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A B S T R A C T   

Hepatocellular carcinoma (HCC), a common malignant tumor of the liver, remains high incidence and poor 
prognosis. Although pyroptosis as well as lncRNA have been believed to play important roles in the tumori
genesis, diagnosis and prognosis, the role of pyroptosis-related lncRNAs (PRlncRs) in HCC remains obscure. Here, 
we identified 73 significantly differentially expressed and overall survival (OS) related pyroptosis-related 
lncRNAs (PRlncRs) in noncancerous and HCC samples. Based on LASSO regression and Cox regression ana
lyses, we set up a novel prognostic model including six PRlncRs (MKLN1-AS, AC139491.2, AC145207.5, 
AC099850.3, AL590705.3 and AL049840.5), which showed good correlation with the OS of HCC patients. 
Considering that the risk score was negatively related to clinicopathologic features including T stage (T1-2 and 
T3-4), clinical stage (stage I-II and stage III-IV) and histological grade (G1, G2, G3 and G4), we further con
structed a predictive nomogram containing the risk score and other clinicopathological features to predict the OS 
rates for HCC patients. In addition, the proposed signature was closely related to immune infiltration and offered 
improved clinical utility for immune checkpoint inhibitors (ICIs) strategies and chemotherapeutic drug selection 
in HCC. In conclusion, we established a considerable accurate risk signature consisting of 6 PRlncRs in HCC, 
which could predict the prognosis and efficacy of immunotherapy for HCC patients.   
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1. Introduction 

Hepatocellular carcinoma (HCC) is the most prevalent primary he
patic malignancy worldwide, with high incidence and mortality rates, as 
well as poor prognosis [ [1,2]]. Recently, both of inflammation and 
aberrant hepatocyte death were considered to be tightly associated with 
HCC progression. Besides traditional surgical resection and chemo
radiotherapy, immunotherapy especially immune checkpoint inhibitors 
(ICIs) has made great progress in HCC treatment, offering hope of 
improving the prognosis of HCC patients [3]. However there remains a 

critical issue to precisely identify the population of HCC patients that 
can benefit from immunotherapy, while the overall objective response 
rate of ICI fall within 20% [4]. Therefore, uncovering novel biomarkers 
for the prognosis of HCC would be of urgent need and great significance. 

Pyroptosis, a newly observed cellular inflammatory necrosis, is 
mediated by gasdermin (GSDM) which is stimulated by inflammasomes 
[5]. Recently, emerging studies have demonstrated that pyroptosis plays 
a critical role in tumorigenesis and cancer therapy [6]. For example, 
anticancer drugs such as metformin [7], anthocyanins [8], docosahex
aenoic acid (DHA) [9] and dipeptidyl peptidase 8 and 9 (DPP 8/9) [10] 
could lead to tumor pyroptosis. Pyroptosis has been shown to be 
important in HCC progression, making pyroptosis a potential treatment 
target for HCC. Long noncoding RNA (lncRNA) which is longer than 200 
nucleotides with low protein coding potential, plays an important role in 
the proliferation, invasion and metastasis of tumor cell [ [11,12]]. 
Particularly, lncRNAs such as HAND2-AS1, PCNAP1 and HOXD-AS1, 
have been reported to be biomarkers for the diagnosis and prognosis 
of HCC [ [13–15]]. While the relationship between pyroptosis-related 
genes (PRGs) and the prognosis of ovarian cancer and lung 
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adenocarcinoma (LUAD) has been identified [ [16–18]], it is still 
obscure about the role of pyroptosis-related lncRNAs in prognosis pre
diction of HCC. 

In this study, we identified 6 differentially expressed pyroptosis- 
related lncRNAs (PRlncRs) in HCC patients and constructed a novel 
risk signature for the prognosis and efficacy of ICI treatment prediction, 
providing new perspectives for prognostic biomarkers for HCC. 

2. Materials and methods 

2.1. Data acquisition 

The RNA-seq data and corresponding clinical information were 
downloaded from the liver hepatocellular carcinoma (LIHC) cohort of 
TCGA (https://portal.gdc.cancer.gov/repository), including 50 
noncancerous and 374 HCC samples. The pyroptosis-related genes sets 
include 27 pyroptosis-related genes from M41805 gene set (https 
://www.gsea-msigdb.org/gsea/msigdb) (Table S1) and 33 pyroptosis- 
related genes from relevant literature [19] (Table S2). Moreover, the 
RNA-seq data and clinical information of 148 HCC patients from 
GSE141198 using GEO database (http://www.ncbi.nlm.nih.gov/geo) 
were used as external validation. 

