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Abstract

Background and Aims: Dysregulated lipid metabolism con-
tributes to hepatocellular carcinoma (HCC) progression, but 
the prognostic value and mechanistic roles of lipid metabo-
lism-related long noncoding RNAs (LRLs) remain insufficiently 
characterized. This study aimed to construct and validate 
an LRL-based prognostic model and to investigate the bio-
logical function and metabolic mechanism of AC026412.3 in 
HCC. Methods: Transcriptomic and clinical data from the The 
Cancer Genome Atlas Liver Hepatocellular Carcinoma cohort 
were analyzed to identify LRLs based on their correlation with 
curated lipid metabolism genes. Differential expression, uni-
variate Cox, least absolute shrinkage and selection operator 
(LASSO), and multivariate Cox analyses were performed to 
construct a prognostic signature, which was evaluated using 
Kaplan–Meier survival and time-dependent receiver operating 
characteristic (ROC) analyses. Functional enrichment analy-
ses Gene Ontology [GO], Kyoto Encyclopedia of Genes and 
Genomes [KEGG] and gene set enrichment analysis [GSEA], 
mutation profiling, tumor mutational burden, immune infil-
tration estimation, and consensus clustering were applied to 
characterize associated features. A key LRL was identified 
through integrated bioinformatic screening and prioritization. 
Its biological role was assessed by quantitative reverse tran-
scription polymerase chain reactionq (RT-PCR), western blot-
ting, BODIPY staining, colony formation, Transwell assays, 
and xenograft models. RNA sequencing followed by pathway 
enrichment analysis was conducted to explore underlying 
mechanisms. Results: A three-LRL signature (AL031985.3, 
NRAV, and AC026412.3
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) stratified HCC patients into distinct 

risk groups with significantly different survival outcomes and 
demonstrated independent prognostic value. AC026412.3 
was markedly upregulated in HCC and associated with poor 
prognosis. Functional assays demonstrated that AC026412.3 
promoted proliferation, invasion, and tumor growth while 
reducing lipid accumulation. Mechanistically, AC026412.3 
upregulated solute carrier family 22 member 5 (SLC22A5), 
enhanced fatty acid β-oxidation, and increased adenosine 
triphosphate (ATP) production, thereby driving metabolic 
reprogramming. Conclusions: This study establishes a ro-
bust LRL-based prognostic model and identifies AC026412.3 
as a key regulator of lipid metabolic reprogramming via the 
SLC22A5–fatty acid β-oxidation axis, highlighting its potential 
as a biomarker and therapeutic target in HCC.
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Introduction
According to the latest Global Cancer Statistics, hepatocel-
lular carcinoma (HCC) accounted for more than 900,000 
newly diagnosed cases and over 830,000 deaths in 2020, 
underscoring its substantial global health burden.1 Although 
advances in surgical resection, targeted therapy, and immu-
notherapy have improved the management of HCC, patient 
outcomes remain unsatisfactory because of pronounced mo-
lecular heterogeneity, frequent recurrence, and a strong ten-
dency toward invasion and metastasis.2

The liver is highly susceptible to metabolic disturbances, 
and aberrant lipid homeostasis has been strongly implicated 
in the initiation and progression of HCC.3,4 Accumulating evi-
dence indicates that HCC cells frequently exhibit disrupted 
fatty acid synthesis, lipid oxidation, and cholesterol homeo-
stasis. These alterations supply energy and biosynthetic pre-
cursors, foster an immunosuppressive microenvironment, 
and promote tumor growth, invasion, and immune evasion.5 
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Consequently, elucidating the molecular mechanisms under-
lying lipid metabolism dysregulation and leveraging them to 
develop molecular subtypes and prognostic models may pro-
vide new insights and therapeutic opportunities for personal-
ized management of HCC.

Long noncoding RNAs (lncRNAs, >200 nt, non-protein-cod-
ing) regulate diverse cellular processes.6–8 Recent evidence 
indicates that lncRNAs not only modulate gene transcription, 
chromatin remodeling, and signaling pathways but also play 
crucial roles in metabolic regulation and immune modulation 
in cancer.9 Several lncRNAs have been shown to directly influ-
ence lipid metabolism and thereby drive HCC progression. For 
instance, small nucleolar RNA host gene 6 (SNHG6) promotes 
HCC development by coupling cholesterol sensing with mam-
malian target of rapamycin complex 1 (mTORC1) activation,10 
while downregulation of HNF4A antisense RNA 1 (HNF4A-AS1) 
facilitates resistance to sorafenib-induced ferroptosis through 
lipid metabolic reprogramming.11 Nevertheless, comprehen-
sive studies systematically investigating the prognostic value 
and molecular subtyping potential of lipid metabolism–related 
lncRNAs (LRLs) in HCC remain scarce, particularly those inte-
grating clinical cohorts with experimental validation.

In this study, we systematically screened and identified 
LRLs using The Cancer Genome Atlas Liver Hepatocellular 
Carcinoma (TCGA-LIHC) cohort and subsequently construct-
ed and validated a robust prognostic model. This model not 
only demonstrated strong predictive performance across 
multiple independent datasets but also uncovered distinct 
molecular subtypes characterized by differences in immune 
infiltration, somatic mutations, and drug sensitivity. Further 
functional analyses identified a previously unreported lncRNA, 
AC026412.3, which was markedly upregulated in HCC tissues 
and cell lines. Mechanistically, AC026412.3 promoted HCC 
progression by enhancing fatty acid β-oxidation and adeno-
sine triphosphate (ATP) production, thereby driving tumor cell 
proliferation and invasion. Collectively, our findings establish 
an LRL-based prognostic model for HCC and, for the first time, 
reveal the role of AC026412.3 in promoting tumor progres-
sion through metabolic reprogramming. These results provide 
novel molecular insights into the metabolic heterogeneity of 
HCC and highlight potential biomarkers and therapeutic tar-
gets for prognostic assessment and precision therapy.

