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ABSTRACT 
 

Background: Necroptosis is a tightly regulated form of necrotic cell death that promotes inflammation and 
contributes to disease development. However, the potential roles of necroptosis-related genes (NRGs) in acute 
myeloid leukemia (AML) have not been elucidated fully. 
Methods: We conducted a study to identify a robust biomarker signature for predicting the prognosis and 
immunotherapy efficacy based on NRGs in AML. We analyzed the genetic and transcriptional alterations of NRGs 
in 151 patients with AML. Then, we identified three necroptosis clusters. Moreover, a necroptosis score was 
constructed and assessed based on the differentially expressed genes (DEGs) between the three necroptosis 
clusters. 
Results: Three necroptosis clusters were correlated with clinical characteristics, prognosis, the tumor 
microenvironment, and infiltration of immune cells. A high necroptosis score was positively associated with a 
poor prognosis, immune-cell infiltration, expression of programmed cell death 1/programmed cell death ligand 1 
(PD-1/PD‐L1), immune score, stromal score, interferon-gamma (IFNG), merck18, T-cell dysfunction-score 
signatures, and cluster of differentiation-86, but negatively correlated with tumor immune dysfunction and 
exclusion score, myeloid-derived suppressor cells, and M2-type tumor-associated macrophages. Our observations 
indicated that a high necroptosis score might contribute to immune evasion. More interestingly, AML patients 
with a high necroptosis score may benefit from treatment based on immune checkpoint blockade. 
Conclusions: Consequently, our findings may contribute to deeper understanding of NRGs in AML, and facilitate 
assessment of the prognosis and treatment strategies. 
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INTRODUCTION 
 

Acute myeloid leukemia (AML) is a highly lethal hema-

tological malignancy. It is characterized by proliferative 

enhancement, blocked differentiation, and dysregulated 

apoptosis [1]. Intensive induction chemotherapy is first-

line treatment for AML [2]. Conventional types of 

chemotherapy can induce remission in some patients, 

but most patients experience a relapse of AML [3].  

For decades, many novel targeted therapies have been 

developed, but the prognosis for AML remains poor, 

with 5-year survival of ~10% [4, 5]. Also, childhood 

AML has an unfavorable prognosis, and the prevalence 

of relapse is high [6]. Therefore, identifying new 

molecular profiles that can predict the prognosis and  

aid development of new therapeutic targets against 

AML is important. 

 

Necroptosis is a type of regulated cell death 

characterized by loss of plasma-membrane integrity 

and escape of cellular contents that is independent of 

caspases, the morphological characteristics of necrosis, 

and instigation of an inflammatory response [7–10]. 

The main mediators of necroptosis execution are receptor 

interacting protein kinase 1 (RIPK1) and RIPK3, and 

mixed lineage kinase domain-like protein [8, 11]. 

Recently, several studies have demonstrated the influence 

of necroptosis on tumorigenesis, progression, and 

metastasis in various types of cancer [12, 13]. The  

pro-tumorigenic or antitumorigenic effects of RIPK3-

mediated necroptosis are dependent upon the type of 

cancer and conditions during tumorigenesis. It has been 

reported that RIPK3 deficiency does not alter MYC-

driven lymphomagenesis or the killing of malignant 

lymphoma cells induced by chemotherapeutics [14]. 

Moreover, RIPK3 expression is downregulated and 

correlates with poor clinical outcomes in AML [12, 

15]. However, the key mediators of the necroptotic 

pathway (alone or in combination) have been shown  

to enhance neoplastic progression and metastasis  

[16, 17]. 

 

Necroptosis is a type of inflammatory cell death  

that contributes to innate immunity and shapes sub-

sequent adaptive immunity [18, 19]. The machinery of 

necroptotic cell death promotes immune responses  

by increasing secretion of cytokines and chemokines 

[20, 21]. RIPK1 signaling and activation of nuclear 

factor-kappa B may be necessary during necroptotic cell 

death to result in efficient cross-priming and antitumor 

immunity [22]. Nevertheless, necroptotic tumor cells 

also attract dendritic cells and macrophages that can 

further enhance immunosuppression [23]. Thus, necrop-

tosis can shape adaptive immunity against tumor 

progression and generate an immunosuppressive tumor 

microenvironment (TME). 

Due to technical limitations, most studies have 

investigated only one or two necroptosis-related genes 

(NRGs). Numerous genes interact with each other and 

with environmental factors in a highly coordinated 

manner. The signatures of novel NRGs for the prognosis 

or TME of hepatocellular carcinoma, colon cancer, 

bladder cancer, pancreatic cancer, and cutaneous 

melanoma have been identified [24–28]. However,  

the prognostic role of the NRG signature in AML has 

not been elucidated. We explored the association of 

multiple NRGs with the prognosis of AML and cell 

infiltration into the TME. We aimed to provide insights 

into tumorigenesis and open-up a novel therapeutic 

strategy for AML. 

 

MATERIALS AND METHODS 
 

Data acquisition 

 

The raw data of transcriptome profiling and 

corresponding clinical information of 151 AML 

samples were downloaded from the Genomic Data 

Commons of The Cancer Genome Atlas (TCGA) 

portal (https://portal.gdc.cancer.gov/repository). Since 

normal samples were not included in AML from 

TCGA database, we collected 70 bone marrow (BM) 

normal samples from the GTEx database (http:// 

www.GTExportal.org/home/). Batch effects between 

two datasets were corrected using the “ComBat” 

method from the sva package. Detailed information  

on these AML patients is shown in Supplementary 

Table 1. Data on the somatic gene mutations and gene 

copy number variations (CNVs) of AML patients were 

also obtained from TCGA database. Data on somatic 

mutations were analyzed with the “mafCompare” 

function in the “Maftools” package [29]. Significant 

amplifications or deletions of the copy number were 

detected by filtered segmented copy number data 

(Affymetrix SNP 6.0 platform) using the GISTIC2.0 

algorithm [30]. We also collected six AML datasets 

(GSE6891, GSE10358, GSE12417_UA, GSE12417_UP, 

GSE37642_UA, and GSE37642_UP), combining them 

using the “ComBat” algorithm, in order to validate the 

consensus clustering results in TCGA. 

