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Abstract: Immune checkpoint inhibitors (ICI) have been widely used in melanoma, but to identify 

melanoma patients with survival benefit from ICI is still a big challenge. There is an urgent need for 

prognostic signatures improving the prediction of immunotherapy responses of cancer patients. We 

used data from EMBL-EBI database and analyzed RNA-seq information and clinical profiles in 

melanoma. Weighted gene co-expression network analysis (WGCNA) was used to identify the key 

module, then nonnegative matrix factorization (NMF) was conducted to cluster patients into two 

different cluster and compared them regarding overall survival (OS) and progression-free survival 

(PFS). Subsequently, the differentially expressed genes (DEGs) between different clusters were 

identified, and their function and pathway annotation were performed. 91 melanoma biopsies with 

complete survival information were included in our analyses and we first identified the key module 

(magenta) by WGCNA, then identified nine prognostic lncRNAs (ENSG00000258869, 

ENSG00000179840, ENSG00000206344, ENSG00000226777, ENSG00000205018, ENSG00000204261, 

ENSG00000163597, ENSG00000197536, and ENSG00000263069) signature that predicted for OS and 

PFS in patients treated with ICI by NMF. Finally, enrichment analysis showed that the functions of 

DEGs between two consensus clusters were mainly related to the immune process and treatment. In 

summary, the nine lncRNAs signature is a novel effective predictor for OS and PFS in melanoma 

patients treated with ICI. 
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1. Introduction 

Melanoma is one of the most aggressive malignant skin tumors, and the incidence has been 

increasing worldwide in recent decades [1,2]. Since the US Food and Drug Administration (FDA) and 

European Medicines Agency (EMA) approved a variety of immune checkpoint inhibitors (ICI) 

therapies for advanced melanoma in 2011, the overall mortality of advanced melanoma fell by 17.9% 

from 2013 to 2016 [3], but it is still at a very high level [4]. 

During the last years, biomarkers for effectiveness of tumor immunotherapy, including genomic 

instability as described by microsatellite instable (MSI) or tumor mutational burden (TMB) status, 

and immune cell infiltration into tumors, have been defined [5]. As one of the cancer types with high 

TMB and high immune cell infiltration, melanoma can be considered for immunotherapy [5]. Despite 

all efforts of early diagnosis, metastatic melanoma still has a poor prognosis and remains a challenge 

for treating physicians. Existing ICI therapies include the blockade of programmed death 1 (PD-

1)/programmed death-ligand 1 (PD-L1) and cytotoxic T-lymphocyte antigen 4 (CTLA-4) pathway. 

Ipilimumab (an anti-CTLA-4 monoclonal antibody) [6], nivolumab (an anti-PD-1 agent) [7], and 

pembrolizumab (an anti-PD-1 monoclonal antibody) [8] monotherapy all improve 

relapse/recurrence-free survival of stage III melanoma patients. Moreover, anti-PD-1 monoclonal 

antibodies indicate superior overall/recurrence-free survival versus anti-CTLA-4 agent for advanced 

melanoma [7,9,10]. Combination therapy with nivolumab plus ipilimumab led to improved outcomes 

compared with ipilimumab alone [11-14]. The results from the CheckMate 067 and 069 trials indicate 

longer treatment-free survival in nivolumab plus ipilimumab (11.1 months) treated patients 

compared with nivolumab (4.6 months) or ipilimumab (8.7 months) single treatments [15]. 

Nivolumab combined with ipilimumab had clinically meaningful consistent efficacy [16]. Although 

the results suggest encouraging survival outcomes with ICI in this population of patients, subgroup 

analysis demonstrated that both treatments (the nivolumab-plus-ipilimumab combination and 

nivolumab monotherapy, all ~50%) led to better objective response rates than ipilimumab (~20%), 

regardless of PD-L1 expression [11-13]. Future research should focus on identifying additional 

biomarkers to select patients who are most likely to benefit from certain immunotherapies. 

