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Abstract 15 

Background: Anti-silencing function 1B (ASF1B) has been demonstrated to contribute 16 

to tumorigenesis. However, its carcinogenic and immune effects in hepatocellular 17 

carcinoma (HCC) have not been reported. This study aimed to identify immune role of 18 

ASF1B in HCC. 19 

Methods: HCC datasets obtained from The Cancer Genome Atlas (TCGA) database 20 

were used to investigate the role of ASF1B gene in HCC, followed by validation using 21 

Gene Expression Omnibus (GEO) datasets and Gene Expression Profiling Interactive 22 

Analysis (GEPIA) website. CIBERSORT analysis was performed to evaluate immune 23 

cell infiltration levels. The TISIDB and cBioPortal network tool were used to seek 24 

ASF1B-associated immunomodulators and its co-expressed genes. TCGA cohort was 25 

divided into train set and test set according to the ratio of 7:3. Cox regression was used 26 

to identify ASF1B-associated prognostic immunomodulators in train set, followed by 27 

internal validation using the test set. Based on the median risk-score, HCC patients were 28 

divided into high- and low-risk group for the further survival curves and receiver 29 

operating characteristic (ROC) analysis, as well as nomogram and calibration curves 30 

analysis. Finally, the dataset collected from the GEO was adopted for external 31 

validation. 32 

Results: ASF1B was over-expressed in TCGA HCC cohort and contributed poor 33 

prognosis, which was verified in two GEO datasets (GSE14520 and GSE6764) and 34 

GEPIA, as well as Kaplan Meier Plotter network tool. The immune cell infiltration 35 

levels were found to be associated with the ASF1B copy numbers and mRNA 36 

expression. A total of 78 ASF1B-associated genes were screened out, including 7 37 

immunoinhibitors, 21 immunostimulators and 50 tightly co-expressed genes. Finally, 5 38 

ASF1B-associated genes (TNFSF4, TNFRSF4, KDR, MICB and CST7) were 39 

identified to be strongly related to HCC survival. Survival analysis demonstrated that 40 

the prognosis of patients in high-risk group was poor. The prognosis predict model, 41 

which was established by nomogram based on risk-score, and was validated in both 42 

TCGA test set and GEO validated datasets, exerted excellent predictive power in this 43 
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study. 44 

Conclusion: Our findings showed that the ASF1B was associated with HCC immunity. 45 

The selected ASF1B-asociated immune markers could be promising biomarkers for the 46 

prognosis of HCC. 47 

Keywords: ASF1B, immune cells, HCC, prognosis, nomogram 48 

Introduction 49 

Liver cancer is the sixth most common tumor and the fourth most common cause of 50 

cancer-related death worldwide (1). An increased risk of HCC is associated with the 51 

fundamental chronic liver disease such as hepatitis B and C virus infection (2, 3). 52 

Hepatocellular carcinoma (HCC) constitutes 75%-85% of primary liver cancers with 53 

an unclear mechanism and poor prognosis (4, 5). Although immunotherapy has become 54 

a promising alternative therapy for patients with HCC (6, 7), just a proportion of HCC 55 

patients benefit from immunotherapy (8), which may result from the limited effective 56 

target. Prognostic immune biomarkers could help to recognize immunotherapy-57 

responsive subgroups. Some evidence has indicated that tumor infiltrating leukocytes 58 

are related to the prognosis of cancers (9). Therefore, the molecular characteristics of 59 

the immune micro-environment within HCC need to be further explored. It is essential 60 

to fully understand HCC immunology and the molecular regulatory mechanisms to 61 

ensure the success of immunotherapy. 62 

ASF1B is one of the histone H3-H4 chaperone anti-silencing function 1 (ASF1) 63 

paralogs (10, 11). Interestingly, studies have reported that high ASF1B expression is 64 

linked to diagnosis and prognosis of breast cancer, renal cell carcinoma and cervical 65 

cancer (12-14). However, the carcinogenic effect and the immune role of ASF1B in 66 

HCC have not been reported yet. 67 

In this study, RNA-Seq data from TCGA HCC cohort and GEO databases were 68 

analyzed to investigate the ASF1B expression in HCC and the carcinogenic effect of 69 

ASF1B. Meanwhile, ASF1B-related immunomodulators were used to analyze the 70 

associated immune pathways, and to establish clinical prognosis model. 71 
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Material and methods 72 