 

Consensus molecular clustering for 67 NRGs 

 

A list of NRGs was collected from the work of  

Zirui Zhao and colleagues [31]. All 67 genes are 

provided in Supplementary Table 2. We applied  

the “ConsensusClusterPlus” package for consensus 

clustering and distinguishing patients into three distinct 

necroptosis clusters based on these 67 NRGs [32]. 

Consensus clustering is an established unsupervised 

classification method for data analyses. The appropriate 

cluster number (k) was calculated from the relative 

https://portal.gdc.cancer.gov/repository
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change in area under the cumulative distribution function. 

Plots were created to ascertain if they are consistent or 

inconsistent for various values of k. 
 

Identification of differentially expressed genes (DEGs) 
 

DEGs were identified among three necroptosis subtypes 

via the “limma” package in R 4.0.4 (R Institute for 

Statistical Computing, Vienna, Austria; http://www.r-

project.org/). Specifically, with the “limma-voom” 

package, we normalized gene expression, which was 

then fed into “lmFit” and “eBayes” functions in the 

limma package. A total of 829 DEGs were identified. 

Patients were divided into three gene clusters via 

unsupervised clustering of DEGs. 
 

Generation of a necroptosis score 
 

We also used principal component analysis (PCA) to 

evaluate the necroptosis pattern for each individual. 

First, univariate Cox regression analysis was undertaken 

on 829 DEGs to identify prognosis-related genes. 

Second, we conducted recursive feature elimination 

with 10-fold cross-validation in the 361 genes that  

had a significant prognostic impact. Third, we carried 

out PCA to construct a signature of the relevant genes 

of necroptosis with principal component (PC)1 and 2  

as signature scores. Accordingly, we calculated a 

necroptosis score [33]: 
 

 Necroptosis score (PC1 PC2 )i i=  +  

 

where i is the expression of NRGs. 
 

AML patients were divided into a low-score group and 

high-score group according to the maximally selected 

rank statistics (maxstat) method. 
 

Clinical features and analyses of signaling-pathway 

enrichment 
 

We examined the relationships between different  

AML subtypes and clinicopathological characteristics, 

including French–American–British (FAB) subtypes, 

cytogenetic risk, sex, age, and white blood cell  

count. To explore biological information and protein 

functions, enrichment analyses were done with the 

“clusterprofile” package in R using the Gene Ontology 

(GO) database (http://www.geneontology.org/). We 

detected significant differences in signaling pathways 

between different groups using the R package “GSVA”. 
 

Estimation of infiltration of TME cells and 

prediction of immune responses 
 

We adopted the CIBERSORT algorithm to quantify 

infiltration of immune cells in different NRGs patterns 

[34]. As part of this analysis, the ESTIMATE algorithm 

was used to analyze the tumor purity, immune score, 

and stromal score [35]. We also analyzed the cor-

relations between expression of programmed cell death 

1/programmed cell death ligand 1 (PD-1/PD‐L1) and 

the necroptosis score. We collected four independent 

immunotherapy cohorts including four cancer types to 

determine difference in immune checkpoint blockade 

(ICB) responsiveness between patients with high  

and low necroptosis score. The response information  

was downloaded from the supplementary data of the 

respective papers. 

 

Statistical analyses 

 

R was employed for statistical analyses. Kaplan–Meier 

survival curves were used to assess survival differences 

between patient groups using the “survminer” package. 

Categorical data were compared using the chi-square 

test or Fisher’s exact test. The correlation between 

continuous variables was compared using Spearman’s 

rank correlation test. Data visualization was undertaken 

using the R packages “ggplot2”, “circlize” (for Circos 

plots), and Maftools (for co-onco plots or forest plots). 

P < 0.05 was considered significant. 

 

Data and code availability 

 

The code files (using R) employed to reproduce the 

figures contained within the manuscript are available 

upon reasonable request. The original contributions 

presented in the study are provided in the Article/ 

Supplementary Materials. 

 

RESULTS 
 

“Landscape” of genetic and transcriptional 

alterations of NRGs in AML 

 

We assessed 67 NRGs (Supplementary Table 1). To 

reveal chromosomal gains and losses, we applied a 

somatic CNV analysis. The CNV of NRGs was not 

prevalent in AML. TRIM11, CYLD, and ID1 were 

involved primarily in gene amplification, whereas 

deletion of HSPA4, BRAF, and SQSTM1 was common 

(Figure 1A, Supplementary Table 2). The location  

of CNV alteration of 67 NRGs on chromosomes  

is illustrated in Figure 1B (Supplementary Tables 3, 

4). Normal samples and tumor samples could be 

distinguished clearly into two distinct groups via PCA 

(Supplementary Figure 1A). Also, the prevalence of 

somatic mutations of NRGs in AML was not wide-

spread, and the top-eight genes with altered expression 

were FLT3 (8%), IDH2 (7%), IDH1 (5%), AXL  

(1%), MYC (1%), DNMT1 (1%), ALK (1%), and  

SLC39A7 (1%) (Figure 1C). We also compared mRNA 

http://www.r-project.org/
http://www.r-project.org/
http://www.geneontology.org/
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expression between AML samples and normal 

samples. All 67 NRGs had remarkable differences  

in mRNA expression between AML samples and 

normal samples except for TNF and SPATA2 (Figure 

1D). Besides, NRGs exhibited distinct patterns in 

different immune cell types, myeloid malignancies, 

and lymphoid malignancies (Supplementary Figure 

1B, 1C). Relatively higher expression of FLT3 was 

detected compared with that of other NRGs in AML 

samples (Supplementary Figure 1C). 