Numerous long noncoding RNAs (lncRNAs) have been identified in human genomes [17] and 

they are nowadays considered as prognosis signatures in various tumors [18,19]. However, there has 

been limited systematic characterization of these elements in melanoma, especially in melanoma 

patients treated with ICI. Here, we identified nine lncRNAs signature in advanced melanoma 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 July 2020                   



 3 of 17 

 

regardless of gender, age, prescriptions, MSI, TMB, and immune cell infiltration by weighted gene 

co-expression network analysis (WGCNA) and nonnegative matrix factorization (NMF) to determine 

and predict the prognosis of melanoma patients receiving ICI and their response to ICI. 

2. Materials and Methods 

2.1. Data source and processing 

The transcriptomic profiling (PRJEB23709) [20] were obtained from the European Molecular 

Biology Laboratory-European Bioinformatics Institute (EMBL-EBI) database [21] 

(https://www.ebi.ac.uk/ena/data/view/PRJEB23709). Raw RNA-seq reads were aligned to the 

reference genome (UCSC hg38 with annotations from GRCh38.p13) using STAR [22] (v.2.5.3a). Gene 

expression was subsequently quantified using RSEM [23] (v.1.3.1). lncRNA annotations were done 

by gencode.v33.annotation(https://www.gencodegenes.org/human/). Only the inlier samples that 

were identified by hierarchical cluster analysis via the hclust function in WGCNA were included. 

2.2. Module construction 

Unsigned co-expression modules were constructed using the WGCNA algorithms in R as 

described previously [24]. We used one-step network construction method to identify co-expression 

modules through the blockwiseModules function in the WGCNA package [25]. Before co-expression 

network construction, the flashClust tool in R was utilized to perform hierarchical clustering analysis 

of the samples with the appropriate threshold value to detect and eliminate the outliers. According 

to scale-free topology criterion, a soft-thresholding power β (the power values ranged from 1 to 20), 

which was calculated by the pickSoftThreshold function of the WGCNA, was chosen to build an 

adjacency matrix [25]. In our study, the power of 6 was used for this network. 

Then, the topological overlap matrix was constructed based on the adjacency matrix. A 

dissimilarity matrix was used to detect gene modules (gene sets with high topological overlap) 

through a dynamic tree cutting algorithm [26,27]. To obtain moderately sized modules, the minimum 

number of genes was set at 30 and a cutline was chosen to merge modules with similar expression 

patterns. To identify the relationships between modules and clinical traits, we calculated the 

correlation between module eigengenes and clinical trait and searched for the most significant 

associations. The module eigengenes was calculated by the first principal component, which were 

considered as a representative of the expression patterns of module genes [28]. For each module, we 

defined the module membership as the correlation of gene expression profile with module eigengene 

and the gene significance as the absolute value of the correlation between gene and clinical traits. In 

this study, genes with high module membership in a module were assigned to the module and the 

module with high gene significance and P value < 0.05 was considered to be highly related to clinical 

traits. Moreover, we used network-based statistics, which generated a composite statistic value 

(Zsummary) using a permutation test to measure the strength of lncRNAs module and expression 

module preservation, to assess whether the density and connectivity patterns of lncRNAs were also 

preserved [29]. Zsummary > 10 implies strong evidence for module preservation[29]. Since the Zsummary 

statistic bias towards a module with a large size[29], a rank-based statistic medianRank, calculated 

from observed preservation values and conducted no permutation test against background gene 

modules, was used to measure the relative preservation irrespective of module size [30]. 

