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Necroptosis‑related lncRNA 
signatures determine prognosis 
in breast cancer patients
Yuan Zhang1, Qingfang Yue1, Fei Cao1, YanQin Li2 & Yifang Wei3*

Necroptosis is a genetically regulated form of necrotic cell death that has emerged as an important 
pathway in cancers. Long non‑coding RNAs (lncRNAs) are key regulators of breast cancer 
development. Nevertheless, few studies are reporting the effect of lncRNAs in necroptosis processes 
and the role of necroptosis‑related lncRNAs (NRLs). The present study aimed to construct a prognostic 
model based on NRLs in breast cancer. NRLs were identified by combining expression profiling data 
from The Cancer Genome Atlas (TCGA) with necroptosis‑related genes. The non‑negative matrix 
factorization (NMF) clustering analysis was conducted to identify molecular subtypes of BC, and the 
clinical outcome and tumor‑infiltrating immune cells (TIICs) in the different molecular subtypes were 
analyzed. Four molecular subtypes based on NRLs were identified, and these four molecular subtypes 
could predict clinical features, prognosis, and tumor‑infiltrating immune cells (TIICs). A 4‑NRLs 
signature and nomogram were established and validated its predictive capability of overall survival 
(OS) in breast cancer patients. Analyses of clinicopathological features, prognosis, TIICs, tumor 
microenvironment (TME), somatic mutations, and drug response revealed significant differences 
between the two risk groups. In addition, we found that low‑risk patients exhibited higher levels of 
immune checkpoints and showed higher immunogenicity in immunophenoscore (IPS) analysis. In 
conclusion, we constructed a prognostic model based on the expression profile of NRLs, which may 
facilitate the assessment of patient prognosis, immunotherapeutic responses, and maybe a promising 
therapeutic target in clinical practice.

Abbreviations
NRLs  Necroptosis-related lncRNAs
BC  Breast cancer
NMF  Non-negative matrix factorization
TIICs  Tumor-infiltrating immune cells
RIPK1  Receptor-interacting protein kinases 1
MLKL  Mixed lineage kinase domain-like pseudokinase
IPS  Immunophenoscore
lncRNAs  Long non-coding RNAs
LASSO  Least absolute shrinkage and selection operator
ROC  Receiver operating characteristic
PCA  Principal component analysis
t-SNE  T-distributed stochastic neighbor embedding
TME  Tumor microenvironment
GTEx  Genotype-tissue expression
FPKM  Fragments perkilobase million
GSEA  Gene set enrichment analysis
ICIs  Immune checkpoint inhibitors
MAF  Mutation annotation format

Breast cancer (BC) is one of the most frequently diagnosed cancers in women  worldwide1. BC consists of sev-
eral molecular subtypes and is a highly heterogeneous malignancy. The diversity between and within tumors 
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and between individuals together determines BC prognosis and drug  resistance2. Despite progress in treatment 
strategies, some patients still have poor prognosis, given the lack of effective screening tools and difficulties 
in early diagnosis and  prognosis3. Therefore, new and accurate prognostic and diagnostic tools are needed to 
optimize targeted treatments.

In recent years, the traditional definition of cell death has begun to blur as a hybrid pattern of cell death that 
exhibits features of apoptosis and morphological features that overlap with necrosis (termed “aponecrosis”) has 
been gradually  recognized4,5. Necroptosis is a new form of programmed necrotic cell death that is similar in 
mechanism to apoptosis and morphologically similar to  necrosis6. The role of necroptosis in the progression of 
cancer is complicated. On the one hand, tumor cells can be eliminated directly by the process of necroptosis. In 
addition, necroptosis provides antigenic and inflammatory stimuli to dendritic cells to trigger a robust adaptive 
immune response that halts tumor  progression7. On the other hand, recruited inflammatory responses may also 
promote tumorigenesis and cancer metastasis, while necroptosis may generate an immunosuppressive tumor 
 microenvironment7.

Long non-coding RNAs (lncRNAs) are non-coding RNAs that are more than 200 nucleotides, and the major-
ity of these RNAs do not have protein-coding  ability8. However, increasing evidence has revealed the contribu-
tions of lncRNA in cancer phenotypes by physically interacting with proteins, DNA, and other  RNA8. lncRNAs 
can regulate multiple biological processes, including tumorigenesis and  immunity9,10. Previous studies have 
emphasized the effect of protein-coding genes in necroptosis  execution11–13. However, to our best known, it 
remains to be elucidatedwhether and how non-coding RNAs regulate necroptosis sin BC, and the relationships 
between necroptosis-related lncRNAs (NRLs) with survival in BC patients have never been explored. Thus, the 
identification of NRLs is crucial for revealing the potential mechanism of BC and identifying new therapeutic 
targets. Recently, two lncRNA signatures associated with necroptosis were established in  BC14,15. However, none 
of them explored the heterogeneity of BC, but simply used NLRs to construct a prognostic model. In the present 
study, for the first time, weidentified four molecular subtypes of BC based on NRLs and developed a signature 
for predicting the OS of BC patients. Meanwhile, we also investigated the correlations of the prognostic signature 
with clinical features, tumor immune microenvironment, somatic mutation landscapes, and chemosensitivity. 
Ultimately, nomograms were constructed and allowed for improved accuracy in survival estimation.

Materials and methods
Data extraction. RNA sequencing (RNA-seq) data (with FPKM values), including cancer group (n = 1104) 
and normal group (n = 292), and respective clinical properties of breast cancer were retrieved from TCGA data-
base (https:// portal. gdc. cancer. gov/) and Genotype-Tissue Expression (GTEx)  databases16. For cleaning the 
TCGA data, this study eliminated samples with overall survival of < 30 days.

Screening for necroptosis‑related lncRNAs. A total of 67 necroptosis-related genes were obtained 
from the previous  publication17. Then, Pearson’s correlation analysis was performed for necroptosis-related 
lncRNAs (NRLs) identified. LncRNAs with |Pearson R|> 0. 5 and p < 0.05 were considered to be NRLs.

