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Background: There is ample evidence that macrophages play a crucial role in the biological 
processes of hepatocellular carcinoma (HCC). This study was designed to establish a novel 
macrophage-associated prognostic model for HCC.
Methods: Long non-coding RNA (lncRNA) microarrays and clinical data in The Cancer 
Genome Atlas (TCGA) database were analysed using a univariate Cox proportional regres-
sion model to select macrophage-associated prognostic lncRNAs. Multivariate Cox propor-
tional regression models and survival analysis were used to establish a prognosis index (PI) 
model. Furthermore, to better understand the biological functions of differentially expressed 
macrophage-associated lncRNAs (MALs) in HCC, enrichment analysis was performed. 
Finally, the correlation between MALs and clinical features was further analysed in HCC.
Results: We identified eight MALs with significant prognostic values for HCC. Next, a PI 
model for HCC was developed, and patients were classified into the high-risk or low-risk 
group based on risk scores. The overall survival (OS) of high-risk patients was significantly 
shorter than that of low-risk patients (P < 0.001). Univariate and multivariate factors indicate 
that risk scores can be used as independent prognostic factors for patients with HCC. 
Multiple receiver operating characteristic (ROC) plots show that the area under the ROC 
curve (AUC) of the risk score is higher than that of other clinical features. The C-index of 
our nomogram was 0.768.
Conclusion: The PI model has a prognostic efficacy superior to that of other clinical 
features.
Keywords: macrophage-associated lncRNAs, The Cancer Genome Atlas, prognosis index 
model, liver hepatocellular carcinoma

Introduction
Hepatocellular carcinoma (HCC) is one of the most common cancers and the third 
leading cause of cancer-related deaths.1 Although progress has been made in early 
diagnosis and treatment, the prognosis of HCC remains poor, with a median 
survival of 6–20 months.2 Therefore, new prognostic models providing more 
powerful prognostic biomarkers for patients with liver cancer are urgently needed.

Tumours are composed of not only cancer cells but also a series of stromal 
cells, such as tumour-associated macrophages (TAMs), which may regulate 
tumour growth and development, angiogenesis and adaptive immunity.3 

Macrophages are immune cells derived from embryonic precursors and circulating 
CD14 + monocytes derived from bone marrow. So far, two main functional types 
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of macrophages have been identified. Macrophages that 
promote Th1-type inflammatory response and have 
microbicidal and tumour-killing activities are called M1 
macrophages (also known as classically activated macro-
phages). M2 macrophages (also known as activated 
macrophages) are immunomodulators with almost no 
microbicidal activity can reside and proliferate in tissues 
and support Th2-mediated diseases, homeostasis and heat 
generation.4–6 Although both M1 and M2 macrophages 
have been observed in tumours, evidence suggests that 
M2 macrophages are the main subtype found in tumours 
and tend to promote tumour progression.7,8 Moreover, 
studies have shown that the number of TAMs (mainly 
M2 macrophages) in tumour tissue is related to the poor 
prognosis of patients and tumour development.9,10

There is evidence that long non-coding RNA (lncRNA) 
regulates many cell and developmental processes, including 
cell proliferation, apoptosis and differentiation.11–13 

Abnormal expression of lncRNA is related to pathophysiolo-
gical conditions, including diabetes, cancer, tissue fibrosis 
and cardiovascular diseases.14–16 Although efforts have 
been made to understand the mechanism of lncRNA in reg-
ulating gene expression, little progress has been made in 
studying the function of lncRNA in macrophages.17,18 

Considering the important role of macrophages and 
lncRNA in tumours, we measured the expression of 
lncRNA in macrophages during the polarisation process 
from the M2 phenotype to the M1 phenotype.

In this study, microarrays were used to detect the differ-
ential expression of lncRNA in M1 and M2 macrophages. 
Subsequently, we screened eight lncRNAs from differen-
tially expressed lncRNAs based on the previous study of 
our research group. Subsequently, we verified the expression 
of the eight lncRNAs in 251 pairs of matched HCC tissues 
and adjacent normal tissues using quantitative reverse tran-
scription polymerase chain reaction (RT-qPCR) and further 
analysed their correlation with clinicopathological para-
meters and overall survival (OS) of 251 patients with HCC. 
Finally, we developed a new model based on the eight 
lncRNAs, which can provide more powerful prognostic bio-
markers for patients with liver cancer.

