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Abstract
Background: Hepatocellular carcinoma (HCC) is one of the most common malignancies. Cancer stem
cells (CSCs), characterized by self-renewal and drug-resistance, play an important role in the development
and progression of diverse cancers, but the underlying association of HCC and CSCs is not fully
researched.

Methods: Transcriptome and clinical data of 903 patients in four independent HCC cohorts were obtained
from TCGA, ICGC, and GEO databases. We evaluated the stemlike index for each patient to re�ect the
cancer stemness by using one-class logistic regression (OCLR) algorithm. GISTIC 2.0, Maftools and GSVA
were used to reveal the association between the stemness index and genomic variation and biological
processes in HCC. The differential expression analysis, univariate Cox analysis and LASSO analysis were
used to identify the prognostic stemness signatures. The HCC stemness-related risk score (HCSRS) was
constructed to quantify stemness levels of individual tumors. Based on HCSRS, the nomogram was
established for HCC prognosis in a quantitative approach. Additionally, single sample Gene Set
Enrichment Analysis (ssGSEA) algorithm was used to evaluate the immune in�ltration levels in HCC, and
drug response analysis was adopted to identify potential agents with drug sensitivity in high-HCSRS
score patients.

Results: The stemness index in HCC tissues was signi�cantly higher than that in normal tissues, and
there was a signi�cant positive correlation with pathological grade. Patients with high stemness index
showed higher somatic mutation frequency, tumor mutation load, and copy number variation frequency,
and were signi�cantly enriched in tumor-related signaling pathways. Meanwhile, the 7-gene based HCSRS
model that was trained and validated in 4 independent cohorts exhibited high predictive signi�cance for
overall survival (OS). Further analysis revealed that patients with high HCSRS possessed higher
immunosuppression status, characterized by signi�cantly decreased in�ltration of anti-tumor immune
cells (CD8 T cells, cytotoxic T cells, DC cells, NK cells, etc.) and exhausted CYT responses. At last, a total
of twelve agents were identi�ed to have potential therapeutic effects in high-HCSRS patients.

Conclusion: In current study, we systematically analyzed the potential relationship of HCC stemness with
genomic variation, tumor microenvironment and biological processes, provided a theoretical basis for
individualized treatment of HCC patients.

Introduction
Hepatocellular carcinoma (HCC) is the �fth most common cancer and the second cause of cancer-related
death worldwide, and is an aggressive malignancy with an average �ve-year survival rate of only 18% [1].
Although surgical resection is the main treatment for primary focal liver tumors, the vast majority of HCC
patients have reached the advanced stage at the �rst diagnosis due to the lack of speci�c symptoms,
thus losing the opportunity for surgery [2]. In addition, the poor clinical prognosis of HCC patients is often
attributed to the resistance of HCC cells to traditional treatment and postoperative tumor recurrence. It
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has been reported that tumor recurrence occurred in nearly two thirds of patients within two years after
surgery [3]. Sorafenib, as the �rst generation of targeted drugs, is an important treatment for patients with
advanced liver cancer, but unfortunately, the vast majority of patients do not get long-term survival bene�t
due to the early emergence of drug resistance [4].

Stemness is de�ned as the potential for self-renewal and differentiation from cell origin, and making
normal stem cells to grow into all cell types to constitute human body [5]. However, mounting evidence
suggests that highly drug-resistant residual cells with stem cell-like properties or functions can appear at
any stage of tumor progression, which are also known as cancer stem cells (CSCs) [6]. In essence, CSCs
can maintain the heterogeneity of tumor cell groups through self-renewal and unlimited proliferation,
which are similar to the basic features of stem cells [7]. At the same time, CSCs are insensitive to the
tumor-killing effect by outside factors (chemotherapies, eg) owing to their multiple drug-resistant
genetics. Therefore, tumor tissues tend to relapse within a period of time after the elimination of most
common tumor cells by conventional therapies, and the ability of CSCs to move and migrate makes
tumor metastasis possible [8]. The gradual loss of differentiation ability and the acquisition of stem cell-
like characteristics are the main reasons driving tumor occurrence, metastasis, recurrence and drug-
resistance, especially in HCC [9, 10]. Therefore, it is important to identify biomarkers associated with
hepatocellular carcinoma stemness (HCS) and patient prognosis, which may provide a constructive
theoretical basis for overcoming drug-resistance in HCC patients.