Consensus clustering based on NRLs. We performed a non-negative matrix factorization (NMF) clus-
tering analysis with the “NMF” R package and clustered the samples into different  groups18. The correlations 
between our NRLs subtypes, clinical traits, and prognosis were analyzed.

Immune activities of the molecular subtypes. To understand the characteristics of immune cells in 
different subtypes, The CIBERSORT algorithm was employed to analyze the relative abundance of 22 kinds of 
TIICs in the immune  microenvironment19.

Establishment of NRLs signature. At a ratio of 1:1, all BC patients were classified as training and testing 
sets. Co-expressed NRLs were tested using the univariate Cox analysis to determine the prognostic value. Sub-
sequently, based on the candidate lncRNAs with p < 0.05 in the univariate Cox screen analysis, a least absolute 
shrinkage and selection operator (LASSO) regression model was constructed to reduce the dimension of high 
latitude data using the R package “glmnet”19. Ten-fold cross-validation was employed to avoid the overfitting 
problem and select the penalty parameter (λ) according to the minimum criteria. The resulting lncRNAs were 
introduced in a multivariate Cox model to obtain the hazard ratio (HR) and the regression coefficient. Risk 
scores for BC patients were estimated below:

Risk Score = 
∑n

i=1
expi ∗ coefi , where exp and coef are expression levels and correlation coefficients, respec-

tively. BC patients were divided into the high- and low-risk subgroups based on median risk score, and OS times 
were comparatively assessed in both subgroups using Kaplan–Meier curves. PCA and t-SNE were carried out for 
dimensionality reduction analysis to assess the ability to distinguish characteristics of patients at different risks. 
The receiver operating characteristic (ROC) curves and Harrell’s concordance index (C-index) were performed 
for assessment of the performance of the signature. Moreover, in the testing set, the same methods were adopted 
to examine the accuracy of the risk score model.

Clinical correlation analysis and stratification analysis of signature. We performed a clinical cor-
relation analysis between the risk score and clinicopathological features, including age, molecular subtype, TNM 
stage, surgery type, and margin status. In addition, the KM analysis was conducted to elucidate differences 
between two risk subgroups based on age (≤ 60 and > 60 years), molecular subtype (basal, HER2, luminal A, 
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luminal B, and normal), stage (I, II, and III–IV), surgery type (lumpectomy, simple mastectomy, modified radi-
cal mastectomy), margin status (positive and negative).

Immune infiltration and IPS analyses. CIBERSORT algorithm was employed to analyze the expression 
profile of BC patients to infer the relative proportion of the 22 types of tumor-infiltrating immune cells (TIICs)20. 
The Spearman correlation between the abundance of TIICs and CRG score was analyzed. The immune, stromal, 
and ESTIMATE scores for each sample were also analyzed. We also extracted potential immune checkpoints 
from previous literature, then compared and analyzed differences among them at p < 0.05. The immunophe-
noscore (IPS) computed a score based on the gene expression values of immune-related genes into four classes: 
(1) effector cells, (2) immunosuppressive cells, (3) MHC molecules, and (4) selected  immunomodulators21. The 
IPS of BC patients were obtained from TCIA (https:// tcia. at/).

Mutation and drug sensitivity analyses. To compare the mutation load between the two risk groups, 
the mutation annotation format (MAF) from the TCGA database was accomplished by the “maftools” R pack-
age. Wilcoxon test was used to evaluate the difference between the somatic mutation and TMB levels between 
the two risk groups. To estimate the risk score in the clinical treatment of BC, we employed the “pRRophetic” 
package to calculate the TCGA project of the BC dataset for the half-maximal inhibitory concentration (IC50) 
of commonly used chemotherapeutic agents. The algorithm allows participants to apply baseline tumor gene 
expression profiles to predict clinical chemotherapy response, which is obtained by establishing statistical mod-
els from the gene expression and drug sensitivity data derived from cell lines in the Cancer Genome Project.

Construction of a predictive nomogram. A nomogram for predicting OS in BC patients was estab-
lished by combining the risk score with clinicopathological traits using the “rms” R package. ROC curves and 
calibration plots were employed to evaluate the predictive performance of the model.

Functional analysis. To evaluate the possible biological functions of NRLs, GSEA was performed to detect 
the associated GO terms and KEGG pathways between the low- and high-risk groups. The Hallmarks, c5.go.v7.4 
and C2 KEGG v.7.4, were selected, and the number of permutations was set to 1000 times. The outcomes that 
meet p < 0.05 was considered statistically significant.

Statistical analysis. R software 4.1.0 (https:// www.r- proje ct. org/) was used in this research. Survival curves 
for prognostic analysis were generated by the Kaplan–Meier method, and the log-rank test was used to deter-
mine the significance of differences. ROC analysis was applied to verify the accuracy of the signature in predict-
ing survival. Univariate and multivariate analyses using Cox regression helped us to determine the independent 
prognostic factors. P < 0.05 was used to determine statistical significance.

Results
Identification of NRLs in BC patients. A total of 67 necroptosis-related genes and 13,361 lncRNAs were 
identified via previous publications and RNA-seq data of BC patients, respectively. According to Pearson cor-
relation analysis (correlation coefficient > 0.5 and P < 0.05), we finally obtained 360 NRLs (Tables S1, S2).

Consensus clustering based on NRLs. Based on the expression profile of 360 NRLs, we categorized the 
patients with BC into various groups using the NMF consensus clustering. The optimal clustering number was 
identified when the k value was 4. Subsequently, we applied four molecular subtypes, consisting of 530 cases in 
cluster 1, 184 cases in cluster 2, 156 cases in cluster 3, and 67 cases in cluster 4 (Fig. 1A). KM analysis indicated 
that patients in cluster C1 had a poor OS than those in the other three clusters (p = 0.008, Fig. 1B). In addi-
tion, a significant difference in the expression of NRLs and TNM stage between the two subtypes was observed 
(Fig. 1C). The close correlation between our NRLs subtypes and clinical traits further illustrates the accuracy and 
stability of our identification of NRLs patterns in BC.