Methods

Public datasets and identification of LRLs
Transcriptome expression profiles and corresponding clinical 
information of 374 HCC patients were downloaded from the 
TCGA-LIHC database.12 A total of 158 lipid metabolism–relat-
ed genes were obtained from the HALLMARK_FATTY_ACID_
METABOLISM gene set curated in the Molecular Signatures 
Database (Broad Institute; https://www.gsea-msigdb.org/
gsea/msigdb/).13 This gene set comprises genes involved 
in key biological processes related to fatty acid metabolism, 
including fatty acid transport, activation, β-oxidation, lipid 
utilization, and energy production (Supplementary Table 1). 
To identify LRLs, Pearson correlation analysis was performed 
between the expression profiles of lncRNAs and the 158 lipid 
metabolism–related genes.14 lncRNAs with a correlation co-
efficient |R| > 0.5 and P < 0.001 were defined as LRLs. Sub-
sequently, differentially expressed LRLs between HCC and 
normal liver tissues were identified using the limma pack-
age.15 Patients were then randomly stratified into training 
and testing cohorts of equal size according to sex, age, and 
tumor node metastasis (TNM) stage for subsequent model 
construction and validation.

Construction and evaluation of the prognostic model
Prognostic LRLs were identified by univariate Cox regression 
in the training cohort, refined by least absolute shrinkage and 
selection operator (LASSO) regression, and incorporated into 
a multivariate Cox prognostic model.16 Model performance 
was evaluated by Kaplan–Meier analysis and time-dependent 
receiver operating characteristic (ROC) curves across co-
horts, and independent prognostic value was assessed by 
multivariable Cox regression adjusted for clinicopathological 
factors.17

Functional annotation, mutation profiling, immune 
landscape, and molecular subtyping
Risk-stratified differentially expressed genes were identified 
by limma (|log2FC| > 1, false discovery rate [FDR] < 0.05) 
and subjected to Gene Ontology (GO)/Kyoto Encyclopedia 
of Genes and Genomes (KEGG) enrichment analysis (clus-
terProfiler) and gene set enrichment analysis (GSEA) (|nor-
malized enrichment score [NES]| > 1, FDR < 0.05).15,18,19 
Somatic mutations were profiled by maftools, with tumor 
mutational burden (TMB) calculated and assessed for prog-
nostic interaction with the risk score.20 Immune infiltration 
was estimated by Tumor Immune Estimation Resource (TIM-
ER), Cell-type Identification By Estimating Relative Subsets 
Of RNA Transcripts (CIBERSORT), and Estimating the Propor-
tions of Immune and Cancer (EPIC) cells, complemented by 
gene set variation analysis (GSVA)-based immune function 
scoring and checkpoint gene comparison.21–24 Drug sensi-
tivity was predicted by oncoPredict using the half-maximal 
inhibitory concentration (IC50).25 Prognostic LRLs were used 
for consensus clustering (ConsensusClusterPlus), with sub-
type stability visualized by principal component analysis 
(PCA) and t-distributed stochastic neighbor embedding (t-
SNE), and prognostic relevance evaluated by Kaplan–Meier 
analysis.26,27

Patients and tissue samples
Eighteen paired HCC tissues and matched adjacent non-tu-
morous liver tissues were collected from patients who under-
went surgical resection at the Second Affiliated Hospital of 
Kunming Medical University from August 2024 to February 
2025. None of the patients had received preoperative chem-
otherapy or radiotherapy. All diagnoses were independently 
confirmed by two experienced pathologists. Written informed 
consent was obtained from all participants before enroll-
ment. This study was approved by the Ethics Committee of 
the Second Affiliated Hospital of Kunming Medical University 
on August 9, 2024 (Approval No. R-PJ-S-2024-125) before 
tissue collection and was conducted in accordance with the 
Declaration of Helsinki.

Cell culture
The normal human liver cell line transformed human liver 
epithelial-2 (THLE-2) and HCC cell lines HuH-7, HepG2, and 
Li-7 were obtained from Procell Life Science & Technology 
(Wuhan, China). THLE-2 cells were cultured in BEGM with fi-
bronectin/collagen I/BSA precoating; HuH-7 and HepG2 cells 
were cultured in high-glucose DMEM; and Li-7 cells were cul-
tured in RPMI-1640. All media contained 10% fetal bovine 
serum (FBS) and 1% penicillin-streptomycin.4

Plasmid construction, transfection, and establish-
ment of stable cell lines
AC026412.3 was cloned into pcDNA3.1(+) for overexpres-
sion, and shRNAs targeting AC026412.3, negative regulator 
of antiviral response (NRAV), or AL031985.3 were inserted 
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into pGPU6-GFP-Neo for knockdown. HCC cells were trans-
fected with Lipofectamine 3000 and harvested at 48 h. For 
stable lines, lentiviral particles were generated and selected 
with puromycin (2 µg/mL, ∼7 days).8 Primer and shRNA se-
quences are provided in Supplementary Table 2.

Xenograft tumor assay
BALB/c nude mice (female, 4–6 weeks old, Kunming Medi-
cal University) were maintained under specific pathogen-
free conditions. Experiments were approved by the Insti-
tutional Animal Care and Use Committee (Approval No. 
kmmu20211169). HuH-7 cells with stable AC026412.3 over-
expression, knockdown, or vector controls (1 × 106 cells in 
100 µL Matrigel/Dulbecco's modified eagle medium (DMEM), 
1:1) were subcutaneously injected into the right flank (n = 
5 per group). Tumor volume was measured every 3–4 days 
using digital calipers and calculated as (L × W2)/2. Mice were 
euthanized at 4 weeks, and tumors were excised for weight 
measurement and lipid analysis.