In recent years, computer science and bioinformatic algorithms have developed rapidly to deal with
emerging big data, particularly in genome-wide, pan-cancer researches, providing new insights into CSC-
linked studies [11, 12]. The machine learning-based One-class Logistic Regression (OCLR) algorithm
quanti�ed cancer stemness by obtaining an independent stemness index based on the gene expression,
which is called mRNA expression-based Stemness Index (mRNAsi) [13]. This allows for a better
understanding of the carcinogenic features of cancer stemness, such as mutations in oncogenes,
abnormalities in speci�c transcriptional networks, and dysregulation of signaling pathways. Moreover,
many studies are focusing on the development of novel agents targeting speci�c cancer types, and
several databases have been established based on the test result of drug sensitivity, which makes it
possible to explore tailored clinical management for HCC patients with high HCS [14]. In addition, solid
tumor tissues are composed of heterogeneous cancer cells and stromal components; The extracellular
matrix, neovascularization, and various cancer-related immune cells provide an appropriate environment
for tumor cells to survive and evade immune surveillance, known as the tumor microenvironment
(TME) [15]. Revealing the potential connection between CSCs and TME may be the key to opening a new
era of tumor therapy.  Taken together, it is essential to comprehensively investigate the underlying
interactions between HCS, genetic mutations and TME, and to identi�ed potential therapeutic agents in
HCC.

In this study, a total of 903 HCC patients from four independent HCC cohorts were included. We
systematically evaluated the stemness index of each HCC patient by OCLR algorithm. The prognostic
signi�cance and their potential biological associations with molecular characteristics, genomic instability,
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biological pathways, tumor mutations and TME were further analyzed. A stable stemness-related clinical
prediction model with high sensitivity was constructed based on hub genes, and its robustness in
predicting overall survival (OS) of HCC patients was veri�ed in three independent HCC cohorts. We further
identi�ed twelve potential compounds with high drug sensitivity in HCC patients with high-HCS for
personalized and targeted treatment.

Results

Calculation of HCC stemness indices and its correlation
with clinicopathological features
Based on mRNA expression matrix, OCLR algorithm was used to calculate the mRNAsi for each patient in
the TCGA-LIHC cohort (n=365) and ICGC-LIRI cohort (n=231), respectively (Figure 1A-B). The stemness
index ranging from 0 to 1, and tumor samples were divided into high and low mRNAsi groups based on
the median value. First, the results showed that mRNAsi levels were signi�cantly higher in HCC in both
cohorts compared with normal tissues (P < 0.001) (Figure 1C). Next, we found that patients with higher
mRNAsi levels suffered from worse pathological grade (P < 0.001) (Figure 1D), and higher mRNAsi was
signi�cantly associated with HBV infection (P = 0.002) (Figure 1E). Moreover, Kaplan-Meier analysis
showed that patients in the TCGA-LIHC cohort with higher mRNAsi not only suffered worse OS (HR = 1.60,
95%CI: 1.33-2.26, P = 0.007), but were also associated with lower DFS (HR = 1.76, 95%CI: 1.26-2.44, P =
0.002) and PFS (HR = 1.58, 95%CI:1.18-2.13, P < 0.001) (Figure 1F-H). Similar results were observed in the
ICGC-LIRI cohort (HR = 4.24, 95%CI: 2.31-7.78, P < 0.001) (Figure 1I). These results preliminarily suggest
that the stemness of HCC is highly heterogeneous between normal and cancer tissues, and signi�cantly
affect the prognosis of HCC patients, so it may serve a pleuripotent role for HCC cancer cells to spread to
extrahepatic metastases, tumor recurrence, as well as refractory drug resistance.  

HCC patients with high mRNAsi exhibit genomic instability
Given the signi�cant difference in survival bene�t between high and low mRNAsi HCC groups, we
attempted to explore the underlying biological mechanism of this difference from the perspective of
genomic stability. Hence, somatic mutations annotation was �rstly analyzed. The top 20 mutated genes
in the low and high mRNAsi groups were identi�ed respectively (Figure 2A-B). Subsequently, 23 genes
with signi�cant mutation differences were identi�ed between the high and low mRNAsi groups (FDR <
0.05). In general, we observed that somatic mutations were more frequent in the high mRNAsi group
(Figure 2C). Notably, TP53 as a tumor suppressor gene, was mutated most frequently in patients with
high mRNAsi (39.3% vs 17.7%, P < 0.001). The Lollipop diagram showed the protein domain of TP53 and
its speci�c mutation sites (Figure 2D). Additionally, Tumor mutation burden (TMB), a novel marker for
predicting immunotherapy response, showed a signi�cant positive correlation with mRNAsi level in HCC
(Cor = 0.28, P < 0.001) (Figure 2E).
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Likely, copy number variation (CNV) was also assessed. The Gistic score and distribution of CNV
frequency in chromosomes were demonstrated in Figure 2F-G. It was found that at the Focal level,
patients in the high mRNAsi group showed a higher copy number gain load (P < 0.001) (Figure 2H) and
loss load (P < 0.001) (Figure 2I). Whereas at the Arm level, patients in the high mRNAsi group were only
associated with a higher copy number loss load (P < 0.001) (Figure 2J) but not gain load (P = 0.13)
(Figure 2K). These results imply a signi�cant correlation between high stem cell characteristics and
genomic instability in HCC, and high genomic variability may be one of the important reasons for poor
prognosis in patients with high mRNAsi.