2.2. Differential expressed PRlncRs identification 

Based on Pearson correlation, we analyzed the association between 
PRGs and lncRNA (|Pearson correlation coefficient|＞0.4, p＜0.001). 
Next, we selected differentially expressed PRlncRs using “limma” 
package of R software (|log2FC|＞1, p＜0.05). 

2.3. PRlncR signature construction and validation 

First, we identified candidate prognostic lncRNAs from the training 
set using the univariate Cox regression at the threshold of p = 0.05. Next, 
we performed LASSO regression using a 10 fold cross-validation and p =
0.05 threshold to reduce overfitting lncRNAs. Lastly, we constructed a 
prognostic PRlncR signature via multivariate Cox regression: risk score 
= level lncRNA 1 × coefficient 1 + level lncRNA 2 × coefficient 2 + level 
lncRNA 3 × coefficient 3 + … … + level lncRNA n × coefficient n. 
According to the median value of risk score, HCC patients were divided 
into high- and low-risk groups and the OS time was calculated between 
these two subgroups by Kaplan-Meier analysis. The predictive accuracy 
of the risk score was measured by performing time receiver-operating 
characteristic (ROC) analysis. Combined with clinical characteristics, 
risk scores were further utilized to develop a predictive nomogram to 
predict the 1-, 2- and 3-year OS for HCC patients. 

2.4. PCA and t-SNE analysis 

Principal component analysis (PCA) and t-distributed stochastic 
neighbour embedding (t-SNE) were carried out for dimensionality 
reduction analysis and assessing the clustering ability of the predictive 
model for HCC patients using the “Rtsne” and “ggplot2” R packages. 

2.5. Chemotherapeutic response analysis 

The half-maximal inhibitory concentration (IC50) to Axitinib and 
Sorafenib between high- and low-risk HCC patients were analyzed using 
“limma” package in R based on the pRRophetic package. 

2.6. Immune infiltration analysis 

The infiltration situation of immune cells between high- and low-risk 
groups using the CIBERSORT algorithm. The threshold value was set as 
p = 0.05. 

2.7. Predicting a patient’ s response to ICI therapy 

The scores of immune signal pathways were analyzed by single- 
sample gene set enrichment analysis (ssGSEA). The TMB scores of 
HCC patients were analyzed using the maftools package. The scores of 
MSI were calculated from the Tumor Immune Dysfunction and Exclusion 
(TIDE) website (http://tide.dfci.harvard.edu/). The scores of IPS were 
extracted from The Cancer Immunome Atlas (TCIA). The values of TMB 
and MSI, and the gene expression levels of PD-L1, PD-1 and CTLA4 were 
compared using “limma” package of R software. 

2.8. Statistical analysis 

All statistical analysis were performed by R software (4.0.3). Anal
ysis of the differences between the high- and low-risk cohorts was 
accessed by Student’s t-test and Chi square test. P < 0.05 was considered 
as statistically significant. 

3. Results 

3.1. Identification of differentially expressed PRlncRs in HCC 

Through literature review and data retrieval, we first obtained 52 
pyroptosis-related genes (PRGs) (Table S3). Based on the 52 PRGs, we 
identified 764 pyroptosis-related lncRNAs (PRlncRs) in the TCGA LIHC 
cohort by Pearson correlation analysis (Table S4). Next, via comparing 
the expression levels of 764 PRlncRs in both 50 noncancerous and 374 
HCC samples, we identified 524 significantly differentially expressed 
pyroptosis-related lncRNAs (PRlncRs) (Table S5), comprising 518 
upregulated and 6 downregulated PRlncRs. 