 

Identification of three necroptosis clusters in AML 

 

Survival information of 151 patients from TCGA 

dataset was used for analyses (Supplementary Table  

5). Univariate Cox regression analyses were used to 

 

 
 

Figure 1. Variation in expression of necroptosis-related genes in AML. (A) The CNV frequencies of 67 necroptosis-related genes. 

The frequencies of amplification and deletion are labeled as orange dots and green dots, respectively. (B) The position of the CNV alteration 
of necroptosis-related genes on 23 chromosomes. (C) Mutation frequency of the top-eight necroptosis-related genes in 134 patients with 
AML. (D) A boxplot indicating expression of the 67 necroptosis-related genes between normal samples and AML samples (*P < 0.05, **P < 
0.01, ***P < 0.001). 
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investigate the prognostic value of NRGs (Supplementary 

Table 6). A consensus clustering analysis based on 

expression of NRGs was conducted for AML. The 

optimal k value was 3 (Supplementary Figure 2A– 

2C). According to PCA, three clusters had significant 

differences in their gene-expression profiles (Figure 

2A). The entire cohort was clustered into necroptosis 

cluster A (n = 71), necroptosis cluster B (n = 36),  

and necroptosis cluster C (n = 44) (Figure 2B).  

Kaplan–Meier survival curves for overall survival (OS) 

indicated significant differences among the three 

clusters. Patients with necroptosis cluster B had a poor 

 

 
 

Figure 2. Subtypes of necroptosis-related genes and their clinicopathological and biological characteristics in AML.  (A) PCA 

of transcriptomes among the three identified clusters. (B) Kaplan–Meier curves showing overall survival for the three necroptosis clusters. 
(C) Clinicopathological characteristics and expression of necroptosis-related genes among the three necroptosis clusters. 
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survival outcome (P = 0.018) (Figure 2B). Moreover, 

the three clusters were confirmed by performing 

consensus clustering analysis in combined AML cohorts 

encompassing six datasets (1115 patients), although  

the prognostic impact was not validated (Supplementary 

Figure 3). Then, the clinicopathological characteristics 

of the three necroptosis subtypes were compared. Cases 

with FAB M3 was mainly observed in patients with 

necroptosis cluster C. Necroptosis cluster B was not 

associated with good cytogenetic risk and APP was 

barely expressed in necroptosis cluster B. In terms of 

gender, age and WBC, no differences were observed 

among three clusters (Figure 2C). 

 

Associations between the TME and three necroptosis 

clusters 

 

Using the CIBERSORT algorithm, we explored  

the profiles of 23 types of infiltrating immune cells  

in three necroptosis clusters. Significant differences in 

immune-cell infiltration were noted except for cluster  

of differentiation (CD)56 bright natural killer cells 

among the three types of necroptosis clusters (Figure 

3A). Necroptosis cluster B had the highest number of 

infiltrating macrophages. Enrichment analyses using the 

GSVA package were also done to elucidate the biological 

characteristics among the three necroptosis clusters. 

Necroptosis cluster B was strongly related to metabolic 

pathways, including “phenylalanine metabolism”, 

“histidine metabolism”, and “sulfur metabolism” 

(Figure 3B, Supplementary Table 7). Necroptosis cluster 

A showed significant enrichment in immune system-

related pathways such as “systemic lupus erythematosus”, 

“intestinal immune network for IgA production”, “cell 

adhesion molecules”, “cytokine receptor interaction”, 

“T cell receptor signaling pathway”, “natural killer cell-

mediated cytotoxicity”, and “chemokine signaling 

pathway activation” (Figure 3C, Supplementary Table 8). 

Necroptosis cluster B was also highly associated with 

immune system-related pathways, including “intestinal 

immune network for IgA production”, “NOD-like, and 

Toll-like receptor signaling pathway”, “B cell receptor 

signaling pathway”, and “natural killer cell-mediated 

cytotoxicity” (Figure 3D, Supplementary Table 9). 

 

 
 

Figure 3. Correlations between the TME and three necroptosis clusters. (A) Analyses of tumor-infiltrating immune cells in the 
three necroptosis clusters. *P < 0.05, **P < 0.01, ***P < 0.001, ns, not significant. (B–D) Heatmap of the enrichment analyses in three 
necroptosis clusters using the GSVA package. (B) Cluster A vs. cluster B; (C), cluster A vs. cluster C; (D), cluster B vs. cluster C. 
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Identification of three gene clusters in AML 

 

We wished to further investigate the underlying 

biological functions of the three clusters. We generated 

a Venn diagram to illustrate the overlapped DEGs, and 

a set of 829 genes was screened out (Figure 4A). 

Subsequently, functional analyses were done using  

the GO database. Expression of necroptosis subtype-

related genes associated with immunity was increased 

significantly (Figure 4B, Supplementary Table 10), 

which indicated that necroptosis may participate in 

regulation of the immune function of the TME. We 

wished to identify the genes associated with the 

prognosis among these 829 common DEGs. Hence, we 

undertook univariate Cox regression analysis and 

selected 316 genes with P < 0.05 to use in subsequent 

analyses (Supplementary Table 11). Three gene clusters 

were identified using consensus clustering, and we 

named them as gene clusters A, B, and C (Figure 4C). 

Kaplan–Meier curves for OS showed that patients with 

gene cluster A or gene cluster B had a worse outcome 

than that for patients with gene cluster C (P < 0.001, 

log-rank test) (Figure 4D). Moreover, the three gene 

clusters were confirmed using consensus clustering 

analysis in combined AML cohorts encompassing six 

datasets (1115 patients), and the prognostic impact was 

validated (P < 0.001, log-rank test) (Supplementary 

Figure 4A, 4B). Among the three gene clusters, there 

were significant differences in expression of NRGs  

such as SIRT1, SIRT2, IPMK, and AXL (Figure  

5A). Necroptosis gene cluster C correlated with good 

cytogenetic risk. More interestingly, these 316 genes 

showed high expression in gene cluster B (Figure 5B). 