Next, to further explore the potential tumor heterogeneity and biological behavior differences between the
high and low mRNAsi groups, we performed GSVA enrichment analysis based on transcriptome data
from the TCGA-LIHC cohort. The results showed that several immunogenicity and immunoactivation-
related signaling pathways were signi�cantly enriched in patients with low mRNAsi, including
"IL6/JAK/STAT3 signaling pathway", "in�ammatory response", “TNF-α signaling pathway”, "IL2/STAT5
signaling pathway" et. The high mRNAsi group was mainly enriched in cell cycle regulation and cancer-
promoting signaling pathways, including "G2M checkpoint", "E2F target", "MYC target V1" "MTORC1
signaling pathway", "WNT-β protein signaling pathway" (Figure 2L). 

Screening of prognostic mRNAsi-related signatures in HCC
Differential analysis was performed in TCGA-LIHC and ICGC-LIRI cohorts respectively. A total of 1141
mRNAsi-related DEGs were identi�ed in the TCGA-LIHC cohort, of which 454 genes were signi�cantly
upregulated in high mRNAsi group and 687 genes were signi�cantly upregulated in low mRNAsi group
(Figure 3A). A total of 1293 mRNAsi-related DEGs were obtained in the ICGC-LIRI cohort, of which 296
genes were signi�cantly upregulated in high mRNAsi group and 997 genes were signi�cantly upregulated
in low mRNAsi group (Figure 3B). A total of 569 mRNAsi-related DEGs were obtained from the
intersection of DEGs of the two cohorts. It was de�ned as the HCC stemness (HCS) related gene cluster
(Figure 3C). GO enrichment analysis showed that the gene cluster was involved in several biological
processes associated with immune microenvironment formation, tumor metastasis and cell cycle
regulation. KEGG enrichment analysis showed that HCS related gene cluster was signi�cantly enriched in
several classic oncogenic pathways, such as "TGF-β signaling pathway", "P53 signaling pathway", "MAPK
signaling pathway", "PI3K-Akt signaling pathway", "cell adhesion molecules" and "ECM-receptor
interaction" (Figure 3D).

Subsequently, univariate Cox analysis was performed on the HCS-related gene cluster in the TCGA cohort,
and a total of 92 prognostic HCS genes were obtained, of which the vast majority were independent risk
factors in HCC, and their expression levels were signi�cantly positively correlated with cancer stemness
(Figure 3E). To further identi�ed HCS related genes with the most prognostic potential, we performed
LASSO regression analysis on these 92 genes (Figure 3F-G). Seven HCS related hub genes were
identi�ed: RAMP3, KLF2, TKT, NEIL3, CDCA8, TMEM106C, and KPNA2. The regression coe�cient of each
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hub gene in LASSO analysis were demonstrated in Figure 3H. These genes were also signi�cantly
correlated in regard of their co-expression levels (Figure 3I). 

Construction and validation of 7-gene HCS-related panel in
four HCC cohorts
To assess the clinical prediction signi�cance of HCS-related genes, we constructed the HCC stemness-
related risk score (HCSRS) model based on the expression level of hub gene and its corresponding
regression coe�cient: HCSRS = 0.223*KPNA2 + 0.062*CDCA8- 0.123*RAMP3 + 0.057*NEIL3 +
0.075*TMEM106C - 0.013*KLF2 + 0.047*TKT. Based on this formula, the HCSRS of each patient in
TCGA-LIHC training cohort was calculated. It was showed that patients with high HCSRS exhibit worse
OS than those with low HCSRS (HR=2.66, 95%CI: 1.87-3.76, P < 0.001) (Figure 4A). ROC curve was used
to evaluate the clinical prediction performance of HCSRS in the training set. The AUC values of the
HCSRS model in predicting 1-year, 2-year and 3-year OS were 0.8, 0.75 and 0.75 respectively (Figure 4E),
indicating that the HCSRS model has an excellent clinical predictive performance. Moreover, three
independent validation cohorts including ICGC-LIRI, GSE14520 and GSE116174, were used to evaluate
the stability of HCSRS prognostic performance. In line with training cohort, the HCSRS still possessed
well clinical signi�cance for outcome prediction (P < 0.05) (Figure 4B-D). And ROC curve proved that
HCSRS also has high predictive accuracy for 1-year, 2-year and 3-year OS in the validation cohorts (Figure
4F-H).

