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Abstract
Lung adenocarcinoma (LUAD) is the most common type of non-small cell lung cancer (NSCLC), which is
also the most important cause of cancer-related deaths. Necroptosis is a phenomenon of cellular
necrosis resulting from cell membrane rupture by the corresponding activation of Receptor Interacting
Protein Kinase 3 (RIPK3) and Mixed Lineage Kinase domain-Like protein (MLKL) under programmed
regulation. It is reported that necroptosis is closely related to the development of tumor, but the
prognostic role and biological functions of necroptosis in LUAD are still obscure. In this study, we
constructed a prognostic Necroptosis-related gene (NRG) signature based on the RNA transcription data
of LUAD patients from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO)
databases as well as the corresponding clinical characteristics information. Next, Kaplan-Meier analysis,
receiver operating characteristic (ROC), univariate Cox and multivariate Cox regression were made to
validate and evaluate the model. We also accurately and quantitatively predicted the prognosis of LUAD
patients using our nomogram, which includes age, gender, stage and risk score. To improve patients’
prognosis and achieve personalized precision medicine, we analyzed the immune landscape in LUAD and
predicted the sensitivity of LUAD patients with different risk scores to immunotherapeutic regimens and
chemotherapeutic regimens. In conclusion, our study provides a reference for in-depth mechanistic
exploration of necroptosis in LUAD.

Introduction
As the most important cause of cancer death, lung cancer has been a major research topic for clinicians
and researchers1. Non-small cell lung cancer (NSCLC), the most important type of lung cancer, accounts
for 85% of the total incidence of the disease2. Lung adenocarcinoma (LUAD) is the most common
pathological type of NSCLC. It generally grows slowly, has a long multiplication time, and develops
insidiously. In addition, lung adenocarcinoma is prone to hematogenous metastasis, so some patients
are often diagnosed at advanced stages of adenocarcinoma, and their clinical outcome is poor3. In recent
years, with the development of RNA sequencing, microarrays and other "Omics" technologies, a series of
new potential markers driving tumor cell formation have been identi�ed and progressively applied in the
clinic. The average 5-year survival rate of LUAD patients, although signi�cantly improved, is still less than
optimal and the patients’ overall survival rate remains low.

Necroptosis was �rst discovered in 2005 by Degterev A et al. It is a phenomenon of cellular necrosis
resulting from cell membrane rupture by the corresponding activation of Receptor Interacting Protein
Kinase 3 (RIPK3) and Mixed Lineage Kinase domain-Like protein (MLKL) under programmed regulation4.
Necroptosis has a proper regulatory mechanism. With the advancement of basic research, necroptosis
has been found to be not only involved in the in�ammatory pathological mechanism of the body5, but
also closely related to the development of tumor and the mechanism of drug resistance. On the one hand,
inducing necroptosis can remove chemotherapy-resistant tumor cells; on the other hand, while
necroptosis exerts anti-tumor effects, it may also kill normal cells and lead to in�ammatory responses,
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thus promoting tumor progression and metastasis6. In addition, recent studies have shown that induction
of necroptosis can act synergistically with immune checkpoint inhibitors (ICIs) to enhance the antitumor
activity of ICIs in drug-resistant tumors7. However, the mechanism of the role of necroptosis in LUAD is
still unclear, and its relationship with the treatment and prognosis of LUAD patients has been little
studied.

In our present study, we downloaded RNA expression pro�les of LUAD patients from The Cancer Genome
Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. From previous reviews we learned and
downloaded 17 genes associated with necroptosis. A prognostic signature containing 5 key Necroptosis-
Related Genes (NRGs) was then constructed by a series of bioinformatics algorithms. Based on the
expression level of NRGs in LUAD patients, we classi�ed patients into high- and low-risk subgroups. We
then performed subgroup analyses to validate the robustness of the signature, analyzed the prognostic
variability between high- and low-risk subgroups, explored the functional pathways and signaling
pathways involved in key genes, and further investigated the relationship between risk scores and
immune cell in�ltration, tumor stem cell index, and drug sensitivity.