Methods
Cell Culture and M1/M2 Phenotype 
Identification
This is the same as the cell culture and M1/M2 phenotype 
identification, lncRNA microarray (Supplement File 4) 

and data analysis methods used in our previous study.19 

U937 cell line was purchased from Shanghai Cell Bank 
(Chinese Academy of Science, Shanghai, China). U937 
cells were seeded in 12-well plates and perfused with 
fresh media supplemented with different stimuli. First, 
phorbol 12-myristate 13-acetate (PMA) was added to 
U937 cells and incubated for 24 h, and then, interleukin 
(IL)-4 and IL-13 were added. After 12 h of incubation, 
PMA-induced U937 cells were stimulated to differentiate 
into the M2 phenotype. Lipopolysaccharide (LPS) and 
interferon-gamma (IFN-γ) were used to stimulate cell dif-
ferentiation from the M2 phenotype to the M1 phenotype. 
The M1 and M2 phenotypes were identified using qPCR 
analysis of transforming growth factor-beta, IL-10, IL-12 
and inducible nitric oxide synthase. Duplicate samples of 
polarised M1 and M2 cells were collected for subsequent 
microarray analysis.

Patient and Tissue Source
Liver cancer tissues and corresponding adjacent healthy 
liver tissues were collected from 251 patients with liver 
cancer who underwent hepatectomy from January 2014 to 
December 2016 at the Department of Hepatobiliary 
Surgery, Affiliated Tumor Hospital of Guangxi Medical 
University. The research protocol was approved by the 
Ethics Committee of the same hospital (institutional 
approval number: LW2019008). All patients signed the 
relevant informed consent form. The corresponding adja-
cent healthy liver tissues were collected from the area 
2 cm above the tumour boundary, and its normality was 
confirmed by pathological examination. The tissue was 
stored at −80°C.

In the short term (within 1 year), the patients are 
followed up every 3 months, mainly through outpatient 
follow-up visits, whereas in the long term, the patients 
were followed up through telephone interviews. The 
deadline for follow-up was May 2018. The median 
follow-up time was 32 months (range, 17–52 months). 
The primary endpoint was OS, which starts from the 
date of pathological diagnosis/recruitment to death or 
the end of available follow-up data. The recorded clin-
ical features included the following: age, gender, TNM 
stage, Barcelona Clinic Liver Cancer (BCLC) staging, 
cirrhosis, tumour size, number of tumours and lymph 
node metastasis, among others. The clinicopathological 
features of the 251 patients with HCC are presented in 
Supplement Table 1.
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RNA Extraction, Reverse Transcription 
and Quantitative Real-Time PCR 
(qRT-PCR)
We extracted total RNA from the 251 pairs of HCC tissues 
using TRIzol reagent (Invitrogen, Carlsbad, California, 
USA). The concentration of RNA was then measured 
using a NanoDrop 8000 spectrophotometer (Thermo- 
Fisher Scientific, Waltham, MA, USA). Reverse transcrip-
tion of RNA into cDNA was performed using M-MLV 
Reverse Transcriptase Kit (Takara Biotechnology, Dalian, 
China). Applied Biosystems 7900HT Fast Real-Time PCR 
was used to detect the expression of the eight lncRNAs. 
The expression levels of the eight lncRNAs were normal-
ised to the expression of β-actin using the 2–ΔΔCT method. 
The primer sequences are listed in Supplement Table 2.

Construction of a PI Model
A univariate Cox proportional regression model was used 
to select macrophage-associated prognostic lncRNAs. 
When the p-value was less than 0.05, the prognostic 
value of the lncRNA was considered statistically signifi-
cant. Finally, a PI model was constructed using eligible 
MALs based on a formula in which gene expression is 
multiplied by a regression coefficient. The patients were 
classified into the high-risk and low-risk groups according 
to their risk scores with the median score used as the cut- 
off point. The Kaplan–Meier (KM) method was used to 
describe differences in survival between the high-risk and 
low-risk groups and was assessed using log-rank analysis. 
We used a multivariate Cox proportional hazard regression 
model to determine independent prognostic factors for 
establishing the PI model. A PI model was constructed 
using eligible IRLs based on the following formula: (k 
score = ∑i = 1N(Expi*Coei), where N, Expi and Coei 
represented the number of signature lncRNAs, lncRNA 
expression level and coefficient value, respectively).