RNA sequencing and bioinformatic analysis
Total RNA was extracted from AC026412.3-overexpressing 
and control HuH-7 cells (three replicates per group). mRNA 
libraries were prepared by poly(A) enrichment, fragmenta-
tion, cDNA synthesis, adapter ligation, and PCR amplification, 
then sequenced on an Illumina platform. Raw reads were 
processed by fastp, aligned to GRCh38.109 with HISAT2, and 
quantified by featureCounts. Differential expression was ana-
lyzed using DESeq2 (|log2FC| ≥ 1, FDR < 0.05).28–31 The 
RNA-seq data generated in this study have been deposited 
in the Genome Sequence Archive (Genomics, Proteomics & 
Bioinformatics 2025) at the National Genomics Data Center 
(Nucleic Acids Research 2025), China National Center for 
Bioinformation/Beijing Institute of Genomics, Chinese Acad-
emy of Sciences (GSA-Human: HRA018230), and are pub-
licly accessible at https://ngdc.cncb.ac.cn/gsa-human.32,33

Quantitative reverse transcription polymerase chain 
reaction (qRT-PCR) and Western blotting
qRT-PCR: Total RNA was extracted with TRIzol and reverse-
transcribed using HiScript II Q RT SuperMix. qRT-PCR was 
performed with SYBR Green PCR Master Mix, with β-actin as 
the internal control.7 Primer sequences are provided in Sup-
plementary Table 3.

Western blotting: Protein lysates were prepared in radio-
immunoprecipitation assay buffer with protease/phosphatase 
inhibitors, quantified by bicinchoninic acid assay, separated 
by sodium dodecyl sulfate–polyacrylamide gel electrophore-
sis, and transferred to polyvinylidene fluoride membranes. 
After blocking and antibody incubation, bands were visual-
ized by enhanced chemiluminescence.4 Antibody details are 
provided in Supplementary Table 4.

Cellular functional and lipid metabolic assays
Cell proliferation and invasion: Colony formation assays were 
performed with stably transfected cells seeded in 6-well 
plates and cultured for 2–3 weeks. Colonies were fixed, 
stained with crystal violet, and counted.8 Cell invasion was 
assessed using Matrigel-coated Transwell chambers, with 
serum-free medium in the upper chamber and 10% FBS in 
the lower chamber as a chemoattractant. Invaded cells were 
fixed, stained, and quantified after 24 h.7

Lipid metabolism: Intracellular lipid droplets were visu-
alized by BODIPY 493/503 staining (C2053, Beyotime Bio-
technology, China) and confocal microscopy. Total cholesterol 
(E-BC-F032, Elabscience, China), triglyceride (E-BC-F033, 

Elabscience, China), and ATP levels (E-BC-F002, Elabsci-
ence, China) were measured by fluorometric/chemilumines-
cent assays, and fatty acid oxidation activity (E-BC-K784-M, 
Elabscience, China) was determined by colorimetric assay.

Statistical analysis
Statistical analyses were performed using R (v4.2.2).34 Data 
are presented as mean ± SD. Group comparisons were as-
sessed by Student’s t-test or one-way ANOVA, and survival 
differences were analyzed by Kaplan–Meier analysis with a 
log-rank test. P < 0.05 was considered statistically significant.

Results

Identification of LRLs associated with HCC prognosis
The analytical workflow is summarized in Figure 1A. From 
TCGA-LIHC, 158 lipid metabolism–related genes yielded 962 
correlated LRLs by Pearson analysis (r > 0.5, P < 0.001; Sup-
plementary Table 5). Differential expression analysis identi-
fied 653 dysregulated LRLs in HCC versus adjacent normal 
tissues, visualized by volcano plot and heatmap (Fig. 1B and 
C). Univariate Cox regression in the training cohort identified 
180 overall survival (OS)-associated LRLs, with hazard ratios 
shown in the forest plot and expression patterns shown in 
the heatmap (Fig. 1D and E).

Construction of an LRL-based prognostic model in 
HCC
LASSO regression refined the 180 candidate LRLs (Fig. 1F and 
G), and multivariate Cox analysis identified three independent 
prognostic indicators: AL031985.3, NRAV, and AC026412.3. 
The risk score formula was as follows: (0.696 × AL031985.3) 
+ (0.415 × NRAV) + (1.643 × AC026412.3). Patients in the 
training, testing, and overall cohorts were stratified by the 
median risk score (Fig. 2A, F, and K), with survival status 
shown in Fig. 2B, G, and L and expression patterns shown in 
heatmaps (Fig. 2C, H, and M). High-risk patients exhibited 
significantly poorer OS (Fig. 2D, I, and N). Time-dependent 
ROC analysis demonstrated prognostic accuracy, with 1-/3-
/5-year areas under the curve (AUCs) of 0.726/0.715/0.699 
in the training set (Fig. 2E), 0.729/0.663/0.683 in the testing 
set (Fig. 2J), and 0.736/0.687/0.686 in the overall cohort 
(Fig. 2O).

Association of the LRL-based prognostic model with 
clinical factors
Multivariate Cox regression identified the LRL risk score as 
an independent prognostic factor for OS (HR 1.566, 95% CI 
1.306–1.877, P < 0.001), whereas tumor stage was not in-
dependent of other variables (Fig. 3A and B). The risk score 
outperformed conventional clinical characteristics in predict-
ing 5-year OS (Fig. 3C). Stratified analyses across age, sex, 
grade, and stage subgroups consistently showed poorer sur-
vival in high-risk patients (Fig. 3D–G), including a trend in 
the G3–4 subgroup despite limited statistical significance (P 
= 0.115; Fig. 3F).

