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 Background: Lung adenocarcinoma (LUAD) is the predominant histological type of lung cancer with high morbidity and mor-
tality. Ferroptosis is regarded as a new pattern of programmed cell death concerned with the progression of 
lung cancer characterized by lipid peroxidation. Nevertheless, the prognostic role of ferroptosis-related genes 
for LUAD warrant to be explored.

 Material/Methods: RNA sequencing and relevant clinical patient data were obtained from public-access databanks. A prognostic 
model was constructed through the LASSO Cox regression in the cancer genome atlas cohort. The diagnostic 
value of the prognostic model was further evaluated in the gene expression omnibus cohort.

 Results: Most of the ferroptosis-related genes (69.9%) were differentially expressed between tumor and adjacent non-
cancerous tissues. 43 differentially expressed genes showed a close association with the prognosis of LUAD 
patients (adjusted p-value <0.05). An 18-gene signature was built and applied to assign patients into high vs 
low-risk groups. Compared with the high-risk group, patients defined as the low-risk group suffered signifi-
cantly prolonged OS. Both uni- and multivariate analyses demonstrated that the signature-based score served 
as a crucial role in influencing the OS of LUAD patients (hazard ratio >1, p<0.001). The immunity-related sig-
naling pathway was enriched in the functional analysis and the infiltration of the immune cells showed a great 
difference between groups.

 Conclusions: The predictive model could be applied for prognostic prediction for LUAD. Targeting ferroptosis could be a pos-
sible curative strategy against LUAD, and immunomodulation may be one of the potential mechanisms.
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Background

At present, lung cancer is constantly threatening public health 
worldwide for its high incidence and mortality [1,2]. Among 
them, lung adenocarcinoma (LUAD) is the majority common-
ly diagnosed histological subtype [3]. Despite the substantial 
advances in targeted molecular therapy and immunotherapy, 
the overall 5-year survival benefit is still limited, only about 
18% in China [4]. So, what is the major cause of the low sur-
vival rate for LUAD patients?

In our opinion, on the one hand, for most LUAD patients with 
early-stage disease who undergo surgery, a lack of specific 
prognostic biomarkers is the main factor that restricts post-
operative monitoring. On the other hand, although several 
mutation driver genes such as epidermal growth factor re-
ceptor gene mutations, ROS1 rearrangements, etc. have now 
been elucidated. Nevertheless, there is still a large proportion 
of LUAD patients who cannot benefit from current targeted 
therapies for the lack of novel effective targets [5]. Therefore, 
it is of great benefit to identify novel biomarkers with path-
ological and prognostic significance, not only for the risk as-
sessment of LUAD patients’ prognosis but also for the devel-
opment of therapeutic targets for LUAD.

Ferroptosis is a novel programmed cell death form that relies on 
iron accumulation, which is marked by reduced or disappeared 
mitochondria cristae and lipid peroxidation. Unlike traditional 
apoptosis, it is considered that the measurement of lipid per-
oxidation and ACSL4 is essential to assess the occurrence of 
the ferroptosis process. The discovery of ferroptosis has led 
to a new understanding of tumorigenesis and cancer progres-
sion. In recent years, some researchers have found widespread 
inhibition of ferroptosis in the lung cancer microenvironment. 
Lung cancer cells can improve the induction threshold of fer-
roptosis by various measures, which can inhibit ferroptosis 
and facilitate the occurrence and progression of lung cancer. 
For example, Lai’s study revealed that the serine threonine ty-
rosine kinase 1 in the lung cancer cell (SW900) could upregu-
late the level of GPX4 [6]. This results in the promotion of lung 
cancer cell proliferation and the inhibition of various ferrop-
tosis-induced mitochondrial abnormalities, which caused the 
inhibition of ferroptosis in NSCLC. Alvarez’s research demon-
strated that the iron-sulfur cluster biosynthetic enzyme (NFS-
1) was highly expressed in lung adenocarcinoma tissues [7]. 
Experiments indicated that NFS-1 could interfere with iron me-
tabolism, reduce cell iron release, and significantly alleviated 
ferroptosis induced by hyperoxia. Besides, some other studies 
have shown that lung cancer tissue could inhibit ferroptosis by 
regulating lipid metabolism to inhibit lipid synthesis [8], com-
pensate for the enzyme catalytic system’s lack of GPX4 [9,10], 
and other mechanisms. In conclusion, inhibition of ferroptosis 
in lung cancer is a complex biological process and the specific 

