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Introduction

Mounting evidence has revealed that the interactions and dynamic alterations among immune cells are critical in shaping the tumor microenvironment and ultimately map onto heterogeneous clinical outcomes. Currently, the underlying clinical significance of immune cell evolutions remains largely unexplored in hepatocellular carcinoma (HCC).



Methods

A total of 3,817 immune cells and 1,750 HCC patients of 15 independent public datasets were retrieved. The Seurat and Monocle algorithms were used to depict T cell evolution, and nonnegative matrix factorization (NMF) was further applied to identify the molecular classification. Subsequently, the prognosis, biological characteristics, genomic variations, and immune landscape among distinct clusters were decoded. The clinical efficacy of multiple treatment approaches was further investigated.



Results

According to trajectory gene expression, three heterogeneous clusters with different clinical outcomes were identified. C2, with a more advanced pathological stage, presented the most dismal prognosis relative to C1 and C3. Eight independent external cohorts validated the robustness and reproducibility of the three clusters. Further explorations elucidated C1 to be characterized as lipid metabolic HCC, and C2 was referred to as cell-proliferative HCC, whereas C3 was defined as immune inflammatory HCC. Moreover, C2 also displayed the most conspicuous genomic instability, and C3 was deemed as “immune-hot”, having abundant immune cells and an elevated expression of immune checkpoints. The assessments of therapeutic intervention suggested that patients in C1 were suitable for transcatheter arterial chemoembolization treatment, and patients in C2 were sensitive to tyrosine kinase inhibitors, while patients in C3 were more responsive to immunotherapy. We also identified numerous underlying therapeutic agents, which might be conducive to clinical transformation in the future.



Conclusions

Our study developed three clusters with distinct characteristics based on immune cell evolutions. For specifically stratified patients, we proposed individualized treatment strategies to improve the clinical outcomes and facilitate the clinical management.
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Introduction

Hepatocellular carcinoma (HCC) is a common liver malignant tumor, which ranks sixth in terms of global incidence and second as a cause of global mortality (1). With the knowledge of tumorigenesis that has evolved, HCC is dominantly induced by a series of chronic liver diseases, such as liver cirrhosis, HBV/HCV infection, and fatty liver disease (2). Currently, more curative treatment approaches than ever are proposed for HCC patients, including radical surgery, transcatheter arterial chemoembolization (TACE), molecular targeted agents, and immunotherapy (3). With the advent of many treatments, there are more various options provided for HCC patients to improve the clinical efficacy. However, due to its superior aggressive capacity and high relapse, HCC patients display a dismal prognosis, such that the 5-year survival is only 18% (4). In addition, previous research has elucidated that even patients with the same clinical stage had differences in therapeutic efficacy and display conspicuous heterogeneity in prognosis (5, 6). This is mainly since the widely used clinical classification systems focus on the clinicopathological characteristics, which are limited to stratifying the patients and thus ignoring their molecular features (7, 8). Hence, it is imperative to increase the understanding of genomic heterogeneity. Seeking a novel molecular classification is significant to stratifying patients and making clinical decisions, thus further improving the prognosis.

In recent years, the continued interests on single-cell RNA-seq, an emerging technology, have provided the exploration of tumor heterogeneity and depicted the characteristics of genomic codes (9). The traditional RNA-seq technology actually obtains the average number of gene expressions in tumor tissue or multi-cellular populations, losing the transcriptome heterogeneity at the cell level (10). Intriguingly, single-cell RNA-seq has been proven as an advancement in decoding the genomic codes and widely used to reveal inter-tumor and intra-tumor heterogeneity (11, 12). Previous studies have demonstrated that the immune microenvironment, hypoxia, and ferroptosis all display significant heterogeneity in HCC (13–15). The tumor microenvironment (TME) contained abundant immune cells, stromal cells, and tumor cells as well as plays a key role in tumor heterogeneity and malignant progression (14). Moreover, the interactions and dynamic variations among immune cells are critical to shape the TME and ultimately map onto heterogeneous clinical outcomes (16). Therefore, it is essential to explore the dynamic process of immune cell subpopulations by single-cell RNA-seq and then further propose a new molecular classification, indicating the heterogeneous genomic characteristics and clinical outcomes.

With the enormous advancements in tumor research, individualized comprehensive treatments and precision medicine have gradually become the goal of humans (7). Using a traditional therapy strategy might bring overtreatment or undertreatment as lacking the knowledge of molecular characteristics, while integrated treatments unite novel approaches, such as immunotherapy and targeted therapy, and might produce encouraging efficacy (6, 8). Immunotherapy has made revolutionized impacts on anti-tumor therapy, which performs its capacity by acting on specific molecular markers, including PD1, PD-L1, and CTLA-4. Nevertheless, only a subset of patients displayed a curative response (17). As a common targeted therapy, multi-kinase inhibitors (tyrosine kinase inhibitors, TKIs) perform tumor suppression via restraining tumor angiogenesis and cell proliferation. However, a part of the patients present obvious drug resistance (18). Thus, patients with HCC are stratified appropriately, and personalized therapeutic strategies are implemented, which are conducive to enhancing the clinical efficacy. Additionally, owing to the poor therapeutic efficacy of chemotherapy and high expense (3), developing novel potential agents might bring the dawn for HCC patients.

In this context, according to single-cell RNA-seq data, we depicted the landscape of immune cells and identified the trajectory genes involved in the dynamic evolution of CD8+ T cells. Subsequently, three heterogeneous clusters were developed by The Cancer Genome Atlas (TCGA)-Liver Hepatocellular Carcinoma (LIHC) cohort and validated using eight independently external cohorts. The three clusters had distinct prognosis, biological characteristics, genomic variations, and immune infiltration microenvironment. In addition, the treatment recommendations were proposed for HCC patients using diverse clinical treatment cohorts, including immunotherapy, TACE, and sorafenib therapy. The potential therapeutic agents were also identified among the three clusters. Overall, the patients in the three clusters displayed distinct therapeutic responses, which provide the theoretical basis for developing an individualized treatment strategy.



Materials and methods


Data acquisition and processing

A total of 15 independent public datasets were collected and processed in this study, including single-cell RNA-seq cohort, high-throughput RNA-seq cohorts, microarray cohorts, and clinical treatment cohorts. The single-cell RNA-seq cohort GSE140228 was downloaded from Gene Expression Omnibus (GEO), which deciphered the immune landscape and dynamics of HCC. The TCGA-LIHC cohort (n = 369), International Cancer Genome Consortium (ICGC)-LIRI cohort (n = 232), and GSE14520 cohort (n = 221) included gene expression, and corresponding complete clinical information were retrieved from TCGA, ICGC, and GEO, respectively. In the TCGA-LIHC cohort, somatic mutation data and copy number variation (CNV) information were accessed from the online portal cBioPortal. In addition, the E-TABM-36 cohort (n = 60) was generated from ArrayExpress database. Other microarray cohorts were also collected from the GEO database, encompassing GSE25097 (n = 268), GSE76427 (n = 115), GSE116174 (n = 64), GSE144269 (n = 68), GSE104580 (n = 147), and GSE109211 (n = 67). Among these, GSE104580 and GSE109211 contained TACE treatment and sorafenib therapy information, respectively. Additionally, we enrolled four eligible immunotherapy cohorts with 98 non-responders and 41 responders, including GSE35640 (n = 56), GSE91061 (n = 39), GSE100797 (n = 21), and Nathanon (n = 23) cohorts. The details of all retrieved cohorts are shown in Supplementary Table S1.

The RNA-seq raw count data were converted to transcripts per million format and further log-2 transformed. The expression profiles from GEO and ArrayExpress databases were processed and normalized by affy and lumi packages based on different platforms. According to the RECIST v1.1 standard, patients with complete response/partial response and patients with stable disease/progressive disease were deemed as responders and non-responders, respectively. Patients who were not evaluable were excluded.



Single-cell RNA-seq data analysis

The Seurat (v4.0.6) package was utilized to process data for further dimension reduction and cell clustering analysis (19). Single-cell gene expression profiles were filtered to exclude cells that had either over 10% mitochondria genes or fewer than 200 transcripts/cell. PCA linear dimensional reduction and clustering visualization were performed using RunPCA function and RunTSNE function implemented in Seurat. The SingleR package was applied to annotate distinct cell clustering, and then unique marker genes were identified via the FindAllMarkers function of Seurat. The irGSEA package with UCell method was used to accomplish single-cell gene set enrichment analysis. The pseudo-time trajectory analysis of single cells was conducted by Monocle 2 package (20). Cellular trajectory ordered in pseudo-time was presented with multiple branches, and genes along the trajectory were enrolled in a subsequent analysis.



Cluster identification via nonnegative matrix factorization

Nonnegative matrix factorization (NMF) algorithm executed in the NMF package was performed to identify molecular clustering by factorizing matrix and running iterations (21). Using univariate Cox regression, the trajectory genes were screened, and prognosis-associated candidate genes were generated for a better clinical application. Based on the nonnegative matrix of these genes, consensus clustering was deciphered with the following criteria in the NMF package: possible factorization ranks = 2–9, number of iterations = 100, and method = “lee”. Cophenetic coefficient was employed to determine optimal rank, and silhouette statistic was used to quantify the robustness of clustering patterns. Usually, when the value of cophenetic correlation coefficient starts decreasing, it is deemed as optimal factorization rank (21). The magnitude of silhouette coefficient was linked with the similarity of a sample to its own cluster, a higher silhouette value, and a better one matched to its own cluster (22).