Univariate and multivariate Cox regression were performed to explore whether HCSRS could be used as
independent prognostic factors for HCC patients. Univariate Cox analysis showed that TNM stage,
mRNAsi and HCSRS were risk factors for unfavorable outcomes of HCC patients (Figure 4I). Multivariate
Cox analysis suggested that only HCSRS was an independent risk factor for HCC patients (Figure 4J),
and con�rmed its robust predictive e�ciency (OS: HR = 4.50, 95%CI: 2.57-7.88, P < 0.001). It is worth
noting that although HCSRS and mRNAsi score are both poor prognostic factors for HCC, HCSRS
obviously has a more powerful predictive performance compared with mRNAsi score, and the algorithm
is more concise and does not rely on whole genome sequencing data. 

Establishment of a nomogram based on HCSRS
To develop a mor sensitive and quantitative method for hazard classi�cation of HCC patients, two
independent prognostic factors (N stage and HCSRS) in the TCGA cohort were integrated and a
nomogram was established combining patient age and TNM stage. The C-index of the established
nomogram was 0.75 (95%CI: 0.71-0.78) after 1000 bootstrap iterations. The calibration plots also
showed that the nomogram performed good consistency when compared of predicted survival and
actually observed outcomes at 1, 3 and 5 years (Figure 5B-5D), indicating that the nomogram had strong,
robust and quantitative clinical prognostic ability for the hazard classi�cation of HCC patients. 
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High HCSRS score correlated with immune suppression in
HCC tumor microenvironment
Previous studies have shown that cancer stemness is closely related to the formation of tumor immune
microenvironment and will affect patients' response to immunotherapy to a certain extent [6]. Given the
underlying associations between cancer stemness and immune in�ltration, the immune cell fractions in
HCC cohorts were estimated based on expression matrix using the ssGSEA algorithm. Notably, patients
with high HCSRS exhibited lower immune in�ltration in tumors. Several immune cells involved in
antitumor immunity, such as B cells, CD8 T cells, cytotoxic T cells, DC cells, neutrophils, NK cells, T cells
and helper T cells, were signi�cantly reduced in TME in the high HCSRS group (P < 0.01) (Figure 6A),
indicating suppressive immune tatus in HCC-TME. The CYT response is primarily responsible for adaptive
anti-tumor immunity, and is characterized by signi�cantly enhanced T cell activity [16]. We found that
high HCSRS was associated with an impaired CYT response (P < 0.01) (Figure 6B). We also analyzed the
correlation between hub genes and immune cells to verify the effect of single genes. Notably, the
expression levels of RAMP3 and KLF2, which are tumor-suppressors in HCC, were signi�cantly positively
correlated with the in�ltration of anti-tumor immune cells, whereas the other �ve genes showed negative
correlation. In general, HCC patients with high HCSRS have a poor survival prognosis, characterized by
higher cancer stemness, more cancer-related signaling activation, greater genomic instability, lower
immune in�ltration, and lower CYT response (Figure 6F).

At last, the expression of these genes at the transcriptional and protein level were analyzed through TCGA
expression matrix and THPA database (among which the immunohistochemical data of RAMP3, KLF2
and NEIL3 were missing). Compared with normal liver tissues, the protein levels of CDCA8, KPNA2, TKT
and TMEM106C were signi�cantly higher in HCC tumor tissues, which was consistent with their mRNA
expression levels (Figure 7A-B). These results suggest that the HCS-related genes are not only involved in
the occurrence and development of HCC, but also can be potential therapeutic targets for HCC. 

Screening of potential therapeutic agents for high-HCSRS
score HCCs
CTRP and PRISM were cancer cell-based, comprehensive data-driven resource for exploring relationships
across chemicals, genes and cancer cells. Hence, we intended to screen for potential compounds,
speci�cally targeting the stemness signature in HCC. Candidate therapeutic agents with drug sensitivity
in high-HCSRS patients were identi�ed based on drug response data derived from online resource. Two-
step analyses were performed based on each database, respectively. First, differential drug sensitive
analysis between high-HCSRS score (top decile) and low-HCSRS score (bottom decile) groups was
conducted. Compounds with lower estimated AUC values in high-HCSRS score group were identi�ed
(log2FC > 0.10). Next, compounds with negative correlation coe�cient were selected by Spearman
correlation analysis between HCSRS score and AUC value (Spearman’ r < −0.30). As a result, four CTRP-
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derived compounds (including BI-2536, KX2-391, paclitaxel and SB-743921) and eight PRISM-derived
compounds (docetaxel, epothilone-b, gemcitabine, irinotecan, LY2606368, rubitecan, sirolimus and
topotecan) were obtained. All these compounds had a negative correlation with HCSRS and lower
estimated AUC values in high-HCSRS group (Figure 8A and B).