molecular mechanisms remain unclear. Several prior studies 
showed that prognostic models constructed based on several 
ferroptosis-related genes were possible to be used to predict 
the prognosis of patients with LUAD, and a potential correla-
tion between ferroptosis and immune cell infiltration patterns 
was demonstrated in LUAD [11-13]. Based on the latest ferrop-
tosis-related gene database, the present study aimed to ver-
ify the results of previous studies and attempted to explore 
new ferroptosis-related genes involved in LUAD and build a 
refined prognostic model for LUAD patients.

For our study, we first downloaded the RNA sequencing 
(RNA-Seq) and relevant clinical details from the cancer ge-
nome atlas (TCGA). Then, a signature for LUAD containing sev-
eral ferroptosis-related genes was constructed on the basis of 
the TCGA cohort and evaluated in the gene expression omni-
bus (GEO) cohort. Finally, further functional enrichment anal-
yses were performed to explore the probable mechanisms.

Material and Methods

Data collection

The RNA-Seq data of 535 LUAD patients and 59 adjacent non-
cancerous tissues were obtained from TCGA (https://portal.
gdc.cancer.gov/). The following keywords: ‘bronchus and lung’, 
‘TCGA’, ‘TCGA-LUAD’, ‘transcriptome profiling’, ‘Gene Expression 
Quantification’, and ‘HTSeq – FPKM’ were applied. The clinical 
information of 522 LUAD patients was retrieved from TCGA by 
searching the following keywords: ‘bronchus and lung’, ‘TCGA’, 
‘TCGA-LUAD’, ‘clinical’, and ‘bcr xml’. Clinical data included age, 
gender, survival status, and TNM classification of LUAD patients. 
The present study was based on public data from the TCGA da-
tabase. Therefore, the approval of a related ethical committee 
was not required for the present study. Additionally, the 260 
ferroptosis-related genes were acquired from the FerrDb da-
tabase (http://www.zhounan.org/ferrdb/). Ferroptosis-related 
genes are defined as genes closely involved in various physi-
ological and biochemical processes of ferroptosis, such as ox-
idative stress, iron metabolism, lipid metabolism, etc., which 
serve a crucial role in the modulation of ferroptosis.

Prognostic Model Building and Validation

The differentially expressed genes (DEGs) were detected by 
the ‘Limma’ R package with the criteria of false discovery rate 
(FDR) <0.05. Ferroptosis-related DEGs were identified by taking 
the intersection of the DEGs in LUAD and ferroptosis-related 
genes screened out based on the univariate analysis of overall 
survival (OS). The p-values were adjusted using the Benjamini-
Hochberg (BH) false discovery rate method. The STRING software 
(version 11.5) was used to create the interaction network for 
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the overlapping prognostic ferroptosis-related DEGs. Then, the 
‘glmnet’ R package was applied to conduct the Lasso-penalized 
Cox regression to acquire the most powerful prognostic mark-
ers among the DEGs. The candidate DEGs with prognostic val-
ues were defined as independent variables in the regression 
analysis, whereas the response variables were the survival sta-
tus of patients. After performing 10-fold cross-validations, the 
optimal penalty parameter (l) was determined. The risk score 
was computed on the basis of a linear combination of the Cox 
regression coefficient for each prognostic gene with its corre-
sponding expression value. Patients were dichotomized into the 
low- and high-risk groups depending on the median risk score. 
For the gene expression data in the signature, two-dimension-
ality reduction methods were conducted. Principal Components 
Analysis (PCA) was performed using the ‘prcomp’ function of 
the “stats” package in R/Bioconductor. T-distributed stochastic 
neighbor embedding (tsne) was conducted by using the ‘Rtsne’ 
package of R/Bioconductor. The optimal cut-off point of risk val-
ue was defined as the point with the most significant split (Log-
Rank test) and determined by the ‘surv_cutpoint’ function in 
the survminer package. Besides, the ROC curve was construct-
ed to investigate the predicting accuracy of the gene signature 
for LUAD using the ‘survivalROC’ R package.