Immune activities of the molecular subtypes. To understand the characteristics of immune cells in 
different subtypes, we conducted the distinction in 22 kinds of immune cell infiltration between the four sub-
types (Table S3). Among the TIICs, activated memory CD4 ( +) T cells, CD8 ( +) T cells, resting and activated 
dendritic cells, M1 macrophages, activated NK cells, plasma cells, T cells gamma delta were significantly low 
infiltration in subtype1, and M2 macrophages was significant enrichment of in subtype1 group (Fig. 1D).

Establishment of NRLs signature. The entire dataset was randomly categorized into the train-
ing cohort (n = 470) and testing cohort (n = 467) at a ratio of 1:1. The univariate Cox regression per-
formed on 360 NRLs revealed NRLs to be relevant to the OS of BC patients (p < 0.05; Fig.  2A). Subse-
quently, five NRLs were identified after LASSO regression (Fig.  2B,C). Finally, multivariate Cox regression 
revealed four FRLs (AC010331.1, VIM-AS1, LINC02576, and AL109741.1; Fig.  2D). The risk score was 
calculated using the following formula: risk score = (− 1.0254 × Exp AC010331.1) + (− 0.6291 × ExpVIM-
AS1) + (− 2.0802 × ExpLINC02576) + (0.9311 × AL109741.1). Among four lncRNAs, AL109741.1 was a risk fac-
tor for BC, while three lncRNAs (AC010331.1, VIM-AS1, and LINC02576) were protective factors for BC. The 
samples were assigned to the low- and high-risk subgroups according to the medium risk score. High-risk cases 
had elevated mortality and reduced survival time in comparison with low-risk counterparts (Fig.  2E). PCA 
and t-SNE both demonstrated individuals with distinct risk levels were distributed into two clearly delineated 
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clusters (Fig. 2F,G). Kaplan Meier survival analyses revealed that OS in the high-risk subgroup was poorer than 
that in the low-risk subgroup (p < 0.001, Fig. 2H). The AUCs for 3-, 5- and 7-year survival were 0.731, 0.743, and 
0.761, respectively (Fig. 2I). The C-index for 3-, 5- and 7-year survival was 0.714, 0.718, and 0.721, respectively 
(Supplementary Fig. 1A). Furthermore, we compared the ROC values of the risk score with other gene signa-
tures in BC. As shown in Supplementary Fig. 2, the AUC of risk score was the largest compared to other gene 
signatures, demonstrating better predictive performance.

We also validated the signature for its accuracy in the testing set. The risk score of the prognostic signature 
for each patient was calculated using the same formula. Low-risk patients had prolonged survival and reduced 
mortality compared with high-risk counterparts (Fig. 3A). Both PCA and t-SNE demonstrated overt separation 
of both subgroups (Fig. 3B,C). The OS rate of the high-risk group was worse than that of the low-risk group 
(Fig. 3D). The ROC curves and C-index demonstrated that the signature harbored a promising performance to 
predict OS of BC in the testing set (Fig. 3E and Supplementary Fig. 1B).

Clinical correlation analysis and stratification analysis of signature. We explored the relationship 
between the signature and the clinical characteristics. The risk scores in the stage III-IV and four molecular 
subtypes (luminal A, luminal B, HER2, and normal) subgroups were significantly higher than those in the stage 
I-II and basal subtype subgroups (p < 0.05; Fig. 4A,B). To confirm the prognostic discriminatory power of the 
signature, we performed stratified survival analysis in various clinical subgroups. As the result shown in Fig. 4C, 
the OS of the low-risk patients based on age (p < 0.001), stage (p < 0.001), molecular subtype (p < 0.001 in lumi-
nal A, p = 0.002 in HER2, and p < 0.001 in normal), surgery type (p = 0.003 in lumpectomy, p = 0.042 in simple 
mastectomy, p < 0.001 in modified radical mastectomy), margin status (p = 0.021 in positive and p < 0.001 in 
negative) was significantly higher than that of high-risk patients.

Immune infiltration and IPS analyses. We investigated the correlation between the risk score and the 
enrichment scores of 22 TIICs. High-risk score was negatively associated with infiltration of TIICs, including 
memory B cells, activated memory CD4 ( +) T cells, CD8 ( +) T cells, activated dendritic cells, M0 and M1 mac-
rophages, activated NK cells, plasma cells, T follicular helper (Tfh) cells, Tregs, and positively associated with 

Figure 1.  Identification molecular subtypes based on the necroptosis-related lncRNA. (A) NMF consensus 
clustering for the k value was 4. (B) Kaplan–Meier curves of OS for patients with the four subtypes. (C) 
Correlation between the four subtypes and TNM stage. (D) The enrichment scores of 22 kinds of immune cells 
across the four subtypes.
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infiltration of M2 macrophages, resting memory CD4 ( +) T cells, resting dendritic cells, resting mast cells, naive 
B cells, and eosinophils (Fig. 5A). Furthermore, we observed that the risk score had a strong negative correlation 
with the TME scores (Fig. 5B). Immune checkpoint blocking has shown remarkable efficacy in the treatment 
of various types of cancer. We selected 47 types of immune checkpoints to analyze their expression differences 
between the two risk subgroups and found that the expression level of 36 immune checkpoints was elevated 
in the low-risk subgroup (Fig. 5C). Furthermore, the immunogenicity of two risk groups was analyzed by IPS 
analysis. The ips_ctla4_neg_pd1_pos, ips_ctla4_pos_pd1_neg, and ips_ctla4_pos_pd1_pos scores were higher 
in the low-risk group (Fig. 5D), suggesting that low-risk patients have a better response for immunotherapy.