 

Construction and validation of a necroptosis score 

 

We applied a PCA algorithm to calculate the 

necroptosis score and quantify necroptosis patterns 

 

 
 

Figure 4. Construction of gene subtypes based on DEGs. (A) Venn diagram of 829 necroptosis-related DEGs among three necroptosis 

clusters. (B) Analyses of functional enrichment of DEGs using the GO database. (C) Three gene clusters were categorized by a consensus 
matrix heatmap (k = 3). (D) Kaplan–Meier curves of overall survival for three gene clusters (P < 0.001, log-rank test). 
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among AML patients because of the complexity and 

individual heterogeneity in necroptosis modification 

(Supplementary Table 12). The alluvial plot (Figure 

6A) illustrated the distribution of the three necroptosis 

clusters, three necroptosis gene clusters, necroptosis 

score, and OS status. Cluster B had a higher necrop-

tosis score than that of cluster A or cluster C (Figure 

6B). The necroptosis score of gene cluster B was 

higher than that of gene cluster A and gene cluster  

C (Figure 6C). We conducted OS analyses using 

Kaplan–Meier curves. Patients with a high necroptosis 

score had a significantly poor prognosis than those 

with a low necroptosis score (P < 0.001, log-rank test) 

(Figure 6D). Furthermore, the prognostic impact was 

validated in combined AML cohorts encompassing six 

datasets (1115 patients) (P < 0.001, log-rank test) 

 

 
 

Figure 5. Correlations between the TME and three gene clusters. (A) Gene expression of 67 necroptosis-related genes among the 

three gene clusters. (B) Association of clinicopathologic features with the three gene clusters. 



www.aging-us.com 14685 AGING 

(Supplementary Figure 4C). Univariate Cox regression 

analyses revealed a high necroptosis score to be 

significantly related to shorter OS (HR = 7.673,  

P < 0.01) (Supplementary Table 13). Multivariate  

Cox regression analyses for OS in TCGA dataset 

confirmed the necroptosis score to be an independent 

prognostic biomarker in AML (HR = 3.792, P = 

0.0287) (Figure 6E). We analyzed the most prevalent 

somatic mutations for a high score and low necroptosis 

score to study differences in distribution of somatic 

mutations between them. FLT3 (30% vs. 11%) and 

DNMT3A (25% vs. 17%) had a higher prevalence of 

somatic mutations in the group with a high necroptosis 

score (Figure 6F, 6G). 

 

 
 

Figure 6. Construction of a necroptosis score and its clinical relevance. (A) Alluvial plot depicting subtype distributions in groups 

with different necroptosis clusters, gene clusters, necroptosis score, and overall survival. (B) Differences in the necroptosis score between 
three necroptosis clusters. (C) Differences in the necroptosis score between three gene clusters. (D) Kaplan–Meier survival analysis of 
groups with a high necroptosis score or low necroptosis score (P < 0.001, log-rank test). (E) Multivariate Cox regression analyses of the 
overall survival of AML patients. (F, G) “Waterfall” plot of somatic mutation features in groups with the high necroptosis score (F) or low 
necroptosis score (G). 
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Necroptosis score in immunotherapy 

 

Next, we investigated if the necroptosis score could  

be used to predict the response to immunotherapy  

by patients. We analyzed the correlation between the 

abundance of immune cells and necroptosis score. The 

number of activated dendritic cells, gamma delta T cells, 

macrophages, mast cells, and natural killer T cells was 

positively related to the necroptosis score (Figure 7A 

and Supplementary Table 14). The group with a high 

 

 
 

Figure 7. Exploration of the response of the necroptosis score to immunotherapy. (A) Spearman correlation analysis of tumor-

infiltrating lymphocytes and necroptosis score. (B, C) Expression of PD-L1 and PD-1 in groups with a high necroptosis score (B) and low 
necroptosis score (C). (D–F) Tumor purity, immune score, and stromal score of necroptosis-score groups were analyzed and plotted. (G, H) 
Correlations between necroptosis and other immune checkpoints in AML. (I) Profile of the necroptosis score in the non-responder group 
and responder group. (J, K) Patients with a higher necroptosis score have a higher response to ICB in four independent ICB cohorts 
compassing of four cancer types. 
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necroptosis score had upregulated expression of PD-1 

and PD-L1, which impaired antitumor immunity further 

(Figure 7B, 7C). 

 

Based on these findings, we aimed to estimate  

the overall number of infiltrating immune cells and 

stromal cells in the groups with a high necroptosis score 

and low necroptosis score, respectively. We used  

the ESTIMATE algorithm to calculate tumor purity, 

immune score, and stromal score. There was a tendency 

for the group with a high necroptosis score to have 

lower tumor purity, higher immune score and stromal 

score (Figure 7D–7F). These data indicated that the 

group with a high necroptosis score was enclosed by 

more nontumor components. To identify the group that 

may be a candidate for immunotherapy, we analyzed the 

response to immunotherapy based on the necroptosis 

score. We observed a strong negative correlation between 

the necroptosis score and T-cell exclusion signatures, 

including tumor immune dysfunction and exclusion 

core, myeloid-derived suppressor cells (MDSCs) and the 

M2 subtype of tumor-associated macrophages (TAMs). 

The opposite trend was observed among interferon-

gamma (IFNG), merck18, and T-cell dysfunction-score 

signatures (Figure 7G). These findings demonstrated 

indirectly that the necroptosis score had a critical role in 

mediating the immune response, and that the group with 

a high necroptosis score was potentially more sensitive 

to immunotherapy. 

