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Background: Circadian rhythm (CR) coordinates a variety of internal biological processes with the 
external daily cycles of light and dark. However, the implications of CR-related regulator in hepatocellular 
carcinoma (HCC) are quite obscure. Here, we aimed to identify pivotal CR-related markers in HCC for 
predicting survival and treatment outcomes. 
Methods: The prognostic value of CR regulators in HCC was analyzed. Multi-step machine learning 
feature selection approaches were employed to establish a model. Thereafter, we evaluated its capacity of 
clinical prediction and treatment guidance.
Results: First, we depicted the prognostic stratification value of CR regulators in HCC. Two CR-related 
phenotypes were identified, revealing a distinct clinical outcome, biological pathways and drug sensitivity. 
Subsequently, via four topological approaches and differentially expressed genes (DEGs) from real-world 
cohorts, we screened out CRY2 as the pivotal CR regulator with significant prognostic value in HCC. We 
performed the relevant basic assay validation for CRY2. Overexpression of CRY2 inhibited the proliferation 
and migration abilities of Huh7 and Hep3B cells. Moreover, three machine learning algorithms [random forest 
(RF), extreme gradient boosting (XGBoost) and least absolute shrinkage and selection operator (LASSO)] 
were implemented to construct a risk-scoring model named CR predictor, which exhibited clinical benefits and 
therapeutic advantages for HCC. An online nomogram based on CR predictor was developed for predicting 
individualized survival (https://lihc.shinyapps.io/CR_predictor/). Finally, Mendelian randomization (MR) 
was performed. Among model genes in CR predictor, PPARGC1A revealed a significant causal effect on 
HCC. 
Conclusions: We proposed a CR-related risk classifier in HCC, to predict patients’ overall survival (OS) 
and therapeutic response. Targeting CR could be a promising treatment modality against HCC. 
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Introduction

Hepatocellular carcinoma (HCC) is one of the most lethal 
malignancies around the world (1). Viral hepatitis, excessive 
alcohol intake, moldy food consumption, and metabolic 
liver disease all contribute to HCC (2). With increasingly 
expanded indications, surgical resection remains the 
mainstay of HCC treatment. Unfortunately, even after 
surgical intervention and active postoperative management, 
HCC still carries a dismal prognosis with 5-year recurrence 
rate of 70% (3). Therefore, identifying novel and reliable 
HCC biomarkers to improve patient outcomes, through 
accurate prognostic assessment and individualized 
treatment, is a critical but presently unmet clinical need.

Circadian rhythm (CR) is a ubiquitous time-keeping 
system coordinating physiological processes (wake-sleep, 
eating-fasting and activity-rest) with the daily cycles of 
daylight and darkness throughout a 24-hour period (4,5). 
At the molecular level, CR regulates cell cycle, DNA 
repair, apoptosis, proliferation, autophagy, metabolic 
nodes and immune components (6). Long-term irregular 
CR could increase the risks of a series of chronic diseases, 
especially cancers (7). According to epidemiological and 
experimental evidence, CR disruption has emerged as the 
hallmark of tumor onset and progression recently. For 
instance, chronic jet lag pushed fatty livers in wild-type 
mice, which ultimately developed to fibrosis and HCC (8). 

Moreover, the production of spontaneous circulating tumor 
cells (seeds of distant metastasis) coincides with sleep (9). 
These have raised hope for optimizing treatment (6). Wang  
et al. demonstrated that CR in dendritic cells (DCs) directly 
governed the anti-tumor response of CD8+ T cells in both 
mice and humans (10). However, the relationship between 
CR and cancer progression remains enigmatic, which 
may hamper recognizing underlying biomarkers to guide 
tailored therapies.

The last decade has witnessed a huge revolution in 
machine learning available for the entire spectrum of HCC 
management, encompassing risk assessment, diagnosis, 
and prognostic estimation (11). Considering the crucial 
role of machine learning in medical big data, we aimed to 
integrate machine learning into our research to excavate 
robust biomarkers to explore untapped potential correlation 
between CR and HCC progression. Here, HCC patients 
were divided into two CR-related phenotypes with distinct 
survival outcomes and functional annotations. The tumor 
microenvironment (TME) and treatment resistance 
of patients between two phenotypes were identified. 
Then, we screened the crucial circadian rhythm-related 
genes (CRRGs) and explored their prognostic values. 
Furthermore, the CR predictor was constructed employing 
machine learning algorithms to forecast the prognosis 
and therapeutic response. A nomogram was established 
based on the novel CR predictor; further, it may facilitate 
individualized survival prediction and pave the way for 
therapeutic regimens selection. Finally, we investigated the 
potential causal relationship between the model genes in CR 
predictor and HCC, using Mendelian randomization (MR). 
We present this article in accordance with the TRIPOD 
reporting checklist (available at https://tcr.amegroups.com/
article/view/10.21037/tcr-24-1155/rc).

Methods

Data acquisition

The RNA sequencing (RNA-seq) data and full clinical 
annotations of HCC patients were respectively extracted 
from The Cancer Genome Atlas (TCGA) Program and 
University of California Santa Cruz (UCSC) Xena platform. 
We also obtained expression matrices and corresponding 
clinical data from International Cancer Genome Consortium 
(ICGC) and the Gene Expression Omnibus (GEO) database. 
Gene list for CR was retrieved from the AmiGO 2 Web 
portal (http://amigo.geneontology.org/amigo) most recently. 
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The study was conducted in accordance with the Declaration 
of Helsinki (as revised in 2013).

Epigenetic and transcriptional features analysis

Based on the TCGA database, the types, rates, exclusive 
and co-occurrence of DNA mutations were explored 
via “maftools” package. Somatic copy number alteration 
(SCNA) data were downloaded from the cbioportal (https://
www.cbioportal.org). Deep deletion and amplification were 
defined by values of −2 and 2 separately. The SCNA results 
and expression distributions were visualized by “ggplot2” 
and “ggpubr” package.