Functional enrichment and genomic alterations in 
high- and low-risk subgroups
Differential expression analysis between high- and low-risk 
groups identified 1,597 upregulated and 107 downregulated 
genes (Fig. 4A and B). KEGG pathway enrichment analy-
sis revealed that these differentially expressed genes were 
significantly associated with oncogenic signaling pathways, 
including the phosphatidylinositol 3-kinase-protein kinase 
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Fig. 1.  Prognostic model and risk score based on LRLs in HCC. (A) Flowchart illustrating the complete bioinformatic workflow of this study. This includes the 
acquisition and preprocessing of TCGA-LIHC transcriptomic and clinical data, identification of lipid metabolism-related genes from MSigDB, Pearson correlation–based 
screening of LRLs, differential expression analysis, construction of the prognostic model using univariate Cox, LASSO, and multivariate Cox regression, followed by 
validation in training and testing cohorts, and downstream functional characterization, including enrichment analyses, immune infiltration evaluation, and experimental 
validation of key lncRNAs. (B) Volcano plot showing differentially expressed LRLs. (C) Heatmap displaying the expression patterns of the top 50 differentially expressed 
LRLs among the 653 identified LRLs in HCC samples. (D) Forest plot showing the hazard ratios and confidence intervals of 180 prognosis-related LRLs identified by 
univariate Cox regression analysis. (E) Heatmap illustrating the expression profiles of all 180 prognosis-related LRLs across HCC samples and their associations with 
clinical characteristics. (F) LASSO regression curve showing the shrinkage process of regression coefficients with varying log lambda values. (G) Partial likelihood devi-
ance plot used to determine the optimal lambda value in LASSO regression for model construction. ***P < 0.001. HCC, hepatocellular carcinoma; TCGA-LIHC, The 
Cancer Genome Atlas Liver Hepatocellular Carcinoma; lncRNA, long noncoding RNA; LRLs, lipid metabolism-related lncRNAs; LASSO, least absolute shrinkage and 
selection operator; ROC, receiver operating characteristic; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; GSEA, gene set enrichment analysis.
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B (PI3K–Akt) signaling pathway (Fig. 4C). GO enrichment 
results were visualized using a bubble plot (Fig. 4D) and a 
Circos plot (Fig. 4E). In addition, GSEA demonstrated that 
cell cycle–related pathways were significantly enriched in the 

high-risk group, whereas fatty acid metabolism pathways 
were enriched in the low-risk group (Fig. 4F and G), suggest-
ing a metabolic shift characterized by suppression of lipid 
metabolic programs and activation of proliferative signaling 

Fig. 2.  Construction of the LRL-based prognostic model in HCC. (A, F, K) Distribution of risk scores in the training, testing, and overall cohorts, respectively, 
ranked from low to high. (B, G, L) Survival status and survival time of patients in the training, testing, and overall cohorts according to their risk scores. (C, H, M) Heat-
maps showing the expression patterns of the prognostic LRLs between the high- and low-risk groups in the training, testing, and overall cohorts. (D, I, N) Kaplan–Meier 
survival curves comparing overall survival between the high- and low-risk groups in the training, testing, and overall cohorts. (E, J, O) Time-dependent ROC curves 
evaluating the predictive accuracy of the prognostic model for 1-, 3-, and 5-year overall survival in the training, testing, and overall cohorts. LRL, lipid metabolism-
related lncRNA; HCC, hepatocellular carcinoma; ROC, receiver operating characteristic; AUC, area under the curve.
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Fig. 3.  Association of the LRL-based prognostic model with clinical features in HCC. (A–B) Univariate and multivariate Cox regression analyses of age, sex, 
grade, stage, and risk score in relation to overall survival. (C) Multivariate ROC curves comparing the predictive accuracy of the risk score and clinical characteristics 
(age, sex, grade, stage). (D–G) Kaplan–Meier survival curves stratified by clinical subgroups (age <65/≥65 (D), sex (E), grade G1–2/G3–4 (F), stage I–II/III–IV (G)), 
showing differences in overall survival between high- and low-risk groups. LRL, lipid metabolism-related lncRNA; HCC, hepatocellular carcinoma; ROC, receiver oper-
ating characteristic; AUC, area under the curve.
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Fig. 4.  Functional analysis of DEGs and mutation profiles between high- and low-risk groups. (A) Volcano plot showing DEGs between high- and low-risk groups. 
(B) Heatmap illustrating the expression patterns of DEGs in HCC samples. (C) KEGG pathway enrichment analysis of DEGs performed using clusterProfiler and presented as 
a bubble plot. Significantly enriched pathways were identified based on adjusted P values. (D) GO enrichment analysis of DEGs performed using clusterProfiler to systemati-
cally characterize functional alterations associated with risk stratification and presented as a bubble plot. (E) Circos plot displaying the distribution and regulation status of 
DEGs in GO pathways. (F) GSEA showing significantly enriched pathways in the high-risk group. (G) GSEA showing significantly enriched pathways in the low-risk group. 
(H, I) Waterfall plots illustrating somatic mutation profiles generated using maftools, visualizing mutational landscapes in high- and low-risk groups and highlighting differ-
ences in mutation frequency and the distribution of key driver genes. (J) Kaplan–Meier survival curves comparing overall survival between high-TMB and low-TMB groups. 
(K) Kaplan–Meier survival curves showing the combined prognostic impact of TMB and risk score. DEGs, differentially expressed genes; HCC, hepatocellular carcinoma; 
KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; GSEA, gene set enrichment analysis; TMB, tumor mutational burden.
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in high-risk tumors.
Somatic mutation profiling revealed tumor protein p53 

(TP53), catenin beta 1 (CTNNB1), and TTN as the most fre-
quently mutated genes in the high-risk group, with the TP53 
mutation rate markedly higher in high-risk (37%) versus 
low-risk (14%) patients (Fig. 4H and I). TMB stratification 
showed worse survival in high-TMB patients (Fig. 4J), and 
combined TMB–risk analysis demonstrated that high-TMB/

high-risk patients had the poorest outcomes, with a syner-
gistic effect exceeding that of either factor alone (Fig. 4K).