Bioinformatics Analysis
We used the edgeR software package to filter and normal-
ise the expression profiles found in The Cancer Genome 
Atlas (TCGA) database to analyse differentially expressed 
MALs. LogFC values of more than 1 and P-values of less 
than 0.05 were considered significant. We examined the 
expression correlation between prognostic lncRNAs and 
mRNAs by calculating the Pearson correlation coefficient 
through paired lncRNA and mRNA expression profiles in 
374 HCC tissues. The visualisation of the correlation 

between the expression level of the eight lncRNAs and 
each protein-coding gene (PCG) was performed using 
Cytoscape.20 Furthermore, enrichment analysis was per-
formed to better understand the biological functions of the 
differentially expressed MALs in HCC, including the ana-
lysis of the gene ontology (GO) and Kyoto Encyclopaedia 
of Genes and Genomes (KEGG) pathways. The 
R clusterProfiler package was used to perform enrichment 
analysis,21 and the GOplot package was used to display 
the results.22 A nomogram and calibration chart were 
created using the rms software package of R. The survival 
and survminer package were used to perform survival 
analysis. The survival ROC package was used to establish 
time-dependent receiver operating characteristic (ROC) 
curves.

Statistical Analysis
Univariate Cox proportional hazards regression analysis was 
performed to evaluate the association between OS time and 
the expression of the eight lncRNAs. When the p-value is 
less than 0.05, the prognostic value of the gene is considered 
statistically significant. Next, multivariate Cox proportional 
hazard regression analysis was performed using the candi-
date prognostic gene bank. The Akaike Information Criteria 
were used to select the most suitable model. By weighing the 
estimated Cox regression coefficients, a prognostic model 
based on the eight lncRNAs was constructed. The patients 
were divided into the high-risk and low-risk groups accord-
ing to their condition, and the median was used as the cut-off 
point. The KM method and Log rank test were used to 
estimate the OS of the patients. The multivariate Cox pro-
portional hazard regression model was used to determine the 
independent prognostic factors, and the Cox regression 
model was used to calculate the hazard ratio (HR). The 
predictive accuracy of the risk model was determined 
using ROC curves. Based on the Cox proportional hazards 
regression model, a prognostic nomogram was created for 
OS. The consistency index (C index) was calculated to 
determine the performance of the nomogram. The nomo-
gram and calibration chart were created using the rms soft-
ware package of R. R (version 3.6.1) was used for 
bioinformatics analysis. All tests were two-tailed tests, and 
p-values of less than 0.05 were used to denote statistical 
significance. All data were analysed using Prism 7 
(GraphPad Software Inc., La Jolla, California, USA). The 
difference in clinicopathological parameters between the 
high-risk and low-risk groups was tested using Student’s 
t-test or the chi-square test. The t-test was used if the 
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Kolmogorov–Smirnov test has been used on data to ensure 
normal distribution.

Results
Flowchart
The flowchart of this study is shown in Figure 1.

LncRNA Microarray Analysis
The U937 cells were stimulated to become M2 and M1 
macrophages. Three duplicate samples of M1 and M2 
cells were used to extract the total RNA. The Arraystar 
Human LncRNA Microarray V3.0, which is designed 
for the global profiling of human lncRNAs and protein- 
coding transcripts, was used to analyse the expression of 
lncRNAs. Then, 26,200 lncRNAs were obtained and 
clustered in the two phenotypes (ie, M1 and M2) of 
U937 cells. U937 cell line was purchased from 
Shanghai Cell Bank (Chinese Academy of Science, 
Shanghai, China). Further analysis showed that there 
were 3703 differentially expressed lncRNAs, of which 
1777 were upregulated and 1926 were downregulated 
(LogFC > 1 and p < 0.05) (Figure 2A). The volcano 
map and heatmap of the differential lncRNAs are shown 
in Figure 2B and C.

qRT-PCR
We verified the expression of the eight lncRNAs in the 251 
pairs of matched HCC tissues and adjacent healthy tissues, 
of which one was upregulated (ie, FOXP4-AS1) and seven 
were downregulated (ie, LINC01160, NRSN2-AS1, 
GMDS-DT, LAMTOR5-AS1, SEMA6A-AS1, ADPGK- 
AS1 and ZBED5-AS1) (Figure 3).