2.3. Identifcation of lncRNAs signature 

Although which module was most relevant to clinical features can be identified after WGCNA, 

we used survival package to carry out prognostic survival analysis, including overall survival (OS) 

and progression-free survival (PFS), as described previously [31]. In addition, the prognostic 

lncRNAs were intersected with the lncRNAs in different previously established modules to further 

determine the prognosis related modules and lnRNAs. Only lncRNAs related to OS and PFS, which 

were named prognostic lncRNAs in the prognostic module, were regarded as lncRNAs signature. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 July 2020                   



 4 of 17 

 

2.4. Consensus clusters 

After the identification of prognostic module, we further clustered melanoma population into 

different consensus clusters though NMF [32] according to the lncRNAs signature, which come from 

the prognostic lncRNAs. Deposition was repeatedly performed, and its result was aggregated to 

acquire consensus clustering. The most suitable number of subtypes was decided according to 

cophenetic coefficient. Ultimately, the lncRNAs signature can distinguish different consensus clusters, 

and the survival package was again applied to perform Kaplan-Meier analysis with the log-rank test 

to analyze the OS and PFS. 

2.5. Subgroup analysis 

Considering that two tumor biopsies were collected from one patient in the source data [20], we 

eliminated all the duplicate patients and then verified the lncRNAs signature again. Moreover, 

subgroup analysis was also performed for anti-PD-L1 alone or in combination with anti-CTLA-4. 

2.6. Functional analysis 

Subsequently, the DEGs between different consensus clusters distinguished by the lncRNAs 

signature were identified by edgeR package [33] with the cutoff of fold change >= 2 and P < 0.05. 

Functional analysis were performed using the clusterProfiler package [34] to greatly expand our 

understanding of those lncRNAs signature related functions and their coordinated regulatory 

networks. 

3. Results 

3.1. Patient characteristics 

PRJEB23709 included 120 patients (158 tumor biopsies) [20] from melanoma patients treated 

with anti-PD-1 monotherapy (nivolumab or pembrolizumab) or combined anti-PD-1 and anti-CTLA-

4 (nivolumab or pembrolizumab combined with ipilimumab). In our study, we included 75 patients 

(91 tumor biopsies) where data about OS and PFS were available. 41 (50 tumor biopsies) were 

melanoma patients treated with anti-PD-1 monotherapy and 34 (41 tumor biopsies) were melanoma 

patients treated with combined anti-PD-1 and anti-CTLA-4, respectively. The patient characteristics 

are listed in Table 1. A total of 73 tumor biopsies were collected at pre-treatment (PRE) and 18 tumor 

biopsies were collected at early time points during treatment (EDT), and 16 out of 75 patients had 

biopsies both at PRE and at EDT. Responders were defined as patients with a Response Evaluation 

Criteria in Solid Tumors (RECIST) response of complete response (CR), partial response (PR), or 

stable disease (SD) of greater than 6 months with no progression, and non-responders as progressive 

disease (PD) or SD for less than or equal to 6 months before disease progression. Among them, 14 

patients completely responded, 26 patients partially responded, and 11 patients had SD and 24 

patients showed PD, respectively. 
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Table 1. Patient characteristics. 

Features Monotherapy (N = 41) Combined Therapy (N = 34) 

Gender   

Male 26 (63%) 23 (68%) 

Female 15 (37%) 11 (32%) 

Age   

> = 60 26 (63%) 13 (38%) 

< 60 15 (37%) 21 (62%) 

RECIST Response  

CR 4 (10%) 10 (29%) 

PR 15 (37%) 11 (32%) 

SD 6 (15%) 5 (15%) 

PD 16 (39%) 8 (24%) 

Survival time   

PFS (days) 271 (80 ~ 891) 508 (89 ~ 635) 

OS (days) 607 (169 ~ 1085) 616 (434 ~ 682) 

Progressed  

Yes 29 (71%) 15 (44%) 

No 12 (29%) 19 (56%) 

Status   

Alive 17 (41%) 28 (82%) 

Dead 24 (59%) 6 (18%) 

 

Note: Monotherapy: anti-PD-1 monotherapy (nivolumab or pembrolizumab), Combined Therapy: combined 

anti-PD-1 and anti-CTLA-4 (nivolumab or pembrolizumab combined with ipilimumab), RECIST: Response 

Evaluation Criteria in Solid Tumors, CR: complete response, PR: partial response, SD: stable disease, PD: 

progressive disease, PFS: progression-free survival, OS: overall survival. 