Unsupervised consensus clustering for CR regulators

Unsupervised Consensus clustering algorithm was 
employed to identify CR-mediated phenotypes via the 
“ConsensusClusterPlus” package. This clustering process 
was repeated for 1,000 times by resampling 80% items, 
categorizing each sample by k-means algorithm based on 
the Euclidean distance. To verify whether each phenotype 
was relatively independent, principal component analysis 
(PCA) was applied via “FactoMineR” R package. Using R 
package “survival” and “survminer”, the overall survival 
(OS) was appraised. Differentially expressed genes (DEGs) 
between two CR phenotypes was distinguished by “Limma” 
package. Furthermore, the Sankey diagram and heatmap 
were drawn to show the relationship between the DEGs 
expression, clinical characteristics, and CR phenotypes.

Functional enrichment and immune profile analysis

To probe into the variation of pathway activity in two CR 
phenotypes, Gene Set Variation Analysis (GSVA) and 
Gene Set Enrichment Analysis (GSEA) were performed 
utilizing the “c2.cp.kegg.v2022.1.Hs.symbols.gmt” extracted 
from MSigDB database (12) (R package “GSVA” and 
“clusterProfiler”). Immune cell and stromal cell infiltration 
in HCC microenvironment were calculated by single-
sample GSEA (ssGSEA) (13) and Microenvironment Cell 
Populations (MCP) counter (14) respectively. Beyond this, 
immune-related gene expression, mutant-allele tumor 
heterogeneity (MATH) values (15) and Tumor Immune 
Dysfunction and Exclusion (TIDE) score (16) were compared 
between two CR phenotypes. The 50% of the maximum 
inhibitory concentration (IC50) for chemotherapeutic drugs 
were yielded by “oncoPredict” package. 

Selection and verification of crucial CRRGs

The protein-protein interaction (PPI) network of CRRGs 
was established via Search Tool for the Retrieval of 
Interaction Gene (STRING) database with a reliable 
threshold (score >0.7). To elucidate key interacted genes, 
4 algorithms of cytoHubba plug-in based on Cytoscape 
software were applied, including maximal clique centrality 
(MCC), maximum neighborhood component (MNC), edge 
percolated component (EPC) and Degree. Top 20 nodes 
(hub genes) scored by the 4 algorithms were overlapped 
by “UpSetR” R package. DEGs [identified using “Limma” 
R package with adjusted P value <0.001 and |log fold 
change (FC)| >1] in GSE208668 was used to validate hub 
genes. Ultimately, we intersected hub genes and DEGs to 
obtain crucial CRRGs. Relationship between expression 
and methylation of crucial CRRGs at pan-cancer level 
were assessed by Gene Set Cancer Analysis (GSCA) online  
tools (17). CpG methylation patterns was downloaded from 
MethSurv database (18). The integrated repository portal 
for tumor-immune system interaction database (TISIDB) 
enables us to look into expression relationship between CRY2 
and chemokines or immune checkpoints through Spearman 
correlation coefficient (19). The distribution and expression 
of CRY2 in single-cell transcriptome (GSE140228 and 
GSE179795) were visualized by the Tumor Immunization 
Single Cell Hub (TISCH) database (20).

Cell culture and plasmid transfection

HCC cell lines (Huh7 and Hep3B) were obtained from 
Wuhan Pu-nuo-sai Life Technology Co. Ltd. (Wuhan, 
China). All the cell lines were cultured in Dulbecco’s 
modified Eagle’s medium containing 10% fetal bovine 
serum in a humidified atmosphere with 5% CO2, at  
37 ℃. The CRY2 overexpression plasmid (92539-1) and 
corresponding negative control vector plasmid (CON468) 
were synthesized by GeneChem (Shanghai, China). 
Lipofectamine 3000 (Invitrogen, USA) was applied to 
complete transfection. 

Clone formation assay and wound healing assay

For the colon formation assay, cells were seeded in 6-well 
plates at a density of 1,000 per well. After 2 weeks, the cells 
were fixed in 4% paraformaldehyde and stained with 0.1% 
crystal violet. For the wound healing assay, cells were seeded 
in 6-well plates. At 90% confluence, the cell layer was 
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scratched with a 200 μL tip. The migration was monitored 
and photographed at 0 and 24 h. 

Cell cycle assay and apoptosis assay

For the cell cycle assay, cells were fixed with 70% pre-
chilled ethanol overnight. Then, PI and RNase A working 
solution (Solarbio, China) were added. The rate of different 
cell cycle was detected by flow cytometry. For the apoptosis 
assay, cells were treated with fluorescein isothiocyanate 
(FITC)-Annexin V antibody and propidium iodide (PI) 
staining (Beyotime, China) in a dark environment. The data 
were analyzed via FlowJo (version 10.8.1).

Development and verification of the CR predictor via 
machine learning algorithms

HCC patients with complete survival information were 
enrolled, including TCGA cohort (n=363, training group), 
ICGC cohort (n=240, external validation group) and GSE14520 
cohort (n=225, external validation group). Moreover, the 
expression of each cohort was normalized by a “scale” function. 
First, univariate Cox regression screened 66 CRRGs out for 
further analysis. Second, the random forest (RF) (21) and 
extreme gradient boosting (XGBoost) (22) algorithm were 
adopted to prioritize variables via “randomForest” and 
“xgboost” R packages. Briefly, the survival state for HCC 
patients was recognized as the response variable, and the 
CRRGs were selected as the explanatory variables. Majority 
voting was used to combine decision trees in RF algorithm. 
When an explanatory variable is added to the RF model, 
its importance is determined by the degree to which Gini 
coefficient falls. XGBoost algorithm is often regarded as 
an uninterpretable “black box”: the function between the 
features and the response is invisible to the researcher. 
Therefore, we leveraged SHapley Additive exPlanations 
(SHAP) (23), a game theoretic approach to explain how 
XGBoost worked. Thereafter, common candidate genes 
were selected from RF and XGBoost. Third, least absolute 
shrinkage and selection operator (LASSO) Cox regression 
shrunk candidates and minimized the risk of overfitting 
(R package “glmnet”, tenfold cross-validation and 1,000 
re-sampling). Ultimately, CR predictor was calculated as 
follows:

9

1
 

i
Risk score i Eiβ

=

= ∗∑ 	 [1]

where βi and Ei denoted the coefficient and expression of 
each gene, respectively. 