3.2. Establishment of a PRlncR model 

To construct a prognostic PRlncR model, we first classified the 
included cases (n = 365) into training (n = 245) and validation (n =
120) sets at 2:1 ratio randomly. To check the prognostic value of the 524 
differentially expressed PRlncRs, we performed a univariate Cox 
regression analysis using the “survival” R package. As is shown, 73 
PRlncRs were meaningfully correlated to the overall survival (OS) in the 
training set. To avoid overfitting, we further utilized the “glmnet” R 
package to conduct LASSO regression analysis and discovered 11 
PRlncRs predicting the HCC prognosis (Fig. 1A–B). Based on the training 
set, we performed a multivariate Cox proportionate perils regression 
analysis and established a prognostic PRlncR risk model including 6 
lncRNAs (MKLN1-AS, AC139491.2, AC145207.5, AC099850.3, 
AL590705.3 and AL049840.5). The risk score = (0.87992 × MKLN1- 
AS) + (0.51858 × AC139491.2) + (0.44334 × AC145207.5) +
(0.06734 × AC099850.3) + (0.79013 × AL590705.3) + (0.07392 ×
AL049840.5) (Fig. 1C and Fig. S1A). Moreover, we discovered mRNAs 
related to the 6 PRlncRs (Fig. 1D) and performed gene set enrichment 
analysis (GSEA) to detect possible biological signaling pathways related 
to HCC patients. As is shown, complement and ubiquitin mediated 
proteolysis (p＜0.001), spliceosome (p＜0.001), RNA degradation (p＜ 
0.001), oocyte meiosis (p＜0.001) and nucleotide excision repair (p＜ 
0.001) pathways were significantly stimulated in high-risk patients 
(Figs. S1B–F and Table S6). Whereas complement and coagulation cas
cades (p＜0.001), retinol metabolism (p＜0.001), glycine, serine and 
threonine metabolism (p＜0.001), fatty acid metabolism (p＜0.001) and 
drug metabolism cytochrome P450 (p＜0.001) pathways were activated 
in low-risk HCC patients (Figs. S1G–K and Table S6). 

Based on the risk score, we divided these HCC patients into high- and 
low-risk groups and verified the predictive performance of the 6 PRlncRs 
prognostic model. As is shown, the Kaplan-Meier survival curves eval
uated via the “survminer” and “pROC” R package showed that HCC 
patients with high-risk scores (13.87 months) had a worse OS proba
bility than those with low-risk scores (21.83 months) (p＜0.001, Fig. 2A, 
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Fig. 1. Construction of prognostic PRlncRs model. (A) Forest plot of 73 prognostic PRlncRs. (B) Correlation plot of 73 PRlncRs with survival prognostic value. (C) 
Hazard ratio for the pyroptosis-related prognostic signature containing 6 lncRNAs. (D) Prognostic co-expression network of the 6 PRlncRs and mRNAs in HCC. 
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Figs. S2A–B), with AUCs of 0.762, 0.787 and 0.711 in ROC curves 
respectively (Fig. 2B and Figs. S2C–D). To further determine the 
reproducibility of the risk score signature, we performed external vali
dation based on a GEO dataset (GSE141198) including 148 HCC pa
tients. Excitingly, consistent with the results from the TCGA LIHC 
cohort, the Kaplan-Meier curves revealed that the OS of HCC cases in the 
high-risk group was significantly lower than those in the low-risk group 
(p = 0.038), with AUC of 0.617 (Figs. S2E–F). In addition, along with the 
risk score increased, the risk of death increased and the survival time 
decreased (Fig. 2C–E and Fig. S3). Furthermore, we found that both PCA 
and t-SNE dimensionality reduction analysis could classify HCC patients 

into high-and low-risk clusters successfully (Fig. 2F–G). Together, these 
results demonstrated that our 6 PRlncRs prognostic model was of great 
confidence to predict the OS of HCC. 