Data collection 73 

HCC datasets containing data on mRNA, gene mutation and clinical features of 374 74 

tumors and 50 normal tissues were obtained from the TCGA project 75 

(https://portal.gdc.cancer.gov/). Three liver cancer datasets GSE6764, GSE14520 and 76 

GSE54236 were obtained from GEO (https://www.ncbi.nlm.nih.gov/geo/). To further 77 

process RNA expression data, the limma package was used for R software. 78 

Relationship between ASF1B and clinical characteristics 79 

The expression pattern of ASF1B was analyzed in the TCGA HCC cohort between 80 

tumor and adjacent tissues. GEPIA was used to combine GTEx data and TCGA for 81 

validation (http://gepia.cancer-pku.cn/). GSE6764 and GSE14520 were also used for 82 

verification. According to ASF1B expression, the tumor samples were divided into high 83 

and low expression groups. The survival curve of high and low groups was drawn by 84 

the Kaplan Meier method. Kaplan Meier Plotter network tool was adopted to verify the 85 

survival difference (https://kmplot.com/analysis/). Moreover, the correlation between 86 

ASF1B expression and clinical features were analyzed by logistic regression and Cox 87 

regression. 88 

Between ASF1B and tumor mutation burden 89 

Mutation data from TCGA LIHC was used to determine tumor mutation burden (TMB). 90 

The relationship between TMB and ASF1B expression and its impact on the overall 91 

survival (OS) were analyzed in HCC dataset. 92 

Gene Set Enrichment Analysis 93 

The median expression of ASF1B gene was used as the cutoff value, and all tumor 94 

samples in TCGA cohort were divided into two groups with high and low expression. 95 

Gene set enrichment analysis was used to analyze the signal pathways that were 96 

significantly related to the expression level of ASF1B. Instead of concentrating on only 97 

a handful of mostly altered genes, GSEA evaluates the genome-wide expression 98 



 

 5 

profiles at the levels of gene sets. A set of genes denotes a set of concordant genes with 99 

a comparable biological function, chromosomal location, or regulation (15). 100 

Tumor infiltrating immune cells with TCGA LIHC RNA-Seq 101 

In order to qualify and quantify 22 types of immune cells in tissues, including seven 102 

types of T cells, naive and memory B cells, plasma cells, NK cells, and myeloid subsets, 103 

Cell type Identification by Estimating Relative Subsets of RNA Transcripts 104 

(CIBERSORT) were used (https://cibersort.stanford.edu/). The TCGA LIHC profile 105 

(fpkm format) was converted to the TPM format to make the samples more comparable 106 

(16). With CIBERSORT L22 as the reference, the TCGA LIHC mRNA expression 107 

matrix was analyzed with the CIBERSORT R script obtained from the CIBERSORT 108 

website. Empirical P-value was determined with Monte Carlo sampling for the 109 

deconvolution of every case (17). Samples were included in the study with P < 0.05. 110 

Relationship between ASF1B and tumor immune cells infiltration 111 

Tumor Immune Estimation Resource (TIMER) is a web server that provides a detailed 112 

study of pan-cancer tumor immune cells (cistrome.dfci.harvard.edu/TIMER/) (18). Six 113 

types of immune cells that infiltrated in HCC (B cells, CD4+T cells, CD8+ T cells, 114 

neutrophils, macrophage and dendritic cells) were visited via TIMER to reveal the 115 

correlations of immune cell infiltration and survival, ASF1B copy number and 116 

infiltration level. 117 

Immunomodulators 118 

Tumor infiltrating lymphocytes (TILs) and immunomodulators related to ASF1B were 119 

obtained from the TISIDB website to clarify the interaction of the tumor-immune 120 

system (http://cis.hku.hk/TISIDB/) (19). Immunoinhibitors and immunostimulators for 121 

gene expression that were significantly correlated with ASF1B were selected 122 

(Spearman correlation test, P < 0.05). Next, the ASF1B-associated immunomodulators 123 

were uploaded to cBioPortal (www.cbioportal.org). Based on RNA-seq data from 124 

cancer samples, the queried genes were able to seize 50 simultaneously altered genes. 125 

The obtained proteins were used to analyze protein interaction by STRING network 126 
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tool (https://string-db.org/), and performed GO and KEGG analysis 127 