Immunotherapeutic response and other drug sensitivity 
evaluation for CR predictor

First, Pearson correlation analysis screened the link between 
immune checkpoints and CR predictor. Then, a list of genes 
representing the seven-step anticancer immune process 
was obtained from the Tracking Tumor Immunophenotype 
(TIP) database (24), and enriched by GSVA algorithm. The 
R package “corrgram” linked risk scores with the genetic 
traits. The immune score and TME score were calculated by 
“ESTIMATE” and “TMEscore” package, respectively. The 
single-cell tumor immune microenvironment (scTIME) 
Portal, which houses single-cell RNA sequences (scRNA-
seq) focusing on tumor immune microenvironment, 
was utilized to analyze model genes in GSE125449, 
GSE98638, and GSE140228. Further, we calculated risk 
score in GSE104580 and GSE109211 to probe into the 
capacity of CR predictor to forecast transcatheter arterial 
chemoembolization (TACE) or sorafenib efficacy. Last 
but not least, the Connectivity Map (CMap) web-based 
database was used to predict potential therapeutic agents 
and their underlying mechanisms (25).

Construction of a CR predictor-based nomogram

Nomogram is a pictorial representation of a scoring system 
for prognosis prediction. To excavate the independent 
prognostic potential of CR predictor in HCC, univariate 
and multivariate Cox analyses were conducted (R package 
“forestplot”). Age, stage and CR predictor integrated 
nomogram was generated by “cph” in “rms” package. The 
consistency index (C-index), calibration curve and decision 
curve analysis (DCA) were used to verify the predictive 
capacity for CR predictor (R package “rms” and “ggDCA”). 
Furthermore, to facilitate the use of nomogram, user-
friendly dynamic nomogram was developed (R package 
“DynNom”).

MR analyses

To unveil the association between genes in CR predictor 
and the risk of HCC, MR analyses were performed. We 
obtained the Genome-Wide Association Studies (GWAS) 
data for HCC (finn-b-C3_LIVER_INTRAHEPATIC_
BILE_DUCTS) from IEU Open GWAS and c i s-
expression quantitative trait locus (eQTL) data (26) for 
model genes. Instrumental variables closely associated with 
model genes (P<5×10−6) were selected as single nucleotide 
polymorphisms (SNPs) (r2<0.01 and distance >5,000 kb). 
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Considering the less stringent threshold, F statistics were 
calculated. “TwoSampleMR” and “Coloc” R package was 
employed for causality and colocalization, respectively. 

Statistical analysis

Data analyses were performed in R, GraphPad Prism 
software and FlowJo. The survival distribution was 
visualized by Kaplan-Meier (KM) plotter via the log-rank 
test. When comparing data from two groups, Wilcoxon 
test was applied for continuously distributed variables 
(R function “wilcox.test”), while Chi-square test was 
utilized for categorical variables (R function “chisq.test”). 
Correlation between two continuous variables was measured 
by Pearson’s correlation coefficient. For all analyses, P value 
<0.05 was deemed valuable.

Results

Epigenetic features of CR regulators in liver hepatocellular 
carcinoma (LIHC)

To explore the epigenetic features of CR regulators in 
HCC, the prevalence of somatic mutations of 212 CRRGs 
in LIHC was shown on Figure 1A. CR regulators mutated 
in 191 of the 258 (74.03%) LIHC samples, predominantly 
by missense mutations and frame shift deletion mutations. 
Among them, TP53 had the highest mutation rate, while 
PRKDC (7%), KMT2A (5%) and MYCBP2 (5%) followed  
(Figure S1A-S1D). Additionally, we investigated the 
mutation co-occurrence across CR regulators. The co-
occurrence of ADCY1 and PRKDC, along with HNF4A and 
ZFHX3, were revealed (Figure 1B). Figure 1C displayed the 
copy number alteration (CNA) frequency of CR regulators 
in LIHC. CHRNB2, RORC, CIART, NTRK1 and FBXL6 
exhibited widespread copy number amplification, whereas 
almost no deep deletion was exhibited in CRRGs with high 
CNA frequency. Moreover, compared to 50 normal tissues, 
CHRNB2, CIART, FBXL6, NCOA2, and HNRNPU 
expressed considerably higher in 369 liver cancer tissues 
(P<0.001, Figure 1D).

Recognition of CR-related phenotypes in LIHC

Among the clustering variable (k) values, k=2 generated 
the best outcomes according to the clustering heatmaps 
and cumulative distribution function (CDF) curves  
(Figure 2A, Figure S2A,S2B). HCC patients were well 

categorized into Cluster 1 (141 cases, 38.21%) and Cluster 
2 (228 cases, 61.79%). Similar to the thermograms, the 
distinct clusters were corroborated by PCA (Figure 2B). 
Besides, Figure 2C indicated that Cluster 2’s survival 
probability was higher than Cluster 1. The GSE14520 
cohort also demonstrated significant differential survival 
outcomes (Figure S2C). The clinicopathological parameters 
and CRRG expression were also compared. As depicted 
in Figure 2D, Cluster 1 exhibited a larger prevalence of 
advanced histologic grade (G3 or G4), which was closely 
tied to poor OS status, as well as Child-Pugh classification 
grade and tumor node metastasis (TNM) stage. Most CR 
regulators, such as SFPQ, HNRNPL, HNRNPU, HDAC2, 
TOP2A, EZH2, CDK1 and PPP1CC were noticeably 
high-expressed in Cluster 1, while ASS1, KLF9, MTTP, 
F7 and RORC were the opposite (Figure 2E). The observed 
consistency implied the accuracy of the CR patterns in 
predicting the prognosis of HCC. 

Functional comparison disclosing the link between CR 
phenotypes and immune landscape

To elucidate the discrepancies between enrichment 
pathways and CR clusters,  GSVA enrichment was 
conducted (Figure 3A). Cluster 1 was enriched in immune 
and carcinogenic pathways, such as MAPK, ErbB, p53, 
mTOR, and Wnt signaling pathway. Cluster 2, on the 
other hand, was enriched in metabolism-related pathways. 
Consistent with the results from GSVA, GSEA analysis 
suggested that immune-related pathways were significantly 
activated in Cluster 1 (Figure 3B). So, we further evaluated 
the infiltration level of 28 immune cell types. Intriguingly, 
Cluster 1 showed abundant infiltration not only in immune-
promoting cells, such as CD4 T cell, central memory CD8 
T cell, immature B cell, memory B cell, Tfh, Th17 and 
Th2, but also in immune-inhibiting cells, like myeloid-
derived suppressor cells (MDSC) and regulatory T 
cells (Treg). CD 56 bright natural killer (NK) cell and 
eosinophil, in contrast, were more prevalent in Cluster 2 
(Figure 3C). Meanwhile, preferential expression of human 
leukocyte antigen (HLA) and major histocompatibility 
complex (MHC) gene sets were found in Cluster 1  
(Figure S2D,S2E).