Functional Enrichment Analysis

DEGs between low and high-risk groups were identified with 
a threshold of FDR <0.05 using the ‘Limma’ package for fur-
ther functional analysis. GO and KEGG pathway enrichment 
were carried out with R/Bioconductor using the ‘clusterPro-
filer’ package with the criteria of |log2FC| ³1 and FDR <0.05. 
Adjusted p-values were calculated using the BH method. To 
evaluate the difference in the infiltration level of the immune 
response, the Single sample gene-set enrichment analysis 
(ssGSEA) was employed to estimate the relative immune cell 
infiltration levels using the ‘GSVA’ R package. The ssGSEA al-
gorithm was performed to quantify the level of immune infil-
tration (calculated as ssGSEA score) based on the previously 
reported landmark genes and gene expression profiles.

Statistical Analysis

Statistical analyses were performed using the R programming 
language. The unpaired t-test was applied to determine the 
statistical differences between the tumor and adjacent normal 
tissues. The chi-squared statistic was employed to evaluate 
the differences in proportions. The differences in the ssGSEA 
scores were tested using the non-parametric Mann-Whitney 
test. For survival analysis, the Kaplan-Meier curve and Log-
Rank test were applied to determine the OS between groups. 
Both uni- and multivariate analyses were performed to explore 
prognostic factors of OS. A two-tailed p-value of less than 0.05 
was considered statistically significant.

Results

Our study finally enrolled a total of 522 LUAD patients from 
the TCGA database and 443 LUAD patients from the GEO da-
tabase. Key baseline demographic and clinical features of par-
ticipants were displayed in Table 1. Figure 1 showed the flow 
chart of the present study.

Characteristics TCGA-LUAD GEO-LUAD

Sample size 522 443

Age (median, range)  65.33 (33-88)  64.42 (33-87)

Gender (%)

Female  280 (53.6%)  220 (49.7%)

 Male  242 (46.4%)  223 (50.3%)

 Stage (%)

 I  279 (53.4%)  276 (62.3%)

 II  124 (23.8%)  95 (21.4%)

 III  85 (16.3%)  69 (15.6%)

 IV  26 (5.0%)  0

 Unknown  8 (1.5%)  3 (0.7%)

TNM stage (%)

T

 T1  172 (33.0%)  150 (33.9%)

 T2  281 (53.8%)  251 (56.7%)

 T3  47 (9.0%)  28 (6.3%)

 T4  19 (3.6%)  12 (2.7%)

 Tx  3 (0.6%)  2 (0.4%)

N

 N0  335 (64.1%)  299 (67.5%)

 N1  98 (18.8%)  88 (19.8%)

 N2  75 (14.4%)  53 (12.0%)

 N3  2 (0.4)  0

 Nx  11 (2.1%)  3 (0.7%)

 Unknown  1 (0.2)  0

M

 M0  353 (67.6%) NA

 M1  25 (4.8%) NA

 Mx  140 (26.8%) NA

 Unknown  4 (0.8%) NA

Survival status

 OS days (median) 902.5 1578

Table 1.  Clinical characteristics of the LUAD patients enrolled in 
the present study.
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Identification	of	Prognostic	DEGs	in	the	TCGA	Cohort

DEGs screening analysis revealed that the majority of the fer-
roptosis-related genes (181/260) were differentially expressed 
between LUAD tissues and corresponding adjacent non-cancer-
ous tissues. The univariate analysis demonstrated that 43 of 
181 ferroptosis-related genes were strongly linked to the OS of 
the LUAD patients (Supplementary Figure 1). These ferropto-
sis-related DEGs were altogether preserved with the standard 
of FDR<0.05 (Figure 2A, 2B). The constructed protein-protein 
interaction (PPI) network containing these DEGs revealed that 
KRAS, SLC3A2, and SLC2A1 were the hub genes (Figure 2C). 
The correlation network was presented in Figure 2D.