Weighted gene co-expression network analysis

The weighted gene co-expression network analysis (WGCNA) aims to explore and reveal the correlations between gene modules and phenotypes (23). The characteristic genes of distinct clusters were identified using the WGCNA package. After excluding the outlier samples, gene co-expression network was constructed based on the top 5,000 genes and further transformed into a scale-free network via selecting an appropriate soft threshold β. Subsequently, the topological overlap matrix (TOM) describing the overlap of network neighbors and 1-TOM representing gene dissimilarity were generated by the weighted adjacency matrix. Eventually, gene modules with various colors were identified by dynamic tree algorithm. Based on the relationship between the module eigenvalue and phenotypes, three modules with highest correlation were filtered, and the characteristic genes were acquired for subsequent analysis.



Nearest template prediction validation

The nearest template prediction (NTP) is a flexible approach that evaluates class prediction confidence for a single patient (24). To further assess the reliability and stability of clusters, the NTP algorithm implemented in the CMScaller package was utilized to validate by multiple cohorts from inconsistent platforms. The signature gene list used in NTP was derived from modules’ characteristic genes and differentially expressed genes.



Explorations of the underlying biological characteristics

To explore the specific biological characteristics of distinct clusters, gene set enrichment analysis (GSEA) algorithm was performed, which displayed pathway activities by gene rank information. Differentially expressed genes (DEGs) were identified via the limma package and then ordered according to descending log2 fold change value. The clusterProfiler package was used to exhibit the GSEA analysis, and Benjamin–Hochberg-corrected adjusted P-value <0.05 was regarded as statistically significant. The gene set variation analysis (GSVA) was broadly utilized in pathway activity assessment (13). Based on 50 Hallmark gene sets, the GSVA package was applied to further evaluate and elucidate different biological characteristics among clusters.



Somatic mutation and copy number variation analysis

The landscape of genomic variations was depicted by the mutation and CNV data. The maftools package was used to display somatic variants among distinct clusters, including single-nucleotide polymorphism (SNP), insertion and deletion (INDEL), tumor mutation burden (TMB), and mutation frequency (25). Generally, frequently mutated genes (FMGs) that had top 20 mutation frequency were considered the main driver genes for malignant tumor (26). We also dissected the CNV among clusters and further exhibited frequently AMP or HOMDEL genes, which possessed the top 10 genes with amplification or deletion.



The assessment of immune cell infiltration and immunotherapy

To decode the landscape of immune cell infiltration, immune gene sets were obtained from a previous study which stored 28 immune cell subgroups (27) (Supplementary Table S2). The single-sample gene set enrichment analysis (ssGSEA) algorithm was used to compute the relative infiltration abundance of 28 immune cells. The expression of 27 immune checkpoints was evaluated to further depict the tumor immune microenvironment, encompassing the B7-CD28 superfamily, TNF superfamily, and other molecules (15) (Supplementary Table S3). The capacity of antigen presentation was estimated based on nine human leukocyte antigen (HLA) molecule expression profiles (16). Two prevalent approaches were employed to assess the immunotherapeutic efficacy among distinct clusters, including T cell inflammatory signature (TIS) and unsupervised subclass mapping (Submap). TIS, which contained 18 inflammatory genes, was scored by ssGSEA algorithm, which gave a higher score to indicate a better response to PD-1 blockade (28). The Submap was utilized to measure the expression profile similarity between HCC patients and immunotherapeutic patients, which was consistent with the similarity of clinical responses (29). Four immunotherapy cohorts were applied to further reveal the immunotherapy significances of different clusters. Receiver operating characteristic curve (ROC) was executed to estimate the accuracy of the immunotherapeutic prediction.



The evaluation of clinical treatment

The pRRophetic package encompassing linear ridge regression model was applicable to predict drug response based on gene expression data (30). Using pRRophetic package, we calculated the half-maximal inhibitory concentration (IC50) of clinical tissues. Potential therapeutic agents were screened when the IC50 value was lowest among distinct clusters. The Connectivity Map (CMap) was a systematic approach for searching potential therapeutic compounds based on the similarity of gene expression profile (31). We executed CMap database to identify potential therapeutic compounds and target pathways. DEGs were firstly screened by the limma package, and the expression similarity was compared with database signatures, and then enrichment score-quantified therapeutic value was generated. Additionally, the TACE and sorafenib treatment-associated cohorts were also enrolled to assess the clinical efficacy among distinct clusters.



Statistical analysis

The Kaplan–Meier and Cox regression analyses were conducted by the survival package. The log-rank test was applied to compare the survival statistics of categorical variables. Multivariate Cox regression analysis was utilized to calculate the hazard ratio and verify the independent significance of multiple traits. Using Pearson’s correlation analysis, the correlation between two continuous variables was evaluated. Kruskal–Wallis test was performed to compare the difference among three groups. The pROC package was carried out to draw the ROC for predicting binary categorical variables. All data cleaning, statistical analysis, and visualization were conducted in R v4.1 software. All statistical tests were two-sided. P <0.05 was considered statistically significant.




Results


Single-cell analysis reveals cell subtypes

To depict the landscape and dynamics of CD45+ immune cells, single-cell transcriptomes were performed with subcluster analysis and visualized by t-distributed stochastic neighbor embedding (t-SNE) approach. A total of 3,817 immune cells originated from tumor and normal tissue were classified into 17 clusters (Figure 1A). Based on the gene signature of distinct subclusters, these cells were mainly composed of five immune cell clusters, including B cells, dendritic cells, monocyte cells, natural killer cells, and T cells (Figure 1B). To describe the source of immune cells, 2,212 tumor-derived cells and 1,605 non-tumor-derived cells were clustered separately (Figure 1C). Single-cell enrichment analyses exhibited that all cells were involved in immune inflammation pathway, especially dendritic cells, monocyte cells, and T cells (Figure 1D). We further measured the percentage composition and extracted the top 5 markers of each immune cells cluster (Figures 1E, F). In addition, the accuracy of B cell populations was verified by analyzing the expression of specific markers: CD79A, IGHG3, and IGLC2 (Supplementary Figures S1A–F). A concern was that T cells from tumor tissue displayed the most prevalent cell cluster. It was well known that T cells had anti-tumor immunity ability and power in directly killing cells in tumor progression. Thus, T cells were further explored and decoded at single-cell level.




Figure 1 | Single-cell RNA-seq profiling of different immune cell clusters derived from hepatocellular carcinoma (HCC). (A–C) t-distributed stochastic neighbor embedding plot of all the single cells, with each color coded for (A) 17 major cell clusters, (B) immune cell types, and (C) sample origin (normal or tumor) in HCC. (D) Single-cell gene set enrichment analysis of inflammatory response activity among distinct immune cell types. (E) Proportions of five immune cell types originated from tumor and normal tissue. (F) Top five marker genes of five immune cell types identified in this profile.





The dynamics of T cells during HCC progression

The tumor-derived T cells were employed to reveal the evolution of T cells using dimensional reduction, unsupervised clustering, and trajectory analysis. All T cells were clustered again and divided into six cell subpopulations (Figure 2A and Supplementary Figure S2A). A previous study has elucidated that CD3D and CD3E were shared gene markers of CD4+ and CD8+ T cells (32). Thus, our study suggested that the T cells retrieved in this study mainly consisted of CD4+ and CD8+ T cells (Figures 2B, C and Supplementary Figures S2B, C). The specific marker gene CD4 was expressed in clusters 1, 2, 3, and 5, which indicated that these clusters represented CD4+ T cells (Figure 2D and Supplementary Figure S2D). We also noticed that cluster 0 and cluster 4 were enriched for CD8+ T cell markers, such as CD8A and CD8B, confirming the identity of CD8+ T cells (Figures 2E, F and Supplementary Figures S2E, F). These specific cell subpopulations were visualized with two-dimensional distributions by the t-SNE method (Figure 2A). As the tumor progressed, the cell status in TME was dynamic rather than immobile, and the dynamic process was depicted by the Monocle algorithm. For CD4+ T cells, there was a gradual evolution process from CD4+ T clusters 3 and 4 to CD4+ T clusters 1 and 2 (Supplementary Figures S2G, H). The immune checkpoints were further investigated in CD8+ T cells (32). Strikingly, most inhibitory checkpoints represented T cell exhaustion, such as HAVCR2 (TIM3), LAG3, TIGIT, PDCD1 (PD-1), and CTLA-4, which were significantly upregulated in CD8+ T cluster 2 (Figure 2G). The pseudo-time and trajectory analysis indicated that CD8+ T cells tended to be exhausted with tumor progression, which might be linked with poor prognosis (Figures 2H, I). A previous study had also demonstrated that T cell exclusion is common in TME and associated with immune privilege (33). Thus, these genes along the trajectory might play an important role in TME and in the clinical outcomes of HCC patients (Supplementary Table S4).




Figure 2 | Dynamics of T cells during hepatocellular carcinoma (HCC) progression. (A) t-SNE plot of only T cells, with each color coded for CD4+ T and CD8+ T cell clusters. (B, C) t-SNE plots showing the expression level of specific T cell subset marker genes, (B) CD3D, and (C) CD3E. (D–F) Violin plots demonstrating the identity of CD4+ T cells and CD8+ T cells through analyzing the expression of specific markers (D) CD4, (E) CD8A, and (F) CD8B. (G) Heat map of immune checkpoints upregulated or downregulated in CD8+ T cells. A row Z-score was used to represent the expression level. (H) Differentiation trajectory of CD8+ T cells in HCC, with a color code for pseudo-time. (I) Differentiation trajectory of CD8+ T cells in HCC, with a color code for clusters.