Somatic mutation landscapes and drug sensitivity analyses. To assess the mutation landscape 
between two risk groups, we analyzed available somatic mutation data from the TCGA cohort. Among the 

Figure 2.  Development of necroptosis-related lncRNA signature in the training set. (A) The NRGs closely 
related to the prognosis of breast cancer patients were screened by univariate Cox regression analysis. (B) 
Regression coefficient profiles of identified NRLs in the TCGA cohort. (C) Ten-time cross-validation for tuning 
parameter selection. (D) Forrest plot showed that a total of 4 NRLs were identified as prognosis-related by 
multivariate cox analysis. (E) The distribution and value of the risk scores. (F) PCA of breast cancer patients 
according to the risk score. (G) t-SNE of breast cancer patients according to the risk score. (H) Kaplan–Meier 
curves for OS in high- and low-risk groups. (I) ROC curve analysis shows the predictive efficiency of the 
established signature.
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two groups, the low-risk group had a higher mutation rate (89.97%) than that of the low-risk group (79.72%; 
Fig. 6A,B). The top five mutated genes in the two risk subgroups were PIK3CA, TP53, TTN, CDH1, and GATA3. 
Subsequently, we explored the relationship of the risk score with the TMB and observed that the risk score 
was negatively associated with TMB (Fig. 6C). In addition, we compared the sensitivity of two risk groups to 
common anticancer drugs to identify potential BC treatment modalities. As shown in Fig. 6D, patients in the 
high-risk group were more sensitive to AKT.inhibitor.VIII, Elesclomol, Lapatinib, Pazopanib, while those in the 
low-risk group were more sensitive to Docetaxel, Gemcitabine, Cisplatin, Cyclopamine, Gefitinib, Doxorubicin, 
Metformin, and Tipifarnib (Fig. 6D).

Construction of prognostic nomogram. Univariable Cox regression analysis revealed age, stage, and 
risk score were associated with poor survival in both the training and testing cohorts (Fig. 7A,B). In multivari-
able analysis, after adjustment for other confounders, age, stage, and risk score remained an independent indica-
tors in both sets (Fig. 7C,D). Based on multivariate Cox regression, the indicators, age, stage, and risk score, were 
included in the construction of the nomogram. Total scores were obtained by adding the individual indicator 
scores for age and risk score and predicting the probability of survival at 3, 5, and 7 years (Fig. 7E). Regarding 
the training set, the AUCs of the nomogram for the 3-, 5-, and 7- year OS predictions were 0.793, 0.806, and 
0.774, respectively (Fig. 7F), whereas the AUCs of the testing set for predicting the 3-, 5-, and 7- year OS rates 
were 0.79, 0.736, and 0.776, respectively (Fig. 7G). Calibration curves showed that predicted survival times at 3, 
5, and 7 years were consistent compared to the reference line in both training and testing sets (Fig. 7H,I), which 
showed that the nomogram was precise and stable.

Functional analysis. To investigate the potential biological pathways of the NRLs based risk score play-
ing a role in BC, we conducted GSEA between the low- and high-risk subgroups using the entire gene network 
based on the TCGA dataset. The biological process mostly included activation of the immune response, adap-

Figure 3.  Evaluation of the signature in the testing set. (A) The distribution and value of the risk scores. (B) 
PCA of breast cancer patients according to the risk score. (C) t-SNE of breast cancer patients according to the 
risk score. (D) Kaplan–Meier curves for OS in high- and low-risk groups. (E) ROC curve analysis shows the 
predictive efficiency of the established risk score.
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tive immune response, antigen receptor mediated signaling pathway, and B cell activation in the low-risk group 
(Fig. 8A; Table S4). KEGG analysis revealed that gene sets associated with the low-risk group were significantly 
enriched in immune signaling pathways, such as cell cycle, cytokine cytokine receptor interaction, chemokine 
signaling pathway, primary immunodeficiency, and T cell receptor signaling pathway (Fig. 8B; Table S4).

Discussion
Cell death is the natural endpoint of normal cell physiology and is necessary for mammalian growth and devel-
opment, maintenance of biological homeostasis, and prevention of excessive proliferation of malignant cells. 
Necroptosis is a new form of programmed necrotic cell death that is mechanistically similar to apoptosis and 
morphologically similar to  necrosis6. The necroptosis is regulated by distinct proteins, including RIPK1, RIPK3, 

Figure 4.  Clinical correlation and stratification analyses of signature. (A,B) The relationship between the 
signature, tumor stage, and molecular subtype. (C) Survival rates of the high- and low-risk patients in the 
subgroups are based on clinicopathological characteristics.
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Figure 5.  Immune landscape between high- and low-risk groups. (A) The infiltration levels of 22 immune cell 
types in the two risk groups. The spearman correlation coefficient R represents the degree and direction of the 
correlation between risk score and immune cell types. A positive R-value indicates a positive correlation, a negative 
R-value indicates a negative correlation, and an absolute value of R equal to zero indicates a zero correlation. (B) The 
relationship between signature and the TME score. (C) Difference of immune checkpoint expression between high- 
and low-risk groups. (D) Difference of immunogenicity between high- and low-risk groups.
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and MLKL, and is characterized to be inhibited by the necrostatin-122. Due to the inherent or acquired caspase-
dependent apoptosis resistance of cancer cells, the therapeutic effect of antitumor drugs has been far from 
satisfactory. The resistance to apoptosis induced by anticancer agents is a hallmark of  cancer23, and resistance 
to apoptosis is to a large extent a major obstacle to chemotherapy failure during cancer treatment. Due to its 
apoptosis-independent nature, bypassing the apoptotic pathway to induce cancer cell death is expected to over-
come the deficiencies of traditional apoptosis-inducing chemotherapeutics. Moreover, tumor cells undergoing 
necroptosis can trigger robust antitumor immunity in vivo and in vitro, and immune checkpoint inhibitors 
(ICIs) can synergistically enhance their efficacy, even in ICI-resistant  tumors24. Hence, necroptosis induction 
may provide promising therapeutic prospects, especially for patients underwent drug resistance to traditional 
chemotherapy or immunotherapy. Although increasing evidence have indicated that necroptosis might play 
a crucial part in cancer progression, the profiling and correlative signaling pathways of necroptosis in breast 
cancer has not yet been clarified.