Generation of a Prognostic Signature Model

To further evaluate the prognostic effect of ferroptosis-relat-
ed genes, 43 candidate genes were included in LASSO Cox re-
gression analysis and 18 genes were filtered out according 
to the optimal value of l (Supplementary Figure 2). The sur-
vival analysis demonstrated that 7 of high expression can-
didate genes (SLC2A1, RRM2, CISD1, CA9, DDIT4, EIF2S1, 
ACSL3) were associated with a bad prognosis, 6 of high ex-
pression candidate genes (PEBP1, GLS2, FLT3, SLC1A4, TLR4, 
TUBE1) were closely linked to a good survival outcome (all 
adjusted p<0.05, Supplementary Materials), while 5 of genes 
(RELA, PHKG2, KRAS, GDF15, ALOX12B) were not statistically 

significant (adjusted p>0.05). The calculation method of risk 
score was listed as follows: e(0.158 * expression level of RELA+0.146 * expression lev-

el of ACSL3+0.116 * expression level of RRM2+0.113 * expression level of ALOX12B+0.078 * expression 

level of CISD1+0.068 * expression level of EIF2S1+0.060 * expression level of DDIT4+0.013 * expression 

level of KRAS+0.006 * expression level of CA9+0.002 * expression level of SLC2A1-0.09 * expression level 

of GDF15-0.067 * expression level of PHKG2-0.075 * expression level of SLC1A4- 0.086 * expression lev-

el of TLR4-0.114 * expression level of FLT3-0.168 * expression level of TUBE1-0.210 * expression level of 

GLS2-0.214 * expression level of PEBP1). As the most commonly utilized index, 
the median score was selected as the cut-off value. A total of 
250 patients were assigned to the low- and high-risk group on 
the basis of the median score (Supplementary Figure 3A). The 
high-risk group was found to be correlated with higher tumor 
grade and advanced TNM stage (Table 2). The PCA (Figure 3A) 
and tsne (Supplementary Figure 3B) analyses were performed 
for cluster analysis and visualization. Results demonstrated 
that patients were separated in 2 directions according to risk 
scores. Moreover, survival distribution demonstrated that pa-
tients with a high-risk score had greater mortality than pa-
tients with a low-risk score (Figure 3B). Similar results were 
also noticed in the survival curves (Figure 3C, P<0.001). The 
cut-off risk score for predicting survival was 0.127 (AUC 0.726, 
sensitivity 64%, specificity 69% for 1-year survival; AUC 0.726, 
sensitivity 61%, specificity 75% for 2-year survival; AUC 0.730, 
sensitivity 63%, specificity 72% for 3-year survival) (Figure 3D).

The training
cohort

The validation
cohort

535 LUAD RNA-seq from
the TCGA database

Tumor samples
(N=522)

Adjacent normal tissue
(N=59)

Tumor samples
(N=443)

Tumor samples
(N=19)

Eliminated samples without
clinical information (N=13)

Univariate Cox
regression

DEGs of ferroptosis-
related genes

Ferroptosis-related genes from
the FerrDb database (N=260)

443 LUAD RNA-seq from
the GEO database

Ferroptosis-related genes with
prognosis database (N=43)

Lasso-Cox
regression

Survival analysis Functional analysis

Prognostic model
with 18 genes

Figure 1.  The flow diagram of the present study. (PowerPoint 2019, Microsoft Inc., Redmond, WA).
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Figure 2.  Identification of candidate genes related to ferroptosis in the TCGA cohort. (A) 43 DEGs were all upregulated in the 
LUAD tumor tissues. (B) The univariate analysis showed that 43 ferroptosis-related genes were correlated with the OS of 
LUAD patients. (C) The PPI network constructed by STRING displayed the interaction among the candidate genes. (D) The 
correlation network of candidate genes. Different colors represented different correlation coefficients. (R version 4.0.3, Ross 
Ihaka and Robert Gentleman, New Zealand; String version 11.5, https://string-db.org/).
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Characteristics
TCGA-LUAD	cohort GEO-LUAD

High risk Low risk p-value High risk Low risk p-value

Gender (%)

 Female  123 (49.2%)  147 (58.8%) 0.031  7 (41.2%)  212 (49.9%) 0.481

 Male  127 (50.8%)  103 (41.2%)  10 (58.8%)  213 (50.1%)

Age (%)

 £65  129 (51.6%)  108 (43.2%) 0.068  9 (52.9%)  222 (52.2%) 0.954

 >66  116 (46.4%)  137 (54.8%)  8 (47.1%)  203 (47.8%)