According to prior research, higher infiltration of 
immune cells was linked to the prognosis advantage (27). 
However, Cluster 1 with the higher immune cell infiltration 
did not exhibit a superior prognosis over Cluster 2. Current 
study suggested that interaction of cancer-associated 

https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
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Figure 1 Genetic alterations and transcriptional expression of CRRGs in HCC. (A) The top 20 most frequently mutated CRRGs in TCGA. 
(B) Co-occurrence and mutually exclusive analyses of mutant CRRGs. (C) CNA frequency of circadian rhythm regulators in TCGA. Blue 
dots, deep deletions; red dots, amplifications. (D) Expression distributions of high CNA CRRGs between tumor and normal samples in 
TCGA. *, P<0.05; **, P<0.01; ***, P<0.001; ns, no statistical significance (Wilcoxon test). CRRGs, circadian rhythm-related genes; HCC, 
hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; CNA, copy number alteration; TMB, tumor mutation burden. 
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Figure 2 Phenotypes of circadian rhythm and their prognostic value in HCC divided by consistent clustering. (A) Two phenotypes 
of circadian rhythm were identified by k-means using 1,000 iterations in TCGA. (B) PCA to verify the two circadian rhythm-related 
phenotypes in TCGA. (C) The KM curve of circadian rhythm-related phenotypes in TCGA via the log-rank test. (D) The Sankey diagram 
portrayed the correlations across the circadian rhythm-related phenotype clusters, histologic grade, Child-Pugh classification grade, stage 
and survival status in TCGA. (E) CRRGs expression in two clusters and associated clinical characteristics. Differentially expressed CRRGs 
were identified by “limma” package with the threshold of adjusted P value <0.001. G1, Grade 1 (histologic grade); G2, Grade 2 (histologic 
grade); G3, Grade 3 (histologic grade); G4, Grade 4 (histologic grade); HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; 
CRRGs, circadian rhythm-related genes; PCA, principal component analysis; KM, Kaplan-Meier. 
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Figure 3 Functional enrichment and immune landscape of circadian rhythm-related phenotypes. (A) GSVA enrichment analysis of KEGG 
biological pathways for circadian rhythm-related phenotypes. Orange: activated pathways; blue: inhibited pathways. (B) The KEGG 
signaling pathways enriched by GSEA. (C) Immune cell infiltration between two phenotypes. *, P<0.05; **, P<0.01; ***, P<0.001; ns, no 
statistical significance (Wilcoxon test). GSVA, gene set variation analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; GSEA, gene 
set enrichment analysis; NES, normalized enrichment score; PD-L1, programmed cell death-ligand 1; MDSC, myeloid-derived suppressor 
cells; ssGSEA, single-sample gene set enrichment analysis.
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fibroblasts (CAFs) with immune components could 
upregulate the expression of immune checkpoints, inducing 
T-cells dysfunction and evading immune surveillance (28). 
Therefore, we hypothesized that the antitumor immunity in 
Cluster 1 could be influenced by such factors. MATH score, 
a straightforward and quantitative reflection of intratumor 
heterogeneity, was found to be notably higher in the Cluster 
1 (Figure 4A). Subsequent analysis confirmed that Cluster 
1 was certainly featured with a larger fibroblast infiltration 
(Figure 4B). The variation in immune checkpoint expression 
across two clusters was also examined. Cluster 1 showed 
higher expression levels of PD-1, PD-L1, CTLA-4, CD86, 
TIGIT, CD47, TIM-3 and LAG-3 (Figure 4C), indicating 
a tendency for immune evasion. Meanwhile, Cluster 1 
exhibited a higher TIDE score than Cluster 2, representing 
a greater possibility for immune escape and fewer benefits 
from immunotherapy (Figure 4D,4E). Moreover, we 
utilized GDSC2 database to assess the IC50 of drugs, 
covering sorafenib, 5-fluorouracil, cisplatin, vinblastine, 
cyclophosphamide and irinotecan. IC50 values of these 
drugs were lower in Cluster 1, implying that Cluster 1 were 
more sensitive to chemotherapeutic and targeted agents  
(Figure 4F). 

Screening of crucial CRRGs

A PPI network (211 nodes, 1,680 edges) was imported 
into Cytoscape for further analysis (Figure 5A). Based on 
the intersection of the top 20 genes through 4 topological 
algorithms (MCC, MNC, EPC and Degree), 11 hub 
genes were obtained (BTRC, PER2, NR1D1, NPAS2, 
CRY1, ARNTL, PER1, CRY2, CLOCK, CSNK1E, EP300) 
(Figure 5B). However, the results based solely on the 
algorithm might be weak in real-world biological relevance 
and trustworthiness. Desynchrony between the internal 
(organisms) and external (the earth) CR will bring on 
insomnia (29). Thus, we identified 1,348 DEGs between 
older people with and without insomnia disorder from 
GSE208668 (Figure 5C). Ultimately, by integrating the 
DEGs and 11 hub genes, three crucial CRRGs (CRY1, 
CRY2 and EP300) were detected (Figure 5D). The 
expression of crucial CRRGs was inversely linked with their 
methylation levels in multiple cancers (Figure 5E).