In the present study, taking advantage of high-throughput RNA-seq data and aided by previous publications 
for experimentally supported lncRNAs related to necroptosis, we established clinical prognostic models to predict 

Figure 6.  Somatic mutation landscapes and drug sensitivity analyses between high- and low-risk groups. (A,B) 
Waterfall diagram displays the mutation landscape of the top 20 most commonly mutation genes in the high- 
and low-risk groups. (C) Correlation of TMB with a risk score. (D) The IC50 values of four chemotherapeutic 
drugs in the high- and low-risk groups.
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survival outcomes of BC patients. First, we identified 360 NRLs by performing a Pearson correlation analysis 
between 67 necroptosis-related genes and the lncRNAs. We then detected four distinct molecular subtypes and 
determined that cluster 1 was significantly associated with advanced clinical traits and poor survival outcomes. 
The proportions of 22 TIICs were significantly different between the four subtypes. Next, the combined analysis 
of Cox and LASSO regression was applied to establish an NRLs signature. The signature showed good predictive 
performance and was validated in the testing set. Furthermore, stratified survival analysis in various clinical 
subgroups confirmed the robust prognostic discriminatory power of the signature. Analysis of immunocyte 
infiltration by signature as well as immunologic function showed significant differences in the two risk score 
subgroups. Similarly, analyses of clinicopathological features, prognosis, TIICs, TME, somatic mutations, and 
drug response demonstrated significant differences between the two risk subgroups. In addition, we found that 
low-risk patients exhibited higher levels of immune checkpoints and showed higher immunogenicity in IPS 
analysis, suggesting a better response to immunotherapy.

Nomogram is a two-dimensional diagram giving a computation of mathematical functions and allows the 
estimation of specific endpoints. It has been widely used in clinical practice for its intuitive visual  presentation25. 
The nomogram provides an individualized estimate of survival rather than a group estimate. This tool can be 
useful to patients and health care providers for counseling patients and their families regarding treatment deci-
sions, follow-up, and  prognosis26. In present study, a nomogram was constructed based on age, tumor stage, 
and risk score to further improve the performance and facilitate the use of the NRLs signature. The nomogram 
enables patients and physicians to create a more individualized surveillance program for BC, thus improving 

Figure 7.  Construction and validation of the nomogram. (A,B) Univariate and Cox regression showed that the 
age, stage, and risk score were associated with OS in both sets. (C,D) Multivariate Cox regression shows that the 
age, stage, and risk score were independent prognostic indicators of OS in patients with breast cancer. (E) The 
nomogram combines risk signature and clinicopathological factors. (F,G) ROC curves for predicting the 3-, 5-, 
and 7-year ROC curves in the training and testing sets. (H,I) Calibration curves corrected for deviations in an 
agreement between the predicted and observed OS rates at 3, 5, and 7 years in both sets.
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the prognosis. Functional enrichment analysis indicated that gene sets associated with the low-risk group were 
significantly enriched in immune signaling pathways.

Host immune dysfunction is a major factor in carcinogenesis. Particularly, the TME dictates the infiltration 
of inflammatory and immune cells with complex functions, either regulating tumor cell proliferation or trig-
gering chronic inflammation, thereby inducing tumor progression via immune-suppressive  pathways27. Previ-
ous studies have shown crosstalk between cells undergoing necroptosis and the remodeling of the immune 
 microenvironment24. Notably, we also revealed an association between two risk groups and the immune micro-
environment. We found that a high-risk score was negatively associated with the infiltration of memory B cells. 
B cells participated in various immune  responses28,29.

Accumulating evidence has shown that tumor-infiltrating B lymphocytes inhibit tumor progression by secret-
ing immunoglobulins, promoting T cell response, and directly killing cancer  cells30,31. The enrichment of B cells 
and tertiary lymphoid structure has been considered a predictor of survival and response to immune checkpoint 
blockade in  melanoma32. Increasing evidence shows that T cells play an important role in the anti-cancer immune 
response. This corresponds to our result that patients with high risk contained fewer CD4 (+) T cells and CD8 (+) 
T cells in TME. This provides evidence that the prognostic signature might predict the efficacy of immunotherapy. 
Dendritic cells are believed to be greatly involved in tumor antigen presentation to T cells and in controlling 
antitumor immunity, which might effectively suppress cancer cell  proliferation33. In this study, we revealed that 
infiltration of activated Dendritic cells was negatively associated with a risk score. Since immune checkpoint 
blockade targeting PD-1, PD-L1 and CTLA4 has become an effective therapy to activate anti-tumor immunity, 
the application of this strategy to BC is drawing more and more  attention34–37. In our research, the expression 
levels of immune checkpoints other than CD200, NRP1, and TNFSF4 were observed significant up-regulation 

Figure 8.  GSEA between high- and low-risk sets. (A) Representative results of enriched GO terms in two sets. 
(B) Representative results of enriched KEGG terms in two sets.
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in the low-risk subgroup. Hence, patients with low risk have a better response to ICIs. In addition, we found that 
low-risk patients showed higher immunogenicity in IPS analysis, suggesting a better response to immunotherapy.

Four NRLs obtained in the risk model were AC010331.1, VIM-AS1, LINC02576, and AL109741.1. These 
NRLs could be prognostic marker molecules, potential markers for BC, and potential therapeutic targets. 
Among the four NRLs, LINC02576, and AL109741.1 have not been reported to date. VIM-AS1 RNA is a 1.8-kb 
ncRNA transcribed from a bi-directional promoter shared with vimentin (VIM) mRNA and positively regulates 
VIM  expression38. VIM-AS1 has been reported to be elevated in tumor tissues, especially in metastatic tumor 
 tissues38–40. Sun et al.39 indicated that VIM-AS1 expression was significantly elevated in gastric cancer, and was 
associated with advanced clinicopathological features and worse prognosis. Knockdown of VIM-AS1 can sup-
press cell proliferation, migration, invasion, and epithelial-mesenchymal transition (EMT) by inhibiting FDZ1 
expression and the Wnt/β-catenin pathway. Similarly, the expression of VIM-AS1 was markedly elevated in blad-
der cancer, and VIM-AS1 acts as a sponge for miR-655 to promote bladder cancer cell metastasis by regulating 
 EMT40. However, a recent study revealed that VIM-AS1 expression was significantly downregulated in BC, and 
its expression was associated with menopause at  age41. In the present study, we also found that VIM-AS1 was 
a BC suppressor, which is inconsistent with the findings of previous studies. AC010331.1 was found to be an 
autophagy-related lncRNA and associated with OS of bladder  cancer42.