The identification of three molecular clusters

The trajectory genes were employed to extract prognosis-associated candidate genes. Based on the expression of these genes, the NMF approach was utilized to decipher heterogeneous molecular clusters. As illustrated in Figure 3A, the optimal cluster option was three due to the cophenetic coefficient that started to rapidly decline. The consensus matrices also suggested that three clusters had optimal stratification (Figure 3B). The silhouette statistic was used to assess the stability of molecular clusters, and the samples were further detected by silhouette width (34). Therefore, samples with a positive silhouette width were divided into three stable and robust clusters (Figure 3C). To facilitate the clinical application, the prognostic significance of clusters was further explored. C2 exhibited poor overall survival (OS) and recurrence-free survival, whereas C3 presented a favorable prognosis (P <0.05) (Figures 3D, E).




Figure 3 | Development of three molecular clusters with heterogeneous clinical outcomes by nonnegative matrix factorization (NMF) analysis. (A) The optimal rank was 3 as the cophenetic coefficient started firstly decreasing. (B) Consensus map of NMF clustering results in The Cancer Genome Atlas-Liver Hepatocellular Carcinoma (TCGA-LIHC) cohort. (C) Silhouette statistic of three heterogeneous clusters. (D) Kaplan–Meier curves of overall survival according to three clusters in the TCGA-LIHC cohort. (E) Kaplan–Meier curves of recurrence-free survival according to three clusters in the TCGA-LIHC cohort.





The characteristic genes and specific pathway of three clusters

The characteristic genes of three clusters were identified using WGCNA package. First of all, the outlier samples were removed, and then the remaining samples were clustered (Supplementary Figure S3A). When β was set to 6, the no-scale R2 was 0.9, developing a scale-free network (Figure 4A). As shown in Supplementary Figure S3B, the TOM network was displayed via a heat map. Subsequently, a total of 12 co-expression modules were obtained by dynamic tree cutting, and the eigengene adjacency of various modules was depicted via a heat map (Supplementary Figures S3C, D). Furthermore, the module–trait relationships were exhibited to measure the correlations between the modules and the three clusters. The turquoise, blue, and purple module presented the strongest correlation with C1, C2, and C3, respectively (Figure 4B). The correlation values between gene significance and module membership indicated that the construction of the gene modules was robust (Figures 4C–E). The genes in each module were defined as characteristic genes and are shown in Supplementary Table S5. To decode the specific biological characteristics of three clusters, we performed GSEA analysis using gene sets from Gene Ontology and Kyoto Encyclopedia of Genes and Genomes. C1 was mainly associated with metabolism pathways, including fatty acid oxidation and bile secretion. There are tight links between tumor immune microenvironment and metabolism activity such as fatty metabolism and bile acid metabolism in liver. The important source of energy is generated from the elevated lipid metabolism activity, which is the power and key regulator for immune cells and tumor cells. Meanwhile, elevated lipid metabolism activity impacts the inflammatory pathway in the tumor microenvironment, even resulting in immune escape (35). C2 possessed conspicuous enrichment in proliferation pathways such as cell cycle and nuclear division. C3 was obviously enriched in immune pathways encompassing the adaptive immune response and chemokine signaling pathway (Figures 4F, G). Therefore, we characterized C1 as lipid metabolic HCC and C2 as cell proliferative HCC, whereas C3 was defined as immune inflammatory HCC.




Figure 4 | Identification of characteristic genes and specific biological pathways. (A) Analysis of network topology for different soft-threshold power by weighted gene co-expression network analysis. The left panel shows the impact of soft-threshold power on the scale-free topology fit index; the right panel displays the impact of soft-threshold power on the mean connectivity. (B) Correlation analysis between module eigengenes and molecular phenotype. (C–E) Scatterplot of module membership vs. gene significance of the three modules, including (C) turquoise, (D) blue, and (E) purple modules, respectively. (F, G). Enrichment plots depicted by gene set enrichment analysis based on (F) Gene Ontology and (G) Kyoto Encyclopedia of Genes and Genomes gene sets, respectively.





Nearest template prediction verifies three heterogeneous clusters

Based on signature gene expression, NTP analysis was performed to assess the reliability and stability of the three clusters. The signature genes were generated from the overlaps between characteristic genes and upregulated DEGs (24). Using the NTP method, a total of eight cohorts obtained from distinct platforms were executed to measure and evaluate the prediction confidence for each patient, including GSE14520 (Figure 5A), ICGC-LIRI (Figure 5C), E-TABM-36, GSE76427, GSE25097, GSE104580, GSE116174, and GSE144269 (Supplementary Figures S4A–F). Consistent with a previous study, patients with false discovery rate <0.05 were detected for a subsequent analysis (36). In GSE14520 and ICGC-LIRI cohorts, Kaplan–Meier and multivariate Cox regression analyses were utilized to further elucidate the prognostic implications of the three clusters. The Kaplan–Meier analysis suggested that C2 still possessed the most unfavorable OS, while C3 presented the most favorable OS (P <0.05), which was coincident with previous results (Figures 5B, D). Multivariate Cox regression indicated that C2 was an independent prognostic indicator in the TCGA-LIHC, GSE14520, and ICGC-LIRI cohorts (Figures 5E–G). In addition, the proportions of the three clusters were displayed among distinct cohorts, which showed a high similarity (Figure 5H). Overall, the three clusters had heterogeneous clinical outcomes and were reproducible and robust in HCC.




Figure 5 | Validation and clinical features of three heterogeneous clusters. (A) Heat map of the expression level of the template feature between three clusters in the GSE14520 cohort. (B) Kaplan–Meier curves of overall survival (OS) according to three clusters in the GSE14520 cohort. (C) Heat map of the expression level of the template feature between three clusters in the ICGC-LIRI cohort. (D) Kaplan–Meier curves of OS according to three clusters in the ICGC-LIRI cohort. (E–G) Multivariate Cox regression of OS in (E) TCGA-LIHC, (F) GSE14520, and (G) ICGC-LIRI cohorts. (H) Proportions of three clusters among nine cohorts derived from distinct platforms.





The landscape of genomic variations

We further depicted the landscape of genomic variations among the three heterogeneous clusters. As illustrated in Figure 6A, the mutation frequency of the top 20 FMGs was exhibited, and the overview of SNP, INDEL, and TMB was also displayed. To increase the understanding of somatic mutation, we compared the mutational differences of 20 FMGs among three clusters (Figure 6B). Strikingly, there were three universal FMGs exhibited in all molecular clusters, encompassing TP53, CTNNB1, and TTN, indicating that these FMGs might play a key role in tumorigenesis or tumor progression (Figure 6B). Among the three FMGs, the CTNNB1 and TTN mutations were pronounced in C1, while the TP53 mutation was dominant in C2. A previous study had elucidated that the gradual accumulation of gene mutations was prone to tumorigenesis (37). C3 possessed the lowest gene mutation relative to others, implying better clinical outcomes. We further explored the summary of CNV and depicted the top 10 frequent AMP and HOMDEL genes among the three clusters (Figure 6C). Interestingly, C2 was characterized by a higher CNV compared to the other clusters, and CSMD1 gene had the most conspicuous CNV loss (Figure 6C). In line with previous research, the loss of a putative tumor suppressor gene, CSMD1, might be the driven event in HCC progression (38, 39). Taken together, patients in C2 conveyed prominent genomic variations, indicating a highly genomic instability.




Figure 6 | Characteristics of genomic variations among three clusters (A, B). (A) The waterfall plot depicted the differences in frequently mutated genes (FMGs) of hepatocellular carcinoma among three clusters. The right panel shows the mutation rate, and genes were ordered by their mutation frequencies. (B) Mutation frequency of the top 20 FMGs among three clusters. (C) Amplified and homozygously deleted genes among the three clusters. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.





The assessment of immune infiltration and immunotherapy

The 50 Hallmark gene sets were broadly performed in cancer-related research (14). We further revealed the potential carcinogenic characteristics of the three clusters using GSVA algorithm. Consistent with the above-mentioned results, C1 was characterized by lipid metabolic pathways, and C2 was mainly associated with cell proliferative pathways, while C3 was enriched in immune inflammatory pathways (Supplementary Figure S5A). These results indicated that patients in C3 might obtain better immunotherapeutic efficacy. Therefore, the landscape of immune cell infiltration and immune checkpoint expression was delineated to decipher the underlying mechanism. Compared to other clusters, C3 exhibited more infiltration abundance of immune cells (Figure 7A). Patients in C3 tended to be the “immune-hot” subtype, which stored massive immune cells in TME, including CD4+ T cell, CD8+ T cell, activated dendritic cell, nature killer cell, and so on (P < 0.05) (Supplementary Figure S6A). Among the three clusters, C3 also displayed the highest expression of immune checkpoints, such as CD274 (PD-L1), CTLA-4, and LAG3, which suggested that C3 might be more sensitive to immune checkpoint inhibitors (ICI) therapy (Figure 7B). Furthermore, the expression of HLA molecules was conspicuously higher in C3, which proved that patients in C3 possessed a strong power of antigen presentation (Figure 7C). Overall, precision immunotherapy might be applicable to patients in C3.