To further verify the prognostic value of crucial CRRGs, 
univariate Cox regression was conducted in TCGA. Only 
CRY2 served as an effective protective variable [hazard ratio 
(HR) =0.714, 95% confidence interval (CI): 0.568–0.896, 
and P=0.004, Figure 6A]. According to the KM curve, 

higher expression of CRY2 in TCGA (logrank P<0.001, 
Figure 6B) and ICGC (logrank P=0.005, Figure 6C) cohorts 
was associated with superior OS, suggesting that CRY2 
expression may impede HCC development. Moreover, 
to investigate the independence of CRY2, multivariate 
Cox regression was then performed (Figure 6D). After 
adjustment for pathologic T and histologic grade, CRY2 
still exhibited robust prognostic assessment ability (HR: 
0.741, 95% CI: 0.591–0.929, P=0.01). Then we performed 
the relevant basic assay validation for CRY2. Overexpression 
of CRY2 inhibited clone formation capability in Huh7 
(P=0.02) and Hep3B cells lines (P<0.001, Figure 6E). In 
the wound-healing assay, we found that overexpression 
of CRY2 inhibited wound closure speed in both Huh7 
(P<0.001, Figure 6F) and Hep3B cells (P<0.001, Figure 6G). 
Employing Annexin V and PI staining for flow cytometry, 
we observed that CRY2 overexpression induced apoptotic 
responses (Figure 6H). HCC cells with overexpressed CRY2 
exhibited an inhibitory effect on cell cycle progression 
(Figure 6I). Therefore, we concentrated on the potential 
mechanism by which CRY2 predicts prognosis in HCC. 
First, CRY2 methylation map revealed 16 CpG sites, three 
of which displayed impressive correlations with prognosis, 
including cg02208899 (P=0.01), cg21002528 (P=0.045), and 
cg22234194 (P=0.03, Figure S3A,S3B). Next, we discovered 
that CRY2 was negatively correlated with immune 
inhibitors (CTLA4, HAVCR2, PDCD1 and TIGIT), and 
was positively associated with chemokines (CCL14, CCL15, 
CCL16 and CCL25) (Figure S4A,S4B). On top of that, 
we annotated the GSE140228 and GSE179795 single cell 
expression based on the TISCH2 database. In GSE140228 
dataset, CRY2 was chiefly expressed in conventional CD4 
T cells, proliferating T cells, exhausted CD8 T cells, NK, 
innate lymphoid cells (ILC), DC, B, plasma, mono/macro 
and mast cells (Figure S4C). In GSE179795 dataset, CRY2 
was predominantly enriched in CD8 T cells, NK, ILC, and 
mono/macro (Figure S4D).

Construction and validation of CR predictor

To establish a clinically applicable model of the CR related 
signature for prognosis, we employed three machine 
learning algorithms on 363 TCGA-LIHC patients with 
survival information. The study flowchart was illustrated 
in Figure 7A. After univariate Cox regression analysis, 66 
prognosis-related CRRGs were selected for further analysis 
(Figure S5). Subsequently, RF algorithm was employed to 
identify top 20 crucial genes. The relative importance of 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9311491/figure/f7/
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-1155-Supplementary.pdf
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Figure 4 Prediction of circadian rhythm-related phenotypes in treatment benefits. (A) MATH predicting intratumor heterogeneity between 
two phenotypes. (B) Infiltration of fibroblasts between two phenotypes. (C) Expression of immune checkpoints between two phenotypes 
(Wilcoxon test). (D,E) The distribution of TIDE scores predicting response of immunotherapy between two phenotypes. (F) Response to six 
common chemotherapeutic and targeted drugs between two phenotypes. The y-axis represents the IC50 for each drug. The differences were 
compared by Wilcoxon test (violin chart) and Chi-squared test (percent stacked bar chart). **, P<0.01; ***, P<0.001 (Wilcoxon test). MATH, 
mutant-allele tumor heterogeneity; TIDE, Tumor Immune Dysfunction and Exclusion; IC50, 50% of the maximum inhibitory concentration. 
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Figure 5 Recognition of crucial CRRGs. (A) The PPI network for all circadian rhythm regulators. (B) The identification of hub genes through 
intersecting across top 20 nodes scored 4 topological algorithms (MCC, MNC, EPC and Degree). The height of each bar represented the number 
of genes in that overlap. Eleven common hub genes from the first bar were extracted. (C) Volcano plots showing DEGs in GSE208668. (D) 
The overlaps of 11 hub genes and DEGs. (E) Relationship between expression and methylation of three crucial CRRGs in pan-cancer. CRRGs, 
circadian rhythm-related genes; PPI, protein-protein interaction; MCC, maximal clique centrality; MNC, maximum neighborhood component; 
EPC, edge percolated component; COL, color; DEGs, differentially expressed genes; FDR, false discovery rate; mRNA, messenger RNA.
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Figure 6 Prognostic value for crucial CRRGs. (A) Univariate Cox analysis of three crucial CRRGs with OS in TCGA. (B,C) Kaplan-
Meier curves for CRY2 in TCGA and ICGC. The median expression of CRY2 was set as the cutoff point. (D) Multivariate Cox analysis 
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variable was quantified by the mean decrease in the Gini 
index (Figure 7B). The higher mean decrease in Gini index 
indicates higher variable importance. Next, we calculated 
the SHAP value of XGBoost algorithm (Figure 7C). The 
higher a feature’s SHAP value, the greater its prognostic 
prediction potential. The SHAP dependency analysis 
offered an insightful method for interpreting how a single 
feature influences the output of the so-called ‘black box’ 
XGBoost prediction model (Figure S6). Finally, the top 20 
genes selected by the RF and XGBoost algorithm separately 
were overlapped, yielding 14 genes as survival-related 
potential candidate biomarkers (Figure 7D). Ultimately, 
we narrowed down the 14 genes implementing LASSO 
Cox regression algorithm with tenfold cross-validation 
(Figure 7E,7F). Nine genes with non-zero coefficients were 
incorporated into the predict model with minimum lambda 
(0.029). The computational equation of CR predictor 
was: Risk Score = (0.06110786 * SFPQ) + (0.284424475 
* PPP1CB) + (0.238875693 * NR1H3) + (−0.17090971 * 
CRY2) + (−0.104810559 * PPARGC1A) + (0.085020819 
* HDAC2) + (0.039030674 * PRKAA2) + (0.044803425 * 
HOMER1) + (0.050396753 * TNFRSF11A) (Figure 7G). 
Unified threshold to divide patients was established using 
the median. As anticipated, patients in Cluster 1 with 
poor prognoses primarily belonged to high-risk group  
(Figure 7H).