KM Curve and Construction of the PI 
Model
The KM method was used to describe differences in sur-
vival between the high-risk and low-risk groups and was 
assessed using log-rank analysis (Figure 4). Eight MALs 
were associated with the prognosis of patients with HCC, 
of which one (ie, LAMTOR5−AS1) was identified as 
a protective MAL (HR < 1), whereas the remaining 
seven MALs were identified as risk MALs (HR > 1) 
(Figure 5). Subsequently, a PI model was constructed 
using eight MALs based on a formula in which the expres-
sion of MALs is multiplied by a regression coefficient. 
Risk score = LINC01160 expression * (0.137311193) + 
LAMTOR5 - AS1 * −0.185061679 + NRSN2-AS1 expres-
sion * (0.351122187) + GMDS-DT expression * 
0.235411984 + ADPGK-AS1 expression * 0.600764478 
+ SEMA6A-AS1 expression * (0.062876234) + ZBED5- 

Figure 1 Flow chart of this research.
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AS1 expression * 0.058795151 + FOXP4-AS1expression 
* (0.338427062). The patients were classified into the 
high-risk and low-risk groups according to their risk 
scores, with the median score used as the cut-off point. 
The KM curve showed that high-risk patients had a worse 
prognosis than low-risk patients (P < 0.001)(Supplement 
Figure 1A and B). As the risk score increased, the patient’s 
survival time tended to decline (Supplement Figure 1C 
and D).

Risk Score is an Independent Prognostic 
Factor for Patients with HCC
We performed univariate and multivariate Cox regression 
analyses to investigate whether the risk score was an 
independent prognostic factor for OS. In the univariate 

Cox regression analysis, risk scores, BCLC stage, cirrhosis 
and TNM stage were associated with OS in patients with 
HCC (All P-value < 0.05) (Supplement Figure 2A). 
However, multivariate Cox regression analysis showed 
that only the risk scores were associated with OS in 
patients with HCC (P-value < 0.001) (Supplement 
Figure 2B). Therefore, our results indicate that after 
adjusting for these factors, the risk score is an independent 
prognostic factor for OS.

ROC Curve
The ROC curve showed the predictive performance of the 
eight MALs on the prognosis of patients with HCC. The 
AUC of risk score was 0.849, which was significantly 
higher than that of gender (AUC = 0.589), TMN stage 
(AUC = 0.671), BCLC stage (AUC = 0.694), cirrhosis 

Figure 2 Acquisition of LncRNAs from M1 and M2 macrophages. (A) Amount of differentially expressed LncRNAs and total LncRNAs. (B) Heatmap of differentially 
expressed LncRNAs (LogFC >1 q-value < 0.05). Red color represents upregulation and blue represents downregulation. (C) Volcan plot of differentially expressed LncRNAs 
(LogFC >1 q-value < 0.05). Volcano plot showing the differentially expressed genes. Red color represents upregulation and blue represents downregulation.

Figure 3 Expression of 8 lncRNAs in 251 pairs of matched HCC tissues and adjacent normal tissues. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. (A) ADPGK-AS1, 
(B) FOXP4-AS1, (C) GMDS-DT, (D) ZBED5-AS1 (E) LAMTOR5-AS1, (F) LINC01160, (G) NRSN2-AS1, (H) SEMA6A-AS1.
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(AUC = 0.660) and grade (AUC = 0.412) (Supplement 
Figure 3). These results indicate that the use of the eight 
MALs as a risk model improves the ability to predict 
survival in patients with HCC compared with the use of 
clinical factors.

Nomogram Development for Predicting 
the Prognostic Risk
To provide clinicians with a quantitative approach for 
predicting cancer survival, we assembled a nomogram 
that integrated both the risk signature and various 

Figure 4 KM curve of 8 lncRNAs in 251 pairs of matched HCC tissues and adjacent normal tissues. (A) ADPGK-AS1, (B) FOXP4-AS1, (C) GMDS-DT, (D) ZBED5-AS1. (E) 
LAMTOR5-AS1, (F) LINC01160, (G) NRSN2-AS1, (H) SEMA6A-AS1.

