated Hospital of Guangdong 
Medical University (approval no. PJKT‑2024‑042).

A total of 10 HCC samples obtained were included in 
accordance with the following inclusion criteria: i) The patient 
received hepatectomy; ii) all samples were confirmed to have 
a clinicopathological diagnosis of HCC through pathology 
reports; and iii) patients had no severe infection and stable vital 
signs. The exclusion criteria were: i) Patients with secondary 
and recurrent liver cancer; ii) patients with liver cancer who 
had received any medication prior to surgery; and iii) patients 
with multiple primary tumors. The clinical information of 
10 patients with HCC is presented the Table SI. Total RNA 
from HCC and paired paracancerous tissues was extracted 
using the Total RNA Isolation Kit (cat.  no.  RE‑03011; 
Foregene Co., Ltd.) according to the manufacturer's instruc‑
tions. RNA was reverse transcribed to cDNA using a cDNA 
synthesis kit (cat. no. 1708891; Bio‑Rad Laboratories, Inc.) 
and the following conditions: 5 min at 25˚C, 20 min at 46˚C, 
1 min at 95˚C and holding at 4˚C. cDNA was quantified using 
Universal SYBR Green Supermix (cat. no. 1708891; Bio‑Rad 
Laboratories, Inc.) according to the manufacturer's instruc‑
tions (denaturation for 5 sec at 95˚C, extension: 30 sec at 60˚C, 
40 cycles). Relative mRNA expression was obtained using the 
2‑∆∆Cq method (28) with GAPDH as the internal reference. The 
following primers were used: GAPDH forward, 5'‑GGA​GCG​
AGA​TCC​CTC​CAA​AAT‑3'; GAPDH reverse, 5'‑GGC​TGT​
TGT​CAT​ACT​TCT​CAT​GG‑3'; DDX55 forward, 5'‑AGC​TGG​
GCT​TCC​CGT​ACA​T‑3'; DDX55 reverse, 5'‑CAG​CGA​CAT​
CTT​TGT​TTC​GCA‑3'; RAB10 forward, 5'‑CTG​CTC​CTG​
ATC​GGG​GAT​TC‑3', RAB10 reverse, 5'‑TGA​TGG​TGT​GAA​
ATC​GCT​CCT‑3'; RAB7A forward, 5'‑GTG​TTG​CTG​AAG​
GTT​ATC​ATC​CT‑3'; RAB7A reverse, 5'‑GCT​CCT​ATT​GTG​
GCT​TTG​TAC​TG‑3'; TAF1B forward, 5'‑AAA​GAA​CGC​TGT​
ACT​CAG​TGT​G‑3'; TAF1B reverse, 5'‑CCC​CGG​TTG​AGG​
GCT​TTT​A‑3'; TAF3 forward, 5'‑ATG​TGC​GAG​AGT​TAC​
TCC​AGG‑3'; and TAF3 reverse, 5'‑GGG​TCT​GTT​CGG​CCA​
TAG​AG‑3'.

Western blot analysis. Protein from HCC and paired 
paracancerous tissues were extracted using radioim‑
munoprecipitation assay buffer with protease and 
phosphatase inhibitors (cat. no. P0013C; Beyotime Institute 
of Biotechnology) according to the manufacturer's instruc‑
tions. Protein samples were quantification by the BCA kit 
(cat. no. P0012S, Beyotime Institute of Biotechnology). Protein 
samples were heated at 70˚C for 10 min after mixing with 
sodium dodecyl sulfate‑polyacrylamide gel electrophoresis 
(SDS‑PAGE) buffer (cat. no. P0015A; Beyotime Institute of 
Biotechnology) and then added into a pre‑prepared 10% gel 
for electrophoresis (15 µg per lane). The protein was trans‑
ferred to polyvinylidene fluoride membranes. Subsequently, 