To further validate CR predictor, independent HCC 
cohorts were enrolled. As the risk score increased, the 
probability of mortality in HCC patients rose. Besides, 
the expression of nine model genes was comparable  
(Figure 8A,8B). Patients with higher risk score suffered 
from worse prognosis significantly (P<0.001) in both 
TCGA datasets (Figure 8C) and two external validation 
cohorts (Figure 8D, Figure S7A). The TCGA cohort’s 1-, 
3-, and 5-year survival area under the curve (AUC) reached 
0.762, 0.746, and 0.746, respectively (Figure 8E), and they 
were 0.644, 0.619, and 0.637 for GSE14520 (Figure S7B). 
Analogously, 1-, 2-, and 3-year survival AUC for ICGC 

were 0.686, 0.698, and 0.686 (Figure 8F), suggesting the 
CR predictor was reliable for forecasting progression. CR 
predictor was notably related to HCC prognosis, even after 
adjusting for other variables (Figure S7C,S7D). These all 
disclosed the CR predictor could recognize HCC patients 
with favorable prognosis.

CR predictor-based therapeutic regimens for HCC patients

Immunotherapy has revolutionized the management of 
HCC (30). Pearson’s correlation revealed a substantial 
positive connection between risk score and immune 
checkpoints (PD-1, PD-L1, CTLA-4, CD86, TIGIT, LAG-
3, CD47, TIM-3) in TCGA and ICGC datasets (Figure 9A). 
To further elucidate the underlying immunotherapeutic 
potential, we calculated enrichment scores for seven-
step cancer-immunity cycle (Figure 9B). Strikingly, risk 
score was positively related to Steps 1, 5 and 6. The high-
risk group also exhibited higher immune and TME score, 
indicating the complexed tumor immune microenvironment  
(Figure 9C,9D). We then explored detailed distribution 
of model genes in HCC patients by scRNA-seq data 
(GSE125449, GSE98638 and GSE140228). Consistently, 
PPP1CB, HDAC2 and SFPQ, owning positive coefficients 
in CR predictor, expressed highly in various immune cells 
(Figure S8). Altogether, CR predictor closely correlated 
with the tumor immune microenvironment, and may count 
for predicting HCC immune response.

TACE and sorafenib are recommended for HCC 
patients (31,32). We investigated whether CR predictor 
could identify HCC patients’ response to chemotherapy 
and targeted treatment. The GSE104580 cohort of 
HCC patients undergoing TACE therapy was examined  
(Figure 10A,10B), and high-risk patients showed a higher 
tendency for TACE resistance (P<0.001). The AUC of the 
CR predictor in forecasting TACE is 0.688 (Figure 10C). In 
GSE109211, patients who response to sorafenib exhibited a 
lower risk score (Figure 10D). Low-risk patients were more 

of variables including CRY2 expression, pathologic T and histologic grade with OS in TCGA. The upper part represents hazard ratio, 
and the lower part in parentheses represents lower 95% confidence interval and upper 95% confidence interval. The x-axis represents the 
hazard ratios associated with HCC survival in multivariate Cox analysis. (E-G) Overexpression of CRY2 inhibited the proliferation (E) and 
migration abilities (F,G) of Huh7 and Hep3B cells. (E) is stained by crystal violet. The magnification of (E) is 1×. The magnification of (F,G) 
is 100×. The observation method of (F,G) is microscope. (H,I) Overexpression of CRY2 induced apoptotic responses (H) and inhibit cell 
cycle (I) in Huh7 and Hep3B cells. *, P<0.05; **, P<0.01; ***, P<0.001. CRRGs, circadian rhythm-related genes; OS, overall survival; HR, 
hazard ratio; CI, confidence interval; TCGA, The Cancer Genome Atlas; ICGC, International Cancer Genome Consortium; PI, propidium 
iodide; G1, first gap; G2, second gap; S, synthesis; RCS, restricted cubic spline. 
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sensitive to sorafenib (P<0.001, Figure 10E). The receiver 
operating characteristic (ROC) curves further confirmed 
the superior performance of the CR predictor in forecasting 
sorafenib response (AUC =0.877, Figure 10F). 

The CMap database offers insight into intricate 
connections between gene expression, phenotype, 
compounds and mode of action (MoA). So, we intended to 
find novel compound candidates that could target the CR 
predictor via the CMap database. The top 150 upregulated 
and 150 downregulated DEGs were obtained from two 
risk groups. With the criteria of normalized connectivity 
score >1.4, we identified 41 compounds regulating HCC 
cell lines (Huh7 and HepG2). Figure 10G revealed that 
5 compounds (albendazole, D-64131, mebendazole, 
nocodazole and oxibendazole) shared the mechanism of 
tubulin inhibitor. Most drug-target MOA belong to the 
inhibitory category. For example, acemetacin and tolmetin 
shared the mechanism of cyclooxygenase inhibitor; 
bendroflumethiazide and hexamethylene amiloride shared 

the mechanism of sodium channel inhibitor.

Development of CR predictor-based nomogram model for 
individualized evaluation

A nomogram incorporating risk score, age and stage was 
established with a C-index of 0.723 (Figure 11A). The 
nomogram also exhibited satisfactory agreement between 
observed and predicted values (Figure 11B). Meanwhile, 
DCA verified the net benefit of the nomogram in a clinical 
context (Figure 11C). To quantify the Nomogram model’s 
accuracy, ROC curves were drawn in three independent 
cohorts (Figure 11D-11F). Based on the evidence above, our 
model served as a reliable and accurate prognostic indicator 
in clinical decision-making. An online survival calculator 
was developed for users to explore (https://lihc.shinyapps.
io/CR_predictor/). The calculator collected input data 
including risk score, age and stage, and then automatically 
exported estimated survival profile for an HCC patient.