Discussion
HCC is an important cause of cancer-related death, which is partly attributed to its resistance to
traditional treatment and high recurrence rate after surgery [3]. Although CSCs are only a small subset of
tumor cells, they have attracted much attention in recent years due to their ability to self-renew,
differentiate and promote tumor recurrence and metastasis [7]. We employed large samples with
expression matrix to calculate the stemness-related indices and found high mRNAsi was correlated with
classic HCC features, including higher pathological grade, HBV infection and somatic mutations of driver
genes such as TP53, AXIN1 and MUC17. The mRNAsi level increased as the tumor pathological grade
increase, and the G3/G4 tumor have the highest stemness indices, consistent with their undifferentiated
pathological characteristics. Moreover, mRNAsi were tightly associated with OS, DFS and PFS in HCC,
possessing �ne quanti�cation and �tness of stemlike-features. We identi�ed the stemness-related most
characteristic 7 signatures, and we focused on the 7-gene based model, which was trained and validated
in 903 HCC patients to possess superior prediction performance in 1-, 2-, and 3-year OS. We also
established a nomogram integrating stemness scores, which exhibited well calibrated accuracy and
clinical value. Furthermore, we inferred the abundance of immune in�ltrating cells in HCC-TME. Notably,
we observed that high HCSRS was signi�cantly correlated with lower in�ltration of immune-activated
cells, especially cytotoxic cells, CD8+ T cells, NK cells as well as CYT responses. As last, we screened out
the potential therapeutic agents targeting HCC patients with high stemness. 

The OCLR algorithm was selected in this study to quantitatively evaluate the stemness indices of HCC
samples. Compared with traditional machine learning-based predictors, OCLR does not penalize the
misclassi�cation of stem cell-derived progenitor cells at different stages of differentiation, and exhibited
equivalent performance with a more �exible formulation. We thus derived a distinct stemness metric at
the transcriptional level based on OCLR algorithm, and selected mRNAsi for prognostic analysis.
Stemness signatures had been reported in other malignancies with different predictive values such as
breast cancer, colon cancer, and AML.  As far as our information goes, the 7-gene signature has not been
previously reported in other studies that was convenient and helpful for clinical decision making.
Interestingly, recent studies have shown that the high expression of RAMP3 is related to the better
prognosis of HCC patient post-surgery [17]. RAMP3 can also inhibit glycolysis and promote ROS
activation and apoptosis of P53 de�cient cancer cells under pramlintide treatment [18]. In this study,
RAMP3 signi�cantly correlated with the anti-tumor immune cells in HCC TME, which include CD8 T cells,
cytotoxic cells, DC cells and NK cells, implying its potential as a drug target in tumor treatment.
Meanwhile, other signatures were also reported involved in tumorigenesis and stemness, like KLF2, TKT,
and CDCA8 [19-22]. The functional enrichment analysis further demonstrated that wnt-β-catenin, MYC,
MTORC, P53 and other signaling pathways were signi�cantly enriched in HCC patients with high cancer
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stemness. Overall, the most advantage of prognostic genes is for clinical judgment of caner stemness
and guiding personalized treatment. 

Previous studies have just reported that more than twenty cancer genes were frequently mutated in HCC,
driving tumor occurrence and development, which include TP53, CCTNB1 and AXIN1 [23]. As one of the
most important tumor suppressor genes, TP53 can inhibit the expression of a variety of stem cell factors
by activating miR-34a and miR-145, thus preventing differentiated cells from backsliding to
pluripotency [24-27]. In line with the previous �ndings, we found that both TP53 and AXIN1 were more
frequently mutated in high mRNAsi samples. Furthermore, the TMB and distribution of copy number
variation were also tightly associated with mRNAsi. Dormant CSCs may be activated by a series of gene
mutations and undergo a large number of gene sequence changes. The accumulation of these mutations
will also drive the immune escape of CSCs and drug resistance, and the activation of CSCs will further
promote the increase of cancer stemness and thus promote genomic instability [28]. Nevertheless, large
samples are still warranted to further verify the potential correlations between mutational burden and
stemness indices in the HCC cohort. 

Recently, a pan-cancer analysis revealed that lower immune in�ltration is widely associated with the stem
cell-like cancer phenotypes across twenty-one types of solid tumors [29]. Based on the expression data of
four HCC cohorts, we systematically explored the general landscape of in�ltrating-immune cells in HCC
TME regulated by cancer stemness. We observed that the HCSRS was negatively correlated with
in�ltrating levels of anti-tumor immune cells, mainly the adaptive immune cells, like CD8+ T cells, B cells
and cytotoxic cells. Meanwhile, two of the stemness signatures, RAMP3 and KPNA2 were both positively
correlated with activated in�ltrating immune cells. KLF2 was reported to play a central role in regulating
immune cell activation; Down-regulation of KLF2 maintains T cells in a resting state, inhibits monocyte
activation and continuously activate regulatory T cells [30]. A recent study reported that KLF2 and Tfcp2li
synergically inhibit cell pluripotency [31]. Interestingly, KLF2 and Tfcp2li are two key downstream targets
of the Wnt-β-catenin pathway, which mediate stem cell self-renewal [30]. In addition, KLF2 has been
con�rmed to inhibit the growth, migration and colony formation of HCC cells, and it can compete with
Gli1 by binding to HDAC1 to inhibit the activation of Hedghog signaling pathway [19]. The Wnt-β-catenin
and Hedghog signaling pathways are the most important activation pathways of cancer stem cells [6].
Lastly, we analyzed the dug sensitivity in cancer cell lines and proposed twelve candidate compounds
with higher therapeutic e�cacy in high HCSRS cohorts. 