3.3. Construction of a predictive nomogram 

To combine the clinicopathologic features and 6 PRlncRs prognostic 
model, we built a predictive nomogram through the “DynNom” R 
package and predicted the prognosis of HCC patients using univariate 
and multivariate Cox regression analyses. As a result, the risk score (p＜ 
0.001) and clinical stage (p＜0.001) were independent prognostic 

Fig. 2. Prediction of OS for HCC patients by the 6 PRlncR signature. (A) OS curves for HCC patients in the high- and low-risk group. (B) ROC curve of measuring 
the predictive value. (C) Distribution of risk score of patients with HCC. (D) Distribution of survival status for HCC patients. (E) Distribution of the expression profiles 
of 6 PRlncRs. (F) Principal components analysis (PCA) plot of the survival models in high- and low-risk groups. (G) t-SNE plot of the survival models in high- and low- 
risk groups. 
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factors for HCC patients (Fig. 3A–B). Then, we separated the clinical 
features into subgroups including N stage (N0 and N1), M stage (M0 and 
M1), T stage (T1-2 and T3-4), clinical stage (stage I-II and stage III-IV), 
histological grade (G1, G2, G3 and G4), gender (male and female) and 
age (＜ = 65 and ＞65) and found that T stage, clinical stage and his
tological grade were significant different between high- and low-risk 
groups via Chi-square test (Fig. 3C). Furthermore, we compared the 
risk scores in subgroups with different clinicopathological features and 
found that T stage, clinical stage and histological grade were positively 
related to the risk score, consisting with that the HCC patients with 
advanced clinical stage and higher histological grade tend to have 
poorer OS rate (Fig. 3D–F). Notably, ROC curves showed that 6 PRlncRs 
prognostic model was significantly better than clinical features such as 
age, gender, histological grade and clinical stage in the prognosis of HCC 
patients with AUCs of 0.761, 0.531, 0.509, 0.499 and 0.671 respectively 
(Fig. 3G). Besides, the calibration curves of constructed nomogram for 
the 1-, 2-, and 3-year OS showed good predictive ability in the entire 
cohort (Fig. S4). Therefore, we developed a novel nomogram containing 
the risk score and other clinicopathological features, which could be 
used as clinical adjuvant treatment management in the prediction of the 
prognosis for HCC patients (Fig. 3H). 

3.4. PRlncRs were associated with drug sensitivity, tumor immune 
infiltration and ICI response in HCC 

Based on the TCGA LIHC dataset, we investigated the association the 
risk score and the efficacy of chemotherapeutic drugs in HCC patients. 
As is shown, the low-risk group exhibited a higher drug sensitivity for 
both Axitinib (p＜0.001) and Sorafenib (p = 0.00076) (Fig. 4A–B) than 
the high-risk group, suggesting that HCC patients with low risk score 
would be more sensitive to Axitinib and Sorafenib. Given that pyroptosis 
is closely related to the tumor immune microenvironment, we wonder 
the correlation between 6 PRlncRs and immune infiltration. Based on 
the CIBERSORT algorithm, we first analyzed the infiltrate characteristics 
of immune cells in HCC. As is shown, the risk score was negatively 
correlated with abundance of CD8+ T cells (p=0.004), memory activated 
CD4+ T cells (p＜0.001), follicular helper T cells (p＜0.001), M1 mac
rophages cells (p=0.003) and positively associated with the immune 
infiltration levels of monocytes (p＜0.001), M2 macrophages cells (p＜ 
0.001), eosinophils (p = 0.027) and neutrophils (p＜0.001) (Fig. 4C and 
Fig. S5A), suggesting that the 6 PRlncRs were significantly correlated 
with tumor immune infiltration in HCC. Consistently, HCC patients with 
higher infiltration level of CD8+ T cells showed improved OS, while 
those with higher abundance of M2 macrophages cells exhibited poorer 
OS (Fig. 4D–E). 

Next, we explored whether the 6 PRlncRs prognostic model could be 
utilized for the predication of immunotherapy. Using single-sample gene 
set enrichment analysis (ssGSEA), we compared the activities of 13 
different immune-related signal pathways in HCC using the R package 
“GSVA”. Antigen-presenting cell (APC) costimulation (p＜0.001), che
mokine receptor (CCR, p＜0.001), checkpoint (p＜0.001), human 
leukocyte antigen (HLA, p＜0.05), major histocompatibility complex 
(MHC) class I (p＜0.001), parainflammation (p＜0.001), T cell coinhi
bition (p＜0.05) and T cell costimulation (p＜0.001) pathways were 
significantly enriched in high-risk HCC group, whereas type II interferon 
(IFN) response (p＜0.001) pathway was obviously down-regulated. 
(Fig. 4F). Considering the contribution of tumor mutation burden 
(TMB) and microsatellite instability (MSI) to ICI efficacy [20], TMB and 
MSI are commonly used as biomarkers for predicting response to 
immunotherapy. As is shown, there was no difference of TMB between 
patients with high or low risk scores (Fig. S5B). Notably, the risk 
signature was negatively related to MSI (p＜0.001) (Fig. S5C), hinting a 
correlation between the 6 PRlncRs and ICI response. To prove it, we 
calculated immunophenoscore (IPS) scores of PD-1 and CTLA4 for HCC. 
Encouragingly, both the scores of IPS-PD1 and IPS-CTLA4 in low-risk 
group were distinct higher than those in high-risk HCC patients (p =