Conclusions
In this study, four molecular subtypes based on 360 NRLs were identified, and these four molecular subtypes 
could predict clinical features, prognosis, and TIICs. Then, a 4-NRLs signature and nomogram were established 
and validated its predictive capability of OS in breast cancer patients. The signature can effectively predict 
the prognosis, TME cell-infiltrating characteristics, somatic mutations, chemotherapeutic drug sensitivity, and 
immunotherapy responses. These findings highlight the potential clinical implications of NRLs, suggesting that 
necroptosis may be the potential therapeutic target for patients with breast cancer.

Data availability
The patient datasets in this study can be found here: TCGA database (http:// www. cancer. gov/ tcga), which is 
publicly available.

Received: 18 January 2022; Accepted: 20 June 2022

References
 1. Ferlay, J. et al. Estimates of worldwide burden of cancer in 2008: GLOBOCAN 2008. Int. J. Cancer 127, 2893–2917. https:// doi. 

org/ 10. 1002/ ijc. 25516 (2010).
 2. Polyak, K. Heterogeneity in breast cancer. J. Clin. Invest. 121, 3786–3788. https:// doi. org/ 10. 1172/ jci60 534 (2011).
 3. Guo, P. et al. Dual complementary liposomes inhibit triple-negative breast tumor progression and metastasis. Sci. Adv. 5, 5010. 

https:// doi. org/ 10. 1126/ sciadv. aav50 10 (2019).
 4. Formigli, L. et al. Aponecrosis: Morphological and biochemical exploration of a syncretic process of cell death sharing apoptosis 

and necrosis. J. Cell. Physiol. 182, 41–49. https:// doi. org/ 10. 1002/ (sici) 1097- 4652(200001) 182:1% 3c41:: Aid- jcp5% 3e3.0. Co;2-7 
(2000).

 5. He, S. & Wang, X. RIP kinases as modulators of inflammation and immunity. Nat. Immunol. 19, 912–922. https:// doi. org/ 10. 1038/ 
s41590- 018- 0188-x (2018).

 6. Christofferson, D. E. & Yuan, J. Necroptosis as an alternative form of programmed cell death. Curr. Opin. Cell Biol. 22, 263–268. 
https:// doi. org/ 10. 1016/j. ceb. 2009. 12. 003 (2010).

 7. Gong, Y. et al. The role of necroptosis in cancer biology and therapy. Mol. Cancer 18, 100. https:// doi. org/ 10. 1186/ s12943- 019- 
1029-8 (2019).

 8. Schmitt, A. M. & Chang, H. Y. Long noncoding RNAs in cancer pathways. Cancer Cell 29, 452–463. https:// doi. org/ 10. 1016/j. ccell. 
2016. 03. 010 (2016).

 9. Xu, S. et al. Long noncoding RNAs control the modulation of immune checkpoint molecules in cancer. Cancer Immunol. Res. 8, 
937–951. https:// doi. org/ 10. 1158/ 2326- 6066. Cir- 19- 0696 (2020).

 10. Statello, L., Guo, C. J., Chen, L. L. & Huarte, M. Gene regulation by long non-coding RNAs and its biological functions. Nat. Rev. 
Mol. Cell Biol. 22, 96–118. https:// doi. org/ 10. 1038/ s41580- 020- 00315-9 (2021).

 11. Cai, J. et al. ABIN-1 is a key regulator in RIPK1-dependent apoptosis (RDA) and necroptosis, and ABIN-1 deficiency potentiates 
necroptosis-based cancer therapy in colorectal cancer. Cell Death Dis. 12, 140. https:// doi. org/ 10. 1038/ s41419- 021- 03427-y (2021).

 12. Karshovska, E. et al. HIF-1α (Hypoxia-Inducible Factor-1α) promotes macrophage necroptosis by regulating miR-210 and miR-
383. Arterioscler. Thromb. Vasc. Biol. 40, 583–596. https:// doi. org/ 10. 1161/ atvba ha. 119. 313290 (2020).

 13. Fu, W. et al. The SIRT3 and SIRT6 promote prostate cancer progression by inhibiting necroptosis-mediated innate immune 
response. J. Immunol. Res. 2020, 8820355. https:// doi. org/ 10. 1155/ 2020/ 88203 55 (2020).

 14. Chen, F. et al. Necroptosis-related lncRNA to establish novel prognostic signature and predict the immunotherapy response in 
breast cancer. J. Clin. Lab. Anal. 36, e24302. https:// doi. org/ 10. 1002/ jcla. 24302 (2022).

 15. Zhang, X. et al. A novel necroptosis-associated lncRNA signature can impact the immune status and predict the outcome of breast 
cancer. J. Immunol. Res. 2022, 3143511. https:// doi. org/ 10. 1155/ 2022/ 31435 11 (2022).

 16. Chang, Y. et al. Comprehensive characterization of cancer-testis genes in testicular germ cell tumor. Cancer Med. 8, 3511–3519. 
https:// doi. org/ 10. 1002/ cam4. 2223 (2019).

 17. Zhao, Z. et al. Necroptosis-related lncRNAs: Predicting prognosis and the distinction between the cold and hot tumors in gastric 
cancer. J. Oncol. 2021, 6718443. https:// doi. org/ 10. 1155/ 2021/ 67184 43 (2021).