However, there are several limitations in this study requiring further optimization. Although validated in
four independent cohorts, it still remains unclear whether the 7-gene based signature could be generalized
into all the HCC samples to quantitatively evaluate stemness and precisely predict patient survival. Lager
samples and multicenter cohorts should be included in validation. Some compounds are already tested in
safety and are being used in clinic. Whereas other new agents require speci�c preclinical validations to
assess their real inhibitory effects.

Conclusion
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Overall, through the multidisciplinary approach of computer science and life science, and based on the
large-scale HCC research cohort, this study comprehensively and systematically analyzed the potential
relationship between the characteristics of HCC stem cells and genetics, clinical prognostic
characteristics, biomolecular pathways and tumor microenvironment. Seven HCC stemness-related hub
genes were screened out, and a stemness-related clinical prediction model was constructed, which can
quantitatively predict the death risk of patients, identify tumor heterogeneity and evaluate patients'
individual cancer stemness level. Additionally, chemical compounds speci�cally targeting the cancer
stemness were proposed. These results will provide a promising theoretical basis for the individualized
treatment of HCC patients from the perspective of cancer stemness.

Materials And Methods

Data acquisition and preprocessing
Four independent HCC cohorts were obtained from publicly available databases and matched integrated
clinical annotations. The patients with incomplete survival information were excluded. For TCGA-LIHC
cohort, a total of 365 HCC samples and 50 normal liver tissue samples were included. The corresponding
expression pro�les, somatic mutation data and copy number variation (CNV) data, as well as detailed
clinicopathological information, are obtained from the Genomic Data Commons (GDC) platform using
the 'TCGAbiolink' R package [32]. To standardize the data and increase comparability between different
cohorts, we converted the FPKM value of RNA-seq data into transcripts per kilobase million (TPM) value
[33]. The Ensemble ID of the transcript was converted into Gene Symbols through GENCODE Gene
annotation �le (GRCH38, Version 22), and the relative expression level of genes was log2 (TPM + 1) to
narrow the range of values. And the standardized gene expression �les and clinicopathological
information of ICGC-LIRI-JP with 231 HCC samples and 202 normal liver tissue were obtained based on
Illumina HiSeq RNA sequencing platform. Besides, the raw "CEL" �les (microarray datasets based on
Affymetrix@) of GSE14520 and GSE116174 were obtained from the Gene Expression Omnibus and
carried out for background correction and quantile standardization using Robust Multi-array Average
(RMA) algorithm [34]. The GSE14520 cohort included 242 HCC tissue samples, and the GSE116174
cohort included 65 HCC tissue samples, both of which contained complete clinical survival data. 

Calculation of stemness indices for HCC
Based on Illumina Human Methylation 450 platform, we obtained 99 human stem/progenitor cells from
the Progenitor Cell Biology Consortium (PCBC) database. The stem cell dataset included 4 embryonic
stem cells, 40 induced pluripotent stem cells, 22 stem cell-driven embryoids, and 33 stem cell-driven
mesoderm, endoderm, and ectoderm. A machine learning algorithm OCLR was used to train these
datasets and calculate the stemness indices (mRNAsi) for each patient in TCGA-LIHC and ICGC-LIPI
cohort based on expression matrix [35]. The patients were divided into the high and low mRNAsi groups
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according to the median value of stemness indices. Kaplan-Meier survival analysis was used to evaluate
the survival difference between the two groups and draw the survival curve. 

Evaluation of mRNAsi with genetic variation in HCC
The Mutation Annotation Format (MAF) �le in GDC was used to analyze and visualize the somatic
mutation data by performing 'Maftools' R package [36]. Tumor mutation burden (TMB) was de�ned as
the sum of somatic gene coding errors, base substitutions, gene insertion or deletion errors detected per
megabase (Mb). We calculated TMB for each patient in the TCGA-LIHC cohort using the following
formula: the absolute number of somatic mutations with non-synonymous mutations/exon length (38
Mb). In addition, we identi�ed genome-wide regions with signi�cant ampli�cation or deletion changes by
GISTIC 2.0, a biological program based on robust computational algorithms to detect somatic CNV by
evaluating the frequency and magnitude of corresponding events [37]. The absolute number of genes
with copy number changes in Focal and Arm levels is copy number loss load or copy number gain load
[38]. 