 Unknown  5 (2.0%)  5 (2.0%)  0  0

TNM stage (%)

 I+II  178 (71.2%)  209 (83.6%) 0.001  11 (64.7%)  360 (84.7%) 0.030

 III+IV  68 (27.2%)  37 (14.8%)  6 (35.3%)  62 (14.6%)

 Unknown  4 (1.6%)  4 (1.6%)  0  3 (0.7%)

Table 2. Baseline clinical features of the LUAD patients in both groups.
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Figure 3.  Generation of the prognostic model in the TCGA cohort. (A) PCA plot. (B) Survival of LUAD patients. (C) Kaplan-Meier OS 
curves for LUAD patients. (D) Time-dependent ROC curves. (R version 4.0.3, Ross Ihaka and Robert Gentleman, New Zealand).
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Validation of the Prognostic Model in the GEO Cohort

To further verify the robustness of the prediction model es-
tablished from the training cohort, it was evaluated in the 
GSE68465 dataset. Patients were also dichotomized into 2 
groups as previously described (Supplementary Figure 4A). 
Similar to the training group, the proportion of advanced LUAD 
patients (Stage III-IV) in the high-risk group was obviously high-
er (Table 2). Due to the uneven distribution of cases in the GEO 
cohort, PCA (Figure 4A) and tSNE (Supplementary Figure 4B) 
analysis could not identify the distribution difference. However, 
the distribution of the 2 groups could be roughly identified in 
a relatively discrete direction. The survival in the validation co-
hort was reduced with the increase in risk score (Figure 4B). 
Furthermore, the Kaplan-Meier survival curves revealed that 
the OS of the low-risk group had a significant survival advan-
tage in comparison to the high-risk group (Figure 4C, P<0.05). 
The cut-off values of risk score for predicting survival in the 
GEO cohort was -1.032 (AUC 0.668, sensitivity 58%, specificity 

69% for 1-year survival; AUC 0.665, sensitivity 57%, specifici-
ty 71% for 2-year survival; AUC 0.647, sensitivity 73%, speci-
ficity 53% for 3-year survival) (Figure 4D).

Prognostic Value of the 18-Gene Signature

In order to investigate the prognostic value of novel signature 
for OS, both uni- and multivariate analyses of the signature-
based risk score were carried out. In univariate analysis, the 
risk score was correlated with OS of LUAD patients (HR=5.590, 
95% CI=3.647-8.567, P<0.001). After correcting confounding 
factors in the multivariate analysis, the signature-based risk 
score was regarded as a valuable indicator for LUAD patients’ 
OS (HR=5.167, 95% CI=3.306-8.075, P<0.001) (Figure 5A). 
Similar results were also reached in the validation cohort. In 
the validation set, the univariate analysis revealed that a high-
er score was strongly linked with the worse OS of LUAD pa-
tients (HR= 1.482, 95% CI=1.235-1.778, P<0.001). Multivariate 
analysis further demonstrated that the signature-based risk 
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Figure 4.  Validation of the prognostic model in the GEO cohort. (A) PCA plot. (B) Survival of LUAD patients. (C) Kaplan-Meier OS curves 
for LUAD patients. (D) Time-dependent ROC curves. (R version 4.0.3, Ross Ihaka and Robert Gentleman, New Zealand).
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score was the independent risk factor for patients with LUAD 
(HR=1.458, 95% CI=1.212-1.755, P<0.001) (Figure 5B).

Functional Enrichment Analysis of the DEGs

To explore the functions and biological pathways of the DEGs 
between the high-risk and low-risk groups, functional enrich-
ment analyses were performed. The Gene Ontology (GO) pro-
vides a controlled vocabulary to elucidate a gene product’s 
characteristics via its annotation. KEGG pathway enrichment 
provides data resources of known biological pathways to anno-
tate a gene or a gene-set with their respective KEGG pathways.