the membranes were blocked with 5% skim milk at room 
temperature for 2 h and then incubated with primary antibody 
at 4˚C overnight. After incubation, the membranes were 
placed on a shaker and washed with TBST buffer (1 l TBS 
buffer with 1 ml Tween‑20) for 7 min. After washing three 
times, the membranes were incubated with the secondary 
antibody at room temperature for 1 h. Finally, the membranes 
were washed and developed by chemiluminescence. The 
gray values were obtained by ImageJ (National Institutes of 
Health, version 1.54h) and analyzed using GraphPad Prism 
(Dotmatics, version 10.2.3). The following antibodies were 
used: β‑actin (1:1,000; cat. no. ET1702‑52; HUABIO), DDX55 
(1:1,000; cat.  no.  ER63225; HUABIO), RAB10 (1:1,000; 
cat. no. 11808‑1‑AP; Proteintech Group, Inc.), RAB7A (1:1,500; 
cat. no. 55469‑1‑AP; Proteintech Group, Inc.), TAF1B (1:500; 
cat. no. 12818‑1‑AP; Proteintech Group, Inc.), FOXO3 (1:1,000; 
cat. no. A9270; ABclonal Biotech Co., Ltd.) and TAF3 (1:500; 
cat. no. 18901‑1‑AP; Proteintech Group, Inc.), HRP conjugated 
goat anti‑rabbit IgG polyclonal antibody (1:30000, HA1001, 
HUABIO), HRP conjugated goat anti‑mouse IgG polyclonal 
antibody (1:30,000, HA1006, HUABIO). 

Cell transfection. The Huh7 cell was obtained from Cell Bank 
of the Chinese Academy of Sciences (Shanghai, China) and 
cells (10,000/well) were seeded into 6‑well plates. Cells were 
cultured using DMEM (Gibco, USA) supplemented with 10% 
FBS) (ScienCell, USA) and 1% penicillin and streptomycin 
(HyClone). After the cell density reached 20%, the cells were 
transfected with small interfering RNAs (siRNA; Shanghai 
GenePharma Co., Ltd.). Briefly, the siRNA, serum‑free medium 
and siRNA‑Mate transfer agent (cat. no. G04003; Shanghai 
GenePharma Co., Ltd.) were mixed, added to the cells at a 
final concentration of 100 nM and shaken well according to 
the manufacturer's instructions. After 72 h transfection, the 
protein was extracted to detect the knockdown efficiency via 
western blot analysis. The following siRNA sequences were 
used: RAB10 sense, 5'‑CCAUAGGAAUAGACUUCAAGA‑3'; 
antisense, 5'‑UUG​AAG​UCU​AUU​CCU​AUG​GUG‑3'; RAB7A 
sense, 5'‑GGA​AGA​AAG​UGU​UGC​UGA​AGG‑3'; antisense, 
5'‑UUC​AGC​AAC​ACU​UUC​UUC​CUA‑3'; TAF3 sense, 
5'‑GCG​GGA​UGU​GCG​AGA​GUU​ACU‑3'; antisense, 5'‑UAA​
CUC​UCG​CAC​AUC​CCG​CUG‑3'; FOXO3 sense, 5'‑AAC​UAA​
ACC​CUU​UAG​UGA​CAU‑3'; antisense, 5'‑GUC​ACU​AAA​
GGG​UUU​AGU​UUU‑3'; negative control sense, 5'‑CAU​AAA​
UCU​AC​AGG​AUG​AUT​T‑3'; antisense, 5'‑AUC​AUC​CUG​UAG​
AUU​UAU​GTT‑3'.

CCK‑8 assay. The cells (5,000/well) were seeded in 96‑well 
plates with three replicates per group. According to the manu‑
facturer's instructions, the absorbance at 450 nm was detected 
using a CCK‑8 kit after incubation for 2 h (cat. no. ZP328‑3; 
Beijing Zoman Biotechnology Co., Ltd.) at 6, 24, 48 and 72 h 
after seeding the cells. The absorbance value detected 6 h after 
seeding the cells was considered as 0 h.