 

Moreover, we investigated the correlation between the 

necroptosis score and a collection of genes associated 

with checkpoints in AML. CD86 was constantly asso-

ciated with the necroptosis score according to Circos 

plots (Figure 7H). More excitingly, the necroptosis 

score was significantly higher in responders than in 

non‐responders, as classified by the TIDE algorithm 

(http://tide.dfci.harvard.edu/) (Figure 7I). We next 

investigated whether the necroptosis signatures could 

predict patients’ response to ICB therapy in real-world 

immunotherapy cohorts. Using four independent ICB 

cohorts compassing of four cancer types (Figure 7J), we 

found that patients with a response to ICB had 

consistently higher necroptosis score than patients with 

no response and that the high-necroptosis-score group 

presented a better response to ICB (Figure 7J, 7K). 

Hence, patients with a high necroptosis score tended  

to benefit more from treatment based on immune-

checkpoint blockade (ICB). 

 

DISCUSSION  
 

Necroptosis may prevent or promote the progression  

of tumor cells [36]. Höckendorf and colleagues 

identified RIPK3 as a key tumor suppressor in AML 

[15]. Paradoxically, high expression of RIPK3 leads to 

productive proliferation and necrotic vulnerability in 

recurrent breast cancer [37]. Also, necroptosis-induced 

chemokine ligand 1 (CXCL1) expression may be crucial 

for the progression of pancreatic ductal adenocarcinoma 

and promote a macrophage-induced adaptive immune 

response [38]. Most studies have focused only on  

the effect of a single NRG or single TME cell type. 

Hence, we aimed to reveal the clinical characteristics 

and pattern of infiltration of TME cells mediated by 

multiple NRGs. Identifying the role of NRGs in the 

TME could provide important molecular insights into 

the interactions between necroptosis and the anti-tumor 

immune response, and facilitate development of more 

efficacious therapeutic strategies. 

 
Sample classification is a widely applied method based 

on predefined gene sets. In the present study, 151 AML 

patients were classified into three subtypes according  

to expression of NRGs. Necroptosis cluster B carried  

a worse prognosis and was closely associated with 

immune system-related pathways, including “intestinal 

immune network for IgA production”, “NOD-like, and 

Toll-like receptor signaling pathway”, “B cell receptor 

signaling pathway”, and “natural killer cell-mediated 

cytotoxicity”. Simultaneously, the three necroptosis 

clusters differed significantly in terms of the charac-

teristics of infiltration of immune cells. Based on the 

DEGs among the three necroptosis clusters, patients 

were classified into three gene clusters. Furthermore,  

on basis of the analysis stated above, we constructed  

a robust and effective necroptosis score to predict the 

response to clinical immunotherapy or patient survival. 

Patients with a low necroptosis score or high necroptosis 

score showed significant differences with regard to 

clinicopathological characteristics, prognosis, the TME, 

and immune checkpoints. Our findings suggest that 

NRGs might serve as a clinical predictive marker for 

evaluating the outcome and immunotherapy response of 

people suffering from AML. 

 

The TME is crucial for understanding how cancer cells 

grow and progress, and has a vital role in tumor biology 

[39]. The TME comprises tumor-infiltrating immune 

cells (TIICs), fibroblasts, blood vessels, and the extra-

cellular matrix [40]. Necroptosis induction is involved 

in the TME, and immunosuppression of the TME 

reduces the resistance of tumor cells to antitumor 

therapies [39]. Necroptosis-induced CXCL1 expression 

influences the immunosuppressive TME associated  

with intact RIP1/RIP3 signaling [38]. The association 

between the number of immune cells infiltrating and the 

clinical prognosis and treatment responsiveness has 

attracted attention recently. We showed that the relative 

abundance of 23 TIICs differed significantly except for 

CD56 bright natural killer cells between the three 

necroptosis clusters. Moreover, most immune cells were 

http://tide.dfci.harvard.edu/
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positively related to the necroptosis score, which 

included activated dendritic cells, gamma delta T cells, 

macrophages, mast cells, and natural killer T cells. 

Gamma delta T cells has been reported to participate in 

regulating graft-versus-host disease and the graft-versus-

leukemia effect [41, 42]. In addition, RIPK1 expression 

has been found to be upregulated in TAMs [43]. Also, 

inhibition of RIPK1-reprogrammed TAMs towards an 

immunogenic phenotype can elicit activation of cytotoxic 

T cells and differentiation of T-helper cells [43]. 

 

ICB therapy has shown promising clinical benefit  

in cancer (especially in solid tumors). Recently, 

immunotherapeutic drugs have been reported to 

lengthen survival in AML [44, 45]. Compared with 

their application in AML, immune-checkpoint inhibitors 

have provided more significant benefit in treatment of 

solid tumors such as melanoma and non-small-cell lung 

cancer [46, 47]. We wanted to identify novel molecular 

markers that could be used to screen AML patients and 

predict the response to immunotherapy precisely. We 

found higher expression of PD-1/PD-L1 and CD86 

transcription in the group with a high necroptosis score 

with a poor prognosis. These data supported the 

potential predictive value of the necroptosis score  

on immunotherapy benefits. CTLA-4/CD80 and CD86 

or PD-1/PD-L1 and PD-L2 participate in checkpoint 

control of T-cell effector functions, which can regulate 

T-cell activation [44]. Patients with malignant melanoma 

have been shown to achieve prolonged remission with 

the anti-CTLA-4 antibodies ipilimumab or tremelimumab 

[48]. We concluded that patients with a high necroptosis 

score, who had high expression of PD-1/PD-L1 and 

CD86, might respond to ICB. In addition, the necrop-

tosis score was negatively associated with the TIDE 

score, MDSCs, and the M2 subtype of TAMs. The 

necroptosis score was positively related to IFNG, 

merck18, and T-cell dysfunction-score signatures. 