As presented in Figure 6A, in terms of biological process (BP), 
the DEGs were enriched in the organelle fission, nuclear divi-
sion, chromosome segregation, mitotic nuclear division, nu-
clear chromosome segregation. in terms of cellular compo-
nent (CC), the DEGs were enriched in the spindle, microtubule, 

condensed chromosome, chromosome, centromeric region, ki-
netochore. in terms of molecular function (MF), the DEGs were 
mainly enriched in the receptor-ligand activity, tubulin binding, 
microtubule-binding, peptidase regulator activity, endopepti-
dase inhibitor activity. Figure 6B showed signaling pathways 
were mostly enriched in the cell cycle, IL-17 signaling path-
way, hematopoietic cell lineage, amoebiasis, complement and 
coagulation cascades.

To further analyze the potential correlation between risk scores 
and immune response, the ssGSEA algorithm was employed 
to quantify enrichment levels of different immune compo-
nents and related functions. Results showed that the scores of 
aDCs, B cells, DCs, iDCs, Macrophages, Mast cells, Neutrophils, 
pDCs, T helper cells, TIL, and Treg were significantly lower in 
the high-risk group than in the low-risk group (all adjusted 
P<0.05, Figure 7A). Besides, the scores of type APC co-stimu-
lation, CCR, Check-point, HLA, T cell co-stimulation, Type II IFN 
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Figure 5.  The uni- and multivariate analyses for OS in the TCGA cohort (A) and the GEO cohort (B). (R version 4.0.3, Ross Ihaka and 
Robert Gentleman, New Zealand).
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Response were also significantly lower in low-risk LUAD pa-
tients when compared with high-risk LUAD patients. (All ad-
justed P<0.05, Figure 7B).

Discussion

Lung cancer, especially LUAD, is a common malignancy with a 
severe incidence rate and mortality due to undetected patho-
genesis. Currently, ferroptosis-relate drugs are gaining in-
creasing interest in cancer-related studies and are expected 
to provide a potential strategy for LUAD treatment [14,15]. 
Lung tissues are exposed to a higher oxygen concentration 
than other tissues. The huge oxidative pressure caused by a 

special environment promotes lung cancer cells to suppress 
ferroptosis via various measures, thus leading to the progres-
sion of lung cancer. At present, the mechanisms of some ther-
apeutic drugs have been revealed to be associated with fer-
roptosis in the existed classical treatment of lung cancer. For 
instance, research showed that cisplatin was an inducer of 
ferroptosis and apoptosis in A549 cells. The depletion of re-
duced GSH and the inactivation of GPX4 induced by cisplatin 
served a crucial role in the biological process. It was further 
found that combined treatment of cisplatin and Erastin (Class 
I FINs, ferroptosis-inducing agents) exerted strong synergistic 
effects on anti-tumor activity. Other drugs such as sulfasala-
zine [16] and sorafenib [17] have also been found to suppress 
lung cancer cell proliferation in vitro by reducing the levels of 
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Figure 6.  Functional enrichment analysis. (A) GO enrichment analysis of biological processes, cellular components, and molecular 
functions regarding the DEGs. (B) KEGG pathway analyses of DEGs. (R version 4.0.3, Ross Ihaka and Robert Gentleman, New 
Zealand).

GSH. Besides, some FINs could induce ferroptosis by directly 
reducing the activity of GPX4 and hence, exert anti-tumor ef-
fects in vitro. Therefore, studies on ferroptosis are opening up 
new opportunities for the development of anti-cancer thera-
pies. Nonetheless, the correlation between ferroptosis-relat-
ed genes and LUAD patients’ outcomes needs to be clarified.

With deepening research, the model of multi-gene combina-
tion prediction has been gradually applied to the prognostic 

analysis of tumor patients [18]. Classical LUAD biomarkers 
such as EGFR, ALK, ROS1, MET, etc., play a critical role in guid-
ing molecular staging and treatment. Nevertheless, the val-
ue of individual biomarkers in prediction is limited due to the 
neglect of molecular interaction and simultaneous changes. 
It has been shown before that multi-gene assay could signifi-
cantly improve the sensitivity, reproducibility, and robustness 
of tumor prognostic analysis [19] although it may need more 
medical expenses [20]. Anyhow, multi-gene association-based 
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Figure 7.  The immune cell subsets (A) and the immune-related functions (B) identified by the ssGSEA score-based method between 
high-risk and low-risk groups. Adjusted p-values: * p£0.05, ** p£0.01, *** p£0.001. APC – antigen presenting cell; CCR – 
chemokine receptor; DCs – dendritic cells; HLA – human leukocyte antigen; IFN – interferon; MHC – major histocompatibility 
complex; TIL – tumor-infiltrating lymphocyte. (R version 4.0.3, Ross Ihaka and Robert Gentleman, New Zealand).
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models may be the general trend in the development of prog-
nostic analysis for tumor patients.