Statistical analysis. Data with normal distribution and 
skewed distribution was analyzed by t test and Wilcoxon 
rank‑sum test, respectively. The results of the bioinformatics 
analysis were analyzed using R software (version 4.2.0) and 
the Wilcoxon rank‑sum test. Kaplan‑Meier survival curves 
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were compared using the log‑rank test or two‑stage method. 
The survival curves were plotted and cut‑off was selected by 
the survival package in R. The results of RT‑qPCR, western 
blot analysis and CCK‑8 assay were analyzed using Student's 
t‑test. All statistical analyses were performed using R, SPSS 
and GraphPad Prism (version 9.3.1; Dotmatics). P<0.05 was 
considered to indicate a statistically significant difference.

Results

FOXO3 is highly expressed and associated with poor prog‑
nosis in HCC. To evaluate the mRNA expression of FOXO3, 
the transcriptome and corresponding clinical profiles of 
365 patients with HCC and 206 patients with HCC were 
obtained from TCGA and ICGC‑LIRI‑JP, respectively. The 
mRNA expression of FOXO3 in HCC tissues was higher 
compared with that in normal tissues in the TCGA dataset 
(Fig. 1A). Moreover, the patients with pathology grade G3/4 
had higher expression of FOXO3 compared with grade G1/2 
(Fig. 1B), but the mRNA expression of FOXO3 was not asso‑
ciated with TNM staging and vascular invasion (Fig. S1A 
and B). The ICGC database was used to further validate 
these findings. FOXO3 expression was significantly higher 
in HCC tissues compared with normal tissues (Fig. 1C). 
Moreover, FOXO3 was significantly higher in tissues with 
expressed in bile duct invasion HCC compared with HCC 
(Fig.  1D), but the mRNA expression of FOXO3 did not 
differ with higher TNM staging or with vascular invasion 

(Fig. S1C and D). Both databases indicate that high expres‑
sion of FOXO3 was strongly associated with poor prognosis 
in HCC (Fig. 1E and F).

Identification of the FOXO3‑associated gene module in 
HCC. FOXO3, as a transcription factor, may serve an impor‑
tant role in HCC; therefore, WGCNA was used to identify a 
FOXO3‑associated gene module. A scale‑free network was 
constructed using WGCNA in 365 patients with HCC from 
TCGA (Fig. 2A). The average‑linkage hierarchical clustering 
method was used to cluster genes and modules with >80% 
similarity were merged (Fig. 2B), resulting in six modules. 
The correlations between each module and the mRNA 
expression of FOXO3 in HCC were analyzed (Fig. 2C), which 
indicated that the red module was most closely related to 
FOXO3 (Pearson coefficient of 0.72). The gene distribution 
in the red module was further analyzed, which demonstrated 
that GS and MM were significantly correlated, suggesting 
that genes in the red module were strongly associated with 
FOXO3 (Fig. 2D).

Identification of FOXO3‑associated key gene signature in 
HCC. Based on the criteria of MM >0.8 and GS >0.2, hub genes 
in the red module were identified, resulting in 875 hub genes. 
Univariate Cox regression analysis was then used to screen 
294 prognosis‑associated genes from 875 genes with a P‑value 
of <0.05 (Fig. 3A). To further narrow the range of variables, 
LASSO regression analysis was performed, which identified 

Figure 1. FOXO3 is highly expressed in HCC tissues and associated with poor prognosis. (A) mRNA expression of FOXO3 in HCC and normal tissues from 
TCGA dataset. (B) mRNA expression of FOXO3 in pathological grading G1/2 and G3/4 from TCGA dataset. (C) mRNA expression of FOXO3 in HCC and 
normal tissues from the ICGC dataset. (D) mRNA expression of FOXO3 in HCC with or without bile duct invasion from the ICGC dataset. Overall survival in 
patients with HCC with high or low FOXO3 expression from (E) TCGA and (F) ICGC datasets. FOXO3, Forkhead box O3; HCC, hepatocellular carcinoma; 
TCGA, The Cancer Genome Atlas; ICGC, International Cancer Genome Consortium; BIHCC, bile duct invasion hepatocellular carcinoma.
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five genes (DDX55, TAF1B, TAF3, RAB10 and RAB7A) for 
constructing the model according to the minimum λ value 
(Fig.  3B and C). Fig.  3D shows the PPI network between 
FOXO3 and the 294 proteins obtained from univariate Cox 
regression analysis.