(http://consensuspathdb.org/). 128 

Survival analysis 129 

The TCGA cohort was separated into train set and test set with the ratio of 7:3. 130 

Univariate and multivariate COX regression were used in train set to analyze ASF1B-131 

related immune genes to screen out prognostic-related immune genes. Risk-score was 132 

generated based on coefficient: risk-score = β1x1 + β2x2 +... + βixi. Xi was the expression 133 

level of each gene, and βi was the coefficient of each gene obtained from the Cox model. 134 

Kaplan Meier curve was used to assess the risk-score of immune-related gene with OS. 135 

The time-dependent receiver operating characteristic (ROC) curves were adopted to 136 

determine the prognostic accuracy of the risk-score. 137 

Construction of nomogram 138 

In cancer prognosis, nomogram is widely used to estimate of the probability of a single 139 

event, such as death or recurrence, tailored to a single patient's characteristics. In this 140 

study, patients’ parameters and risk-scores were integrated to form the nomogram to 141 

analyze the prognosis. The nomogram was created by the rms package of R software. 142 

To measure the predictive precision of the nomogram, the concordance index (C-index) 143 

and calibration plot were used. Calibration curves were used with the application of the 144 

bootstrap method (1,000 replicates) to visualize the deviation of predicted probabilities 145 

from what actually happened. 146 

Internal validation and external validation 147 

The TCGA test set and GSE54236 were used for internal validation and external 148 

validation, respectively. The risk-score of each HCC patient in validated datasets was 149 

evaluated by the same formula according to the prognostic risk-score model. Then the 150 

HCC patients were divided into two groups based on the median risk-score. The 151 

survival curves, ROC curves as well as calibrations were applied to assess the predicted 152 

power of the model. 153 
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Statistics 154 

All statistical analysis processes were carried out with R software (version 4.0.3). 155 

GSEA software was used for GSEA set enrichment analysis (GSEA Desktop 156 

Application v4.1, Broad Institute, Inc, Cambridge, MA, USA). Wilcoxon rank sum test 157 

was used to analyze the differential expression of ASF1B, univariate and multivariate 158 

COX regression analysis were used to analyze prognosis-related genes. P < 0.05 was 159 

considered to be statistically significant. 160 

Results 161 

ASF1B was over-expressed in HCC and predicted poor prognosis 162 

For the first time, we found that ASF1B expression in tumors was significantly higher 163 

than that of adjacent tissues based on differential expression between 374 cases of HCC 164 

tissues and 50 cases of adjacent tissues in TCGA RNA-Seq dataset (Figure 1a-b), 165 

similar results can also be found in two GEO datasets (GSE6764 and GSE14520) 166 

(Figure 1c-d) as well as the GEPIA (Figure 1e). Correlation analysis shown that 167 

ASF1B expression was associated with age, gender, AJCC stage, grade and T 168 

classification in TCGA datasets (Figure 2). The prognosis for high ASF1B expression 169 

was worse than low expression group in TCGA datasets (Figure 3a) and Kaplan Meier 170 

Plotter (Figure 3b). Logistic regression and COX regression also showed ASF1B was 171 

the independent risk factor in HCC (Table 1-2). 172 

Relationship between ASF1B and tumor mutation burden 173 

We also studied the LIHC mutation data from TCGA, which was divided into two 174 

groups with high and low mutations according to the TMB score. The results showed 175 

that the survival of patients in the low TMB group was better than that in the high group 176 

(Figure 4a). Next, we compared the mutations status in the high and low ASF1B 177 

expression groups and found that TMB was significantly associated with ASF1B 178 

expression. High expression of ASF1B was associated with high mutation of some 179 

genes, with the highest mutation in TP53 (Figure 4b-d). These results suggested a 180 

possibility that ASF1B mediated mutation that might involve in the occurrence and 181 
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development of HCC. 182 