Figure 5 A univariate Cox analysis of 8 differentially MAls based on clinical dataset. P value less than 0.05 was considered significant.
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clinicopathological risk factors. The nomogram was 
constructed to estimate 1-, 2-, 3- and 5-year survival 
probabilities and showed that the signature risk score 
was the most essential factor among the different vari-
ables analysed (Supplement Figure 4). The C-index was 
calculated to estimate the performance of this nomo-
gram. The C-index of our nomogram was 0.768. The 
results of this calibration curve showed that the accu-
racy of this PI model is excellent (Supplement 
Figure 5).

Differentially Expressed MALs in HCC 
Based on TCGA Dataset
We downloaded 374 HCC samples with eight MAL 
expression profiles from TCGA database. We examined 
the expression correlation between prognostic lncRNAs 
and mRNAs by calculating the Pearson correlation coeffi-
cient through paired lncRNA and mRNA expression pro-
files in 374 HCC. One hundred and forty-nine PCGs were 
highly correlated with at least one lncRNA contained in 
the eight-lncRNA signature (Pearson correlation coeffi-
cient > 0.4 and p < 0.01). The visualisation of the correla-
tion between the expression level of the eight lncRNAs 
and each PCG was performed using Cytoscape 
(Supplement Figure 6).

GO and KEGG Pathway Enrichment 
Analysis of the Differentially Expressed 
MALs Based on TCGA Database
The top 10 enriched GO items are listed in Supplement 
Figure 7 and Supplement File 2. GO Biological Process 
(BP) analysis revealed that differentially expressed 
MALs were significantly enriched in mRNA processes, 
including microtubule cytoskeleton organisation and 
RNA splicing. For Cellular Component (CC) analysis, 
these genes were significantly enriched in centrosome, 
chromatin and nuclear chromosome part, among others. 
The Molecular Function (MF) analysis for these genes 
included chromatin binding, transcription coregulator 
activity and transcription coactivator activity, among 
others (Supplement Figure 7A and B). Moreover, 
KEGG pathway enrichment analysis of these genes 
was performed (Supplement File 3). These genes were 
significantly enriched in Herpes simplex virus 1 infec-
tion, coronavirus disease 2019, Salmonella infection and 
endocytosis, among others (Supplement Figure 7C 
and D).

Validation of Macrophage-Associated 
Prognostic lncRNAs Based on TCGA 
Database
The PI model was validated using eight MALs based on 
the following formula: risk score = LINC01160 expression 
* (0.137311193) + LAMTOR5-AS1 * −0.185061679 + 
NRSN2-AS1 expression * (0.351122187) + GMDS – DT 
expression * 0.235411984 + ADPGK-AS1 expression * 
0.600764478 + SEMA6A-AS1 expression * (0.0628 
76234) + ZBED5-AS1 expression * 0.058795151 + 
FOXP4-AS1 expression * (0.338427062). The patients 
were classified into the high-risk and low-risk groups 
according to their risk scores, with the median score used 
as the cut-off point. The, we performed survival analysis 
based on the risk scores. The KM curve showed that high- 
risk patients had a worse prognosis than low-risk patients 
(P < 0.001) (Supplement Figure 8A). As the risk scores 
increased, the patient’s survival time tended to decline 
(Supplement Figure 8B and C).

Risk Score is an Independent Prognostic 
Factor for Patients with HCC
We performed univariate and multivariate Cox regression 
analyses to investigate whether the risk score was an 
independent prognostic factor for OS. Univariate Cox 
analysis showed that risk scores, BCLC stage, cirrhosis 
and TNM stage were associated with OS in patients with 
HCC (All P-values < 0.05) (Supplement Figure 9A). 
Multivariate Cox analysis showed that only risk scores 
were associated with OS in patients with HCC 
(Supplement Figure 9B). Therefore, our results indicate 
that after adjusting for these factors, the risk score is an 
independent prognostic factor for OS.