Construction and validation of a prognostic model based on 
the five genes. According to the results of LASSO regression 
analysis, the expression values and regression coefficients of 
these five genes for each sample were used to calculate the 
RS of each sample. Subsequently, the cut‑off values of the 
RS were obtained using X‑tile software and the patients were 
divided into high‑risk and low‑risk groups (Fig. 4A). All five 
genes were more highly expressed in the high‑risk group and 
the patients with HCC in the high‑risk group had a worse 
prognosis compared with the low‑risk group (Fig. 4B). The 
time‑dependent ROC curve showed that the area under the 
curve (AUC) values for 1, 3 and 5 years were 0.73, 0.69 and 
0.71, respectively (Fig. 4C). ICGC data was used to evaluate 
the robustness of the model and similar results were obtained 
(Fig. 4D‑F). Moreover, the present model was compared with 
other prognostic models which found the AUC values (1‑year) 
of the present model were higher compared with the AUC 
values (1‑year) of other models in training and validation sets 
(Table SII) (29‑33).

RS potential to evaluate HCC prognosis. To further evaluate 
the clinical value of the model, univariate and multivariate Cox 
regression analyses were used to analyze the RS and other clinical 
factors (age, sex, TNM staging and vascular invasion) in both data‑
sets. Both univariate Cox analysis (Fig. 5A and D) and multivariate 
Cox analysis (Fig. 5B and E) showed that RS and TNM staging 
were risk factors in both datasets. Considering that TNM staging 
has been accepted as a standard prognostic method, these results 
suggested that RS has potential for clinical prognostic evalua‑
tion. In addition, RS and TNM staging in TCGA and ICGC Cox 
analysis showed similar statistical significance, although TNM 
staging has a higher hazard ratio. However, age, sex and vascular 
invasion were statistically significant only in partial Cox analyses. 
TNM staging and RS were used to construct nomograms in both 
datasets to quantify prognostic scores for patients with HCC. For 
TCGA dataset, the survival probability of patients with HCC with 
total points >100 was <0.6 (Fig. 5C). Similarly, the 4‑year survival 
probability of patients with HCC with total points >100 was <0.6 
in the ICGC dataset (Fig. 5F). The calibration curves of TCGA 
and ICGC datasets are shown in Fig. S2.

Differences in the carcinogenic pathways and tumor micro‑
environment between high‑ and low‑risk groups. Activation 
of carcinogenic pathways is an integral part of tumor progres‑
sion (32). In HCC, tumor development is often accompanied 

Figure 2. Weighted correlation network analysis of The Cancer Genome Atlas dataset. (A) Analysis of the scale‑free index (left) and mean connectivity (right) 
for various soft‑threshold powers (β). (B) Dendrogram of all differentially expressed genes clustered based on the measurement of dissimilarity (1‑TOM). The 
color band shows the distribution of modules. (C) Heatmap of the correlation between the modules and mRNA expression of FOXO3 in HCC. The module 
with the highest coefficient was used for subsequent analysis. (D) Module membership vs. gene significance scatter plot of FOXO3. FOXO3, Forkhead box O3; 
HCC, hepatocellular carcinoma.
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by activation of cell cycle‑associated pathways and phosphory‑
lation of the AKT pathway and the activity of these pathways 
suggests poor prognosis of patients (34). In the present study, 
GSEA was performed for patients in the high‑ and low‑RS 
groups, which demonstrated that the cell cycle‑associated 
pathways (G2/M checkpoint and E2F targets) and AKT 
pathway were more active in the high‑RS group (Fig. 6A‑C), 
partly explaining why patients in the high‑risk group had 
worse outcomes. Similar results were obtained from the ICGC 
dataset (Fig. S3A‑C).