Results
1. Expression and Mutation of Necroptosis-Related Genes in Lung Adenocarcinoma

We obtained 17 Necroptosis-Related Genes (RIPK1, RIPK3, MLKL, TLR2, TLR3, TLR4, TNFRSF1A, PGAM5,
ZBP1, NR2C2, HMGB1, CXCL1, USP22, TRAF2, ALDH2, EZH2, NDRG2) from previous literature reviews.
IHC staining results provided levels of 9 of the 17 necroptotic proteins between LUAD and normal lung
tissues (Supplementary Figure S1). Fig.1A demonstrated the mutation of NRG in lung adenocarcinoma.
Gene mutations occurred in 17.29% of LUAD samples, of which TLR4, TLR2, EZH2, RIPK1, and NDRG2
were the �ve genes with the highest mutation frequency. The mutation frequency of TLR4 accounted for
10%, which was signi�cantly higher than the other genes. The different colors in the legend below the
image represent different types of genetic mutations. As can be seen from the graph, the most frequent
type of mutation is MISSENSE MUTATION.

In the CNV analysis we found that the copy number of necroptosis genes were both ampli�ed and
deleted. Among them, ZBP1, RIPK1, and TRAF2 genes were signi�cantly ampli�ed, while HMGB1, TLR3,
and ALDH2 were very signi�cantly deleted (Fig.1B). Fig.1C showed the position of the genes on the
chromosome. The red nodes represent gene ampli�cation. The blue nodes represent gene deletion.

2. Identi�cation and Validation of NRG Prognostic Signature

We randomized 902 patients included in the study into the Train and Test groups. A total of 11 NRGs
signi�cantly associated with prognosis were obtained by univariate Cox regression analysis between the
expression of NRG and patients' overall survival. After that, based on the prognosis-related NRG
expression, LASSO regression analysis was performed on the Train group samples to construct a
prognostic signature that included �ve NRGs (Fig.2A-B). These �ve genes and their correlation
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coe�cients in the signature were shown in Table 1. Then we divided the entire sample into low-risk and
high-risk subgroups based on the median risk score, and survival curves were plotted using Kaplan-Meier
analysis. The curves showed that the OS of the high-risk subgroup is much lower than that of the low-risk
subgroup in both the Train and Test groups (Fig.2C-E p 0.001).

To assess the prognostic predictive performance of the signature, we plotted ROC curves (Fig.2F-H) and
the AUC values in the Test group reached 0.763, 0.717, and 0.729 at year 1, 2, and 3, respectively,
demonstrating the good performance of the signature in assessing prognosis.

Principal components analysis (Fig.2I-K) showed a signi�cant bivariate distribution of patients in these
two subgroups.

3. Risk Score Has Independent Prognostic Signi�cance

Fig.3A demonstrated the relationship between risk score, patient survival and gene expression of
necroptosis regulator. The heat map showed that RIPK3, TLR2 and ALDH2 were lowly expressed in the
high-risk subgroup, which corresponds to their correlation coe�cients in the predictive signature(Table.1).

We performed univariate and multivariate Cox analyses to test whether the 5-gene signature was an
independent predictor of OS in patients with LUAD. Univariate Cox regression analysis(Fig.3B) showed a
signi�cant association between risk score and OS. (Train group: HR 2.089, 95% con�dence interval [CI]
1.657-2.633, p < 0.001; Test group: HR 6.481, 95% CI 3.095-13.572, p < 0.001). After adjusting for other
confounding variables, the �ve-gene signature remained an independent indicator of OS in multivariate
Cox regression studies (Fig.3C) (Train group: HR 2.048, 95% CI 1.583-2.650, p < 0.001; Test group: HR
5.643, 95% CI 2.495-12.7643, p < 0.001).

The Sankey diagram (Fig.3D) illustrated the correspondence between the risk score, pathological stage,
gender and survival status in LUAD patients.

4. Nomogram Could Predict Patients’ Prognosis

We developed a nomogram containing risk scores to quantitatively predict the prognosis of LUAD
patients (Fig.4A). Gender, age and tumor stages were also included in the nomogram. The AUCs of
patients at years 1, 2 and 3 were 0.729, 0.727 and 0.736, respectively (Fig.4B). Combined with the
calibration curves of the nomogram shown in Fig.4C, the results show that the nomogram model has very
good predictive performance for prognosis.