Figure 7 | Immune landscape and immunotherapy responses. (A) Infiltration abundance of 28 immune cell subsets evaluated by single-sample gene set enrichment analysis algorithm. (B) Twenty-seven immune checkpoint profiles of three clusters. (C) Distribution of nine human leukocyte antigen molecular expressions among three clusters. (D) Distribution difference of T cell inflammatory signature prediction scores among three clusters. (E) Submap analysis manifesting that C3 could be more sensitive to anti-PD-1 therapy (Bonferroni, P < 0.01). (F) Immunotherapy response ratio of cluster-associated immunotherapy score (CAIS) in GSE100797, GSE35640, GSE91061, and Nathanon cohorts. (G) Receiver operating characteristic curves of CAIS to predict the benefits of immunotherapy in GSE100797, GSE35640, GSE91061, and Nathanon cohorts. nsP < 0.05, ***P < 0.001.



To yield deep insights on immunotherapy, the TIS and Submap methods were applied to assess the clinical efficacy among distinct clusters. As expected, C3 had the highest TIS score, hinting immune activation and elevated response to ICIs (P < 0.0001) (Figure 7D). Based on the Submap algorithm, patients in C3 had a superior similarity of expression patterns with patients responding to PD-L1 inhibitor (Bonferroni corrected P <0.01), indicating more benefits from anti-PD-L1 treatment (Figure 7E). Subsequently, the characteristic genes of C3 were extracted to serve as the measured score, named as cluster-associated immunotherapy score (CAIS). The patients were classified into high and low groups based on the constant ratio (3 vs. 7). Four immunotherapy cohorts contained 98 non-responders, and 41 responders were retrieved to evaluate the clinical applications of CAIS. Notably, patients in the high group exhibited a superior response to immunotherapy in all cohorts (Figure 7F). The area under the curve values of CAIS for predicting the accuracy of immunotherapeutic efficacy were 0.721, 0.709, 0.719, and 0.737 in GSE100797, GSE35640, GSE91061, and Nathanon cohorts, respectively (Figure 7G). Collectively, the above-mentioned data suggested that CAIS was a robust and promising immunotherapy indicator. Patients in C3 were recommended to be taken into consideration in using immunotherapy.



The evaluation of clinical treatment and identification of potential therapeutic drugs

Two other clinical treatment cohorts, GSE140580 and GSE109211, were collected to seek a high-potency treatment strategy and facilitate the clinical benefits for HCC patients. The TACE and sorafenib therapies were widely applied to clinical practice. As displayed in Supplementary Figure S5B, both C1 and C3 were characterized with early AJCC stage, which is predominantly associated with a superior prognosis. According to the updated clinical guideline, the TACE treatment was recommended for patients with primary stage (7). In line with that, our results also demonstrated that patients in C1 and C3 had a desirable efficacy for TACE treatment (Figure 8A). The therapy sensitivity of sorafenib was further estimated among the three clusters, and it was substantiated that patients in C2 could obtain more clinical benefits (Figure 8B). To identify latent therapeutic drugs, the pRRophetic package was used to evaluate the sensitivity of numerous agents, which was quantified by half-maximal inhibitory concentration (IC50). In the TCGA-LIHC cohort, patients in C2 also displayed superior response to nilotinib and bosutinib relative to other clusters (Figures 8C, D). Furthermore, patients in C1 might be more sensitive to axitinib for the lower IC50 value (Figure 8E). Obatoclax, docetaxel, and cisplatin were potential therapeutic agents for patients in C3 (Supplementary Figures S6B–D). These drugs might be developed into promising therapeutic agents for distinctly classified HCC patients. The CMap database contained a massive gene expression profile, which could assess the relationships among gene expression, phenotype, and drugs, and was further utilized to identify other potential compounds and shed light on the mode of action. We exhibited 20 compounds that possessed personalized therapeutic potential for three clusters (Figure 8F). The targeted pathways of these compounds were depicted, which could be used to develop numerous drugs (Figure 8G). According to patients in distinct clusters, applying individualized therapy patterns would produce curative clinical efficacy.




Figure 8 | Evaluation of treatment efficacy and identification of potential therapeutic agents. (A) Treatment response ratio among three clusters of transcatheter arterial chemoembolization (TACE) in GSE104580. (B) Treatment response ratio among three clusters of sorafenib in GSE109211. (C–E) Distribution of IC50 value among three clusters of (C) nilotinib, (D) bosutinib, and (E) axitinib. (F) Heat map of enrichment score generated from potential therapeutic compounds. (G) Description of mode of action of compounds targeting corresponding molecular pathways. nsP < 0.05, *P < 0.05, **P < 0.01, ***P < 0.001.






Discussion

As we have known, the HCC is characterized by high heterogeneity and inferior prognosis (2). Together with the updated guidelines and deep research, there are various treatment options for HCC patients (3, 7). Nevertheless, the standardized treatment displays heterogeneity even with patients in the same clinical stage, which is mainly owing to ignoring patients with distinct molecular characteristics (40). The heterogeneous clinical outcomes mean that it is necessary to explore genomic characteristics and develop a new molecular classification for HCC patients.

In this study, using the advantage of emerging technology at exploring tumor heterogeneity, we performed single-cell RNA-seq analysis to uncover the immune cell subpopulations and the dynamics of T cells. Previous studies had reported that TME is strongly correlated with tumor heterogeneity and modulates anti-tumor immune responses (14, 41). Among various cell distributions in TME, the T cells play a leading role in immune regulation and exert anti-tumor activity (42). The CD4+ T cells are recognized to portray an accessory role, and CD8+ T cells are defined as cytotoxic T lymphocytes killing tumor cells (43). Moreover, both of them are linked with prognosis and immunotherapy responses (42, 43). The distinct immune cells were depicted, and specific markers were identified based on a single-cell level. We also demonstrated that the immune inflammatory pathway was active among immune cell clusters. The T cells possessed a dynamic process, and CD8+ T cells were likely to be exhausted in the course of tumor progression. In our opinion, genes along the evolutive trajectory of CD8+ T cells were significant to prognosis and heterogeneous clinical efficacy, which are good bases to construct a molecular classification.

Subsequently, the NMF algorithm was utilized to identify heterogeneous molecular clusters, and the WGCNA algorithm was performed to detect characteristic genes. Based on multiple assessment indexes, three robust clusters were identified in the TCGA-LIHC cohort. Further prognostic implications were explored, and the results suggested that C2 presented adverse prognosis and could serve as an independent prognostic indicator. Among the three clusters, the overlap of characteristic genes and differentially upregulated genes was defined as signature genes, and then the NTP algorithm was employed. The results indicated that the three clusters with heterogeneous clinical outcomes were reproducible and robust in eight cohorts obtained from different platforms, encompassing GSE14520, ICGC-LIRI, E-TABM-36, GSE76427, GSE25097, GSE104580, GSE116174, and GSE144269.

Our study also delineated the underlying biological characteristics of the three clusters. Both GSEA and GSVA enrichment analyses elucidated that C1 was dominantly associated with lipid metabolic pathways, and C2 was significantly enriched in cell proliferative pathways, while C3 was mainly associated with immune inflammatory pathways. In addition, the three clusters displayed diverse genomic characteristics. Both somatic mutation and CNV emphasized that C2 had the most conspicuous genomic instability. Previous research had suggested that patients with TP53 mutation were more likely to encounter immune escape and have a dismal prognosis (44). Consistent with that, our study also proved that C2, with the highest TP53 mutation, presented an inferior prognosis. Patients with Wnt/CTNNB1 mutations are linked with resistance to immunotherapy (45). Correspondingly, C1 had a higher mutation frequency of CTNNB1, implying poor immunotherapy response. Due to the superior immune inflammatory activity, good clinical outcomes, and more stable genomic features, patients in C3 were more prone to exert anti-tumor activity and benefit from immunotherapy.

As is well known, distinct molecular characteristics could map into heterogeneous clinical outcomes and hint at individualized treatment recommendations. Seeking a personalized treatment strategy is essential to tailor a clinical management for HCC patients, thus improving their prognosis and therapeutic efficacy. Among the three clusters, therapeutic efficacy was assessed and compared for distinct clinical treatments. C3 was determined to have an “immune-hot” pattern with abundant immune cells and an elevated expression of immune checkpoints, such as CD4+ T cell, CD8+ T cell, activated dendritic cell, CD274 (PD-L1), CTLA-4, LAG3 molecular, etc. The dendritic cell initiates immune responses, and activated CD8 T cells have an anti-tumor effect, thus eliminating tumor cells (42, 46). Moreover, PD-L1 is correlated with immune escape and releases negative regulatory signaling (42). On one hand, the CTLA-4 binding to B7 inhibits T cell activation; on the other hand, CTLA-4 drives immunosuppressive Treg cell activation (47). C3 also indicated a strong ability of antigen presentation. Two prevalent approaches, TIS and Submap analysis, showed that C3 might obtain more benefits from immunotherapy. Overall, patients in C3 should be recommended to take more consideration for immunotherapy. Our study also suggested that patients in C1 were advised to TACE treatment, and patients in C2 were encouraged to apply sorafenib treatment.