The tumor microenvironment, in which several immune 
cells play a major role, is another important factor mediating 
tumor prognosis (35). Thus, the infiltration of 22 immune cell 
types was quantified using transcriptome data from patients in 
the high‑ and low‑risk groups. In TCGA and ICGC datasets, 
M2 macrophages and CD4+ T cells were the main immune cells 
enriched in the tumor microenvironment (Figs. 6D and S3D). 
In addition, there was more infiltration of M2 macrophages 
and resting CD4+ memory T cells in the high‑risk group 

compared with the low‑risk group in TCGA dataset (Fig. 6E). 
Compared with the high‑risk groups, a higher infiltration of 
activated natural killer cells was found in the low‑risk groups 
in TCGA and ICGC datasets (Figs. 6E and S3E).

Identification and validation of the 5‑gene signature in HCC. 
The expression of the five genes (DDX55, RAB10, RAB7A, 
TAF1B and TAF3) used for constructing the model in HCC was 
further investigated. TCGA and ICGA datasets both showed that 
these five genes were highly expressed in HCC tissues compared 
with normal tissues (Figs. 7A and S4A). Moreover, the high 
expression of these five genes in TCGA dataset was significantly 
associated with poor prognosis of HCC, while only the expres‑
sion of the RAB10, RAB7A and TAF3 genes was associated 
with poor prognosis of patients with HCC in the ICGC dataset 
(Figs. 7B‑F and S4B‑F). To validate these results, tumor and 
matched non‑tumor tissues were collected from ten patients with 
HCC. The RT‑qPCR analysis indicated that the mRNA expres‑
sion of the five genes in tumor tissues was higher compared 

Figure 3. Identification of the 5‑gene signature. (A) Forest plot of univariate Cox regression analysis in The Cancer Genome Atlas dataset. Cox results for the 
top five and bottom five genes. (B) Least absolute shrinkage and selection operator regression analysis. (C) λ curves show the least absolute shrinkage and the 
best λ was selected based on the minimum criteria. (D) The protein‑protein interaction network between FOXO3 and 294 genes. FOXO3, DDX55, RAB10, 
RAB7A, TAF1B and TAF3 are highlighted by red dots and the remaining genes are represented by green dots. The color of the edges was determined by 
the combined score obtained from STRING. FOXO3, Forkhead box O3; DDX55, DEAD‑box helicase 55; RAB10, RAB10, member RAS oncogene family; 
RAB7A, RAB7A, member RAS oncogene family; TAF1B, TATA‑box binding protein associated factor, RNA polymerase I subunit B; TAF3, TATA‑box 
binding protein associated factor 3; SLC4A1AP, solute carrier family 4 member 1 adaptor protein; ZNF765, zinc finger protein 765; MORC3, MORC family 
CW‑type zinc finger 3; WWC2, WW and C2 domain containing 2; UBE3A, ubiquitin protein ligase E3A; SECISBP2L, SECIS binding protein 2 like; FAN1, 
FANCD2 And FANCI associated nuclease 1.
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Figure 4. Construction and validation of a 5‑gene prognostic model. (A) The distribution of RS, survival status and expression of the 5‑gene signature 
between the high‑ and low‑risk groups in TCGA dataset. (B) Overall survival of patients with HCC in the high‑ and low‑ RS groups in TCGA dataset. 
(C) Time‑dependent ROC curve of RS in TCGA dataset. (D) The distribution of RS, survival status and expression of the 5‑gene signature between the high‑ 
and low‑risk groups in the ICGC dataset. (E) Overall survival of patients with HCC in the high‑ and low‑RS groups in the ICGC dataset. (F) Time‑dependent 
ROC curve of RS in the ICGC dataset. RS, risk score; TCGA, The Cancer Genome Atlas; ICGC, International Cancer Genome Consortium; ROC, receiver 
operating characteristic; DDX55, DEAD‑box helicase 55; RAB10, RAB10, member RAS oncogene family; RAB7A, RAB7A, member RAS oncogene family; 
TAF1B, TATA‑box binding protein associated factor, RNA polymerase I subunit B; TAF3, TATA‑box binding protein associated factor 3; AUC, area under 
the curve.