3.2. WGCNA and key module identification 

We obtained data of 16880 lncRNAs from 91 tumor biopsies by transcriptome analysis and the 

top 4220 most variant lncRNAs were included to construct co-expression networks by WGCNA. To 

exclude the outliers, we chose 15000 for the cut tree height for the samples (Figure 1A), and 88 

samples were included for subsequent analysis. Then we identified the soft-thresholding power β of 

6 to construct a scale-free network (Figure 1B&C). As a result, 14 co-expression modules were 

identified. By gathering similarly expressed lncRNAs, 14 modules were classified to tan, red, 

turquoise, cyan, purple, brown, yellow, magenta, salmon, pink, blue, green, and black (Figure 2A). 

Interactions between 14 modules were subsequently analyzed. The heatmap (Figure 2B) 

demonstrated the topological overlap matrix among all of 4220 lncRNAs in our study, indicating that 

each module showed independent validation to each other. Then, the correlations between module 

eigengene, and clinical traits were discovered (Figure 2C). Moreover, we plotted the preservation 

median rank and Zsummary for the modules as a function of module size. Nine modules (tan, turquoise, 

brown, greenyellow, yellow, magenta, pink, green, and black) showed strong evidence of 

preservation (Zsummary > 10) (Figure S1). The module eigengenes in the magenta module showed a 

higher correlation with PFS, progress, survival status, and RECIST response (RPFS
2 = 0.38, P < 0.0001; 
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Rprogress
2 = -0.25, P = 0.02; Rsurvival status

2 = -0.21, P = 0.05; RRECIST response
2 = 0.37, P < 0.0001; respectively) (Figure 

2C). We therefore chose the magenta module for further analyses. 

 

Figure 1. Sample clustering dendrogram and determination of soft-thresholding power in WGCNA. 

A. Sample clustering dendrogram to detect outliers. B. Analysis of the scale-free fit index for various 

soft-thresholding power. C. Analysis of the mean connectivity for various soft-thresholding powers. 
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Figure 2. Identification of key module related to OS and PFS by WGCNA. A. Clustering dendrogram 

of lncRNAs with dissimilarity based on topological overlap together and assigned module colors. B. 

The heatmap plot of visualizing all modules. C. The module- trait heatmap plot. 

3.3. Identification of lncRNAs signature 

We found that 174 and 244 lncRNAs were related to OS and PFS, respectively (Table S1). 

Compared with the lncRNAs in the magenta module, 29 and 38 lncRNAs coincided with those related 

to OS and PFS, respectively (Figure 3). Interestingly, in this module, 25 lncRNAs related to OS (86.21%) 

were all related to PFS and thus were regarded as lncRNAs signature. 
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Figure 3. Identification of lncRNAs signature by overlap of OS related lncRNAs, PFS related lncRNAs 

and lncRNAs in magenta. 

3.4. Identification of consensus clusters 

The magenta module was considered as the prognostic module. The magenta module could 

therefore serve as candidate of prediction of survival benefit in advanced melanoma patients treated 

with anti-PD1 alone or in combination with anti-CTLA-4. According to cophenetic coefficient of NMF 

(Figure 4A), we used 9 lncRNAs (ENSG00000258869, ENSG00000179840, ENSG00000206344, 

ENSG00000226777, ENSG00000205018, ENSG00000204261, ENSG00000163597, ENSG00000197536, 

and ENSG00000263069) to cluster the population into two consensus clusters: cluster 1 (n = 49) and 

cluster 2 (n = 42) (Figure 4B)). There were also differences in prognostic module expression between 

the two clusters (Figure 4C). Furthermore, cluster 2 exhibited significantly longer OS than cluster 1 