Identification of AC026412.3 as a key LRL in HCC
Among the three prognostic LRLs, AC026412.3 emerged as 
the primary candidate for further functional validation. qRT-
PCR confirmed the knockdown efficiency of AC026412.3, 
NRAV, and AL031985.3 in HuH-7 cells (Fig. 5A). Colony for-

Fig. 5.  Identification of AC026412.3 as a key lipid metabolism–related lncRNA in HCC. (A) qRT-PCR analysis of lncRNA expression levels in HuH-7 cells 
transfected with shNC, shAC026412.3, shNRAV, or shAL031985.3 plasmids (n = 3 per group). (B) Colony formation assays showing the clonogenic growth ability of 
HuH-7 cells after transfection with shNC, shAC026412.3, shNRAV, or shAL031985.3 plasmids (n = 3 per group). (C) BODIPY staining showing lipid droplet accumula-
tion in HuH-7 cells after transfection with shNC, shAC026412.3, shNRAV, or shAL031985.3 plasmids (n = 3 per group). Scale bar = 25 µm. (D) qRT-PCR analysis of 
AC026412.3 expression in the normal human liver cell line THLE-2 and HCC cell lines HuH-7, HepG2, and Li-7 (n = 3 per group). (E) qRT-PCR analysis of AC026412.3 
expression in HCC tissues and matched adjacent non-tumorous tissues from 18 patients with HCC (n = 18 pairs). (F) AC026412.3 expression in HCC tissues (n = 
371) and normal liver samples (n = 160) from public datasets. (G) Kaplan–Meier survival curve showing the association between AC026412.3 expression and overall 
survival in HCC patients (n = 350). (H) Bar plot showing KEGG pathway enrichment of AC026412.3-associated differentially expressed genes. (I) Bubble plot showing 
KEGG pathway enrichment of AC026412.3-associated differentially expressed genes. (J) Circos plot showing GO enrichment of AC026412.3-associated differentially 
expressed genes. (K) GSEA showing pathways enriched in the high-AC026412.3-expression group. (L) GSEA showing pathways enriched in the low-AC026412.3-
expression group. Data are presented as mean ± SD. n.s., not significant; *P < 0.05, **P < 0.01, ***P < 0.001. HCC, hepatocellular carcinoma; lncRNA, long noncod-
ing RNA; qRT-PCR, quantitative real-time polymerase chain reaction; BODIPY, boron-dipyrromethene; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene 
Ontology; GSEA, gene set enrichment analysis; ECM, extracellular matrix; n.s., not significant.
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mation assays showed that AC026412.3 knockdown mark-
edly suppressed the clonogenic growth of HuH-7 cells, 
whereas NRAV or AL031985.3 knockdown did not exert a 
comparable inhibitory effect (Fig. 5B). In addition, BODIPY 
staining demonstrated that AC026412.3 knockdown sub-
stantially increased lipid droplet accumulation, while NRAV 
or AL031985.3 silencing had no significant effect on lipid 
deposition (Fig. 5C). These results suggest that AC026412.3 
is the key LRL most closely associated with both malignant 
growth and lipid metabolic regulation in HCC.

AC026412.3 was significantly upregulated in HCC cell 
lines, including HuH-7, HepG2, and Li-7, compared with the 
normal human liver cell line THLE-2 (Fig. 5D). Consistently, 
AC026412.3 expression was increased in 18 paired HCC tis-
sues compared with matched adjacent non-tumorous tissues 
(Fig. 5E), and this upregulation was further confirmed in pub-
lic datasets (Fig. 5F). Survival analysis from GEPIA showed 
that elevated AC026412.3 expression was associated with 
poorer OS in HCC patients (Fig. 5G).

Functional enrichment analyses further indicated that 
AC026412.3-associated differentially expressed genes were 
involved in oncogenic signaling and metabolic reprogram-
ming (Fig. 5H–J). GSEA showed that cell cycle, focal adhe-
sion, and ECM–receptor interaction pathways were enriched 
in the high-AC026412.3 expression group (Fig. 5K), whereas 
fatty acid metabolism, bile acid biosynthesis, and retinol me-
tabolism pathways were enriched in the low-AC026412.3 ex-
pression group (Fig. 5L). Collectively, these findings identify 
AC026412.3 as a key LRL linking lipid dysregulation to ag-
gressive HCC phenotypes.

AC026412.3 promotes lipid consumption and tumor 
progression in HCC
AC026412.3 overexpression in HuH-7 cells markedly de-
creased lipid droplet accumulation (Fig. 6A and B), contrast-
ing with increased lipid deposition upon AC026412.3 knock-
down (Fig. 5C). Overexpression enhanced proliferation (Fig. 
6C) and invasion (Fig. 6D), while subcutaneous xenografts 
showed larger tumors with reduced total cholesterol and tri-
glyceride levels (Fig. 6E–I). Conversely, AC026412.3 knock-
down suppressed proliferation and invasion in vitro (Fig. 6J 
and K), reduced tumor weight and volume (Fig. 6L–N), and 
increased intracellular lipid content (Fig. 6O and P). These 
results indicate that AC026412.3 drives HCC malignant pro-
gression by promoting lipid consumption.

AC026412.3 upregulates the lipid metabolism–relat-
ed gene solute carrier family 22 member 5 (SLC22A5) 
in HCC
RNA-seq of AC026412.3-overexpressing HuH-7 cells showed 
356 upregulated and 419 downregulated genes, with no 
batch effects (Fig. 7A and B). Pearson correlation identified 
six genes significantly correlated with AC026412.3 (r > 0.5, 
P < 0.001), of which only SLC22A5 was lipid metabolism–re-
lated (Fig. 7C). This finding was further supported by Spear-
man analysis in GEPIA (R = 0.6, P < 0.0001; Fig. 7E) and 
Pearson correlation analysis in 18 paired clinical samples (R = 
0.7481, P < 0.0001; Fig. 7F), consistent with this correlation 
observed in the initial LRL screening (Supplementary Table 
5). qRT-PCR and Western blot analyses collectively demon-
strated the regulatory relationship: AC026412.3 knockdown 
reduced SLC22A5 mRNA and protein levels, whereas overex-
pression increased both (Fig. 7G–J).