As described above, C2 is characterized by elevated proliferative activities, pronounced genomic instability, high malignant phenotype, and poor prognosis; more considerations are needed to facilitate prognosis and therapeutic efficacy for patients. In clinical practice, some patients are sensitive to a specific drug therapy, while some patients are suffering from drug side effects (48). Previous studies suggested that the combination of anti-angiogenic therapy and immunotherapy has a huge potential to improve prognosis and facilitate clinical efficacy (49, 50). To deliver a precise treatment, the potential therapeutic drugs for C2 were identified by pRRophetic algorithm, such as nilotinib and bosutinib. Tyrosine kinases are promising therapeutic targets for HCC, and nilotinib, a TKI, could slow down HCC growth in mice by inhibiting ABL1 gene expression (51). A third-generation TKI, targeting Axl, restrains Slug expression and further decreases tumor invasiveness in HCC cell lines (52). These TKIs brought more effective treatment recommendations to C2 with elevated proliferative activities, thus improving the clinical outcomes. Moreover, patients with HCC display poor sensitivity to chemotherapy and bear the heavy burden of costs (53, 54). The development of novel potential therapeutic agents might bring more therapy application offer hopes to HCC patients. Based on Camp datasets, we depicted representative therapeutic compounds and the underlying mechanism of action, which laid a foundation for drug development.

Our study identified three heterogeneous clusters and proposed individualized treatment strategies. Although it is attractive to improve prognosis and facilitate clinical management, some limitations should be acknowledged. First, all the samples enrolled in this research were retrospective, and a prospective study should be applied to validate the results. Second, a multicenter and large-sample dataset, containing eligible patients with immunotherapy, needs to be further executed to assess the clinical efficacy. Third, the novel potential therapeutic agents should be further investigated and explored by clinical trial research.

In conclusion, we revealed the tumor heterogeneity and proposed three clusters in HCC. Various molecular characteristics were depicted among the three clusters, which had distinct clinical outcomes, biological features, genomic variations, immune landscape, and treatment responses. Patients in C1 were advised to TACE treatment, and patients in C2 were encouraged to TKI treatment, while patients in C3 were recommended to immunotherapy. Taken together, this work afforded a robust classification system and provided individualized treatment strategies, which contributed to improving the clinical outcomes and facilitating the clinical management.



Data availability statement

Public data used in this work can be acquired from The Cancer Genome Atlas portal (TCGA, https://portal.gdc.cancer.gov/), International Cancer Genome Consortium portal (ICGC, https://dcc.icgc.org/), ArrayExpress database (E-TABM-36, https://www.ebi.ac.uk/arrayexpress/experiments/E-TABM-36/) and Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/). The 50 Hallmark gene sets could be obtained from Hallmark Molecular Signature Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb/). The Connectivity Map analysis could be generated from CMap database (https://clue.io).



Author contributions

LL, ZL, and SZ designed this work. LL, ZL, JG, SW, and CG integrated and analyzed the data. LL, JG, XL, BH, ZW, and JZ wrote this manuscript. LL, JS, WG, and SZ edited and revised the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This study was supported by the Youth Project of National Natural Science Foundation of China (82103282) and the Youth Project of Medical Science and Technology of Henan Province (SBGJ202103061).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.964190/full#supplementary-material.

Supplementary Figure 1 | Expression of marker genes of B cell populations.

Supplementary Figure 2 | Identification of CD4+ T cells and CD8+ T cell subpopulations.

Supplementary Figure 3 | Construction of co-expression modules by weighted gene co-expression network analysis.

Supplementary Figure 4 | Validation of three heterogeneous clusters based on the nearest template prediction analysis in E-TABM-36, GSE76427, GSE25097, GSE104580, GSE116174, and GSE144269 cohorts.

Supplementary Figure 5 | Underlying biological features and clinical stage characteristics.

Supplementary Figure 6 | Landscape of immune cell infiltration and assessment of drug sensitivity.



References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

2. Craig, AJ, von Felden, J, Garcia-Lezana, T, Sarcognato, S, and Villanueva, A. Tumour evolution in hepatocellular carcinoma. Nat Rev Gastroenterol Hepatol (2020) 17(3):139–52. doi: 10.1038/s41575-019-0229-4

3. Llovet, JM, Kelley, RK, Villanueva, A, Singal, AG, Pikarsky, E, Roayaie, S, et al. Hepatocellular carcinoma. Nat Rev Dis Primers. (2021) 7(1):6. doi: 10.1038/s41572-020-00240-3

4. Zheng, R, Qu, C, Zhang, S, Zeng, H, Sun, K, Gu, X, et al. Liver cancer incidence and mortality in China: Temporal trends and projections to 2030. Chin J Cancer Res (2018) 30(6):571–9. doi: 10.21147/j.issn.1000-9604.2018.06.01

5. Beaufrere, A, Caruso, S, Calderaro, J, Pote, N, Bijot, JC, Couchy, G, et al. Gene expression signature as a surrogate marker of microvascular invasion on routine hepatocellular carcinoma biopsies. J Hepatol (2022) 76(2):343–52. doi: 10.1016/j.jhep.2021.09.034

6. Zhang, EL, Cheng, Q, Huang, ZY, and Dong, W. Revisiting surgical strategies for hepatocellular carcinoma with microvascular invasion. Front Oncol (2021) 11:691354. doi: 10.3389/fonc.2021.691354

7. Reig, M, Forner, A, Rimola, J, Ferrer-Fabrega, J, Burrel, M, Garcia-Criado, A, et al. BCLC strategy for prognosis prediction and treatment recommendation Barcelona clinic liver cancer (BCLC) staging system. the 2022 update. J Hepatol (2021). doi: 10.1016/j.jhep.2021.11.018

8. Rebouissou, S, and Nault, JC. Advances in molecular classification and precision oncology in hepatocellular carcinoma. J Hepatol (2020) 72(2):215–29. doi: 10.1016/j.jhep.2019.08.017

9. Shaw, R, Tian, X, and Xu, J. Single-cell transcriptome analysis in plants: Advances and challenges. Mol Plant (2021) 14(1):115–26. doi: 10.1016/j.molp.2020.10.012

10. Wang, Y, Mashock, M, Tong, Z, Mu, X, Chen, H, Zhou, X, et al. Changing technologies of RNA sequencing and their applications in clinical oncology. Front Oncol (2020) 10:447. doi: 10.3389/fonc.2020.00447

11. Hu, J, Chen, Z, Bao, L, Zhou, L, Hou, Y, Liu, L, et al. Single-cell transcriptome analysis reveals intratumoral heterogeneity in ccRCC, which results in different clinical outcomes. Mol Ther (2020) 28(7):1658–72. doi: 10.1016/j.ymthe.2020.04.023

12. Davis-Marcisak, EF, Sherman, TD, Orugunta, P, Stein-O'Brien, GL, Puram, SV, Roussos Torres, ET, et al. Differential variation analysis enables detection of tumor heterogeneity using single-cell RNA-sequencing data. Cancer Res (2019) 79(19):5102–12. doi: 10.1158/0008-5472.CAN-18-3882

13. Liu, Z, Liu, L, Lu, T, Wang, L, Li, Z, Jiao, D, et al. Hypoxia molecular characterization in hepatocellular carcinoma identifies one risk signature and two nomograms for clinical management. J Oncol (2021) 2021:6664386. doi: 10.1155/2021/6664386

14. Liu, Z, Zhang, Y, Shi, C, Zhou, X, Xu, K, Jiao, D, et al. A novel immune classification reveals distinct immune escape mechanism and genomic alterations: implications for immunotherapy in hepatocellular carcinoma. J Transl Med (2021) 19(1):5. doi: 10.1186/s12967-020-02697-y

15. Shi, JY, Wang, X, Ding, GY, Dong, Z, Han, J, Guan, Z, et al. Exploring prognostic indicators in the pathological images of hepatocellular carcinoma based on deep learning. Gut (2021) 70(5):951–61. doi: 10.1136/gutjnl-2020-320930

16. Thorsson, V, Gibbs, DL, Brown, SD, Wolf, D, Bortone, DS, Ou Yang, TH, et al. The immune landscape of cancer. Immunity (2018) 48(4):812–830.e814. doi: 10.1016/j.immuni.2018.03.023

17. Fang, H, Guo, Z, Chen, J, Lin, L, Hu, Y, Li, Y, et al. Combination of epigenetic regulation with gene therapy-mediated immune checkpoint blockade induces anti-tumour effects and immune response in vivo. Nat Commun (2021) 12(1):6742. doi: 10.1038/s41467-021-27078-x

18. Ruiz de Galarreta, M, Bresnahan, E, Molina-Sanchez, P, Lindblad, KE, Maier, B, Sia, D, et al. Beta-catenin activation promotes immune escape and resistance to anti-PD-1 therapy in hepatocellular carcinoma. Cancer Discovery (2019) 9(8):1124–41. doi: 10.1158/2159-8290.CD-19-0074

19. Butler, A, Hoffman, P, Smibert, P, Papalexi, E, and Satija, R. Integrating single-cell transcriptomic data across different conditions, technologies, and species. Nat Biotechnol (2018) 36(5):411–20. doi: 10.1038/nbt.4096

20. Qiu, X, Mao, Q, Tang, Y, Wang, L, Chawla, R, Pliner, HA, et al. Reversed graph embedding resolves complex single-cell trajectories. Nat Methods (2017) 14(10):979–82. doi: 10.1038/nmeth.4402

21. Brunet, JP, Tamayo, P, Golub, TR, and Mesirov, JP. Metagenes and molecular pattern discovery using matrix factorization. Proc Natl Acad Sci U S A. (2004) 101(12):4164–9. doi: 10.1073/pnas.0308531101

22. Lovmar, L, Ahlford, A, Jonsson, M, and Syvanen, AC. Silhouette scores for assessment of SNP genotype clusters. BMC Genomics (2005) 6:35. doi: 10.1186/1471-2164-6-35

23. Langfelder, P, and Horvath, S. WGCNA: an r package for weighted correlation network analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

24. Hoshida, Y. Nearest template prediction: a single-sample-based flexible class prediction with confidence assessment. PloS One (2010) 5(11):e15543. doi: 10.1371/journal.pone.0015543