Patients with a high TIDE score are more likely to 

reduce the response to ICB treatment [49]. The TIDE 

score can help to identify patients that may be more 

likely to benefit from ICB [50]. The M2 subtype  

of TAMs contributes to immune suppression in the 

TME [51]. The necroptosis score was appreciably 

higher in responders than in non‐responders. Patients 

with a high necroptosis score tended to benefit from 

ICB treatment. This finding might offer valuable 

insights into immunotherapy for AML patients.  

 

While several other authors have also attempted to 

develop NRGs models for AML, we took a different 

approach to construct and validate a necroptosis  

score [52, 53]. There are also some limitations to this 

study. The prognostic model constructed for AML  

in this study needs to be further verified by large- 

sample clinical studies. At the same time, although our 

bioinformatics analyses provided some immunological 

insights of NRGs in AML and highlighted their 

potential role as predictive biomarkers for immuno-

therapy, further investigations including prospective 

clinical assessment are required. 

 

Therefore, we analyzed the NRG signature among 151 

AML samples. We also evaluated the association of the 

NRG signature with the prognosis, clinicopathological 

features, and TME cell-infiltrating characteristics. 

Evaluating the NRG patterns of an individual tumor 

might provide important insights into “personalized” 

immunotherapy strategies for patients with AML. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 
 

 
 

Supplementary Figure 1. Characterization of necroptosis-related genes. (A) Principal component analysis of 67 necroptosis-related 

genes based on paired tumor samples and normal samples. (B, C) Heatmap of expression of 67 necroptosis-related genes in different types 
of immune cells (B) and hematological malignancies (C). 
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Supplementary Figure 2. Unsupervised clustering analyses of a necroptosis signature. (A) Concordance matrix of subtypes. (B, C) 
Cumulative distribution function presented as the relative change in area when k = 2–9. 
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Supplementary Figure 3. Consensus clustering analysis in combined AML cohorts encompassing six datasets (1115 
patients). (A) The concordance matrix of the subtypes was calculated. (B, C) The cumulative distribution function and relative change in 

area under the cumulative distribution function curve for k = 2–9. (D) Kaplan–Meier curves showing the overall survival for three clusters  
(P = 0.105, log-rank test). 
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Supplementary Figure 4. Prognosis analysis of three gene clusters and the necroptosis score in combined AML cohorts 
encompassing six datasets (1115 patients). (A) Consensus matrix heatmap defining three gene clusters (k = 3). (B) Kaplan-Meier 

overall survival curves of three gene clusters (P < 0.001, log-rank test). (C) Kaplan–Meier survival analysis of high versus low necroptosis 
score groups (P < 0.001, log-rank test). 
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Supplementary Tables 
 

Please browse Full Text version to see the data of Supplementary Tables 1, 2, 5, 7–12 and 14. 

 

Supplementary Table 1. A total of 67 necroptosis-related genes in the study. 

 

Supplementary Table 2. The copy number variation (CNV) of 67 necroptosis-related genes explored in AML. 

 

Supplementary Table 3. The locations of 67 necroptosis-related genes on their respective chromosomes. 

Chromosome chromStart chromEnd Gene 

chr1 11012344 11026420 TARDBP 

chr1 12167003 12209228 TNFRSF1B 

chr1 172659018 172666874 FASLG 

chr1 228393673 228406840 TRIM11 

chr2 15940564 15947007 MYCN 

chr2 29192774 29921566 ALK 

chr2 111119378 111168447 BCL2L11 

chr2 171922448 171983682 HAT1 

chr2 201116104 201176687 CFLAR 

chr2 201233443 201287711 CASP8 

chr2 208236227 208266074 IDH1 

chr3 172505508 172523507 TNFSF10 

chr4 108047545 108168956 LEF1 

chr4 186069152 186088069 TLR3 

chr5 1253147 1295069 TERT 

chr5 14664664 14699711 OTULIN 

chr5 133051962 133106449 HSPA4 

chr5 179806398 179838078 SQSTM1 

chr6 3063991 3115187 RIPK1 

chr6 31575567 31578336 TNF 

chr6 33200445 33204439 SLC39A7 

chr6 47231532 47309905 TNFRSF21 

chr6 89926529 90296908 BACH2 

chr6 90513573 90587045 MAP3K7 

chr7 18086949 19002416 HDAC9 

chr7 55019021 55256620 EGFR 

chr7 140719327 140924764 BRAF 

chrX 77504878 77786269 ATRX 

chr8 127735434 127741434 MYC 

chr9 21967753 21995301 CDKN2A 

chr9 32455705 32526324 DDX58 

chr9 70384597 70414624 KLF9 

chr9 132891348 132944633 TSC1 

chr9 136881912 136926607 TRAF2 

chr11 215458 236931 SIRT3 
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chr11 70203163 70207390 FADD 

chr11 94128928 94181972 PANX1 

chr10 8053604 8075198 GATA3 

chr10 48306639 48439360 MAPK8 

chr10 58191517 58267934 IPMK 

chr10 67884669 67918390 SIRT1 

chr10 88990531 89015785 FAS 

chr10 131966455 131982013 BNIP3 

chr12 6328757 6342114 TNFRSF1A 

chr12 122207662 122227534 DIABLO 

chr13 28003274 28100592 FLT3 

chr14 24146683 24160661 RNF31 

chr14 24336021 24340045 RIPK3 

chr14 92936914 93116320 ITPK1 

chr14 102080738 102139699 HSP90AA1 

chr15 90083045 90102504 IDH2 

chr16 77007 85853 MPG 

chr16 680224 682870 STUB1 

chr16 23677656 23690367 PLK1 

chr16 50742050 50801935 CYLD 

chr16 74671855 74700960 MLKL 

chr17 20999593 21043760 USP22 

chr17 42313324 42388568 STAT3 

chr18 63123346 63320128 BCL2 

chr20 31605283 31606515 ID1 

chr20 46118272 46129863 CD40 

chr20 49903391 49915508 SPATA2 

chr20 57603846 57620576 ZBP1 

chr19 10133345 10231286 DNMT1 

chr19 38878555 38899862 SIRT2 

chr19 41219203 41261766 AXL 

chr21 25880550 26171128 APP 

 