Screening of HCC stemness-related signatures
The ‘Limma’ R package was used for differential expression genes (DEG) analysis between high and low
mRNAsi groups under the threshold of | log2 (fold change) | > 0.5 and False Discovery Rate (FDR) <
0.001. The intersection of DEGs in the two cohorts was de�ned as HCS related genes. Finally, we used
univariate Cox analysis to screen and check prognostic HCS related panel in HCC. 

Functional enrichment analysis
Gene set variation analysis (GSVA) was performed on the whole genome transcription data of the TCGA-
LIHC cohort using the 'GSVA' R package in high and low mRNAsi groups. GSVA is a nonparametric and
unsupervised algorithm commonly used to assess changes in biological processes or signaling pathway
activity of gene expression matrix [39]. The gene set 'h.all.v7.4.symbols.gmt' used in this analysis was
obtained from The Molecular Signatures Database (MSigDB). In addition, 'clusterPro�ler' R package was
used to perform Gene ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analysis to reveal the biological processes and signaling pathways related to the occurrence
and development of HCC mediated by HCS [40]. 

Construction and validation of an HCS-related clinical risk
model
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TCGA-LIHC cohort was taken as a training set and risk model was constructed using LASSO algorithm.
The other three cohorts were used for model validation. We used the 'glmnet' R package to �t LASSO Cox
regression to punish the weights of clinical model parameters, and used 10x cross-validation to
determine the optimal penalty parameter λ in the training set to generate a sparse parameter space. The
gene λ  corresponds to the most characteristic HCS-related prognostic signature. Consequently, based on
these signatures, we multiplied the normalized gene expression level (exp) with its regression coe�cient
(β) to obtain the hepatocellular carcinoma stemness-related risk score (HCSRS) model:

Evaluating the associations between tumor
microenvironment and HCSRS in HCC
The single sample gene-set enrichment analysis (ssGSEA) was applied to explore the different in�ltration
proportion of 24 types of immune cells, immune related signatures and pathways in TCGA-LIHC
expression pro�le by using the “GSVA” R package. Gene markers of these immune cells and immune
related signature were obtained from the study by Bindea and Mariathasan et al [41]. In addition, the
geometric average expression levels of GZMA and PRF1 was used to represent cytotoxic activity score
(CYT) [16]. Immunohistochemical data from The Human Protein Altas (THPA) database were used to
analyze the protein expression of HCS-related genes in HCC. 

Construction and validation of HCSRS based nomogram
Independent risk factors identi�ed by multivariate Cox regression analysis were used to construct a
nomogram to quantitatively predict the OS of HCC patients. Nomograms integrate multiple predictive
indicators to score the outcome variables according to the scale corresponding to each predictive
indicator, and �nally evaluate the probability of outcome events of a patient according to the total score.
Its construction and validation strictly follow the research guidelines of Lasonos et al [42]. The calibration
graph was used to verify the accuracy of the clinical prediction performance of the nomogram, and a C-
index was used to evaluate the consistency between the actual result frequency and the model-predicted
frequency. Nomogram and calibration diagram were drawn by 'Rms' R package. 

Identi�cation of potential therapeutic agents 
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Expression matrix and somatic mutation pro�les of more than 700 human cancer cell lines were obtained
from the online database Cancer Cell Line Encyclopedia (CCLE)
(https://sites.broadinstitute.org/ccle/datasets) [14]. Drug sensitivity data of compounds over cancer cell
lines were provided by PRISM Repurposing dataset (https://depmap.org/portal/prism/) and Cancer
Therapeutics Response Portal (https://portals.broadinstitute.org/ctrp), respectively. Each datasets use the
area under the dose-response curve (based on area under the curve (AUC)) value as a measure of drug
sensitivity in speci�c cell lines. Lower AUC value indicates increased drug sensitivity. Missing AUC values
were imputed by the application of K-nearest neighbor (k-NN) imputation. Compounds with more than
20% of missing values were excluded before imputation. Since the cell lines in both datasets were
obtained from the CCLE project, biomolecular data in CCLE were thus used for subsequent PRISM and
CTRP analyses.  

Statistical analysis
Unpaired Student's -T test (for normally distributed variables) and Mann-Whitney U test (for non-normally
distributed variables) were used to compare the differences between two groups. Nonparametric Kruskal-
Wallis test was used to compare differences between three groups and more. Benjamini-Hochberg for
multiple corrections of results. Spearman correlation analysis was used to calculate the correlation
between HCC immune cell in�ltration level and HCS-related gene expression level. Kaplan-Meier analysis
was used to draw survival curves, and log-rank test was used to determine the statistical signi�cance of
survival differences. Univariate and multivariate Cox analyses were used to evaluate the independent
prognostic ability of HCSRS in HCC patients. Receiver operating characteristic curve (ROC) and its Area
under curve (AUC) were used to evaluate the sensitivity and speci�city of HCSRS prognostic model. All
data analysis was implemented using R software (version 3.6.1), and the P < 0.05 indicated statistically
signi�cant.
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Figures