 18. Gaujoux, R. & Seoighe, C. A flexible R package for nonnegative matrix factorization. BMC Bioinform. 11, 367. https:// doi. org/ 10. 
1186/ 1471- 2105- 11- 367 (2010).

 19. Friedman, J., Hastie, T. & Tibshirani, R. Regularization paths for generalized linear models via coordinate descent. J. Stat. Softw. 
33, 1–22 (2010).

 20. Yoshihara, K. et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat. Commun. 4, 2612. 
https:// doi. org/ 10. 1038/ ncomm s3612 (2013).

http://www.cancer.gov/tcga
https://doi.org/10.1002/ijc.25516
https://doi.org/10.1002/ijc.25516
https://doi.org/10.1172/jci60534
https://doi.org/10.1126/sciadv.aav5010
https://doi.org/10.1002/(sici)1097-4652(200001)182:1%3c41::Aid-jcp5%3e3.0.Co;2-7
https://doi.org/10.1038/s41590-018-0188-x
https://doi.org/10.1038/s41590-018-0188-x
https://doi.org/10.1016/j.ceb.2009.12.003
https://doi.org/10.1186/s12943-019-1029-8
https://doi.org/10.1186/s12943-019-1029-8
https://doi.org/10.1016/j.ccell.2016.03.010
https://doi.org/10.1016/j.ccell.2016.03.010
https://doi.org/10.1158/2326-6066.Cir-19-0696
https://doi.org/10.1038/s41580-020-00315-9
https://doi.org/10.1038/s41419-021-03427-y
https://doi.org/10.1161/atvbaha.119.313290
https://doi.org/10.1155/2020/8820355
https://doi.org/10.1002/jcla.24302
https://doi.org/10.1155/2022/3143511
https://doi.org/10.1002/cam4.2223
https://doi.org/10.1155/2021/6718443
https://doi.org/10.1186/1471-2105-11-367
https://doi.org/10.1186/1471-2105-11-367
https://doi.org/10.1038/ncomms3612


13

Vol.:(0123456789)

Scientific Reports |        (2022) 12:11268  | https://doi.org/10.1038/s41598-022-15209-3

www.nature.com/scientificreports/

 21. Charoentong, P. et al. Pan-cancer immunogenomic analyses reveal genotype-immunophenotype relationships and predictors of 
response to checkpoint blockade. Cell Rep. 18, 248–262. https:// doi. org/ 10. 1016/j. celrep. 2016. 12. 019 (2017).

 22. Degterev, A. et al. Identification of RIP1 kinase as a specific cellular target of necrostatins. Nat. Chem. Biol. 4, 313–321. https:// 
doi. org/ 10. 1038/ nchem bio. 83 (2008).

 23. Hanahan, D. & Weinberg, R. A. Hallmarks of cancer: The next generation. Cell 144, 646–674. https:// doi. org/ 10. 1016/j. cell. 2011. 
02. 013 (2011).

 24. Tang, R. et al. Ferroptosis, necroptosis, and pyroptosis in anticancer immunity. J. Hematol. Oncol. 13, 110. https:// doi. org/ 10. 1186/ 
s13045- 020- 00946-7 (2020).

 25. Iasonos, A., Schrag, D., Raj, G. V. & Panageas, K. S. How to build and interpret a nomogram for cancer prognosis. J. Clin. Oncol. 
26, 1364–1370. https:// doi. org/ 10. 1200/ jco. 2007. 12. 9791 (2008).

 26. Gittleman, H., Sloan, A. E. & Barnholtz-Sloan, J. S. An independently validated survival nomogram for lower-grade glioma. Neuro 
Oncol. 22, 665–674. https:// doi. org/ 10. 1093/ neuonc/ noz191 (2020).

 27. Seager, R. J., Hajal, C., Spill, F., Kamm, R. D. & Zaman, M. H. Dynamic interplay between tumour, stroma and immune system 
can drive or prevent tumour progression. Converg. Sci. Phys. Oncol. https:// doi. org/ 10. 1088/ 2057- 1739/ aa7e86 (2017).

 28. Cabrita, R. et al. Tertiary lymphoid structures improve immunotherapy and survival in melanoma. Nature 577, 561–565. https:// 
doi. org/ 10. 1038/ s41586- 019- 1914-8 (2020).

 29. Helmink, B. A. et al. B cells and tertiary lymphoid structures promote immunotherapy response. Nature 577, 549–555. https:// 
doi. org/ 10. 1038/ s41586- 019- 1922-8 (2020).

 30. Wang, S. S. et al. Tumor-infiltrating B cells: Their role and application in anti-tumor immunity in lung cancer. Cell. Mol. Immunol. 
16, 6–18. https:// doi. org/ 10. 1038/ s41423- 018- 0027-x (2019).

 31. Tokunaga, R. et al. B cell and B cell-related pathways for novel cancer treatments. Cancer Treat. Rev. 73, 10–19. https:// doi. org/ 10. 
1016/j. ctrv. 2018. 12. 001 (2019).

 32. Griss, J. et al. B cells sustain inflammation and predict response to immune checkpoint blockade in human melanoma. Nat. Com-
mun. 10, 4186. https:// doi. org/ 10. 1038/ s41467- 019- 12160-2 (2019).

 33. Palucka, K. & Banchereau, J. Cancer immunotherapy via dendritic cells. Nat. Rev. Cancer 12, 265–277. https:// doi. org/ 10. 1038/ 
nrc32 58 (2012).

 34. Voorwerk, L. et al. Immune induction strategies in metastatic triple-negative breast cancer to enhance the sensitivity to PD-1 
blockade: The TONIC trial. Nat. Med. 25, 920–928. https:// doi. org/ 10. 1038/ s41591- 019- 0432-4 (2019).

 35. Li, Q. et al. Low-dose anti-angiogenic therapy sensitizes breast cancer to PD-1 blockade. Clin. Cancer Res. 26, 1712–1724. https:// 
doi. org/ 10. 1158/ 1078- 0432. Ccr- 19- 2179 (2020).