Supplementary Table 4.The CNV alterations of 67 necroptosis-related genes on their respective chromosomes. 

chromosome start stop seg.mean 

chr1 11012344 11026420 1 

chr1 12167003 12209228 1 

chr1 172659018 172666874 0 

chr1 228393673 228406840 1 

chr2 15940564 15947007 0 

chr2 29192774 29921566 0 

chr2 111119378 111168447 0 

chr2 171922448 171983682 0 

chr2 201116104 201176687 −1 

chr2 201233443 201287711 −1 
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chr2 208236227 208266074 0 

chr3 172505508 172523507 0 

chr4 108047545 108168956 0 

chr4 186069152 186088069 0 

chr5 1253147 1295069 0 

chr5 14664664 14699711 0 

chr5 133051962 133106449 −1 

chr5 179806398 179838078 −1 

chr6 3063991 3115187 0 

chr6 31575567 31578336 0 

chr6 33200445 33204439 0 

chr6 47231532 47309905 0 

chr6 89926529 90296908 0 

chr6 90513573 90587045 0 

chr7 18086949 19002416 −1 

chr7 55019021 55256620 0 

chr7 140719327 140924764 −1 

chrX 77504878 77786269 0 

chr8 127735434 127741434 1 

chr9 21967753 21995301 −1 

chr9 32455705 32526324 0 

chr9 70384597 70414624 −1 

chr9 132891348 132944633 1 

chr9 136881912 136926607 1 

chr11 215458 236931 0 

chr11 70203163 70207390 1 

chr11 94128928 94181972 1 

chr10 8053604 8075198 0 

chr10 48306639 48439360 0 

chr10 58191517 58267934 0 

chr10 67884669 67918390 0 

chr10 88990531 89015785 0 

chr10 131966455 131982013 0 

chr12 6328757 6342114 0 

chr12 122207662 122227534 0 

chr13 28003274 28100592 −1 

chr14 24146683 24160661 −1 

chr14 24336021 24340045 −1 

chr14 92936914 93116320 0 

chr14 102080738 102139699 0 

chr15 90083045 90102504 0 

chr16 77007 85853 0 

chr16 680224 682870 0 

chr16 23677656 23690367 0 

chr16 50742050 50801935 1 
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chr16 74671855 74700960 −1 

chr17 20999593 21043760 0 

chr17 42313324 42388568 −1 

chr18 63123346 63320128 0 

chr20 31605283 31606515 1 

chr20 46118272 46129863 −1 

chr20 49903391 49915508 −1 

chr20 57603846 57620576 1 

chr19 10133345 10231286 1 

chr19 38878555 38899862 1 

chr19 41219203 41261766 1 

chr21 25880550 26171128 −1 

 

 

Supplementary Table 5. Clinical information for 151 patients with AML. 

 

Supplementary Table 6. The results of univariate Cox regression analysis of 67 necroptosis-related genes in 
AML. 

ID HR HR.95L HR.95H P-value km 

SIRT1 0.653185005 0.378242712 1.127981155 0.126532966 0.0141689 

SIRT2 2.184984848 1.310189482 3.643868962 0.00274144 0.000156203 

IPMK 0.832128264 0.576823465 1.200432177 0.325662055 0.114827499 

FLT3 1.145843585 0.941964664 1.39385008 0.173235112 0.005395313 

DDX58 1.078687703 0.714994691 1.627378742 0.718089398 0.089256771 

AXL 0.893148058 0.616525233 1.293886138 0.550144066 0.003022712 

HAT1 1.879445439 1.059558298 3.333761968 0.030942926 0.002192668 

TRIM11 1.692538231 0.908277659 3.1539757 0.097514088 0.01034464 

MYC 0.991110343 0.817531286 1.201543879 0.927573176 0.164023709 

PLK1 0.978689975 0.754347237 1.269752204 0.871185873 0.02396733 

MPG 1.377101107 0.988070387 1.919304011 0.058877071 0.000623289 

TNFRSF1B 1.163894293 1.030802172 1.314170617 0.014301022 0.002521854 

CASP8 1.300459795 0.701888456 2.409493508 0.403741253 0.148505378 

RNF31 1.311566439 0.7462553 2.305117998 0.345845229 0.142074969 

TSC1 0.865754449 0.518796244 1.444749792 0.581131898 0.003174917 

PANX1 1.781511256 1.21093007 2.620946026 0.003372425 0.003850982 

TLR3 0.768912602 0.442353635 1.336547374 0.351558403 0.103295508 

DIABLO 0.448302915 0.191224639 1.050991677 0.064956574 0.00054681 

EGFR 0.162124498 0.009434344 2.786028751 0.209898964 0.002225816 

MYCN 0.900484343 0.792057853 1.023753566 0.109303252 0.03588317 

SLC39A7 0.828131159 0.477791165 1.435357676 0.501561935 0.017329371 

FAS 0.885475167 0.594179178 1.319578841 0.55013449 0.029230075 

SQSTM1 1.135111031 0.772580721 1.66775719 0.518550154 0.015239662 

BACH2 1.133161573 0.874854048 1.467736424 0.343599343 0.040783794 

ATRX 0.916901721 0.617217044 1.362095836 0.66746871 0.198735659 

HDAC9 1.155183906 0.95236621 1.40119404 0.14305802 0.002137129 
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ZBP1 1.68624203 1.124616735 2.52833885 0.011463859 0.001224679 