25. Mayakonda, A, Lin, DC, Assenov, Y, Plass, C, and Koeffler, HP. Maftools: efficient and comprehensive analysis of somatic variants in cancer. Genome Res (2018) 28(11):1747–56. doi: 10.1101/gr.239244.118

26. Liu, Z, Wang, L, Guo, C, Liu, L, Jiao, D, Sun, Z, et al. TTN/OBSCN 'Double-hit' predicts favourable prognosis, 'immune-hot' subtype and potentially better immunotherapeutic efficacy in colorectal cancer. J Cell Mol Med (2021) 25(7):3239–51. doi: 10.1111/jcmm.16393

27. Charoentong, P, Finotello, F, Angelova, M, Mayer, C, Efremova, M, Rieder, D, et al. Pan-cancer immunogenomic analyses reveal genotype-immunophenotype relationships and predictors of response to checkpoint blockade. Cell Rep (2017) 18(1):248–62. doi: 10.1016/j.celrep.2016.12.019

28. Ayers, M, Lunceford, J, Nebozhyn, M, Murphy, E, Loboda, A, Kaufman, DR, et al. IFN-gamma-related mRNA profile predicts clinical response to PD-1 blockade. J Clin Invest. (2017) 127(8):2930–40. doi: 10.1172/JCI91190

29. Hoshida, Y, Brunet, JP, Tamayo, P, Golub, TR, and Mesirov, JP. Subclass mapping: identifying common subtypes in independent disease data sets. PloS One (2007) 2(11):e1195. doi: 10.1371/journal.pone.0001195

30. Geeleher, P, Cox, N, and Huang, RS. pRRophetic: an r package for prediction of clinical chemotherapeutic response from tumor gene expression levels. PloS One (2014) 9(9):e107468. doi: 10.1371/journal.pone.0107468

31. Malta, TM, Sokolov, A, Gentles, AJ, Burzykowski, T, Poisson, L, Weinstein, JN, et al. Machine learning identifies stemness features associated with oncogenic dedifferentiation. Cell (2018) 173(2):338–354.e315. doi: 10.1016/j.cell.2018.03.034

32. Huang, S, Yang, J, Fong, S, and Zhao, Q. Artificial intelligence in cancer diagnosis and prognosis: Opportunities and challenges. Cancer Lett (2020) 471:61–71. doi: 10.1016/j.canlet.2019.12.007

33. Joyce, JA, and Fearon, DT. T Cell exclusion, immune privilege, and the tumor microenvironment. Science (2015) 348(6230):74–80. doi: 10.1126/science.aaa6204

34. Isella, C, Brundu, F, Bellomo, SE, Galimi, F, Zanella, E, Porporato, R, et al. Selective analysis of cancer-cell intrinsic transcriptional traits defines novel clinically relevant subtypes of colorectal cancer. Nat Commun (2017) 8:15107. doi: 10.1038/ncomms15107

35. Li, X, Ramadori, P, Pfister, D, Seehawer, M, Zender, L, and Heikenwalder, M. The immunological and metabolic landscape in primary and metastatic liver cancer. Nat Rev Cancer. (2021) 21(9):541–57. doi: 10.1038/s41568-021-00383-9

36. Wu, X, Jiang, D, Liu, H, Lu, X, Lv, D, and Liang, L. CD8(+) T cell-based molecular classification with heterogeneous immunogenomic landscapes and clinical significance of clear cell renal cell carcinoma. Front Immunol (2021) 12:745945. doi: 10.3389/fimmu.2021.745945

37. Saito, Y, Koya, J, Araki, M, Kogure, Y, Shingaki, S, Tabata, M, et al. Landscape and function of multiple mutations within individual oncogenes. Nature (2020) 582(7810):95–9. doi: 10.1038/s41586-020-2175-2

38. Midorikawa, Y, Yamamoto, S, Tsuji, S, Kamimura, N, Ishikawa, S, Igarashi, H, et al. Allelic imbalances and homozygous deletion on 8p23.2 for stepwise progression of hepatocarcinogenesis. Hepatology (2009) 49(2):513–22. doi: 10.1002/hep.22698

39. Zhu, Q, Gong, L, Wang, J, Tu, Q, Yao, L, Zhang, JR, et al. miR-10b exerts oncogenic activity in human hepatocellular carcinoma cells by targeting expression of CUB and sushi multiple domains 1 (CSMD1). BMC Cancer. (2016) 16(1):806. doi: 10.1186/s12885-016-2801-4

40. Llovet, JM, De Baere, T, Kulik, L, Haber, PK, Greten, TF, Meyer, T, et al. Locoregional therapies in the era of molecular and immune treatments for hepatocellular carcinoma. Nat Rev Gastroenterol Hepatol (2021) 18(5):293–313. doi: 10.1038/s41575-020-00395-0

41. Fu, Y, Liu, S, Zeng, S, and Shen, H. From bench to bed: the tumor immune microenvironment and current immunotherapeutic strategies for hepatocellular carcinoma. J Exp Clin Cancer Res (2019) 38(1):396. doi: 10.1186/s13046-019-1396-4

42. Mariathasan, S, Turley, SJ, Nickles, D, Castiglioni, A, Yuen, K, Wang, Y, et al. TGFbeta attenuates tumour response to PD-L1 blockade by contributing to exclusion of T cells. Nature (2018) 554(7693):544–8. doi: 10.1038/nature25501

43. Kumar, BV, Connors, TJ, and Farber, DL. Human T cell development, localization, and function throughout life. Immunity (2018) 48(2):202–13. doi: 10.1016/j.immuni.2018.01.007

44. Long, J, Wang, A, Bai, Y, Lin, J, Yang, X, Wang, D, et al. Development and validation of a TP53-associated immune prognostic model for hepatocellularxcarcinoma. EBioMedicine (2019) 42:363–74. doi: 10.1016/j.ebiom.2019.03.022

45. Pinyol, R, Sia, D, and Llovet, JM. Immune exclusion-Wnt/CTNNB1 class predicts resistance to immunotherapies in HCC. Clin Cancer Res (2019) 25(7):2021–3. doi: 10.1158/1078-0432.CCR-18-3778

46. Lee, YS, and Radford, KJ. The role of dendritic cells in cancer. Int Rev Cell Mol Biol (2019) 348:123–78. doi: 10.1016/bs.ircmb.2019.07.006

47. Lingel, H, and Brunner-Weinzierl, MC. CTLA-4 (CD152): A versatile receptor for immune-based therapy. Semin Immunol (2019) 42:101298. doi: 10.1016/j.smim.2019.101298

48. Rimassa, L, Danesi, R, Pressiani, T, and Merle, P. Management of adverse events associated with tyrosine kinase inhibitors: Improving outcomes for patients with hepatocellular carcinoma. Cancer Treat Rev (2019) 77:20–8. doi: 10.1016/j.ctrv.2019.05.004

49. Solimando, AG, Susca, N, Argentiero, A, Brunetti, O, Leone, P, De Re, V, et al. Second-line treatments for advanced hepatocellular carcinoma: A systematic review and Bayesian network meta-analysis. Clin Exp Med (2022) 22(1):65–74. doi: 10.1007/s10238-021-00727-7

50. Esteban-Fabro, R, Willoughby, CE, Pique-Gili, M, Montironi, C, Abril-Fornaguera, J, Peix, J, et al. Cabozantinib enhances anti-PD1 activity and elicits a neutrophil-based immune response in hepatocellular carcinoma. Clin Cancer Res (2022) 28(11):2449–60. doi: 10.1158/1078-0432.CCR-21-2517

51. Wang, F, Hou, W, Chitsike, L, Xu, Y, Bettler, C, Perera, A, et al. ABL1, overexpressed in hepatocellular carcinomas, regulates expression of NOTCH1 and promotes development of liver tumors in mice. Gastroenterology (2020) 159(1):289–305.e216. doi: 10.1053/j.gastro.2020.03.013

52. Lee, HJ, Jeng, YM, Chen, YL, Chung, L, and Yuan, RH. Gas6/Axl pathway promotes tumor invasion through the transcriptional activation of slug in hepatocellular carcinoma. Carcinogenesis (2014) 35(4):769–75. doi: 10.1093/carcin/bgt372

53. Kim, DW, Talati, C, and Kim, R. Hepatocellular carcinoma (HCC): beyond sorafenib-chemotherapy. J Gastrointest Oncol (2017) 8(2):256–65. doi: 10.21037/jgo.2016.09.07

54. Llovet, JM, Montal, R, Sia, D, and Finn, RS. Molecular therapies and precision medicine for hepatocellular carcinoma. Nat Rev Clin Oncol (2018) 15(10):599–616. doi: 10.1038/s41571-018-0073-4



Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Liu, Liu, Gao, Liu, Weng, Guo, Hu, Wang, Zhang, Shi, Guo and Zhang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-13-964190-g001.jpg
GSE140228_Smartseq2 GSE140228_Smartseq2

25

B

bc

&
u
g Monocyte
e

2owNoaswn O

NK
1"