 36. Zhang, R. et al. Immune checkpoint blockade mediated by a small-molecule nanoinhibitor targeting the PD-1/PD-L1 pathway 
synergizes with photodynamic therapy to elicit antitumor immunity and antimetastatic effects on breast cancer. Small 15, e1903881. 
https:// doi. org/ 10. 1002/ smll. 20190 3881 (2019).

 37. Zhu, Y., Zhu, X., Tang, C., Guan, X. & Zhang, W. Progress and challenges of immunotherapy in triple-negative breast cancer. 
Biochim. Biophys. Acta Rev. Cancer 1876, 188593. https:// doi. org/ 10. 1016/j. bbcan. 2021. 188593 (2021).

 38. RezanejadBardaji, H., Asadi, M. H. & Yaghoobi, M. M. Long noncoding RNA VIM-AS1 promotes colorectal cancer progression 
and metastasis by inducing EMT. Eur. J. Cell Biol. 97, 279–288. https:// doi. org/ 10. 1016/j. ejcb. 2018. 04. 004 (2018).

 39. Sun, J. G., Li, X. B., Yin, R. H. & Li, X. F. lncRNA VIM-AS1 promotes cell proliferation, metastasis and epithelial-mesenchymal 
transition by activating the Wnt/β-catenin pathway in gastric cancer. Mol. Med. Rep. 22, 4567–4578. https:// doi. org/ 10. 3892/ mmr. 
2020. 11577 (2020).

 40. Xiong, Y. et al. The VIM-AS1/miR-655/ZEB1 axis modulates bladder cancer cell metastasis by regulating epithelial-mesenchymal 
transition. Cancer Cell Int. 21, 233. https:// doi. org/ 10. 1186/ s12935- 021- 01841-y (2021).

 41. Mohebi, M. et al. Expression analysis of vimentin and the related lncRNA network in breast cancer. Exp. Mol. Pathol. 115, 104439. 
https:// doi. org/ 10. 1016/j. yexmp. 2020. 104439 (2020).

 42. Wan, J. et al. Autophagy-related long non-coding RNA is a prognostic indicator for bladder cancer. Front. Oncol. 11, 647236. 
https:// doi. org/ 10. 3389/ fonc. 2021. 647236 (2021).

Author contributions
Y.Z. and Y.F.W. contributed to conceive and design the research. Y.Z., Q.F.Y., F.C., and Y.F.W. analyzed the data; 
Y.Z. and Y.F.W. wrote the manuscript. All authors contributed to the article and approved the submitted version.

Funding
This work was supported by the Natural Science Foundation of Shaanxi Province (Grant no. 2021JQ-919), the 
National Natural Science Foundation of China (Grant no. 81901442), China Postdoctoral Science Foundation 
(Grant no. 2019M661561), and Shaanxi Provincial People’s Hospital 2020 Science and Technology Development 
Incubation Foundation (Grant no. 2020YXM-05).

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https:// doi. org/ 
10. 1038/ s41598- 022- 15209-3.

Correspondence and requests for materials should be addressed to Y.W.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

https://doi.org/10.1016/j.celrep.2016.12.019
https://doi.org/10.1038/nchembio.83
https://doi.org/10.1038/nchembio.83
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1186/s13045-020-00946-7
https://doi.org/10.1186/s13045-020-00946-7
https://doi.org/10.1200/jco.2007.12.9791
https://doi.org/10.1093/neuonc/noz191
https://doi.org/10.1088/2057-1739/aa7e86
https://doi.org/10.1038/s41586-019-1914-8
https://doi.org/10.1038/s41586-019-1914-8
https://doi.org/10.1038/s41586-019-1922-8
https://doi.org/10.1038/s41586-019-1922-8
https://doi.org/10.1038/s41423-018-0027-x
https://doi.org/10.1016/j.ctrv.2018.12.001
https://doi.org/10.1016/j.ctrv.2018.12.001
https://doi.org/10.1038/s41467-019-12160-2
https://doi.org/10.1038/nrc3258
https://doi.org/10.1038/nrc3258
https://doi.org/10.1038/s41591-019-0432-4
https://doi.org/10.1158/1078-0432.Ccr-19-2179
https://doi.org/10.1158/1078-0432.Ccr-19-2179
https://doi.org/10.1002/smll.201903881
https://doi.org/10.1016/j.bbcan.2021.188593
https://doi.org/10.1016/j.ejcb.2018.04.004
https://doi.org/10.3892/mmr.2020.11577
https://doi.org/10.3892/mmr.2020.11577
https://doi.org/10.1186/s12935-021-01841-y
https://doi.org/10.1016/j.yexmp.2020.104439
https://doi.org/10.3389/fonc.2021.647236
https://doi.org/10.1038/s41598-022-15209-3
https://doi.org/10.1038/s41598-022-15209-3
www.nature.com/reprints


14

Vol:.(1234567890)

Scientific Reports |        (2022) 12:11268  | https://doi.org/10.1038/s41598-022-15209-3

www.nature.com/scientificreports/

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2022

http://creativecommons.org/licenses/by/4.0/

	Necroptosis-related lncRNA signatures determine prognosis in breast cancer patients
	Materials and methods
	Data extraction. 
	Screening for necroptosis-related lncRNAs. 
	Consensus clustering based on NRLs. 
	Immune activities of the molecular subtypes. 
	Establishment of NRLs signature. 
	Clinical correlation analysis and stratification analysis of signature. 
	Immune infiltration and IPS analyses. 
	Mutation and drug sensitivity analyses. 
	Construction of a predictive nomogram. 
	Functional analysis. 
	Statistical analysis. 

	Results
	Identification of NRLs in BC patients. 
	Consensus clustering based on NRLs. 
	Immune activities of the molecular subtypes. 
	Establishment of NRLs signature. 
	Clinical correlation analysis and stratification analysis of signature. 
	Immune infiltration and IPS analyses. 
	Somatic mutation landscapes and drug sensitivity analyses. 
	Construction of prognostic nomogram. 
	Functional analysis. 

	Discussion
	Conclusions
	References