(HR=3.29, 95%CI: 1.63-6.64, P = 0.0005, Figure 4D). Regarding PFS, cluster 1 was correlated with 

significantly unfavorable PFS (HR=2.77, 95%CI: 1.59-3.82, P = 0.0002, Figure 4E). The identified 

lncRNAs could divide advanced melanoma patients into different clusters and correlated with 

response and survival benefit of ICI. 
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Figure 4. Identification of consensus clusters by NMF. A. The relationship between cophenetic 

coefficients with respect to the number of clusters. B. The consensus map of NMF clustering results. 

Patients were divided into cluster 1 and cluster 2 according to the prognostic module. C. The heatmap 

plot of prognostic module. D. The survival curve of OS in cluster 1 and cluster 2. E. The survival curve 

of PFS in cluster 1 and cluster 2. 

3.5. Subgroup analysis 

After eliminating the duplicate patients, 59 patients were left for subgroup analysis. Our 

identified nine lncRNAs signature could also separate population who benefit from survival (Cluster 

2) regardless of OS (HR=3.41, 95%CI: 1.38-8.45, P = 0.0051, Figure 5A) and PFS (HR=2.71, 95%CI: 1.32-

5.57, P = 0.0052, Figure 5B). In 25 patients receiving anti-PD-1 monotherapy, cluster 2 exhibited 

significantly longer OS (HR=3.11, 95%CI: 1.04-9.24, P = 0.033, Figure 5C) and PFS (HR=4.39, 95%CI: 

1.41-13.64, P = 0.0057, Figure 5D) than cluster 1. Besides, cluster 2 also was correlated with 

significantly favorable OS (HR=7.02, 95%CI: 0.89-55.63, P = 0.032, Figure 5E) and PFS (HR=2.89, 95%CI: 

0.94-8.91, P = 0.056, Figure 5F) in 34 patients treated with combined anti-PD-1 and anti-CTLA-4. The 

nine lncRNAs could divide advanced melanoma patients into different clusters and correlated with 

survival benefit from ICI, regardless of anti-PD-1 in combination with CTLA-4 or as single agent. 
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Figure 5. Subgroup analysis of consensus clusters predict survival benefit of patients treated with ICI 

by combined or single therapy. A. The survival curve of OS in cluster 1 and cluster 2 after de-

duplication. B. The survival curve of PFS in cluster 1 and cluster 2 after de-duplication. C. The survival 

curve of OS of monotherapy in cluster 1 and cluster 2 after de-duplication. D. The survival curve of 

PFS of monotherapy in cluster 1 and cluster 2 after de-duplication. E. The survival curve of OS of 

combined therapy in cluster 1 and cluster 2 after de-duplication. F. The survival curve of PFS of 

combined therapy in cluster 1 and cluster 2 after de-duplication. 

3.6. Functional analysis 

We identified 2223 differentially expressed genes (DEGs) by cluster 1 vs cluster 2, including 812 

up-regulated and 1411 down-regulated DEGs (Figure 6). Further enrichment analysis showed that 

these 2223 DEGs were enriched to 759 Gene Ontology terms: 69 molecular function defined as the 

biochemical activity including specific binding to ligands or structures of a gene product, 623 

biological processes refereed to a biological objective to which the gene or gene product contributes, 

67 cell component refereed to the place in the cell where a gene product is active) [35], and 63 Kyoto 

Encyclopedia of Genes and Genomes pathways, a knowledge base for systematic analysis of gene 

functions, linking genomic information with higher order functional information [36], respectively 

(Table S2) . The enrichment analysis revealed that the most enriched molecular function of DEGs 

were major histocompatibility complex (MHC) protein binding, MHC protein complex binding, and 
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immunoglobulin binding (Figure 7A, Table S2). The most enriched biological process of DEGs were 

immune-related cells activation and differentiation (Figure 7B, Table S2). The most enriched cell 

component of DEGs were MHC protein complex, MHC class II protein complex, and immunological 

features (Figure 7C, Table S2). The most enriched pathways of DEGs were leukocyte trans endothelial 

migration, T cell receptor signaling pathway, Th1 and Th2 cell differentiation, Th17 cell 

differentiation, B cell receptor signaling pathway, PD-L1 expression and PD-1 checkpoint pathway 

in cancer, natural killer cell-mediated cytotoxicity, and primary immunodeficiency (Figure 7D, Table 

S2). 