In the current work, we tried to build a feasible mathemat-
ical prognostic model for LUAD patients with ferroptosis-re-
lated genes. Results displayed that the majority of the fer-
roptosis-related genes (69.6%) were differentially expressed 
between tumors and adjacent non-cancerous tissues. Among 
them, 43 of 181 ferroptosis-related genes were strongly asso-
ciated with the OS. These results confirmed the possibility to 
establish a ferroptosis-related genes-based signature for pa-
tients with LUAD. A prognostic model consisting of 18 ferrop-
tosis-related genes was then constructed by multivariate Cox 
regression. Besides, to examine the robustness of the model, 
another independent dataset from GEO (GSE 68465) was in-
troduced for validation.

For the prognostic signature, 7 high expression genes (ACSL3, 
CA9, CISD1, DDIT4, EIF2S1, RRM, SCL2A1) were correlated 
with poor prognosis, while 6 high expression genes (FLT3, 
GLS2, PEBP1, SLC1A4, TLR4, TUB1) were associated with bet-
ter prognosis.

The function of ACSLs is to convert fatty acids into fatty acyl-
CoA esters [21]. ACSL3 is mainly located in the endoplasmic 
reticulum and lipid droplets. Several pieces of research have 
demonstrated that overexpressed ACSL3 lead to worse clini-
cal outcome in patients with NSCLC [22-24] and promoted a 
ferroptosis-resistant cell status [25]. Down-regulating ACSL3 
causes the exhaustion of cellular ATP and cell death in lung 
cancer [24]. CA9 is a transmembrane enzyme participating in 
the metabolism of carbon dioxide to carbonic acid, thereby 
acidifying the extracellular milieu [26,27]. Several studies re-
vealed that the high expression of CA9 was closely linked to 
the poor prognosis of lung cancer [26-29]. CA9 was also found 
to confer resistance to ferroptosis in malignant mesothelioma 
under hypoxia, which emerged as a promising therapeutic tar-
get for malignant mesothelioma. The CISD1 is an iron-contain-
ing protein located in the outer membranes of mitochondria. 
Studies showed that genetic inhibition of CISD1 could pro-
mote erastin-induced ferroptosis, which indicated the impor-
tant role of CISD1 in protecting mitochondrial from injury in 
ferroptosis [30]. DDIT4 was noticed to be intimately linked to 
the poor prognosis of lung cancer [31,32]. However, the mech-
anism was mostly related to cell autophagy [33,34]. The rela-
tionship between DDIT4 and ferroptosis needs further study. 
EIF2S1, better known as eIF2a, is a crucial member of eukary-
otic initiation factors. A recent study showed that ferroptosis 
and apoptosis-related agents had interactions in the endo-
plasmic reticulum stress-mediated signaling pathway. Among 
them, the phosphorylation of eIF2a played a key role [35,36]. 
Ribonucleotide reductase regulatory subunit M1 (RRM1) was 
reported to be linked to the poor prognosis of lung cancer 

patients treated with gemcitabine. However, since few ferrop-
tosis relevant studies on RRM and SCL2A1, the prognostic role 
of these genes still warrants to be further investigated [37].