Figure 1

Association of stemness index and clinicopathological features in HCC. (A-B) Overview of mRNAsi and
clinical features in TCGA-LIHC and ICGC-LIRI cohorts. (C) The mRNAsi was signi�cantly higher in HCC
than that in normal tissues. (D) There was a signi�cant positive correlation between mRNAsi and
pathological grade of HCC. (E) HBV-positive HCC patients had a higher mRNAsi than HBV-negative HCC
patients. (F-H) The relationship between mRNAsi and OS, PFS and DFS in TCGA-LIHC cohort. (I) The
relationship between mRNAsi and OS in ICGC-LIRI cohort.

Figure 2
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Association between the mRNAsi and genomic instability in HCC. (A-B) Waterfall diagram shows the 20
most common mutated genes and their speci�c mutation forms in the low and high mRNAsi groups
respectively. (C) Genes with the most signi�cant mutation difference between high and low mRNAsi
groups. (D) Protein domain of TP53 and detailed mutation sites in high and low mRNAsi groups. (E)
Correlation between HCC mRNAsi and tumor mutation load. (F-G) Gistic score and variation frequency of
copy number in autosomes in high and low mRNAsi groups. Red represents gain and blue represents
loss. (H-I) At Focal level, difference of copy number gain and loss load between high and low mRNAsi
groups. (J-K) At Arm level, difference of copy number gain and loss load between high and low mRNAsi
groups. (L) Heat map shows enriched biological processes with signi�cant difference in groups with high
and low mRNAsi, with gold indicating positive correlation and blue indicating negative correlation.

Figure 3

Screening of prognostic mRNAsi-related signatures in HCC. (A-B) Differentially expressed genes between
the high and low mRNAsi groups in TCGA and ICGC cohorts. The red and green dots represent
signi�cantly up-regulated genes in high and low mRNAsi groups, respectively. (C) Venn diagram shows
the intersection of 569 differentially expressed genes in two HCC cohorts. (D) The biological processes
and KEGG analysis of the 569 mRNAsi-related genes. (E) Univariate Cox analysis of 569 genes in the
TCGA LIHC cohort, 19 of which are negatively correlated with mRNAsi (white square) and improved
prognosis (green square); Seventy-three genes are positively associated with mRNAsi (black square) and
with poor prognosis (red square). (F-G) LASSO regression identi�es seven of the most potential mRNAsi-
related prognostic genes, and 10x cross-validation. (H) Distribution of regression coe�cients of mRNAsi-
related prognostic hub genes. (I) Correlation between expression levels of hub genes, red represents
positive correlation, green represents negative correlation.

Figure 4

Training and validation of 7-gene HCS-related risk model. (A) TCGA-LIHC (training set) was used to
construct the HCC stemness-related risk score (HCSRS) model, and the patients with high HCSRS
suffered worse OS than that with low HCSRS. (B-D) ICGC-LIRI, GSE14520 and GSE116174 function as
external validation sets to evaluate the performance of the risk model, and the OS of high-risk patients is
statistically worse. (E-H) ROC curve was used to evaluate the sensitivity and speci�city of HCSRS in
predicting patient OS in the training set and validation set. (I-J) Univariate and multivariate Cox analysis
revealed that HCSRS is an independent risk factor in�uencing the prognosis of HCC patients.

Figure 5
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Nomogram integrating HCC stemness-related risk score. (A) Nomogram was constructed to quantitatively
predict the death risk of HCC patients at 1, 3 and 5 years. (B-D) Calibration curve to evaluate the predictive
accuracy of nomogram.

Figure 6

Association between HCC stemness and tumor microenvironment. (A) The immune in�ltration levels
between patients in the high and low HCSRS groups. (B) CYT responses between patients in the high and
low HCSRS groups. (C) The correlation between the expression levels of HCS-related hub genes and the
in�ltrating levels of immune cells, red represents positive correlation, blue represents negative correlation,
and color depth represents correlation strength. (D) Mulberry plot shows the association between HCSRS,
stem cell index, patient survival, and levels of immune in�ltration. HCSRS, hepatocellular carcinoma
stemness-related risk score; CYT, cytotoxic activity score.

Figure 7

Expression of HCS-related hub genes in tumor tissues. (A) Differences in the expression levels of hub
genes between HCC and normal tissues. (B) Expression levels of HCS-related hub genes at protein level
between tumor and normal tissues was analyzed based on immunohistochemical results of THPA
database.

Figure 8

Screening of potential therapeutic agents for high-HCSRS score HCCs. (A) Spearman’s correlation
analysis and differential drug sensitivity analysis of four CTRP-derived compounds. (B) Spearman’s
correlation analysis and differential drug sensitivity analysis of eight PRISM-derived compounds. 