5. GO Analysis and KEGG Analysis

To explore the preliminary function of the signature composed of these 5 genes, we did GO functional
analysis and KEGG pathway enrichment analysis using ClusterPro�ler R package (adjusted p < 0.05,
|logFC| > 1). GO analysis showed signi�cant enrichment of genes in programmed necrotic cell death,
necrotic cell death, I-kappaB kinase/NF-kappaB signaling, regulation of DNA-binding transcription factor
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activity and other functions (Fig.5A). In KEGG pathway analysis, we learned that these genes are mainly
concentrated in Necroptosis, Salmonella infection and TNF signaling pathway (Fig.5B).

6. Immune Landscape Analysis

We analyzed the correlation between risk score and immune cell in�ltration in LUAD. The results showed
a signi�cant positive correlation between risk score and CD8 T cells, Macrophage M0, activated CD4
memory T cells, etc.; and a signi�cant negative correlation between risk score and resting Dendritic cells,
etc. (Fig.6A-C). Notably, risk scores were positively correlated with activated Mast cells and CD4 memory
T cells, and negatively correlated with inactivated both types of cells (Fig. 6D-G). For NK cells, risk scores
were signi�cantly positively correlated with such cells in either the activated or inactivated state (Fig.6H-
I).

Fig.7A showed the results of the ESTIMATE analysis, and we can see that the immune score and
ESTIMATE score were signi�cantly lower in the high-risk subgroup.

7. Immunotherapy-related analysis

We performed a TMB correlation analysis, Fig.7B-C, showing that the Tumor Mutation Burden differed
signi�cantly between the two subgroups of high and low risk according to the risk score. Risk score and
TMB were positively correlated, r=0.3. Considering that patients in high- and low-risk subgroups may
respond differently to immunotherapy, we further investigated the response to ICI therapy represented by
CTLA4/PD-1 inhibitors in both subgroups by ImmunoPhenoScore (IPS) (Fig.7D-G). Regardless of the
CTLA4 and PD-1 status being positive or negative, patients in the high-risk subgroup had lower IPS than
those in the low-risk subgroup. This suggests that patients in the high-risk subgroup do not show a
signi�cant clinical bene�t from anti-CTLA4 and/or anti-PD-1 therapy. Our results, taken together, clearly
indicate that our risk score is associated with non-response to immunotherapy and that immunotherapy
is not recommended for the high-risk subgroup.

In addition to this, we also conducted a study on the relevance of stem cell therapy. Fig.7H showed a
corresponding rise in the stem cell index as the risk score increased, which also implies that the higher the
content of latent tumor stem cells in the tumor tissue, the more likely the tumor will recur. Because tumor
development is associated with the presence of cancer stem cells (CSCs) within the tumor, which play an
important role in metastasis and other malignant phenotypes8.

8. High-risk subgroups are more sensitive to chemotherapy

Finally, we tested the sensitivity of patients in high- and low-risk subgroups to familiar drugs. The R
package pRophetic9,10 allows us to calculate IC50s for common chemotherapeutic agents in the cohort,
including cisplatin, paclitaxel, doxorubicin, rapamycin, etc. The IC50 values suggested that patients with
LUAD in the high-risk subgroup were signi�cantly more sensitive to common chemotherapeutic agents
such as cisplatin, paclitaxel, docetaxel, doxorubicin and rapamycin (Fig. 8A-E). In contrast, the low-risk
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subgroup had higher sensitivity to some EGFR-TKIs (Fig. 8F-H), suggesting that targeted therapy may
provide bene�t to these patients.

Discussion
Lung cancer is the leading cause of death worldwide. Although multimodal treatment strategies,
including immunotherapy, radiotherapy and non-invasive surgical resection, have made great progress in
recent decades, the outcome of treating lung cancer remains unsatisfactory, with a �ve-year relative
overall survival rate of approximately 18%11. Necroptosis, as a form of programmed cell death, plays an
integral role in maintaining the homeostasis of the internal environment and is also involved in the
pathological processes of various diseases such as neurodegenerative pathologies, ischemia-reperfusion
injury, in�ammatory bowel disease, viral infections, and tumor formation. Preliminary studies suggest
that necroptosis has a "double-edged sword" role in tumor pathology, which can exert either tumor-
suppressive or tumor-promoting effects12–14. This close and complex relationship suggests that
necroptosis may be an important target for tumor progression and may provide new strategies for tumor
prognosis and treatment15. However, the speci�c role of necroptosis regulators in LUAD prognosis and
the underlying molecular mechanisms are far from being fully elucidated.