Figure 5. Clinical potential of the RS for prognosis. (A) Univariate and (B) multivariate Cox analyses of the RS and other clinical factors in TCGA dataset. 
(C) Nomogram of TNM staging and RS based on the Cox results in TCGA dataset. (D) Univariate and (E) multivariate Cox analyses of the RS and other 
clinical factors in the ICGC dataset. (F) Nomogram of TNM staging and RS based on the Cox results in the ICGC dataset. RS, risk score; TCGA, The Cancer 
Genome Atlas; ICGC, International Cancer Genome Consortium; TNM, tumor, node, metastasis.

https://www.spandidos-publications.com/10.3892/ol.2025.14976
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with that in non‑tumor tissues (Fig. 7G). Immunohistochemical 
results from the Human Protein Atlas (HPA) database suggested 
that DDX55, RAB10 and RAB7A have higher expression in 
tumor tissue compared with non‑tumor tissue (Fig. 7H) (36). 
However, it was not possible to obtain representative immuno‑
histochemical staining results for TAF1B and TAF3 from the 
HPA database. Western blot analysis demonstrated that there 
was higher protein expression levels of all five proteins in tumor 
tissues compared with non‑tumor tissues (Fig. 7I).

To further explore the influence of the genes of interest 
on HCC progression, three genes (RAB10, RAB7A and 
TAF3) that were significantly associated with prognosis in 

both TCGA and ICGC datasets were selected for functional 
experiments. The CCK‑8 assay demonstrated that knockdown 
of RAB10, RAB7A and TAF3 inhibited the proliferation of 
Huh7 cells (Figs. 7J and S4G). Moreover, the AUC values 
(1‑year) among five genes, RS and TNM in TCGA and ICGC 
datasets were compared which demonstrated the five genes and 
RS were not inferior to TNM in predicting first‑year survival 
status of patients with HCC (Fig. S5A and B). In addition, the 
protein expression of FOXO3 was knocked down using siRNA 
(Fig. S5C). The protein expression levels of the other five 
proteins (DDX55, RAB10, RAB7A, TAF3 and TAF1B) were 
also downregulated after knocking down FOXO3 (Fig. S5D). 

Figure 6. Analyses of the carcinogenic pathways and tumor microenvironment between the high‑ and low‑RS groups in The Cancer Genome Atlas dataset. 
Gene set enrichment analysis of the high‑RS group vs. the low‑RS group for (A) the G2/M checkpoint, (B) E2F targets and (C) PI3K/AKT/MTOR signaling. 
(D) Distribution of 22 immune cell types in the tumor microenvironment of each hepatocellular carcinoma sample. (E) Comparison of 22 immune cell types 
infiltrated in tumor microenvironment between the high‑ and low‑RS groups. ‑, not significant; *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001. RS, risk score; 
FDR, false discovery rate; NES, normalized enrichment score.
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Figure 7. Identification of five biomarkers in HCC. (A) mRNA expression of DDX55, RAB10, RAB7A, TAF1B and TAF3 in HCC and normal tissues from 
TCGA. Overall survival curves in patients with HCC with high or low expression of (B) DDX55, (C) RAB10, (D) RAB7A, (E) TAF1B and (F) TAF3 from 
TCGA dataset. The best cut‑off value for each gene was obtained using the X‑tile software. (G) mRNA expression of DDX55, RAB10, RAB7A, TAF1B and 
TAF3 in HCC and paired paracancerous tissues from 10 patients with HCC, assessed using reverse transcription‑quantitative PCR. (H) Immunohistochemical 
images of DDX55, RAB10 and RAB7A in HCC and normal tissues obtained from the HPA. (I) Protein expression of DDX55, RAB10, RAB7A, TAF1B 
and TAF3 in HCC and paired paracancerous tissues from 10 patients with HCC, evaluated using western blot analysis. The figure on the right is a relative 
semi‑quantitative histogram of protein expression. The gray values were obtained by ImageJ and analyzed using GraphPad Prism. (J) Cell Counting Kit‑8 
curves after knockdown of RAB10, RAB7A and TAF3 in Huh7 cells by siRNA. *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001. T, tumor; NT, not‑tumor; HCC, 
hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; DDX55, DEAD‑box helicase 55; RAB10, RAB10, member RAS oncogene family; RAB7A, 
RAB7A, member RAS oncogene family; TAF1B, TATA‑box binding protein associated factor, RNA polymerase I subunit B; TAF3, TATA‑box binding 
protein associated factor 3; HPA, The Human Protein Atlas; NC, negative control.