Figure 7 Construction of the CR predictor. (A) The workflow of the development of CR predictor. (B) RF algorithm and the top 20 
important genes ranked by mean decrease Gini. When a new gene (explanatory variable) is added to the RF model, its importance to predict 
the survival status (response variable) is measured by the degree to which the Gini coefficient falls. The length of the line segment and 
the size of the point represent the value of the mean decrease Gini. (C) XGBoost algorithm and the top 20 important genes interpreted 
by SHAP values. The value next to the y-axis was the mean SHAP value. The higher the SHAP value of a gene (explanatory variable) was 
given, the higher risk of death (response variable) the patient would have. Each patient was allocated one dot in each row. The x-position 
of the dot depended on its SHAP value (output prediction value); the color of the dot depended on each patient’s gene expression (input 
observation value). Purple and yellow dots corresponded to higher and lower gene expression level respectively. (D) Venn plot of common 
candidate biomarkers from RF and XGBoost algorithm. (E,F) LASSO Cox regression analysis of 14 common candidate biomarkers by 
tenfold cross-validation and 1,000 re-sampling. (G) Corresponding coefficients for the 9 genes that make up the CR predictor. (H) The 
relationships among the circadian rhythm-related phenotype clusters, CR predictor and survival status. CR, circadian rhythm; RF, random 
forest; XGBoost, extreme gradient boosting; SHAP, SHapley Additive exPlanations; LASSO, least absolute shrinkage and selection operator; 
Coef, coefficient.
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Figure 8 Survival evaluation of CR predictor in the training dataset (TCGA) and the external validation dataset (ICGC). (A,B) Distribution 
and expression of 9 model genes. (C,D) Kaplan-Meier curves for CR predictor (log-rank test). (E,F) Time-dependent ROC curves of CR 
predictor. CR, circadian rhythm; TCGA, The Cancer Genome Atlas; ICGC, International Cancer Genome Consortium; ROC, receiver 
operating characteristic; AUC, area under the curve. 
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Figure 9 The immunotherapeutic potential for CR predictor. (A) Pearson correlation between CR predictor and immune checkpoints 
expression. The width of the inside ribbons denoted the Pearson correlation coefficients (R); the color of the outside tracks denoted the 
P value. (B) Correlation between CR predictor and seven-step cancer-immunity cycle in TCGA. The Pearson correlation coefficients (R) 
were rendered in the wedge-like sectors of the pie charts. The red color represented a positive correlation. The deeper the red, the bigger 
the R value. (C) Distribution of immune scores in TCGA (Wilcoxon test). (D) Distribution of TME scores in TCGA (Wilcoxon test). CR, 
circadian rhythm; TCGA, The Cancer Genome Atlas; ICGC, International Cancer Genome Consortium; TME, tumor microenvironment.
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Causal effects of genes in CR predictor on HCC via MR 
analyses

To probe into the potential causal effect between model 
genes and HCC, MR analyses were conducted. Six cis-
eQTLs were associated with the expression of 9 model 
genes after clumping SNPs (threshold: P<5×10−6, distance 

>5,000 kb, r2<0.01). Mean F statistics of the SNPs ranged 
from 21.04 to 2,545.35, indicating that the instrumental 
variables were powerful (Table S1). Among 9 model 
genes, only PPARGC1A showed a significant causal effect 
on HCC (Figure 12A-12D, Table S2). In the sensitivity 
analysis, no heterogeneity (P=0.66) and pleiotropy (P=0.30) 
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Figure 10 Drug sensitivity and underlying compounds targeting the CR predictor. (A,D) Difference in risk score among (A) TACE and (D) 
Sorafenib responder and non-responder (Wilcoxon test). (B,E) The proportion of HCC patients with distinct responses to (B) TACE and (E) 
Sorafenib therapy (Chi-squared test). (C,F) The ROC curves of the CR predictor for forecasting (C) TACE and (F) Sorafenib response. The data 
in (C,F) indicate the best cut-off point value and its specificity and sensitivity for the ROC curve. (G) Potential small-molecule compounds and 
their drug mechanisms. X-axis showed drug names, and y-axis showed mechanisms targeted by drugs. Forty-one compounds regulating HCC 
cell lines were sorted from the CMap database. CR, circadian rhythm; TACE, transcatheter arterial chemoembolization; ROC, receiver operating 
characteristic; HCC, hepatocellular carcinoma; AUC, area under the curve; CMap, Connectivity Map. 
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Figure 11 Construction of the nomogram integrating CR predictor and clinical parameters. (A) Nomogram for predicting OS in HCC. 
(B) Calibration curves of the nomogram. (C) DCA to evaluate nomogram’s clinical utility. (D-F) ROC curves of the nomogram in TCGA, 
ICGC and GSE14520. CR, circadian rhythm; HCC, hepatocellular carcinoma; OS, overall survival; TCGA, The Cancer Genome Atlas; 
ICGC, International Cancer Genome Consortium; DCA, decision curve analysis; ROC, receiver operating characteristic; AUC, area under 
the curve.
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were found (Table S3). A case-control study has also 
confirmed that PPARGC1A increased the risk of HCC in 
Moroccan population (33). Reverse causality (Figure S9A) 
and colocalization analyses (PP.H4 =4.56e−02, Figure S9B) 
were not supported.

Discussion

As one of the most aggressive malignancies, HCC is 
contributing to the public health burden exponentially (34). 
Currently, several adjuvant therapeutic strategies have been 
approved for HCC, but their benefits are modest (35). 
Therapeutic breakthroughs are still warranted. CR is a 
global regulatory system that controls several cell processes, 
such as DNA damage response, redox homeostasis, and 
replicative immortality (36,37). The central circadian clock 
synchronizes liver clocks and controls the cyclic expression 
of transcription factors, different enzymes and metabolic 
master regulators (38,39). Therapeutic and lifestyle 

interventions that support a functional circadian clock can 
have significant health benefits. Limiting daily eating to 
a 6- to 10-hour window aligned with the body’s internal 
clock can enhance metabolic health and combat metabolic 
disorders (40). Exercising at different times of the day could 
be a beneficial strategy for managing metabolic diseases, as 
it helps align the body’s clock and regulate metabolism (41). 
When it comes to the therapeutic interventions, circadian 
clock-regulating biomaterials can promote disc regeneration 
by regulating the circadian clock of nucleus pulposus  
cells (42). Moreover, efficacy of immunotherapy can be 
improved by scheduling the treatment at specific times 
of the day (43). However, although molecular crosstalk 
between CR and HCC was emphasized, the deep-seated 
relationship between CRRGs and HCC patients’ prognosis 
has not been well illustrated.