Therefore, in this study, we constructed a prognostic signature associated with NRG based on RNA
transcriptome data and corresponding clinical information from 812 patients (Train group) with LUAD
randomly selected from the TCGA database and GEO72094 dataset, and validated the NRG prognostic
signature with relevant data from an additional 90 samples (Test group) in the databases. The Kaplan-
Meier survival curve and the ROC curve together demonstrated the good and accurate prognostic
prediction ability of our constructed prognostic signature. Using univariate and multivariate Cox
regression analyses within the Train and Test groups, we con�rmed that risk scores can be used as
independent predictors of prognosis in patients with LUAD, and have a prognostic predictive value for
patients with different clinicopathological characteristics.

Smoking has long been recognized as one of the important risk factors for lung cancer16. However,
according to Jemal A et al, there is an increasing proportion of nonsmoking patients among patients
diagnosed with lung cancer, especially among those diagnosed with lung adenocarcinoma17.
Considering that, we included the patients' smoking history in the Cox regression analysis. The results
showed that smoking was not an independent prognostic predictor for patients with LUAD, suggesting an
important role of non-smoking risk factors in the development of lung adenocarcinoma. Subsequently, we
integrated information on patients' age, gender, tumor stage and risk score to construct nomogram to
quantitatively predict patients' 1-, 2- and 3-year survival rates to further facilitate clinical practice. The
ROC curves and calibration curves demonstrated the robust e�cacy of the predictive nomogram.

A total of �ve NRGs were included in the prognostic prediction model, which were RIPK3, MLKL, TLR2,
TNFRSF1A and ALDH2. Several studies have been conducted to explore the function of these genes,
especially the relationship between these genes and necroptosis or cancer. RIPK3 is thought to be a key
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molecular switch for the initiation of necroptosis in cells. In the classical necroptotic pathway,
deubiquitinated RIPK1 interacts with RIPK3 via exposure of the RIP homotypic interaction motif (RHIM)
structural domain and conformational changes to undergo autophosphorylation and cross-
phosphorylation with the Fas-associalized protein with death domain (FADD)/caspase 8 together to form
amyloid signaling complex necrosis vesicles18. In turn, MLKL is recruited and phosphorylated to mediate
the execution of necrotic apoptosis. When RIPK1 is de�cient, DNA-dependent activator of interferon
regulatory factors (DAI), lipopolysaccharide and chemical inducers can directly activate RIPK3 through a
non-caspase-dependent mechanism, and activated RIPK3 phosphorylates MLKL to mediate necrosis
signaling19. It was con�rmed that cells underwent necroptosis when RIPK1 was de�cient and RIPK3 was
overexpressed, and apoptosis occurred when RIPK3 was de�cient and RIPK1 was relatively
overexpressed20. Multiple cancers suppress necroptosis through epigenetic silencing of RIPK3, which is
consistent with our obtained �nding that the mRNA expression of RIPK3 in the model is negatively
correlated with patient risk score.

Unlike RIPK3, although activation of MLKL is the executor of the necroptotic process, the expression of
MLKL varies much across cancers, which is related to its complex cytological function. Recent studies
have revealed that MLKL has an important role in a variety of non-necroptotic processes such as axonal
repair, receptor internalization, extracellular vesicle formation, ligand-receptor degradation, and even in the
inhibition of necroptosis21. Unfortunately, the exact role of MLKL in cancer progression and metastasis is
still unclear.

TLR signaling is triggered by pathogen-associated molecular patterns and induces in�ammatory cytokine
expression through Myeloid differentiation factor 88 (MyD88)-dependent or non-dependent pathways
that activate transcription factors such as NF-κB and IRF3/IRF722. Speci�cally, TLR2 induces TNF
expression mainly through the MyD88-dependent pathway, which can indirectly trigger apoptosis, or
triggers the classical pathway of necroptosis through RIP1-RIP3 activation23.

Interestingly, while TNF is generally recognized to inhibit or kill tumor cells through multiple links, TNF
receptors (TNFR), especially TNFR1, have been found to be upregulated in a variety of tumors, such as
ovarian cancer24, renal clear cell carcinoma25 and acute myeloid leukemia26. This may be related to the
fact that TNFR1 can mediate cell activation and proliferation signals, induce nitric oxide synthase and
interleukin 8 activity, and activate NF-κB pathway27. This suggests that TNFR1 may play a role in the
accelerated proliferation of cancer cells and altered apoptotic index, which leads to an accelerated
cellular metabolic rate and increased chance of mutation. TNFRSF1A, the gene encoding the TNFR1
protein, was similarly found to be highly expressed in high-risk group of LUAD patients in our present
study.