https://www.spandidos-publications.com/10.3892/ol.2025.14976
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Additionally, mRNA levels of FOXO3 were positively corre‑
lated with mRNA levels of the 5 genes in both TCGA and 
ICGA datasets (Fig. S6).

Discussion

The FOXO protein has four subtypes, FOXO1, FOXO3, 
FOXO4 and FOXO6  (8). The distribution of the four 
subtypes is different: FOXO1 is highly expressed in fat 
cells, FOXO4 is highly expressed in muscle cells and 
FOXO6 is highly expressed in brain tissue. Only FOXO3 
is highly expressed in hepatocytes  (9). Previous studies 
have focused on FOXO3 as the downstream effector of 
several tumor‑associated pathways (such as AKT and 
AMP‑activated protein kinase) to mediate the develop‑
ment of tumors. However, further exploration is needed 
for downstream targets of FOXO3. Currently, the role of 
FOXO3 in HCC is controversial (16‑18). The present study 
revealed that FOXO3 was highly expressed in HCC tissue 
and indicated a poor prognosis. Bioinformatics analysis 
identified five FOXO3‑associated genes (DDX55, RAB10, 
RAB7A, TAF1B and TAF3). The training and validation 
sets confirmed the robustness and clinical potential of the 
prognostic model. Subtypes analysis indicated that patients 
with HCC in the high‑risk group had significantly more 
active carcinogenic pathways and tumor microenvironment. 
Moreover, RAB10, RAB7A and TAF3 were identified as 
potential genes involved in tumor development.

WGCNA combined with LASSO to construct prognostic 
models and molecular typing have previously been used for 
colorectal and liver cancer (37‑42). For example, a 4‑signa‑
ture model based on the scRNA‑seq and bulk RNA‑seq 
data could evaluate the prognostic risk of patients with 
colorectal cancer. Similarly, a prognostic model based on 
the SMG5 and MRPL9 genes predicted the tumor mutation 
burden of HCC patients. The advantage of public databases 
is that they have large‑scale open information of clinical 
samples and gene expression profiles and the utilization of 
these resources has promoted the development of molecular 
diagnostic and prognostic models in the field of cancer. An 
increasing number of prognostic models and molecular 
typing methods have been developed in HCC and some 
sequencing studies based on large‑scale new clinical HCC 
samples have supported the potential use of bioinformatics 
in tumor prognosis assessment  (4‑6,40). Compared with 
models of the same modeling method, the model in the 
present study had fewer signatures, which was conducive 
to the translation of the model to the clinic. Additionally, 
in the external validation set (not including the internal 
validation set from the same database), the present model 
had significantly improved AUC values in the first year 
compared with other models. The subsequent 3‑year and 
5‑year AUC values also had a slight advantage, suggesting 
that the present model has improved robustness compared 
with other models. Notably, the Cox analysis results showed 
some differences in clinical features (TNM, sex and 
vascular invasion) between the two datasets. This is poten‑
tially due to the high heterogeneity of HCC; specifically, 
clinical features, heterogeneous gene expression and sample 
size may cause these differences between the TCGA and 

ICGC cohorts. However, these differences did not affect the 
conclusions of the present study because intersections were 
taken in both datasets.