.12 T

- 14

15
16

D
HALLMARK-INFLAMMATORY-RESPONSE
T_cells r‘m
Cluster
NK_cell | Am | H B cel
* Normal . DC
« Tumor | Monocyte ‘DI‘I'?HMH I Monocyte
B NK_cell
DC B T_cells
B_cell
0.10 0.15 0.20 0.25
UCell scores
1.00 Expression
Tcels]®@ ¢ o0 c 000000 co0c0oc000000 2
! 1
075 NKcel |@©c00c000000 000000 @® XXINR
. [ |
% Hs Monocyte{@® «  © o0 000 o oo [ KX F X EN NN N J
g B oc Ratio
6_90.50 B Monocyte . 000
= B DC{0000@c 0000 0000000000000 , ...
2 @ 050
025 Beelli®@ ¢ -0Q000@@c c0000c0c000000 :?ZZ
R R R R R N R Ry N
0.00 O%é"e?g & Q\C&lﬁ@rg \0\0‘2\?@0 W 0\3\5’% AN -4 E e
Ny O 9 N
Normal Tumor < N \'\/

Group Qg





OEBPS/Images/fimmu-13-964190-g006.jpg
g 1 1 10 0L e e N

[T T R T voe 7P53| 0.23 - 027 |
[T T WA G 1 71 crvwa1[T082 || 016 || 047 |+
I o o oo e e
29% (T T I0E TR T vess o—m "
250! [ (I II0M0(HEMNEE OO T [fomnes m— muctel 015 § 019 || 017
2o LN OO0 OO0 PO FORMEOE e ALSIROIER]) 0.08 || 0.05
15%| || ] LI (T T [ mucts Alterations PCLO| 0.11 || 0.09 || 0.06
1% (RN (Y AB  HI o e Mt APoB| 0.10 |[ 011 || 0.05
10%| | A \ [[| |pco  mm M Frame_shift D Mmuc4| 010 || 012 || 002 |*
% Y Il [[ [ |apoe  mm B trP1B[ 011 || 0.07 || 0.03
9% \ | (NI Mucs " In_Frame_Del .
B In_Frame_Ins ABCA13| 0.12 || 0.05 || 0.02
9% | ‘ R A | LrRP1B I W Malti_Hit ~
- | [ \ ABCA13 I 0BSCN| 0.11 || 0.05 || 0.03
. | osscN Il sNp ;0150 Freg:ency FLG| 008 || 0.08 || 0.08
8| | [0l I LI ] e Is l RYR2| 0.06 || 0.09 || 0.12
8% \ \ (] [| [|]] [|rRyr2  ml i 5 04 xiRP2| 009 || 004 || 0.08
7%l[|| T \ | [ |jxre2 = 2 0 " ARID1A| 0.09 || 0.03 || 0.06
% | |‘1 \ | \‘ } H‘ ‘\ |1 | ||AriD1A : 0 Cluster Axin1| 008 || 0.08 || 003
% AXIN INDEL [ c1
- I LI il CACNATE B IZ Eg§ CACNATE| 0.09 || 0.08 || 0.00
7% |1 A M s 4 Rl 00 ey 008
e O T Y AT I = . o] o6 |l oor |l oce
7| | [ [ L] |csmps m 0 CSMD3| 0.06 || 0.05 || 0.09
C1: AVP C2: AMP C3: AMP
PSMD4 PHF20L 1| T | EFNAS
CcTss KCNQ3 SCAMP3
ZNF687 EFR3A PBXIP1
PIP5K1A 9.9% ASAP1 21.8% MTSS1
Pl4k | T TMEM75 FBX032
pcsT1-Ast - T SLA FAM83A
ADAM15 LINC00977 FAM189B
Tvop4 | T DNAAF11 1 T DPM3
RFxs | I ASAP1-IT2 CKs1B
ADAMTSL4-AS1 ADCY8 ATAD2 14.7%
0000 0025 0050 0075 0.100 000 005 010 015 020 0.00 0.05 010 015
C1: HOMDEL C2: HOMDEL C3: HOMDEL
CSMD1 csvp1 | T | csvD1
CLDN23 | I CDKN2A ARHGEF10
RB1 ZNF596 CLN8
PSD3 RPL23AP53 ZNF7058
PPP1R3B KBTBD11 9.0% FAM86B3P
MFHAS1 FBX025 DEFB107A
ERI1 6.1% DLGAP2-AS1 DEFA4
DLC1 CDKN2B DEFA11P
DLGAP2 CLN8 AGPATS
C8ORF4s | NN DLGAP? | T DLGAP2
000 002 004 006 008 0.00 005 010 0000 0025 0050 0075 0.100

Frequency





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        CD8+ T cell trajectory subtypes decode tumor heterogeneity and provide treatment recommendations for hepatocellular carcinoma

      

        		

          Introduction

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Data acquisition and processing

          



          		

            Single-cell RNA-seq data analysis

          



          		

            Cluster identification via nonnegative matrix factorization

          



          		

            Weighted gene co-expression network analysis

          



          		

            Nearest template prediction validation

          



          		

            Explorations of the underlying biological characteristics

          



          		

            Somatic mutation and copy number variation analysis

          



          		

            The assessment of immune cell infiltration and immunotherapy

          



          		

            The evaluation of clinical treatment

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Single-cell analysis reveals cell subtypes

          



          		

            The dynamics of T cells during HCC progression

          



          		

            The identification of three molecular clusters

          



          		

            The characteristic genes and specific pathway of three clusters

          



          		

            Nearest template prediction verifies three heterogeneous clusters

          



          		

            The landscape of genomic variations

          



          		

            The assessment of immune infiltration and immunotherapy

          



          		

            The evaluation of clinical treatment and identification of potential therapeutic drugs

          



        



        



        		

          Discussion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-964190-g005.jpg
A GSE14520
@
2
2
5
D
w
2
a
=3
£
3
°
p-
Class Predictions
ICGC-LIRI
@
I
2
&
3
w
2
°
=Y
E
3
d
p-
Class Predictions
P value Hazard ratio
Age (>60vs<=60)  0.238  1.268 (0.855-1.880) ——
Gender (Male vs Female) 0.957  1.011 (0.668-1.530) ——
Stage (Il-IV vs I-ll) <0001  2.472(1.649-3.707) —
C1 (Yes vs No) 0634  1.152(0.645-2.058) ——
C2 (Yes vs No) 0023 2,076 (1.104-3.902) B ——
C3 (Yes vs No) 0634  0.868 (0.486-1.552) ——
— T T T T
0 1 2 3 4 5
Pvalue  Hazard ratio
Age (60vs <=60)  0.354 0716 (0.353-1.451) -
Gender (Male vs Female) 0.004  0.384 (0.200-0.739) °
Stage (II-IVvs I-ll) 0,003 2676 (1.412-5.071) B —
C1 (Yes vs No) 0413 0.630 (0.208-1.904) -
C2 (Yes vs No) 0.001 4.346 (1.786-10.578) P
C3 (Yes vs No) 0413 1.587 (0.525-4.799) —
L - I T I T .- -1

B Cluster == C1 == C2 - C3
1.00
Sors
2
5
2050
s
g 025] Log-rank
P =6.513e-05
0.00
0 1 = 3 4 5 6
Time (years)
Number at risk
5 ™| 83 75 66 61 55 19 0
L=l 74 54 36 30 28 8 0
O | 49 43 39 34 29 10 0
[ 7 H 3 ) 5 [
Time (years)
D
Cluster == C1 == C2 - C3
1.00
Sors
2
5
2050
ol
g 025] Log-rank
P =4.118e-09
0.00 . . . .
0 1 2 3 4 5 6
Time (years)
Number at risk
5 =| 90 87 56 29 10 0 0
B w—| 76 53 30 15 2 1 0
O | 58 53 34 14 1 0
0 1 2 3 4 5 6
Time (years)
F
Pvalue  Hazard ratio
Age (>60vs<=60)  0.340 1356 (0.725-2.537) ———
Gender (Male vs Female) 0.351 1424 (0.678-2.992) _—
Stage (Il-IV vs I-ll)  <0.001  2.996 (1.851-4.850) —
C1 (Yes vs No) 0724 0.890 (0.464-1.705) —
C2 (Yes vs No) 0005  2.260 (1.280-3.991) ———
C3 (Yes vs No) 0724 1.124(0.587-2.155) ——
| L Y N R
0 1 2 3 4
H
Proportion of Subtypes
B I
W O
BRI 000000 |
000 098 0 &0 075 100





OEBPS/Images/fimmu-13-964190-g003.jpg
>

C
Cluster
€ N C1
2 099 H C2
& Cc3
[9]
Q
o
O
30.98
=t
[}
K =
Q.
S
0.97 =
0
: Qo
2 3 4 5 6 %
Cluster number Q
O
0]
=
Connectiviy matrix %
o
=
I e 0 0 —
n
Cluster
mC1
mC2
nes
]
-0.1 0.0 0.1 0.2 0.3
Silhouette Width
D Cluster == C1 == C2 -~ C3 E Cluster == C1 == C2 -~ C3
1.00 T 1.00
= 2
20759 ? 0751
a [0}
2 050 g050
T g
go2sq Logrank 8025
P = 6.209e-05 3
0.00 . . . & 0.00 . .
o 1 2 3 4 5 6 7 8 9 10 o 1 2 3 4 5 6 71 8 9
Time (years) Time (years)
Number at risk Number at risk
5 ==[190 143 77 54 37 24 11 4 3 2 0 5 ==[165 101 42 30 18 11 3 1 0 0 0
3—794317118331110 Ge=l61 21 9 5 5 1 1 1 1 1 0
O~==le67 5 3 17 13 9 8 3 1 0 0 O-=|5 3 20 10 6 5 3 0 0 0 0
6 1 2 3 4 5 6 7 & 8 10 6 1 2 3 a4 5 6 7 & 8 10

Time (years) Time (year:

Tk





OEBPS/Images/fimmu-13-964190-g007.jpg
Cluster
Age

Gender|
Stage
Status

CDS6dim natural kiler cell
Type 17 T helper cel
Monocyte

Neutrophi

CDS6bight natural killer el
Eosinophil

Immature dendritc cell
Central memory CD8 T cell
Gamma delta T cel

MDSC

Macrophage

Type 1 T helper cell|

Effector memeory CD8 T cell ||
Regulatory T cell

T folicular helper cell

Mast cell| ||

Activated CD8 T cel
Immature B cell

Activated B cell
Plasmacytoid dendritc cell
Natural killr cell

Central memory CD4 T cell
Activated denditic cell
Natural iller T cell
Activated CD4 T cell
Memory B cel

‘{ Type 2 T helper cell

— Effector memeory CD4 T cell

e m T

-1
-2
Cluster

Gender
Female
Male

Stage
Stage |
Stage Il

Stage Iil
Stage IV
NA

Status.