ALDH2 belongs to the acetaldehyde dehydrogenase family. Recent studies have found that ALDH2 is not
only involved in aldehyde metabolism but also plays a key role in tumor growth. Li et al. found that a
decrease in ALDH2 induced not only proliferation and stem cell properties of lung adenocarcinoma cells
but also DNA damage and migration while leading to acetaldehyde accumulation. This would promote
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tumor recurrence, drug resistance and metastasis, leading to poor prognosis of lung adenocarcinoma28.
In addition, chen et al. found that ALDH2 expression was negatively correlated with the expression of
DNA base excision repair protein (XRCC1), again implying that low ALDH2 expression would result in
lower overall survival29.

Tumor immunotherapy is on the rise, and advances in immunotherapy have paved an effective and safe
path to rescue patients with NSCLC who lack targeted mutations. However, this approach is also largely
in�uenced by the tumor microenvironment (TME), such as immune cell abundance, tumor mutation
burden, and regulatory relationships with other biomolecules30–32. We then analyzed the correlation
between risk scores and immune cell in�ltration in our model. We further did a differential analysis of the
relative enrichment of immune cells and stromal cells in LUAD, laying the foundation for subsequent
analysis of the feasibility of immunotherapy. Collectively, our �ndings showed that patients in the high-
risk subgroup had lower IPS scores than those in the low-risk subgroup, regardless of CTLA4 and PD-1
status being positive or negative. It clearly indicates that our risk score is associated with non-response to
immunotherapy. Therefore, based on the NRG signature, we believe that patients with lower risk scores
will be more likely to bene�t from immunotherapy.

Biomarkers that predict chemotherapy sensitivity will help physicians select patients more suitable for
chemotherapy, which is especially important for patients with lung adenocarcinoma. The robustness of
the R package in predicting response to chemotherapy has been demonstrated in different clinical trials9.
Using the R package pRRophetic, we found that the high-risk subgroup was signi�cantly more sensitive to
most common lung cancer chemotherapies than the low-risk group, such as cisplatin, paclitaxel,
doxorubicin, rapamycin, etc. To a certain extent, it compensated for the poor sensitivity of
immunotherapy in the high-risk subgroup and provided a new idea to guide the use of chemotherapy as
the main treatment modality for LUAD patients.

Of course, our study has many drawbacks. Firstly, necroptosis is a new and rapidly developing �eld, and
more and more necroptosis-related genes will be discovered and fully studied over time. Our �ndings will
be �eshed out then. Secondly, all data samples in this study were obtained from public open-source
databases. Due to the relatively small number of LUAD patients in public databases and the duplication
of transcriptome data in different databases, the sample size covered in the randomized grouping of this
study was relatively insu�cient, resulting in low signi�cance of some results. On the other hand, some
important clinical details were not available in the open-source dataset, including chemotherapy
regimens, drug information and tumor TNM grading. And the lack of these data limits a more in-depth
comparison between the TCGA and GEO datasets. Finally, the role of some NRGs in non-small cell lung
cancer is unclear and still needs to be revealed by further in vivo or in vitro experiments.

In conclusion, we constructed a robust NRG-related prognostic signature that can be used to predict the
prognosis of LUAD patients and develop treatment plans for them. We also accurately predicted the
sensitivity of LUAD patients with different risk scores to immunotherapy regimens and chemotherapy
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regimens, which can provide a reference for improving patient prognosis and achieving personalized
precision medicine.

Materials And Methods
1. Data acquisition

RNA transcriptome information and clinical information of lung adenocarcinoma patients were obtained
from the TCGA database (https://portal.gdc.cancer.gov/) and the GSE72094 dataset in the GEO database
(https://www.ncbi.nlm.nih.gov/geo/), respectively. The RNAseq transcriptome data were converted to
transcript volume per million (TPM) values, and the R “limma” and “sav” package were applied for batch
correction and normalization of RNA-seq from both platforms. After excluding samples with incomplete
clinical information or gene expression data, 504 patients from TCGA and 398 patients from GSE72094
dataset with LUAD were included in the downstream analysis. 17 Necroptosis-related Genes (RIPK1,
RIPK3, MLKL, TLR2, TLR3, TLR4, TNFRSF1A, PGAM5, ZBP1, NR2C2, HMGB1, CXCL1, USP22, TRAF2,
ALDH2, EZH2, NDRG2) were obtained from literature reviews of previous related studies33-41. We used the
human protein atlas database to demonstrate the proteins encoded by Necroptosis-related Genes.