AC026412.3 promotes fatty acid β-oxidation and 
energy production in HCC
KEGG analysis of AC026412.3-overexpressing HuH-7 cells 

revealed activation of fatty acid β-oxidation-related path-
ways, including PPAR signaling and fatty acid degradation 
(Fig. 8A), with upregulation of key fatty acid β-oxidation 
genes SLC22A5, CPT1A, and CPT2 (Fig. 8B). SLC22A5 facili-
tates carnitine transport for mitochondrial β-oxidation via the 
carnitine shuttle system (CPT1A, CACT, CPT2). Pearson cor-
relation analysis in clinical samples confirmed positive corre-
lations between AC026412.3 and these shuttle components 
(Fig. 8C). AC026412.3 knockdown reduced, whereas over-
expression enhanced, their mRNA (Fig. 8D) and protein (Fig. 
8E) levels. Functionally, AC026412.3 silencing decreased 
fatty acid β-oxidation activity and intracellular ATP levels, 
whereas overexpression increased both (Fig. 8F and G). 
These findings demonstrate that AC026412.3 promotes HCC 
progression by activating SLC22A5-mediated β-oxidation, 
thereby driving ATP-dependent metabolic reprogramming.

Immune landscape and therapeutic implications in 
high- and low-risk subgroups
Immune landscape and therapeutic implications of LRL-based 
stratification: Immune deconvolution revealed higher CD4+ 
T-cell infiltration in the high-risk group, alongside reduced B 
cells, mast cells, natural killer (NK) cells, and T helper cells 
(Supplementary Fig. 1A). Functional enrichment showed 
suppressed cytolytic activity and interferon responses, in-
dicating an immunosuppressive microenvironment (Sup-
plementary Fig. 1B and C). Immune checkpoint genes were 
upregulated in high-risk patients (Supplementary Fig. 1D). 
Drug sensitivity prediction identified oxaliplatin, gemcitabine, 
and selumetinib as potentially effective in high-risk patients, 
with the opposite profile observed in low-risk patients (Sup-
plementary Fig. 1E).

Molecular subtyping: Consensus clustering identified three 
robust subtypes (C1–C3, k = 3) with distinct risk distribu-
tions: C2 was primarily low-risk, C1 was enriched for high-
risk patients, and C3 showed a balanced distribution (Sup-
plementary Fig. 2A–E). C1 exhibited the poorest survival 
(Supplementary Fig. 2F), with PCA and t-SNE confirming 
subtype separation (Supplementary Fig. 2G and H).

Subtype-specific immune and therapeutic profiles: C3 
showed the highest immune infiltration and Estimation of 
Stromal and Immune cells in Malignant Tumor tissues using 
Expression data (ESTIMATE) scores (Supplementary Fig. 3A 
and B), with distinct checkpoint expression patterns suggest-
ing variable immunotherapy responses (Supplementary Fig. 
3C). Drug sensitivity differed across subtypes: C1 showed 
sensitivity to oxaliplatin/axitinib, C2 to 5-fluorouracil/fulves-
trant, and C3 to gallibiscoquinazole (Supplementary Fig. 3D). 
These findings indicate that LRL-based subtypes capture im-
mune heterogeneity and may guide personalized therapy.