In the present research, we extracted the CRRGs 
of HCC patients through unsupervised representation 
learning strategy, and defined two CR phenotypes (Cluster 

Figure 12 Causal associations of model genes in CR predictor on HCC via MR analyses. (A) The exposure was cis-eQTLs for 9 model 
genes, and the outcome was GWAS for HCC; 6 cis-eQTLs were associated with the expression of 9 model genes after clumping SNPs. 
IVW method was selected. Only PPARGC1A showed a significant causal effect on HCC. (B) Scatter plot showing the association of 
the SNP effects on model genes in CR predictor against the SNP effects on HCC. (C) Funnel plot to visually assess heterogeneity. (D) 
Causal effects of PPARGC1A on HCC via reverse MR analyses. CR, circadian rhythm; HCC, hepatocellular carcinoma; MR, Mendelian 
randomization; SE, standard error; GWAS, Genome-Wide Association Studies; eQTL, expression quantitative trait locus; SNP, single 
nucleotide polymorphism; nSNP, number of single nucleotide polymorphism; OR, odds ratio; CI, confidence interval; IVW, inverse-
variance weighted. 
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1 and Cluster 2) with distinguished survival outcomes. 
The two phenotypes also showed heterogeneity in clinical 
characteristics, functional enrichment, TME characteristics, 
and drug sensitivity. Cluster 2 with longer survival 
showed an enrichment of metabolic pathways. Metabolic 
control by the CR underpinned cancer metabolism (44). 
Consistent with our results, feeding-driven fatty acid 
metabolism in liver, which was regulated by hepatic acetyl-
CoA carboxylase (ACC), followed a 24-hour rhythm (45). 
Cluster 1 with poor prognosis was characterized by tumor-
promoting signals. The activation of mTOR signaling 
pathway, which was also rhythmic (sensed by food intake), 
played a predominant role in hepatocarcinogenesis (46). 
These may explain the different tumor progression of 
HCC patients. Interestingly, Cluster 1 not only had a tight 
connection with effector immune cell receptor pathways 
(immune activation), but also presented a higher fibroblasts 
infiltration and immune checkpoints expression (immune 
suppression). The paradoxical results implied the high 
cellular heterogeneity in HCC (47). We speculated that the 
Cluster 1 patients retain their antitumor immunity potentiality, 
which might be blocked by the immunosuppressive ecosystem 
(48,49). According to our research, Cluster 1 patients may 
derive greater benefit from chemotherapeutic and targeted 
drugs. Previous reports have suggested that chronotherapy 
(an approach based on the CR) could minimize cisplatin-
induced renal injury (50). CR modulation of 5-fluorouracil’s 
infusion rate may further enhance its therapeutic  
efficacy (51). Together, we confirmed the existence of CR-
related phenotypes in HCC and offered a promising 
direction for clinical management.

Subsequently, with stringent selection criteria, we 
finally obtained three essential CR-related genes (CRY1, 
CRY2, and EP300). Cryptochrome 1 (CRY1), a nuclear 
coregulator, promoted tumorigenesis by regulating DNA 
repair and the G2/M transition temporally (52). HCC cells 
were profoundly vulnerable to perturbation of E1A binding 
protein P300 (EP300), which could elevate AFP protein 
level in plasma and promote metastasis in HCC patients (53). 
Cryptochrome 2 (CRY2) was the only protective factor 
in HCC among three crucial genes. In concordance with 
our results, CRY2 displayed anti-tumorigenesis effects in 
several cancers (54,55). Missense mutations of mouse CRY2 
robustly repressed the growth-promoting effect of p53 (56). 
Moreover, ablation of CRY2 methylation inhibited cancer 
cell proliferation and invasion in vitro (57). These studies 
suggested that CRY2 served as a pivotal tumor suppressor. 

Considering the impact of CR-related phenotypes and 
CRRGs on the clinical outcomes, three machine learning 
algorithms (RF, XGBoost and LASSO) were employed, 
and CR predictor was established. CR predictor comprised 
nine genes, including PPP1CB, NR1H3, HDAC2, SFPQ, 
TNFRSF11A, HOMER1, PRKAA2, PPARGC1A and CRY2, 
which were related to cancer initiation, and progression 
metastasis. PPP1CB controlled nuclear shape of cancer 
cells; the deletion of PPP1CB broke the nuclear envelope 
and triggered genome instability (58). NR1H3 promoted 
HCC progression via an HNF4α-dependent reciprocal  
network (59). HDAC2 facilitated pancreatic cancer 
metastasis by regulating TGFβ pathway (60). SFPQ 
played an important role in controlling the oncogenic 
splicing switch in HCC (61). TNFRSF11A regulated 
Ca2+-calcineurin/NFATC1-ACP5 axis to accelerate 
colorectal cancer cell metastasis (62). Expression of 
HOMER1 downregulated in HCC and was linked to tumor  
size (63). PRKAA2 was closely associated with 5-fluorouracil 
chemoresistance in gastric cancer (64). PPARGC1A induced 
mitochondrial biogenesis and oxidative phosphorylation 
to promote distant metastases in cancer cells (65). We 
also evaluated whether CR predictor was connected with 
immunomodulators, microenvironment, and treatment 
response. CR predictor can not only monitor the clinical 
outcomes for HCC, but also guide treatment. Finally, the 
nomogram, incorporating CR predictor, age and stage, 
exhibited accurately predictive performance for OS of HCC 
patients. Our nomogram is easy to use, and it may have 
broad development prospects for individualized survival 
prediction and therapeutic regimens selection in HCC 
patients.

However, limitations still exist. First, the prognosis 
of HCC patients varies depending on the etiology (viral 
hepatitis, excessive alcohol intake, moldy food consumption, 
and metabolic liver disease). Due to data restriction, we cannot 
take account of etiology’s impact on the HCC prognosis. 
Second, considering that the sequencing data were obtained 
from liver tissue, CR predictor may not apply to peripheral 
blood samples. Third, the crucial CRRGs identified in our 
study have not been verified in molecular experiments, which 
are meaningful works in the future. Last but not least, while 
our signature has been rigorously tested across numerous 
training and validation datasets to assess its predictive 
capabilities, it’s important to note that all the cohorts analyzed 
were retrospective. Our model should be further confirmed in 
prospective studies with large sample sizes.
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Conclusions

To sum up, we depicted the stratification value of CR 
regulators in HCC and screened out the pivotal CRRGs. 
Employing machine learning algorithms, we developed a 
survival risk classifier named CR predictor, which could 
assess clinical outcomes and drug sensitivity for HCC 
patients accurately. Targeting CR could be a promising 
strategy against HCC. 
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