Gene Set Enrichment Analysis 183 

To explore the up-regulated ASF1B expression associated pathways in HCC, GSEA 184 

analysis was used to study the datasets of tumor samples collected from TCGA. We 185 

found that elevated ASF1B participated in several paths, such as cell cycle, p53 186 

signaling pathway, mTOR signaling, Fc gamma receptor-mediated phagocytosis, T cell 187 

receptor and natural killer cell mediated cytotoxicity, that were involved in cell 188 

proliferation and immunity (Figure 5). 189 

Infiltration of immune cells in HCC and normal tissues 190 

The CIBERSORT method was used to extract and process the TCGA RNA-Seq profile, 191 

and the pattern of immune cells was systematically described. By including samples 192 

with P < 0.05, an overview of the immune cell infiltration of HCC matrix was shown 193 

in Figure 6a. The proportion of T cells regulatory (Tregs) and macrophages M0 were 194 

significantly increased compared to normal tissues, while B cells naive, T cells gamma 195 

delta and monocytes in HCC were reduced (Figure 6b). The correlation between 196 

different immune cell subgroups was shown in Figure 6c, indicating that there were 197 

different patterns of immune infiltration in HCC. In addition, the infiltration level of 198 

CD8+ T cells and CD4+ T cells as well as the expression level of ASF1B were 199 

significantly correlated with HCC survival (Additional Figure 1). 200 

Relationship between ASF1B and immune cells 201 

We discovered through TIMER that the level of immune infiltration varied with the 202 

ASF1B gene copy number in HCC, including CD8+ T cells and macrophage (Figure 203 

7). Moreover, some immune cell subsets in HCC that were positively or negatively 204 

correlated with ASF1B expression (Figure 8). Then we discussed the possible immune 205 

response signaling pathway mediated by ASF1B. Through TISIDB, 28 206 

immunomodulators related to ASF1B were identified, including 7 immunoinhibitors 207 

(CTLA4, KDR, LAG3, LGALS9, PDCD1, PDCD1LG2 and TIGIT) and 21 208 

immunestimulators (CD27, CD40LG, CD80, CD276, CXCL12, HHLA2, ICOS, 209 
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ICOSLG, IL6, IL6R, LTA, MICB, NT5E, TMEM173, TNFRSF4, TNFRSF9, 210 

TNFRSF18, TNFSF4, TNFSF9, TNFSF15 and ULBP1) (Figure 9a). Subsequently, we 211 

selected the top 50 genes strongly tied to these 28 immunomodulators by using 212 

cBioPortal for Cancer Genomics (Figure 9b). GO was adopted to annotate these genes 213 

and KEGG analysis suggested that these genes were involved in the processes of 214 

immune signaling (Figure 9c-d). 215 

Prognostic significance of ASF1B-related immunomodulators 216 

In order to determine the prognostic value of 78 ASF1B-related immunomodulators. 217 

We firstly identified 10 genes (KDR, PTPRCAP, TNFSF4, CD40LG, TNFRSF4, 218 

SLAMF6, MICB, TNFSF9, CD276 and LGALS9) in train set by univariate COX 219 

analysis that were significantly related to the prognosis of HCC (Figure 10a). Then 220 

multivariate COX analysis identified 5 genes (TNFSF4, TNFRSF4, KDR, MICB and 221 

CST7) that were the independent risk factors for the prognosis of HCC (Figure 10b). 222 

The risk-score was calculated by accumulating the product of these 5 genes expression 223 

and its coefficient in each sample (Supplementary Dataset 1). The Kaplan Meier 224 

survival curve showed that patients in the low-risk group had significantly longer OS 225 

than those in the high-risk group (Figure 11a). The area under the ROC curve for the 226 

1-year, 3-year, and 5-year survival rates were 0.711, 0.723 and 0.756, respectively 227 

(Figure 11c). The distribution of risk-scores, survival status and characteristic gene 228 

expression profiles of HCC was shown in Figure 12a and Figure 12c. The results were 229 

verified in the test set (Figure 11b, Figure 11d, Figure 12b, Figure 12d and 230 

Supplementary Dataset 2). Univariate COX regression analysis showed that the risk-231 

score as well as tumor stage, T classification and Lymph node metastasis were 232 

associated with survival (Figure 13a), and the multivariate COX showed that the risk-233 

score was an independent risk factor for the prognosis of HCC patients (Figure 13b). 234 