 

Figure 6. Identification of DEGs by cluster 1 vs cluster 2. A. The volcano plot of DEGs by cluster 1 vs 

cluster 2. B. The heatmap plot of DEGs by cluster 1 vs cluster 2. 
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Figure 7. Functional enrichment of DEGs by cluster 1 vs cluster 2. A. The molecular function of DEGs 

by cluster 1 vs cluster 2. B. The biological process of DEGs by cluster 1 vs cluster 2. C. The cell 

component of DEGs by cluster 1 vs cluster 2. B. The pathway analysis of DEGs by cluster 1 vs cluster 

2. 

4. Discussion 

Over the past decades, with a deeper understanding of the pathophysiology and the the 

manifold roles of the immune system in cancer management [37], ICI have made their way into clinics 

as single treatment or in multimodal settings for several tumor entities [38-40]. While these advances 

in the treatment of metastatic melanoma have improved responses and survival[41], still the majority 

of patients do not respond properly or respond with side effects to ICI. Although the regimens of ICI-

based immunotherapy have been continuously adjusted and optimized [42-44], patients with 

melanoma still have heterogeneous ICI response. Different individuals respond differently to ICI, 

which requires screening for the most sensitive subgroup. An early assessment for ICI response by 

predictive signature is crucial for the selection of patients who are most likely to benefit from ICI. 

Correlation networks are more and more widely used in this field. WGCNA is a systematic biology 

approach to describe the correlation patterns among elements across microarray samples to find 

modules of highly correlated elements, which can be used to identify candidate biomarkers or 

therapeutic targets [26], and NMF can identify potential characteristics in expression profiles by 

resolving the original matrix into different nonnegative matrices [45,46]. In addition, lncRNAs are 

widely involved in the pathophysiological process of various tumors [47]. Hence, in this study, we 

combined NMF and WGCNA to discover nine prognostic lncRNAs signature for patients with 

melanoma, which can also reflect the ICI response, and then initially explored the potential 

mechanisms. 

A growing body of lncRNAs has been detected and identified in various immune cells [48,49], 

and lncRNAs play a vital role in cancer immunology [50]. Together, these findings demonstrate the 

potential of lncRNAs in cancer prognosis and ICI response evaluation. In our study, a total of 9 

lncRNAs (ENSG00000258869, ENSG00000179840, ENSG00000206344, ENSG00000226777, 

ENSG00000205018, ENSG00000204261, ENSG00000163597, ENSG00000197536, and 

ENSG00000263069) signature were identified by computational approach, and they can easily divide 

melanoma patients into two groups with different survival benefit. Furthermore, these lncRNAs 

signature can also reflect the response to ICI, since all of the participants that we included in this 

study were patients receiving anti-PD-1 monotherapy or combined anti-PD-1 and anti-CTLA-4. 

Subgroup analysis also showed the universality of the nine lncRNAs signature. We used the DEGs 

between two consensus clusters as a starting point to explore why there was such a large difference 

in survival benefit between the two clusters distinguished by nine lncRNAs signature. 

Enrichment analysis showed that the functions of DEGs were mainly related to MHC and 

immune processes. The initiation of an adaptive immune response  requires recognition of antigens 

in the context of MHC class I and class II proteins by CD8+ and CD4+ T cells, respectively [51-53]. 