ROC Curve Based on TCGA Database
The ROC curve showed the predictive performance of the 
eight MALs on the prognosis of patients with HCC 
(Supplement Figure 10). The AUC of risk score was 
0.773, which was significantly higher than that of age 
(AUC = 0.454), gender (AUC = 0.506), stage (AUC = 
0.743), T stage (AUC = 0.752), M stage (AUC = 0.508), 
N stage (AUC = 0.508), BCLC stage (AUC = 0.759), 
cirrhosis (AUC = 0.740) and grade (AUC = 0.475). 
These results indicate that the use of a risk model of the 
eight MALs improves the ability to predict survival in 
patients with HCC compared with the use of clinical 
factors.
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Association Between the Eight MALs and 
Risk Scores and Major Clinical Parameters
We further explored the association between the eight 
MALs and risk scores and major clinical parameters (ie, 
age, gender, stage, grade, BCLC, cirrhosis and TNM 
stage). The result is shown in the Supplement Tables 2 
and 3. These eight MALs were closely connected with 
most parameters, particularly those linked with tumour 
progression. Based on clinical data and TCGA dataset, of 
the eight MALs, three were differentially expressed in the 
T stage and tumor stage (ie, risk, riskscore and NRSN2- 
AS1), three (ie, NRSN2-AS1, GMDS-DT and riskscore) in 
tumor grade, four (ie, FOXP4-AS1, LINC01160, 
SEMA6A-AS1, ZBED5-AS1) in gender, 3 (ie, ADPGK- 
AS1, LAMTOR5-AS1, SEMA6A-AS1) in the M stage, 
one (ie, risk) in the M stage, three (ie, FOXP4-AS1, risk-
score and risk) in the BCLC, and two (ie, FOXP4-AS1 and 
riskscore) in the cirrhosis.

Discussion
With the establishment of next-generation sequencing 
technologies and the opening of the era of precision med-
icine, various treatment methods for liver cancer have also 
been developed. However, due to the small number of 
useful biomarkers, we usually cannot predict the effects 
of treatment. The malignant behaviour of HCC is 
a complex and precise process that requires the abnormal 
expression of specific genes to provide cancer cells the 
corresponding ability.23–25 Therefore, changes affecting 
the prognosis of patients with HCC may occur long before 
the detectable clinical pathological abnormalities, high-
lighting the important role of prognostic biomarkers in 
treating patients with HCC.

This is the first study that has established 
a macrophage-associated prognostic model for HCC. In 
this study, we used microarrays to detect the differential 
expression of lncRNAs in M1 and M2 macrophages. 
Subsequently, we screened eight lncRNAs from differen-
tially expressed lncRNAs and constructed a PI model. The 
previous study of our group has shown that some lncRNAs 
are related to the prognosis of HCC.26–28 Furthermore, 
some lncRNAs were involved in the occurrence of various 
cancers, such as colorectal cancer and nasopharyngeal 
carcinoma.29,30 Bioinformatics analyses were performed 
to elucidate the possible mechanisms of the eight MALs 
in HCC. KEGG pathway enrichment analysis of these 
genes was further performed. These genes were 

significantly enriched in spliceosomes, ubiquitin- 
mediated proteolysis, cell cycle and endocytosis, among 
others. These pathways have been reported to be related to 
HCC.31,32

Clinical staging is essential as it helps in making deci-
sions regarding available treatment options. Although 
there are some new HCC staging systems have been 
developed in different parts of the world, such as the 
Cancer of the Liver Italian Programme (CLIP) score, 
Model to Estimate Survival in Ambulatory HCC patients 
(MESIAH) score and BCLC staging.33 However, there is 
no globally accepted staging system because all systems 
are developed based on different populations and only 
perform well in similar populations. The BCLC staging 
system is considered the most comprehensive, considering 
all basic clinical parameters, and provides prognostic gui-
dance for available treatment options. However, it repre-
sents only a treatment decision algorithm but not 
a prognostic evaluation.34 The later-developed classifica-
tion systems have their inherent limitations and need 
further external validation in different population 
cohorts.35,36 In this study, we compared the ability of the 
PI model with clinical staging systems, such as BCLC and 
TMN, and other clinical features to assess the prognosis of 
liver cancer. The results indicate that the use of the risk 
model of the eight MALs improves the ability to predict 
survival in patients with HCC compared with the use of 
clinical factors.

The most significant advantage of this study is the 
universal applicability of the eight MALs in prognostic 
prediction because the robustness of our model has been 
verified in an independent dataset. The use of paired and 
unpaired HCC samples from TCGA database strictly guar-
antees the specificity and representativeness of MALs. 
More importantly, the MALs used for prognostic evalua-
tion are also key lncRNAs for predicting the occurrence 
and development of HCC.

This study has some limitations. First, this was 
a retrospective study, so the findings in this study should 
be tested prospectively. Second, although we performed 
enrichment analysis to identify potential pathways, we did 
not validate these pathways. Despite these limitations, our 
results showed that the moderate prognostic efficacy of the 
PI model is better than that of other clinical features.
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