Construction of nomogram 235 

A nomogram was created to predict patient survival probability (Figure 14a). The curve 236 

of calibration indicated a good fit between nomogram-predicted probability and idea 237 
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reference line for the 1-year, 3-year and 5-year survival (Figure 14b-d). Additionally, 238 

the C-index was 0.69, which suggested a good predictive power. 239 

Internal validation and external validation 240 

For the purpose of examining the power of the ASF1B-asociated immune genes risk-241 

score based model. The RNA-Seq and outcomes of TCGA test set and GSE54236 were 242 

used for internal and external validation, respectively. The risk-score of HCC patients 243 

was calculated via the same formula. The results of the test set and the train set showed 244 

a good consistency, the high-risk group suffered a higher survival risk compared with 245 

the low-risk group (Figure 12b). Survival curves showed that high-risk group exerted 246 

poor outcomes (Figure 11b), and the area under the ROC curve of 1-year, 3-year and 247 

5-year of the predicted OS were 0.759, 0.734 and 0.713 (Figure 11d). In addition, 248 

similar results were observed in external validation using GSE54236 (Supplementary 249 

Dataset 3). The prognosis of high-risk group was poorer than low-risk group (Figure 250 

15a). Due to the small sample size and short survival of this data set, we just produced 251 

the 1-year and 2-year ROC curves. The area under the ROC curves were 0.678 and 252 

0.601 (Figure 15b). Furthermore, the calibration curves showed a good consistency 253 

between predicted survival and actual survival (Figure 15c-d). 254 

Discussion 255 

Many studies have identified multiple key genes related to the occurrence of liver 256 

cancer (20, 21). ASF1B have been reported as a carcinogenic gene in several cancers 257 

(12-14, 22). However, it has not been reported in HCC. From public databases analysis 258 

including TCGA and GEO datasets, it has been found that ASF1B was over-expressed 259 

in patients with HCC. The ASF1B expression was positively associated with AJCC 260 

stage, grade and T classification of patients with HCC. Consistent with our results, it 261 

has also been reported in prostate cancer that ASF1B expression is related to TNM 262 

staging and metastasis (22). Logistic and Cox regression also indicated that the higher 263 

expression of ASF1B may be an independent prognostic factor of HCC. Moreover, 264 

ASF1B was closely related to gene mutations in HCC, especially TP53 mutations. TP53 265 



 

 11 

mutations were more commonly emerged in HBV-related HCC, which had a poor 266 

differentiation and prognosis (23, 24). This study presented first evidence of the link 267 

between ASF1B and prognosis as well as TMB in HCC. 268 

Tumor micro-environment plays an important role in the pathogenesis of cancers (25, 269 

26). In this study, the infiltration characteristics of immune cell subsets were evaluated 270 

in each patient sample. CIBERSOT analysis showed that the infiltration traits of 22 271 

immune subgroups in HCC have changed significantly compared to normal tissues. 272 

These results showed that prognosis of HCC was closely associated with the infiltration 273 

of tumor immune cells. Therefore, molecular markers that reflect the immune status of 274 

HCC patients can be further explored. 275 

In our study, ASF1B was found to be associated with immune cell infiltration in HCC 276 

for the first time. The copy number of the ASF1B gene was linked to the level of 277 

infiltration of CD8+ T cells and macrophage in HCC. In detail, the levels of ASF1B 278 

mRNA were inversely proportional to the abundance of most immune cell types. The 279 

correlation of ASF1B and immunity was validated by GSEA of TCGA datasets. 280 

The uniqueness of the liver is that it has an important effect on immune regulation and 281 

many metabolic functions (27). Particularly in liver cirrhosis, there is an active, 282 

immune-mediated inflammatory process (28). A KEGG pathway analysis of ASF1B-283 

related immunomodulators in our study showed that several pathways such as PD-L1 284 

and PD-1 checkpoint pathway in cancer, NK cell mediated cytotoxicity, NF-κB 285 

signaling pathway and T cell receptor signaling pathway could be involved in the 286 

ASF1B-mediated immune response.  287 

In a variety of tumor types, including melanoma (29, 30), non-small cell lung cancer 288 