Moreover, the identified pathways were also enriched for PD-L1/PD-1 axis events, which is exactly 

the target of ICI. Therefore, one can hypothesise that the identified nine lncRNAs signature might 

affect the survival benefit of advanced melanoma patients treated with ICI through MHC- and 

generally immune-related pathways.  

However, one has to consider that our analyses are based on the publicly available dataset. Thus 

we could not obtain all the clinic-pathological characteristics for each patient. Furthermore, we 

included 91 tumor biopsies from 75 patients, indicating 16 patients provided two biopsies. A sample 

from a single patient may need attention in subsequent larger studies. Moreover, since the population 

we included in this retrospective study was melanoma patients receiving ICI with complete follow-

up data, our sample size was small. Therefore, further testing and verifying of the 9 lncRNAs 

signature in prospective studies will be necessary. 

5. Conclusions 
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However, we succeeded to characterize lncRNA expression profiles to identify an OS and PFS 

advantage of cluster 2 over cluster 1, distinguished by 9 lncRNAs signature. Further analyses provide 

hints that this signature affects the response of melanoma patients treated with ICI by influencing 

MHC- and immune-related pathways. The nine lncRNAs signature is therefore a novel predictor for 

OS and PFS in melanoma patients treated with ICI. 

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Figure S1: The median 

rank and Zsummary statistics of each module preservation, Table S1: Details of lncRNAs related to OS and PFS and 

in the magenta module, Table S2: Details of the DEGs function and pathway annotation analysis. 
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Table and figures legend 

Table 1. Patient characteristics of PRJEB23709 dataset. 

Figure 1. Sample clustering dendrogram and determination of soft-thresholding power in WGCNA. A. Sample 

clustering dendrogram to detect outliers. B. Analysis of the scale-free fit index for various soft-thresholding 

power. C. Analysis of the mean connectivity for various soft-thresholding powers. 

Figure 2. Identify key module related OS and PFS by WGCNA. A. Clustering dendrogram of lncRNAs with 

dissimilarity based on topological overlap together and assigned module colors. B. The heatmap plot of 

visualizing all modules. C. The module- trait heatmap plot. 

Figure 3. Identification of lncRNAs signature by overlap of OS related lncRNAs, PFS related lncRNAs and 

lncRNAs in mageta. 

Figure 4. Identification of consensus clusters by NMF. A. The relationship between cophenetic coefficients with 

respect to the number of clusters. B. The consensus map of NMF clustering results. Patients were divided into 

cluster 1 and cluster 2 according to the prognostic module. C. The heatmap plot of prognostic module. D. The 

survival curve of OS in cluster 1 and cluster 2. E. The survival curve of PFS in cluster 1 and cluster 2. 

Figure 5. Subgroup analysis of consensus clusters predict survival benefit of patients treated with ICI by 

combined therapy or alone. A. The survival curve of OS in cluster 1 and cluster 2 after de duplication. B. The 

survival curve of PFS in cluster 1 and cluster 2 after de duplication. C. The survival curve of OS of monotherapy 

in cluster 1 and cluster 2 after de duplication. D. The survival curve of PFS of monotherapy in cluster 1 and 

cluster 2 after de duplication. E. The survival curve of OS of combined therapy in cluster 1 and cluster 2 after 

de duplication. F. The survival curve of PFS of combined therapy in cluster 1 and cluster 2 after de duplication. 

Figure 6. Identification of DEGs by cluster 1 vs cluster 2. A. The volcano plot of DEGs by cluster 1 vs cluster 

2. B. The heatmap plot of DEGs by cluster 1 vs cluster 2. 

Figure 7. Functional enrichment of DEGs by cluster 1 vs cluster 2. A. The molecular function of DEGs by 

cluster 1 vs cluster 2. B. The biological process of DEGs by cluster 1 vs cluster 2. C. The cell component of 

DEGs by cluster 1 vs cluster 2. B. The pathway analysis of DEGs by cluster 1 vs cluster 2. 
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