0.024 and p = 0.0065, respectively) (Fig. 4G–H), indicating that HCC 
patients with low risk score might benefit from ICI treatment. Moreover, 
we compared the expression levels of immune checkpoints and found 
that there was no significant changes of intratumoural programmed 
death ligand 1 (PD-L1, another predictive biomarker for cancer immu
notherapy, p = 0.31) expression between the high- and low-risk groups 
(Fig. S5D). However, PD-1 (p＜0.001) and CTLA4 (p＜0.001) were 
obviously up-regulated in high-risk HCC patients (Figs. S5E–F). 

4. Discussion 

As the most common subtype in liver malignancy, HCC brings a great 
threat to human health all over the world along with a significant feature 
of increasing incidence and mortality. Although radical surgical resec
tion can improve the OS, most HCC patients are diagnosed at an unre
sectable or advanced stage, accompanied by a poor outcomes of 
conventional radiotherapy and chemotherapy treatment [21]. Recently, 
immunotherapy, especially ICIs, has made great progress in the treat
ment of advanced HCC. However, the low response rate of ICIs limits the 
application of immunotherapy in the clinic, leading to an urgent need 
for effective predictive prognosis biomarkers for HCC patients. Pyrop
tosis, a novel type of programmed cell death, has been reported to be a 
double-edged sword for tumorgenesis and oncotherapy. Pyroptosis can 
transform normal cells into cancer cells by stimulating the release of 
inflammatory cytokines, while it can promote tumor cell death [ [22, 
23]], making pyroptosis a potential therapeutic and prognostic target 
for tumor. Considering that lncRNAs play important roles in various 
biological activities including cell pyroptosis in tumor, it is of great 
significant to identify a predictive pyroptosis-related lncRNA signature 
for improving the prognosis of HCC patients. 

In this study, we constructed a prognostic risk signature comprising 
of 6 PRlncRs (MKLN1-AS, AC139491.2, AC145207.5, AC099850.3, 
AL590705.3 and AL049840.5) for predicting the OS, chemotherapeutic 
efficacy and ICIs response of HCC patients. Notably, among these 6 
PRlncRs, MKLN1-AS has been reported to promote the proliferation, 
migration and invasion of HCC cells [24]. Based on 6 PRlncRs, we 
classified the HCC patients into high- and low-risk groups. The OS in 
low-risk group was significantly better than that in high-risk groups with 
a considerable accuracy (AUC = 0.762). We further created a predictive 
nomogram and found that the risk score was negatively related to 
clinicopathologic features including T stage, clinical stage and histo
logical grade. The predictive ability of our risk signature was much 
better than other clinicopathologic features including age, gender, his
tological grade and clinical stage. The nomogram exactly forecasted the 
OS of patients and had excellent clinical utility. 