(31, 32), renal cell carcinoma (33) as well as liver cancer (34), immune checkpoint 289 

inhibitors such as ipilimumab (CTLA4 inhibitor) and nivolumab (PD-1 inhibitor) have 290 

proven beneficial for survival. At the late stage of HCC, the PD-1 pathway is found to 291 

inhibit T cell activation primarily within peripheral tissues (35).  292 

For the most part, immune system process is regulated by immune cells called T cells. 293 
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T cells could identify tumor antigens in the tumor microenvironment, which are given 294 

to T cell receptors by antigen-presenting cells (APCs). There was a decrease in the 295 

number of normal T cells while an increase in damaged T cells in patients with HCC, 296 

leading to the progression of this cancer (36). Cytotoxic NK cells were activated by the 297 

multi-target kinase inhibitor sorafenib, leading to tumor cell death (37). NF-κB not only 298 

participates in fibrogenesis in chronically inflamed liver, but also participates in the 299 

initiation and promotion of HCC (38). The above results indicate that the immune-300 

related pathways mediated by ASF1B-related immunomodulators have shown 301 

promising effects in HCC. 302 

In considering the fact that there are few reports on the direct effect of ASF1B with the 303 

above four pathways. However, ASF1B has been reported to be involved in regulating 304 

the AKT pathway and mediating tumor proliferation (13, 22). While, the AKT pathway 305 

has reported to be involved in the regulation of PD-1, NK cells, T cells and NF-κB 306 

signaling pathway in the process of tumor immunity (39-42). Taken together with our 307 

results, although the specific mechanism of ASF1B regulating immunity has not been 308 

experimentally confirmed, ASF1B inhibitors are biologically feasible. 309 

Finally, the immune prognosis model for HCC via ASF1B-related immunomodulators 310 

was set up in this study. From this model, risk-scores derived from gene signatures were 311 

significantly related to HCC survival. In addition, with a 0.69 C-index, a nomogram 312 

was created for personalized prediction of the prognosis. These results were verified by 313 

internal and external validation. 314 

Conclusions 315 

In conclusion, our results found that the over-expression of ASF1B gene might play an 316 

important role in tumor immune micro-environment control in patients with HCC, and 317 

present a poor prognosis. The predictive model obtained from ASF1B-related 318 

immunomodulators could be used to predict the OS in patients with HCC. 319 
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Figure legends 439 

Figure 1. The expression pattern of ASF1B in different datasets of HCC. (a) GSE6764. (b) GSE 14520. 440 

(c) GEPIA. (d) TCGA LIHC. (e) Paired differences in TCGA. 441 

Figure 2. Association of ASF1B expression with clinical features. (a) Age. (b) Gender. (c) AJCC stage. 442 

(d) Grade. (e) T classification. (f) Lymphatic metastasis. (g) Distant metastasis. 443 

Figure 3. ASF1B expression associated survival analysis. (a) TCGA. (b) Kaplan Meier Plotter. 444 

Figure 4. Correlation between ASF1B and TMB. (a) TMB associated survival analysis. (b) Mutation 445 

pattern in high ASF1B expression group. (c) Mutation pattern in low ASF1B expression group. (d) 446 

Relationship between ASF1B and TP53 mutation. 447 

Figure 5. Enrichment plots from gene set enrichment analysis (GSEA). 448 

Figure 6. Immune pattern evaluated by CIBERSORT. (a) The overview of infiltrating immune cells in 449 

cancerous and normal tissues for TCGA LIHC. (b) The difference of infiltrating immune cells between 450 

tumor and normal in HCC. (c) Different correlation patterns among immune cell subsets in HCC. 451 

Figure 7. Associations between ASF1B copy numbers in HCC. 452 

Figure 8. Association between ASF1B expression and immune cell infiltration levels via TISIDB 453 

network tool. The black asterisks in the correlation heatmap indicated immune cell types significantly 454 

associated with ASF1B expression levels in TCGA. 455 

Figure 9. Identification and analysis of immunomodulators associated with the ASF1B gene. (a) The 456 

heatmaps of correlation between the immunoinhibitors (left panel), immunostimulators (right panel) and 457 

the ASF1B gene in LIHC. (b) Protein–protein network of 28 ASF1B-associated immunomodulators and 458 

50 closely related genes in LIHC, produced by the STRING online server. (c) GO annotation of 28 459 

ASF1B-associated immunomodulators and 50 closely connected genes in LIHC. (d) KEGG pathway 460 

analysis of the above mentioned 78 genes. 461 
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Figure 10. The development of prognostic gene signatures based on 78 ASF1B-associated 462 

immunomodulators. (a) Univariate COX regression of 78 ASF1B-associated immunomodulators. (b) 463 

The hazard ratios and coefcient of ASF1B-associated prognostic genes of multivariate COX regression. 464 