2. Gene mutation and gene copy number variation

The mutations of necroptosis-related genes in TCGA samples were visualized as waterfall plots using the
"maftools" package. Copy number variation (CNV) data of LUAD patients were obtained from
http://xena.ucsc.edu/. Visualization of the copy number variation frequency of necroptosis-related genes
in TCGA samples and demonstration of the relative position of these genes to chromosomes using the R
"RCircos" package.

3. Construction and validation of a necroptosis-related prognostic signature

Sample data from the TCGA and GSE72094 dataset was combined, including expression data of
necroptosis-related genes and patients’ survival data. A univariate Cox regression analysis was
performed to obtain gene signature signi�cantly associated with prognosis. After that, we randomly
divided the patients into Train and Test groups (812 in the Train group and 90 in the Test group). The R
"glmnet" package was used to perform lasso regression analysis on the prognostic data and to optimize
the penalty function using cross-validation. A prognostic signature consisting of genes related to
necroptosis was developed to predict the prognosis of LUAD patients. The formulae are as follows: 

 

Using the median risk score as the cut-off value, we divided the entire sample into a low-risk subgroup
and a high-risk subgroup. Kaplan-Meier analysis was used to plot the overall survival (OS) curves for
each group. The R "timeROC" package was used to generate subject operating characteristic (ROC)
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curves, and the area under the curve (AUC) of the ROC curves was measured to show the sensitivity and
speci�city of the model. Principal component analysis (PCA) was used to examine the distribution of
high and low risk subgroups in each group.

In addition, we performed univariate and multivariate Cox regression analyses of the validity of the risk
score as an independent prognostic indicator. The clinical characteristics of low- and high-risk patients
were compared using the R "pheatmap" package to explore the correlation between risk scores and
clinicopathological variables. Sankey plots were created using the R "ggalluvial" package.

4. Nomogram construction and veri�cation

To develop a quantitative prognostic prediction tool for LUAD, we constructed nomogram based on all
902 samples using patient gender, age, pathological stage and risk score as criteria to predict patients’
overall survival at 1, 2 and 3 years. We then plotted ROC curves and calibration curves to test the validity
and robustness of the nomogram.

5. GO and KEGG analysis

11 prognosis-related Necroptosis-related Genes were annotated and functionally analyzed using the R
"DOSE" package, including Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG),
with a corrected p-value (q-value) < 0.05 as the �lter.

6. Correlation between risk score and immune landscape

To reveal the correlation between risk scores and tumor-in�ltrating immune cells, we assessed the
immune in�ltration of tumors using the CIBERSORT algorithm. We uploaded the full gene expression data
of all samples to the CIBERSORTx portal and later ran the algorithm for 1000 permutations based on the
LM22 signature. LUAD samples with output p-values <0.05 were selected for further analysis to explore
the relationship between risk score and Necroptosis-related prognostic gene expression and immune cell
in�ltration. The "estimate" software package was used to calculate the immune score and stromal score
for each sample to quantify the relative enrichment of immune and stromal cells in each sample. Violin
plots were applied to visualize the differences in enrichment between high- and low-risk subgroups.

7. Predicting patient response to immunotherapy

Tumor mutational burden (TMB) is broadly de�ned as the number of somatic mutations per megabase of
interrogated genomic sequence. TMB re�ects the total number of mutations carried by tumor cells. It is
now generally accepted that TMB is positively correlated with the effect of immunotherapy and can be
used as a potential molecular diagnostic marker for tumor immune checkpoint inhibitor therapy42. We
obtained TMB information for the corresponding TCGA-LUAD cohort from the TCGA database, analyzed
the number of somatic nonsynonymous point mutations in each sample using the R "maftools" package.
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In addition, we further explored the potential role of risk scores in the prediction of immunotherapy using
the immunophenoscore (IPS). Based on relevant data from The Cancer Imaging Archive (TCIA) database
(https://www.cancerimagingarchive.net), we evaluated the differences in four IPS scores between high-
and low-risk subgroups. The scoring scheme integrates the four major classes of genes that determine
tumor immunogenicity (effector cells, immunosuppressive cells, MHC molecules, and
immunomodulators) and the gene expression of these cell types (e.g., activated CD4+ T cells, activated
CD8+ T cells, effector memory CD4+ T cells, Tregs, MDSCs) to derive speci�c scores without bias by
means of machine learning that is viewed as a new and reliable predictor of response to immunotherapy
regimens43.