Discussion
HCC is one of the most lethal malignancies worldwide, with 
poor prognosis largely driven by molecular heterogeneity 
and high recurrence rates. Metabolic reprogramming is rec-
ognized as a hallmark of cancer,35 and lipid-associated meta-
bolic alterations represent a key feature of HCC cells.36–38 
Abnormal lipid metabolism not only provides energy and 
essential building blocks for tumor growth but also contrib-
utes to the establishment of an immunosuppressive micro-
environment. lncRNAs have emerged as critical regulators of 
metabolic pathways, including fatty acid synthesis, fatty acid 
oxidation, and cholesterol homeostasis, and are increasingly 
recognized as potential biomarkers.39,40 In this study, we 
developed a prognostic model based on LRLs and identified 
AC026412.3 as a crucial driver of fatty acid β-oxidation and 
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Fig. 6.  Effects of AC026412.3 on lipid accumulation, cell behavior, and tumor growth in HCC. (A) qRT-PCR analysis of AC026412.3 expression in HuH-7 cells 
transfected with vector or AC026412.3 overexpression plasmids (n = 3 per group). (B) BODIPY staining showing lipid droplet accumulation in HuH-7 cells transfected 
with vector or AC026412.3 overexpression plasmids (n = 3 per group). Scale bar = 25 µm. (C–D) Colony formation and Transwell assays showing the proliferation 
and invasion abilities of HuH-7 cells transfected with vector or AC026412.3 overexpression plasmids (n = 3 per group). (E) Representative images of xenograft tumors 
derived from HuH-7 cells transfected with vector or AC026412.3 overexpression plasmids (n = 5 per group). (F–G) Quantification of tumor weight and tumor volume in 
xenograft models derived from HuH-7 cells transfected with vector or AC026412.3 overexpression plasmids (n = 5 per group). (H–I) Measurement of TC and TG levels in 
xenograft tumor tissues derived from HuH-7 cells transfected with vector or AC026412.3 overexpression plasmids (n = 3 per group, randomly selected from five tumors 
in each group). (J–K) Colony formation and Transwell assays showing the proliferation and invasion abilities of HuH-7 cells transfected with shNC or shAC026412.3 plas-
mids (n = 3 per group). (L) Representative images of xenograft tumors derived from HuH-7 cells transfected with shNC or shAC026412.3 plasmids (n = 5 per group). 
(M–N) Quantification of tumor weight and tumor volume in xenograft models derived from HuH-7 cells transfected with shNC or shAC026412.3 plasmids (n = 5 per 
group). (O–P) Measurement of TC and TG levels in xenograft tumor tissues derived from HuH-7 cells transfected with shNC or shAC026412.3 plasmids (n = 3 per group, 
randomly selected from five tumors in each group). Data are presented as mean ± SD. n.s., not significant; *P < 0.05, **P < 0.01, ***P < 0.001. HCC, hepatocellular 
carcinoma; qRT-PCR, quantitative real-time polymerase chain reaction; BODIPY, boron-dipyrromethene; TC, total cholesterol; TG, triglyceride.
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Fig. 7.  Transcriptomic analysis and expression validation of candidate genes associated with AC026412.3. (A) PCA showing the clustering of transcriptomic 
profiles between HuH-7 cells overexpressing AC026412.3 and control cells (n = 3 per group). (B) Volcano plot illustrating differentially expressed genes following 
AC026412.3 overexpression (n = 3 per group). (C) Pearson correlation analysis identifying genes significantly correlated with AC026412.3 expression (correlation coef-
ficient > 0.5, P < 0.001). (D) Heatmap displaying the top 25 upregulated and top 25 downregulated genes following AC026412.3 overexpression (n = 3 per group). 
(E) Spearman correlation analysis using the GEPIA platform showing the relationship between AC026412.3 expression and candidate lipid metabolism-related genes 
(ABCA1, AQP7, ANGPTL4, SLC2A5, and SLC22A5) in HCC samples. (F) Pearson correlation analysis between AC026412.3 and SLC22A5 mRNA expression in 18 paired 
HCC samples (n = 18). (G) qRT-PCR analysis of SLC22A5 mRNA expression in HuH-7 cells transfected with shNC or shAC026412.3 plasmids (n = 3 per group). (H) qRT-
PCR analysis of SLC22A5 mRNA expression in HuH-7 cells transfected with vector or AC026412.3 overexpression plasmids (n = 3 per group). (I) Western blot analysis 
of SLC22A5 protein levels in HuH-7 cells transfected with shNC or shAC026412.3 plasmids (three independent experiments). (J) Western blot analysis of SLC22A5 
protein levels in HuH-7 cells transfected with vector or AC026412.3 overexpression plasmids (three independent experiments). Data are presented as mean ± SD. n.s., 
not significant; *P < 0.05, **P < 0.01. HCC, hepatocellular carcinoma; RNA-seq, RNA sequencing; PCA, principal component analysis; GEPIA, Gene Expression Profiling 
Interactive Analysis; qRT-PCR, quantitative real-time polymerase chain reaction; WB, western blotting.
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Fig. 8.  Analysis of fatty acid β-oxidation and energy metabolism associated with AC026412.3 in HCC. (A) KEGG pathway enrichment analysis of differentially 
expressed genes following AC026412.3 overexpression (n = 3 per group). (B) Heatmap displaying differentially expressed lipid metabolism-related genes in HuH-7 cells 
after AC026412.3 overexpression (n = 3 per group). (C) Pearson correlation analysis between AC026412.3 expression and the mRNA levels of CPT1A, CPT2, and CACT 
in clinical HCC samples (n = 18). (D) qRT-PCR analysis of CPT1A, CPT2, and CACT mRNA expression in HuH-7 cells with AC026412.3 overexpression or knockdown (n 
= 3 per group). (E) Western blot analysis of CPT1A, CPT2, and CACT protein levels in HuH-7 cells with AC026412.3 overexpression or knockdown (three independent 
experiments). (F) Measurement of fatty acid β-oxidation activity in HuH-7 cells with AC026412.3 overexpression or knockdown (n = 3 per group). (G) Measurement 
of intracellular ATP levels in HuH-7 cells with AC026412.3 overexpression or knockdown (n = 3 per group). Data are presented as mean ± SD. n.s., not significant; 
*P < 0.05, **P < 0.01, ***P < 0.001. HCC, hepatocellular carcinoma; KEGG, Kyoto Encyclopedia of Genes and Genomes;fatty acid β-oxidation; PPAR, peroxisome 
proliferator-activated receptor; CACT, carnitine-acylcarnitine translocase; qRT-PCR, quantitative real-time polymerase chain reaction; ATP, adenosine triphosphate.
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tumor progression in HCC.
Our model, composed of three LRLs (AL031985.3, NRAV, 

and AC026412.3), effectively stratified patients into distinct 
risk groups with significantly different survival outcomes. The 
risk score remained an independent prognostic factor when 
compared with conventional clinical features, and its predic-
tive accuracy was confirmed in multiple subgroups. Although 
a growing number of HCC lncRNA prognostic signatures have 
been reported, including those related to metabolism, li-
pid metabolism, and cholesterol metabolism, most of these 
studies primarily function as correlative stratification tools fo-
cused on clinical outcome prediction, such as OS, recurrence 
risk, immune landscape, or immunotherapy response.41,42 
For example, Lei et al. developed a cholesterol metabolism–
related lncRNA signature for prognostic and immunotherapy 
response prediction in HCC, representing a typical signature-
level model based on statistical associations.43 In contrast to 
previous correlation-based studies, our work integrates func-
tional validation of a key lncRNA. Specifically, AC026412.3 
was identified as a novel LRL with confirmed biological rele-
vance in HCC. Therefore, our study links prognostic modeling 
with functional characterization, providing a more biologically 
meaningful understanding of lipid metabolism–related het-
erogeneity in HCC.

Differential expression and enrichment analyses revealed 
that high-risk patients exhibited activation of cell cycle and 
PI3K–Akt signaling pathways, while low-risk patients were 
enriched in fatty acid metabolism. Notably, although these 
results appear to reflect a shift from metabolic pathways to 
proliferative signaling, this pattern represents a well-recog-
nized feature of metabolic reprogramming in HCC, in which 
dysregulated lipid metabolism is tightly coupled with onco-
genic signaling networks. Previous studies have demonstrat-
ed that PI3K/AKT/mammalian target of rapamycin (mTOR) 
signaling not only regulates tumor metabolism, including li-
pid metabolic processes, but also promotes lipogenesis and 
hepatocarcinogenesis through downstream effectors such as 
ribosomal protein S6 (RPS6).44,45 Conversely, aberrant fatty 
acid metabolism in HCC is closely linked to Akt/mTOR/sterol 
regulatory element-binding protein 1c (SREBP1c)-mediat-
ed regulation of lipid-metabolizing enzymes.46,47 Together, 
these findings support a bidirectional interplay between lipid 
metabolism and oncogenic signaling.