Figure 11. Establishment and internal validation of prognostic model based on risk-score of ASF1B-465 

associated prognostic immunomodulators. (a) Survival curves of the high and low-risk group of the 466 

TCGA train set. (b) Survival curves of the high and low-risk group of the TCGA test set. (c) Time-467 

dependent ROC curves of ASF1B-associated prognostic model of the TCGA train set. (d) Time-468 

dependent ROC curves of ASF1B-associated prognostic model of the TCGA test set. 469 

Figure 12. Characteristics of the ASF1B-associated prognostic signature in the TCGA dataset. The dotted 470 

line is the optimal cut-of value for dividing HCC patients into high and low-risk groups. (a) The 471 

distribution of risk-score and the survival status of HCC patients in train set. (b) The distribution of risk-472 

score and the survival status of HCC patients in test set. (c) Heatmap of the ASF1B-associated prognostic 473 

signature expression profiles between the high and low-risk groups in train set. (d) Heatmap of the 474 

ASF1B-associated prognostic signature expression profiles between the high and low-risk groups in test 475 

set. 476 

Figure 13. The prognostic value of the ASF1B-associated prognostic signature in the TCGA dataset. (a) 477 

Univariate COX analysis of risk-score and clinical characteristics. (b) Multivariate COX analysis of risk-478 

score and clinical characteristics. 479 

Figure 14. Establishment of the prognostic nomogram with the inclusion of the risk-score. (a) A 480 

nomogram for predicting 1- and 3-year survival possibilities of individual HCC patients. The calibration 481 

curve of 1-year (b), 3-year (c) and 5-year (d) survival of HCC patients . The dashed line represented a 482 

perfect uniformity between nomogram-predicted and real possibilities. 483 

Figure 15. External validation of the ASF1B-associated prognostic risk model. (a) Kaplan-Meier 484 

survival curves of HCC patients in the high and low-risk group in GSE54236. (b) Time-dependent ROC 485 

curves analysis of the prognostic risk model based on risks core for 1- and 2-year OS probability in 486 

GSE54236. Calibration plots of 1-year (c) and 2-year (d) predicted survival. 487 
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Tables 488 

Table 1. Logistic regression of ASF1B expression and clinical pathological 

characteristics 

Clinical characteristics Total (N) 

Odds ratio for high 

FAM83D 

expression 

95%CI P-value 

Stage classification (II vs I) 257 1.354 0.778 - 2.363 0.28342 

(III +IV vs I) 261 1.792 1.022 - 3.172 0.04303 

T classification (T2 vs T1) 275 1.566 0.950 - 2.593 0.07936 

(T3+T4 vs T1) 274 1.911 1.154 - 3.191 0.01235 

Gender (male vs female) 321 1.532 0.955 - 2.473 0.07835 

Grade classification (G2 vs 

G1) 
232 1.122 0.610 - 2.086 0.71344 

(G3+G4 vs G1) 189 2.126 1.129 - 4.060 0.02046 

N classification (N1 vs N0) 233 1.009 0.119 - 8.524 0.99309 

Age (65 vs <65) 320 1.027 0.654 - 1.612 0.90851 

CI: confidence interval. Bold values indicate P < 0.05. 489 

 490 

Table 2. Univariate and multivariate analysis between ASF1B expression and 

overall survival among HCC patients 

Parameter Univariate analysis Multivariate analysis 

 HR 95%CI P HR 95%CI P 

Age 1.006 0.989 - 1.025 0.480 1.015 0.995 - 1.036 0.149 
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Gender 0.778 0.487 - 1.244 0.295 1.084 0.649 - 1.808 0.759 

Grade 1.013 0.743 - 1.380 0.934 1.096 0.788 - 1.524 0.587 

Stage 1.879 1.466 - 2.408 6.44E-07 0.945 0.348 - 2.567 0.912 

T 1.816 1.443 - 2.287 3.83E-07 1.808 0.733 - 4.459 0.199 

M 3.924 1.230 - 12.519 0.021 1.730 0.452 - 6.623 0.424 

N 2.070 0.506 - 8.471 0.312 2.395 0.407 - 14.100 0.334 

ASF1B 1.072 1.035 - 1.109 8.30E-05 1.063 1.024 - 1.104 0.002 

HR: hazard ratio. Bold values indicate P < 0.05. 491 



Figures

Figure 1

The expression pattern of ASF1B in different datasets of HCC. (a) GSE6764. (b) GSE 14520. (c) GEPIA.
(d) TCGA LIHC. (e) Paired differences in TCGA.