In addition, the relationship between risk score and tumor stemness was evaluated based on the
stemness score calculation �le obtained from the TCGA database.

8. Assessment of patients' sensitivity to chemotherapy

Based on information retrieved from the Genomics of Drug Sensitivity in Cancer (GDSC) database
(www.cancerrxgene.org/) and using the R "pRophetic" package, we evaluated the half-inhibitory
concentrations (IC50) of different chemotherapeutic agents in each LUAD sample and re�ected the
differences in chemosensitivity between high- and low-risk subgroups by box plots.

9. Statistical methods

The study was statistically analyzed using R programming language (version 4.0.3) and SPSS Statistics
25. The Wilcoxon test was used to analyze continuous variables. Categorical variables were analyzed
using Fisher's exact test or chi-square test. Survival differences were analyzed using Kaplan-Meier curves
and log-ranch tests. p-values <0.05 were considered statistically signi�cant.
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Tables
Table1 Necroptosis-related Genes and their correlation coe�cients in the prognostic signature.

Gene ID Coe�cient

RIPK3 -0.172300828191689

MLKL 0.168319610189002

TLR2 -0.153861405082801

TNFRSF1A 0.40996695235483

ALDH2 -0.196715171232003

Figures
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Figure 1

Expression and gene mutation of necroptosis regulators in LUAD. (A) Mutation frequencies of necroptosis
regulators in LUAD, different colors represent different types of gene mutations. (B) Copy Number
Variation (CNV) frequency of necroptosis genes in LUAD, the height of the column represents the
frequency of mutations. (C) Location of Necroptosis-Related Genes on chromosomes. (*P<0.05, **P<0.01,
***P<0.001)
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Figure 2

Establishment and validation of the prognostic signature. (A-B) A LASSO coe�cient pro�les of 11
candidate genes and an optimal model derived from them. Kaplan–Meier curve analysis presenting
difference of overall survival between the high-risk and low-risk subgroups in the Train group (C), the Test
group (D), and overall samples (E).
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ROC curves of the NRG signature for predicting the 1/2/3-year survival in the Train group (F), the Test
group (G), and overall samples (H).

Principal components analysis in the Train group (I), the Test group (J), and overall samples (K).

Figure 3
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Risk score has independent prognostic signi�cance. (A) The trends of risk scores, the distribution of
survival status and the expression of the 5 genes included in the signature. The prognostic ability and
clinical characteristics of the signature were analyzed by univariate Cox regression (B) and multivariate
Cox regression (C) in both the Train group and the Test group. (D) The Sankey diagram.

Figure 4

Nomogram was assembled by gender, age, stage and risk score for predicting survival of LUAD patients
(A). ROC curves of the nomogram for predicting the 1/2/3-year survival (B). 1/2/3-year nomogram
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calibration curves (C). (*p < 0.05; **p < 0.01; ***p < 0.001)

Figure 5

GO enrichment analysis (A) and KEGG enrichment analysis (B) of the 11 prognosis-related Necroptosis-
related Genes.
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Figure 6

The correlation between risk score and in�ltrating immune cells in LUAD.
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Figure 7

Application of risk score in predicting the immunotherapeutic effect. (A) Differential analysis of tumor
microenvironment. Relative enrichment of immune cells and stromal cells. (B-C) Tumor Mutation Burdon
Correlation Analysis Showed Positive Correlation Between Risk Score and TMB. The immunophenoscore
(IPS) distribution was also compared between high and low risk subgroups (D-G). (H) Stem cell index
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rises with increasing risk score. (*p < 0.05; **p < 0.01; ***p < 0.001; pos means positive; neg means
negative)

Figure 8

Drug sensitivity of common drugs in high- and low-risk subgroups.
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