Although chemotherapy is an important therapeutic modality for 
advanced HCC, it is usually of unsatisfactory efficacy and poor prognosis 
of HCC patients. In our study, it is available to predict the efficacy of 
Axitinib and Sorafenib for HCC patients base on the 6 PRlncRs risk 
signature, which could be used as a potential indicator of drug sensi
tivity. Given that pyroptosis, which has been reported to function in 
tumor immune microenvironment and immune infiltration, plays an 
important role in the OS in tumor patients, we revealed that the infil
tration levels of CD8+ T cells, memory activated CD4+ T cells, follicular 
helper T cells, M1 macrophages cells decreased with the increase of risk 
score, in alignment with the reduced OS in high-risk HCC patients. In 
addition, the risk score was positively associated with the immune 
infiltration level of monocytes, M2 macrophages cells, eosinophils and 
neutrophils. Moreover, the immune-related signal pathways such as APC 
costimulation, CCR, checkpoint, HLA, MHC class I, parainflammation, T 
cell coinhibition and T cell costimulation pathways, were significantly 
enriched in high-risk HCC patients, which is associated with poor 
prognosis. According with the role of M2 macrophages promotes tumor 
progression, metastasis and chemotherapy resistance [ [25–27]], HCC 
patients with abundance of M2 macrophages showed a reduced OS. In 
contrast, we found that high density of CD8+ T cells could prolong the 
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Fig. 3. Construction of a predictive 
nomogram. Hazard ratio of clinicopatho
logic characteristics and risk score in HCC 
analyzed by (A) Univariate and (B) multi
variate Cox regression methods. (C) Heat 
map of clinicopathologic characteristics 
between high- and low-risk HCC patients. 
(D-F) The subgroup comparison of risk 
scores in different T stage (T1-2 and T3-4) 
(D), clinical stage (stage I-II and stage III- 
IV) (E) and histological grade (G1, G2, G3 
and G4) (F). (G) ROC curves of measuring 
the predictive values of risk score, age, 
gender, grade and stage. (H) OS rates at 1-, 
2- and 3-year of HCC patients predicted by 
constructed nomogram.   
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Fig. 4. Analysis of chemosensitivity, immune 
infiltration and ICI treatment predication 
between high- and low-risk HCC patients. (A- 
B) Half-maximal inhibitory concentration (IC50) 
of Axitinib (A) and Sorafenib (B) for HCC pa
tients with high- and low-risk scores. (C) Com
parison of 22 different immune cells in HCC. (D) 
OS curves for HCC patients with different infil
tration levels of CD8+ T cells. (E) OS curves for 
HCC patients with different infiltration levels of 
M2 macrophages. (F) Comparison of 13 different 
immune signal pathways in HCC. (G-H) IPS 
scores of PD1 (G) and CTLA4 (H) in high- and 
low-risk HCC groups.   
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OS in patients with HCC, which was consistent with recent observations 
that CD8+ T cells in tumor antigen recognition and clinical responses [ 
[28,29]]. Additionally, CD8+ T cells are the effectors of ICI. The higher 
levels of CD8+ T cell infiltration in tumors before and during ICI treat
ment, the more improved ICI efficacy [30], hinting that low-risk HCC 
patients with abundance of CD8+ T cells, might benefit from ICI. 

To date, despite CD8+ T cells, several promising biomarkers for ICI 
response have been identified, including TBM, MSI and PD-L1 expres
sion levels. Although the levels of TMB in high- and low-risk groups were 
similar, the risk score was negatively related to MSI. Due to the lack of 
ICI efficacy of HCC patients, we accessed IPS scores to determine the 
correlation between our risk signature and ICI treatment. HCC patients 
in low-risk group showed higher IPS scores of PD-1 and CTLA4 than 
those in high-risk group, proving again that low-risk HCC patients might 
benefit from ICI treatment. However, the expression levels of PD-L1, PD- 
1 and CTLA4 in HCC patients with low-risk scores were unchanged or 
even decreased. Although the status of these immune checkpoints above 
are recognized as predictive markers of immunotherapy [31], it needs to 
take into account about the use of immune checkpoints expression as a 
biomarker of eligibility for ICIs. For example, patients treated with ICI 
showed a better OS regardless of the PD-L1 status [32] and atezolizumab 
plus bevacizumab was approved by the FDA for patients with unre
sectable or metastatic HCC who had not received prior systemic therapy, 
irrespective of PD-L1 status [33]. Considering the effects of intra
tumoural heterogeneity and dynamic host immunity, further studies are 
needed to explore the relevance between the immune checkpoint status 
and the efficacy of ICI treatment for HCC patients. 

Collectively, our study proposed a novel PRlncR prognostic model 
through comprehensive bioinformatics analysis, offering effective bio
markers to predict the OS, chemotherapeutic drug efficacy and ICI 
response for HCC patients. However, sufficient experimental verification 
is currently lacking in our study. Further studies should be carried out to 
explore the specific functions and regulatory mechanisms of 6 PRlncRs 
in HCC progression and immunotherapy. 
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