The present study identified and confirmed three genes, 
RAB10, RAB7A and TAF3, with potential as biomarkers. 
Knockdown of RAB10 inhibits the proliferation of HCC cells 
in vivo and in vitro and is accompanied by downregulated 
activity of multiple carcinogenic pathways (such as AKT, 
insulin receptor and AXL receptor tyrosine kinase)  (42). 
O‑GlcNAcylation of RAB10 has also been reported to 
promote HCC progression (43). Similarly, RAB7A is upregu‑
lated in HCC and overexpression of RAB7A promotes tumor 
proliferation and metastatic potential (44). Mechanistically, 
RAB7A regulates the activity of the AKT pathway and the 
expression of cycle‑associated proteins [cyclin dependent 
kinase (CDK) 4, CDK6 and cyclin A2]. Consistently, the 
present GSEA suggested that the difference in prognosis 
among patients with HCC is attributed to the activity of 
AKT and cell cycle‑associated pathways. Furthermore, as 
FOXO3 activates the AKT pathway, the results suggested 
RAB7A may be an important effector by which FOXO3 
regulated the AKT pathway. TAF3 serves an important 
role in the differentiation of embryonic stem cells and in 
finely balanced transcription programs (45). To date, the role 
and molecular mechanism of TAF3 in HCC have not been 
reported. RAB10 and RAB7A have been demonstrated to 
serve pro‑cancerous roles in HCC, and the present results 
classified RAB10, RAB7A and TAF3 as FoxO3‑related 
genes. Thus, we speculate that TAF3 may also have a similar 
functional role and be involved in HCC progression. In addi‑
tion, DDX55 promotes HCC proliferation and metastasis by 
interacting with bromodomain‑containing protein  4 and 
TAF1B depletion induces HCC cell apoptosis via nucleolar 
stress and activation of the p53/miR‑101 circuit (46,47). The 
present study revealed a correlation between FOXO3 and 
the 5 signature genes (DDX55, RAB10, RAB7A, TAF1B 
and TAF3), which set the direction for subsequent FOXO3 
target exploration. However, our results only indicate that 
FOXO3 is associated with these genes and interferes with 
their expression. Whether this regulatory association of 
FOXO3 is direct or indirect remains to be verified by further 
experiments. 

Although the present study deepened the understanding of 
FOXO3 in HCC, exploring novel potential related molecules 
and a novel prognostic model, there remain limitations. First, 
the present study lacked more clinical samples for multi‑omics, 
FOXO3 expression verification and prognosis assessment in 
patients with HCC. The differences in RS, TNM stage, age, 
sex and vascular invasion in the TCGA and ICGC Cox anal‑
yses might be caused by the HCC heterogeneity and ethnicity. 
Second, the present study still needs more direct and clinical 
evidence to validate the model and the intermolecular links. 
Nevertheless, it provided guidance for follow‑up research, 
including relevant clinical work and basic experiments, which 
are the focus of our future work.

For the first time, to the best of the authors’ knowledge, 
the present study constructed a novel prognostic model based 
on FOXO3 and identified a novel 5‑gene signature. The poten‑
tial of three genes as biomarkers in HCC was confirmed, 
including the novel TAF3 biomarker. Future research will 
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investigate the roles and underlying molecular mechanisms 
of TAF3 in HCC. In future clinical practice, pathological 
and molecular detection methods can be used to assess the 
expression of relevant genes and score them into the model 
to evaluate the prognosis of the patient. We hypothesize that 
this is the most important and widespread use of prognostic 
models. In summary, the present study constructed a novel 
FOXO3‑associated prognostic model and validated three 
major genes through biochemical experimental studies. 
The present results complement the bioinformatics findings 
for the molecular typing and prognosis of HCC, further 
improving the understanding of the roles of FOXO3, RAB10, 
RAB7A and TAF3 in HCC.
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