Mutation analysis further showed that TP53 alterations 
were more frequent in the high-risk group, consistent with 
its association with poor prognosis. Immune profiling demon-
strated reduced immune cell infiltration and impaired inter-
feron responses in high-risk tumors, suggesting an immuno-
suppressive phenotype. Consensus clustering further divided 
patients into three molecular subtypes with distinct progno-
ses, immune profiles, and therapeutic sensitivities. Impor-
tantly, subtype-specific immune checkpoint expression and 
drug sensitivity patterns suggest potential applications of the 
LRL signature in guiding immunotherapy and chemotherapy.

Functional validation demonstrated that AC026412.3 pro-
motes lipid utilization and enhances tumor aggressiveness. 
Mechanistically, AC026412.3 upregulates SLC22A5 and fatty 
acid oxidation–related genes, including acyl-CoA oxidase 1 
(ACOX1), carnitine palmitoyltransferase 1A (CPT1A), carni-
tine palmitoyltransferase 2 (CPT2), and carnitine-acylcarni-
tine translocase (CACT), thereby stimulating β-oxidation and 
ATP production. This finding extends the current understand-
ing of lipid metabolism–associated lncRNAs in HCC. Previ-
ous studies have highlighted several representative regula-
tory axes. For example, SNHG6 links cholesterol sensing to 
mTORC1 activation, thereby coupling lipid availability with 
oncogenic signaling pathways,10 while HNF4A-AS1 regulates 

lipid metabolic remodeling and contributes to sorafenib-in-
duced ferroptosis resistance through lipid homeostasis con-
trol.11 In addition, lncHR1 modulates lipid metabolism via 
the SREBP-1c–fatty acid synthase (FAS) axis, maintaining 
lipid synthesis under metabolic stress conditions.48 Collec-
tively, these lncRNAs primarily regulate cholesterol sensing, 
lipid biosynthesis, or ferroptosis-associated lipid remodeling, 
underscoring the diverse roles of lipid-related lncRNAs in 
HCC. In contrast, AC026412.3 represents a distinct class 
of metabolic regulator that preferentially governs fatty acid 
utilization rather than lipid synthesis or cholesterol-centered 
signaling. In HCC, AC026412.3 functions as a key meta-
bolic driver linking SLC22A5-mediated carnitine transport 
to enhanced fatty acid β-oxidation, thereby reshaping lipid 
metabolism and promoting tumor progression. This finding 
not only underscores the central role of lipid metabolic re-
programming in HCC pathogenesis but also highlights the 
AC026412.3–SLC22A5–fatty acid β-oxidation axis as a po-
tential therapeutic target.

From a translational perspective, our findings provide a 
comprehensive and clinically relevant framework for im-
proving the management of HCC. First, the LRL signature 
demonstrates robust prognostic stratification beyond con-
ventional clinicopathological parameters, enabling more pre-
cise identification of high-risk patients who may benefit from 
intensified surveillance, closer follow-up, and individualized 
therapeutic strategies. This suggests its potential utility as a 
clinically implementable molecular tool, such as a qRT-PCR–
based panel, to complement existing staging systems and 
improve risk-adapted decision-making in HCC. Second, the 
integration of immune infiltration profiles, somatic mutation 
landscapes, TMB, and drug sensitivity predictions further ex-
tends its translational relevance by providing a multidimen-
sional framework for therapeutic stratification, which may 
assist in selecting patients more likely to respond to specific 
systemic therapies, including targeted therapy and immuno-
therapy. Third, and most importantly, functional validation of 
AC026412.3 identifies a previously unrecognized metabolic 
vulnerability in HCC, defined by the AC026412.3–SLC22A5–
fatty acid β-oxidation axis. Given the central role of fatty acid 
oxidation in sustaining ATP production and tumor growth, 
this pathway represents a potentially druggable metabolic 
dependency, offering opportunities for therapeutic interven-
tion targeting lipid utilization or carnitine transport–depend-
ent metabolism.

Several limitations should be acknowledged. First, the 
clinical validation cohort consisted of only 18 paired HCC and 
adjacent non-tumorous tissues, which may limit the general-
izability and translational applicability of our findings. There-
fore, larger independent multicenter cohorts and prospective 
clinical studies are required to further validate the prognostic 
value and clinical utility of AC026412.3. Second, the pre-
cise molecular mechanism by which AC026412.3 regulates 
SLC22A5 and fatty acid β-oxidation remains to be fully eluci-
dated. Third, drug sensitivity results were derived from com-
putational predictions and thus require experimental con-
firmation. Future research should integrate transcriptomic, 
metabolomic, and proteomic approaches to comprehensively 
delineate the role of LRLs in HCC. Therapeutic strategies 
targeting AC026412.3-mediated fatty acid β-oxidation may 
open new avenues for precision medicine in this malignancy.

Conclusions
We developed an LRL signature that effectively predicts prog-
nosis and stratifies HCC patients into clinically and biologi-
cally distinct groups. This model demonstrated independent 
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prognostic value and provided insights into immune infiltra-
tion, mutational profiles, and therapeutic responses. Further 
functional studies identified AC026412.3 as a key oncogenic 
lncRNA that promotes fatty acid β-oxidation and ATP pro-
duction, thereby driving tumor growth and invasion. These 
findings highlight the importance of LRLs in HCC progression 
and suggest that targeting AC026412.3 or its downstream 
metabolic pathways may offer novel opportunities for preci-
sion prognostication and therapy.
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