MAPK8 0.697286568 0.417564651 1.164391087 0.16814127 0.223565352 

BNIP3 0.577742784 0.381540903 0.874838641 0.009552699 0.003061902 

RIPK1 1.045134946 0.493019116 2.215547064 0.908319629 0.044349595 

ALK 2.600097719 0.8630238 7.833512993 0.08947663 0.001249055 

BCL2L11 1.468472638 1.126975312 1.913450868 0.004439423 0.002552374 

BRAF 0.480067011 0.27963122 0.824172405 0.007785274 0.001083898 

HSPA4 1.301501392 0.809385541 2.092829423 0.276884707 0.006134598 

TERT 1.32265337 0.953263779 1.83518138 0.094224722 0.001181906 

MLKL 1.043130146 0.728780155 1.49307098 0.817482411 0.149133862 

BCL2 0.823515447 0.640900027 1.058164554 0.129018388 0.007601644 

ITPK1 1.897746809 1.33293067 2.701898179 0.000379003 1.31422E-05 

CYLD 1.445531804 0.814540202 2.565327272 0.208012226 0.015127248 

DNMT1 1.519224994 0.89849651 2.568785251 0.118627464 0.001731079 

FADD 2.752830445 1.553552027 4.877902591 0.000521882 1.1015E-07 

TNF 0.878746969 0.738113019 1.046176149 0.146321965 0.009964063 

KLF9 1.296480875 1.068129904 1.573650033 0.008621241 0.001611377 

IDH2 1.259520778 0.806763049 1.966367439 0.310013134 0.099546954 

TRAF2 1.056712493 0.638818732 1.74797832 0.829909929 0.036640337 

HSP90AA1 1.316781385 0.903432252 1.919250958 0.15224634 0.007182229 

RIPK3 1.420721389 1.033504631 1.953014245 0.030545089 0.001200498 

FASLG 1.041890084 0.639615345 1.697168392 0.869069192 0.028144583 

CD40 1.206387454 0.932591082 1.560566809 0.153119006 0.000667904 

SPATA2 0.746521175 0.406950179 1.369440027 0.344998987 0.055968205 

ID1 1.200475632 1.006408247 1.431965354 0.042258402 0.000194623 

LEF1 0.917595921 0.749311916 1.12367394 0.405440668 0.012767755 

GATA3 1.015865859 0.786799863 1.31162128 0.903895127 0.06558502 

CDKN2A 1.081608681 0.843680642 1.386635276 0.535970717 0.002878496 

STAT3 0.683169486 0.389810292 1.197301752 0.183207074 0.030650878 

TNFRSF21 1.106554528 0.929281323 1.317645037 0.25569587 0.076153834 

IDH1 1.42470344 1.011777604 2.006152228 0.0426608 0.000541714 

CFLAR 0.941588305 0.597826846 1.48301894 0.795109628 0.217209513 

SIRT3 0.839786189 0.481646278 1.464229821 0.538170095 0.048744659 

MAP3K7 1.055232867 0.516374652 2.156411823 0.882787486 0.084903579 

TARDBP 1.462416141 0.705296405 3.032286788 0.306980494 0.033807403 

APP 0.912122011 0.828108786 1.004658539 0.062084379 0.000465397 

TNFSF10 1.015918702 0.860748485 1.199062012 0.851850785 0.162765083 

OTULIN 0.765242099 0.427404261 1.370120806 0.36793924 0.051735805 

TNFRSF1A 0.811636879 0.482530203 1.365208682 0.431505516 0.07905431 

USP22 0.997466291 0.578531952 1.719765 0.992716961 0.241687143 

STUB1 1.516106553 0.973929262 2.36010886 0.065332889 0.000233725 

 

Supplementary Table 7. The result of the GSVA enrichment analysis between necroptosis cluster A and necroptosis 
cluster B. 
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Supplementary Table 8. The result of the GSVA enrichment analysis between necroptosis cluster A and 
necroptosis cluster C. 

 

Supplementary Table 9. The result of the GSVA enrichment analysis between m6A between necroptosis cluster 
B and necroptosis cluster C. 

 

Supplementary Table 10. GO functional enrichment analyses of differentially expressed genes (DEGs). 

 

Supplementary Table 11. 316 genes with p-value < 0.05 by univariate Cox regression analysis of 829 overlap 
genes. 
 

Supplementary Table 12. Necroptosisscore that quantifies the necroptosis related genes signatures in 151 AML 
patients. 

 

Supplementary Table 13. The univariate analyses of necroptosisscore in the TCGA. 

Beta HR (95% CI for HR) wald.test P-value variables 

0.03893 1.04 (1.025–1.055) 26.96 2.074e-07 AGE 

1.183 3.264 (2.175–4.898) 32.65 1.104e-08 AGEcat 

0.005017 1.005 (1.001–1.009) 5.42 0.01995 WBC 

0.2223 1.249 (0.8345–1.869) 1.17 0.28 WBCcat 

0.146 1.157 (0.667–2.008) 0.27 0.6034 FLT3_n 

−0.02775 0.9726 (0.4897–1.932) 0.01 0.9368 CEBPA 

0.1453 1.156 (0.7373–1.813) 0.4 0.5269 NPM_n 

1.63 5.105 (2.642–9.861) 23.55 1.219e-06 TP53 

−0.2314 0.7934 (0.3846–1.637) 0.39 0.531 IDH1_n 

0.01886 1.019 (0.5422–1.915) 0 0.9533 IDH2_n 

0.6019 1.826 (1.159–2.876) 6.74 0.009435 DNMT3A 

0.7677 2.155 (1.164–3.988) 5.98 0.01451 RUNX1 

0.6329 1.883 (1.39–2.551) 16.71 4.344e-05 RISK 

2.038 7.673 (2.424–24.29) 12.01 0.0005283 necroptosisscore_group 

0.02592 1.026 (1.012–1.041) 12.74 0.000357 necroptosisscore 

 

Supplementary Table 14. Spearman analysis between immune cells and the necroptosisscore. 

 

 