Alive
Dead

B7-CD28

TNF superfamily

Others

B

CD274
CD276
CTLA4
HHLA2
ICos
ICOSLG
PDCD1
PDCD1LG2
TMIGD2
VTCN1

BTLA
CD27
CD40
CD40LG
CD70
TNFRSF18

TNFRSF9
TNFSF14.
ENTPD1
FGL1
HAVCR2
IDO1
LAG3
NCR3
NTSE
SIGLEC15.

TNFRSF4||

AR
! j II”I‘FI‘II“‘IMIH‘ (i w‘l\ 11
[N 11
L iy | AR R o
I\I‘jll\jll ‘ l‘\l Ill
I ﬁ,l: i ‘|||‘|||||‘

Cc Cluster B8 C1 BE C2 B3 C3 D s E 1
. . E 08
3
3
875 2
2 H (o 06
]

2 ®
Es0 é 3 0% 0.4
3 °
8 o -
8 F £
&
£25 00 g 02
o 2
£ H
00 @
8 g I 3 § & 1S o w05
g £ IS & &
$ P s Y,OO F&ELEs Z M R NR_R
S A A c ¢ & £ CTLA4  PD-L1
F GSE100797 GSE35640 GSE91061 Nathanon
100 |
75 |
® ® ® ®
8 Response g g g
£ £ £ | £
8 BR 2 g% 8
& & & &
2
0 |
High Low High Low High Low High Low
2 e
e o | © |
| - s S
- © z e |
; H H 2 g
g § g = | 3 £ |
¥ 4 12} »w o " (4 » o
. o o o
| S s
AUC: 0.721 |7 AUC: 0.709 57 AUC: 0.719
- b o | °
T T ° T T ° N T T ° T T
0.5 1.0 0.0 05 1.0 0.0 0.5 10 0.0 05 10
1 - Specificity 1 - Specificity 1 - Specificity 1 - Specificity





OEBPS/Images/fimmu.2022.964190_cover.jpg
’ frontiers ‘ Frontiers in Immunology

CD8+ T cell trajectory subtypes
decode tumor heterogeneity
and provide treatment
recommendations for
hepatocellular carcinoma





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-13-964190-g008.jpg
A

Percentage

Estimated 1C50

Estimated IC50

GSE104580

B GSE109211 c Nilotinib

4.75

TACE

INR
R

Sorafenib

INR
R

Percentage

Estimated IC50

BRD-K06817181
CAY-10618

cimaterol
NVP-AUY922

acitretin
diprotin-a
fenofibrate
GDC-0879
HC-toxin
ICI-199441
ingenol
lestaurtinib
PD-184352
perospirone
prostratin
SB-216763
TG-101348
TPCA-1
vinorelbine
xylazine

Il = N Mechanism of Action
. . . Adrenergic receptor agonist
| FLT3inhibitor
- PKC activator
. Dipeptidyl peptidase inhibitor
. Dopamine receptor antagonist
| Glycogen synthase kinase inhibitor
| HDAC inhibitor

| HSP inhibitor Type

o M Activator
| KK inhibitor | e
| JAKinhibitor M Inhibitor

- MEK inhibitor

| NAMPT inhibitor

. Opioid receptor agonist
- PPAR receptor agonist
| RAF inhibitor

. Retinoid receptor agonist
| Tubulin inhibitor






OEBPS/Images/fimmu-13-964190-g002.jpg
A

30

* CDo+ 1 cells C1
* CD4+T cells C1

* CDa+ T cells L2 = CDo+ T cells L2 B
+ CD4+TcellsC3 - CD4+ T cells C4

20

CD3D

CD3E

1000

100

Expression Level

CD4

CD8A
1000
°
0 3
° 3
2 .5 100
i 8
u 10
;

CD8_C1

CD8_C2

Identity

TNF

KLRGT  Fynction
[ Activate

CTLAY I Inhibit

PDCD1  Type
[ Ligand

TNFRSF9 [ Receptor

wes W'

HAVCR2 l°
TIGIT =1

cb27

Component 2

05

00

Expression Level

cD8B

1000

2
8

3

° N " 5 8 © N 9 > 1S o
Identity Identity
1
Cluster 10
o CD8+ T cells C1 i Pseudotime 9 _
* CD8+ T cells C2
05
&~
h
2
S 00
Q
£
o
o
.
.
-05
)
: -10
-2 0 2 2 ) 3 7
Component 1 Component 1





OEBPS/Images/fimmu-13-964190-g004.jpg
m

(2]

Running Enrichment Score

Ranked List Metric

Running Enrichment Score

Ranked List Metric

Scale independence

Mean connectivity

Module-trait relationships

MEbluel w2k Frio]|
2 =)
= L8910 12 14 16 18 2 87" MEmagentalll «iify aoltn ol
o
& MEgreenlll cooty oo o2
3 24 5
s .
2 . ER MEpink | o [lros
A 3
fd £ MEpurple| o
g 24 3
s 8 a0
g g o MEbrownflll (2% G
= 3 % 0
=3 2 o 0096
2 c MEgreenyellow | s
§ 3+ :
8 = MEblackll % @oess  oone
° 3
e g8+ 2
oms om0z
= MEtan| | o @20 ©owom ||-0.5
3 o
g o -
@ 3 MEred| o
4
i 5678 .
1 ‘ | ‘ ‘ ° ; AR MEturquoise o
5 10 15 20 5 10 15 20 MEgreylll oo iy am [
Soft Threshold (power) Soft Threshold (power) N >
@ F G
Module membership vs. Gene significance Module membership vs. Gene significance Module membership vs. Gene significance
06 N 05{ r= . N
r=084 r=065 r=0.90
p <0.0001 p <0.0001 p <0.0001
- N ©
o} 5 04 T o6
3 I I
E E E]
Ooa [5) o
8 Qo3 2
3 3
g g 2o4
§ & g
8 8 8
= £ =
s 502 =3
@02 ® @
o o o
2 g 302
o} o1 o
00{ 00
0.0
0.25 0.50 0.75 025 0.50 075 0.25 0.50 0.75
Module membership in turquoise module Module membership in blue module Module membership in purple module
Specific biological processes in C1 .y ac metabolic process Specific biological processes in C2— mitti sster chromaid segregation Specific biological processes in C3
. ° 08 — adaptive immune response
— faty acd oxdation e — mitotc spindle organization e
] g — leukocyte profferaton
— monocarbosylc acd catabolic (3 08 — nudear chvomosome seqregation 3
8 € = 06 — lymphocyte proliferation
— organic acid catabolc process & — nudear dvision £ - il
= ot i €04 — protein targeting to ER E monpnuclear ol prokfersion
: endbotcmeolcpesess £ 0 £ — reguiation of T cel actvation
2 202 202
H £
g 200 )
|
r*” T“H!i "Nhli ; ‘”r ““I‘III hlﬂ I & Wﬂi“rwmwmwﬁi HT:HIM l%ﬁm H .‘lli I’:Ii‘ wm’ﬂﬂl“l mwl‘ Jl“ “'l]mr ml“uw‘ ﬂ" ‘jlll ”‘il‘ lIl
I
L i llllllI H\‘Hiﬂw l Hw w £ n ’HI ey I HH 1 £ 1] 1 new 1 n i ]
2 32 32
1 H 2
. El) N
1 i 3
52 e
4000 8000 12000 16000 o« 4000 8000 12000 16000 o 4000 8000 12000 16000
Rank in Ordered Dataset Rank in Ordered Dataset Rank in Ordered Dataset
Specific KEGG pathways in C1 Epi Specific KEGG pathways in C2 — Specific KEGG pathways in C3 — Anigen processing and pressriaton
~— Drug metabolism § — DNA replication %og — Chemokine signaiing pathway
— Faty acid degracaton &0 — Hpposignaingpattway &3 — Cytokne-cylokine recetor tractor
o ity acki melabaam z =] Zo0s i and Th2 cell diferentiation
Sl oot i Eoa — Spiceosome £ Tht7 cel differentiation
g Sos
gy &
o 202
5 oo ]
2 & 00
m‘m Tl L T R T WW ” iy 4 f'”\ u‘\'w‘H'!MWW"W\"W (o ! \h'ﬁ” ‘J‘"' Iy ”\\h:ln ”""N'u“ )
!
I T S T LT IR HH;P YU PR R L RO iy v"ll'lf”fl"”“ R R e
32 3
= =
Z, ER
B3 3o
57 5
4000 8000 12000 16000 o 4000 8000 12000 16000 L4 4000 8000 12000 16000

Pank ke Sote o Bt

ek B e iy

OO S M T e