Figure 2

Association of ASF1B expression with clinical features. (a) Age. (b) Gender. (c) AJCC stage. (d) Grade. (e)
T classi�cation. (f) Lymphatic metastasis. (g) Distant metastasis.

Figure 3

ASF1B expression associated survival analysis. (a) TCGA. (b) Kaplan Meier Plotter.



Figure 4

Correlation between ASF1B and TMB. (a) TMB associated survival analysis. (b) Mutation pattern in high
ASF1B expression group. (c) Mutation pattern in low ASF1B expression group. (d) Relationship between
ASF1B and TP53 mutation.



Figure 5

Enrichment plots from gene set enrichment analysis (GSEA).



Figure 6

Immune pattern evaluated by CIBERSORT. (a) The overview of in�ltrating immune cells in cancerous and
normal tissues for TCGA LIHC. (b) The difference of in�ltrating immune cells between tumor and normal
in HCC. (c) Different correlation patterns among immune cell subsets in HCC.

Figure 7

Associations between ASF1B copy numbers in HCC.

Figure 8



Association between ASF1B expression and immune cell in�ltration levels via TISIDB network tool. The
black asterisks in the correlation heatmap indicated immune cell types signi�cantly associated with
ASF1B expression levels in TCGA.

Figure 9

Identi�cation and analysis of immunomodulators associated with the ASF1B gene. (a) The heatmaps of
correlation between the immunoinhibitors (left panel), immunostimulators (right panel) and the ASF1B
gene in LIHC. (b) Protein–protein network of 28 ASF1B-associated immunomodulators and 50 closely
related genes in LIHC, produced by the STRING online server. (c) GO annotation of 28 ASF1B-associated
immunomodulators and 50 closely connected genes in LIHC. (d) KEGG pathway analysis of the above
mentioned 78 genes.



Figure 10

The development of prognostic gene signatures based on 78 ASF1B-associated immunomodulators. (a)
Univariate COX regression of 78 ASF1B-associated immunomodulators. (b) The hazard ratios and
coefcient of ASF1B-associated prognostic genes of multivariate COX regression.



Figure 11

Establishment and internal validation of prognostic model based on risk-score of ASF1B-associated
prognostic immunomodulators. (a) Survival curves of the high and low-risk group of the TCGA train set.
(b) Survival curves of the high and low-risk group of the TCGA test set. (c) Time-dependent ROC curves of
ASF1B-associated prognostic model of the TCGA train set. (d) Time-dependent ROC curves of ASF1B-
associated prognostic model of the TCGA test set.



Figure 12

Characteristics of the ASF1B-associated prognostic signature in the TCGA dataset. The dotted line is the
optimal cut-of value for dividing HCC patients into high and low-risk groups. (a) The distribution of risk-
score and the survival status of HCC patients in train set. (b) The distribution of risk-score and the
survival status of HCC patients in test set. (c) Heatmap of the ASF1B-associated prognostic signature
expression pro�les between the high and low-risk groups in train set. (d) Heatmap of the ASF1B-
associated prognostic signature expression pro�les between the high and low-risk groups in test set.



Figure 13

The prognostic value of the ASF1B-associated prognostic signature in the TCGA dataset. (a) Univariate
COX analysis of risk-score and clinical characteristics. (b) Multivariate COX analysis of risk-score and
clinical characteristics.



Figure 14

Establishment of the prognostic nomogram with the inclusion of the risk-score. (a) A nomogram for
predicting 1- and 3-year survival possibilities of individual HCC patients. The calibration curve of 1-year
(b), 3-year (c) and 5-year (d) survival of HCC patients . The dashed line represented a perfect uniformity
between nomogram-predicted and real possibilities.



Figure 15

External validation of the ASF1B-associated prognostic risk model. (a) Kaplan-Meier survival curves of
HCC patients in the high and low-risk group in GSE54236. (b) Time-dependent ROC curves analysis of the
prognostic risk model based on risks core for 1- and 2-year OS probability in GSE54236. Calibration plots
of 1-year (c) and 2-year (d) predicted survival.
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