FLT3 is a member of the type III receptor tyrosine kinase family 
and a ferroptosis promoter [38]. Research indicated that FLT3 
inhibitors could prevent reactive oxygen species (ROS) gener-
ation and lipid peroxidation, which were the key mechanisms 
of ferroptosis [39]. Under the circumstances of glutaminase 
deficiency and the inhibition of glutamine decomposition, ROS 
and lipid oxidation accumulation of cells is inhibited, thus pre-
venting the occurrence of ferroptosis. GLS2, namely glutamin-
ase 2, is involved in the process of ferroptosis. Studies showed 
that GLS2 was the downstream target of the P53 gene, and 
overexpressing of GLS2 could promote P53-dependent ferrop-
tosis [40]. Besides, a clinical metabolomic study indicated that 
EGFR mutated NSCLC was associated with high expression of 
GLS2 protein and mRNA [41]. PEBP1 is reported as an inhibitor 
of protein kinase cascades [42]. It is pivotal to complex with 
both 15LO1 and 15LO2, change the competence of their sub-
strate to generate hydroperoxyl-PE, thus leading to ferropto-
sis [42-44]. A study showed that knocking down TLR4 could 
significantly inhibit ferroptosis-mediated cell death [45]. The 
prognostic values of SLC1A4 and TUB1 and their relationship 
with ferroptosis are less frequently reported, so further study 
is needed to confirm these findings.

Functional analyses demonstrated that DEGs were enriched 
in the immune response-related signaling pathway. For in-
stance, Interleukin-17 (IL-17) was identified as having a vital 
role in the progression of lung cancer. A high level of IL-17 in 
the tumor microenvironment could recruit tumor-associated 
macrophages and induce the differentiation of macrophages 
to M2, thus promoting the proliferation and metastasis be-
havior [46]. IL-17 could also promote metastasis and invasion 
by activating epithelial-mesenchymal transformation via the 
NF-kB/ZEB1 pathway [47]. A related clinical study indicated 
serum IL-17 level was a potential prognostic indicator for OS 
in LUAD patients [48-50]. It is therefore tempting to speculate 
that one of the mechanisms for ferroptosis influencing LUAD 
patients’ outcomes may be correlated with affecting the IL-
17 signaling pathway.

Additionally, remarkable differences were noticed in immune 
cell infiltration, especially in dendritic cells (DCs), tumor infiltra-
tion lymphocyte (TIL), mast cells, neutrophils, and Th cells. DCs 
is the key cell to stimulate the anti-tumor immune response 
in vivo and has the function of professional antigen presenta-
tion [51]. It could be divided into plasma DCs (pDCs) and my-
eloid DCs (mDCs) [52]. Lung cancer could lead to the differen-
tiation disorder, abnormal maturation process, and aberrant 
phenotype of monocyte induced DCs, which become an impor-
tant cause of tumor immune escape. The research suggested 
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that a high level of infiltrating mature DCs in the tumor envi-
ronment is a positive prognostic indicator. TIL is another fam-
ily of heterogeneous cells that play an important role in tu-
mor-related immune responses. It consists of T lymphocyte, 
B lymphocyte, DC, and natural killer cells located in the tu-
mor and its stroma. TIL is not only the reflection of the host’s 
immune response to tumor cells but also is the basis of the 
body’s recognition and removal of tumor cells. Studies have 
demonstrated that TIL cells were strongly linked to the positive 
prognosis of NSCLC, and could serve to assess the prognosis 
of lung cancer [53,54]. These are consistent with the results 
of our study. For immune function analysis, the low expression 
of APC co-stimulation, HLA, T cell co-stimulation, and Type II 
IFN response all indicated the low ability of antigen presenta-
tion and tumor immune escape inhibition, which was condu-
cive to the tumor progression.

Taken together, in comparison with previous prognostic model-
ing researches [11-13], some common genes which have a sig-
nificant influence on the prognosis of LUAD patients were fur-
ther verified in our research, including ferroptosis driver genes 
(FLT3, GLS2, PEBP1) and ferroptosis suppress genes (ACSL3, 
C1SD1). Besides, some novel ferroptosis-related genes were 
proposed in the prognostic signature, such as RELA, EIF2S1, 
TUBE1, and SCL2A1.

There still exist several limitations in our study. Firstly, the prog-
nostic signature was only proposed and verified by online gene 
databases in the present study. Further studies based on real-
world data are needed to investigate the effectiveness of the 

prediction model. Secondly, due to the limitation of the prog-
nostic signature proposed only from the angle of ferroptosis, 
many other valuable predictive genes may be ignored. Thirdly, 
the role of these genes in modulating the progression of LUAD 
is awaiting further experimental validation.

Conclusions

Our study proposed an OS-related prediction model for LUAD 
patients with 18 ferroptosis-related genes. The model was then 
proved to be a powerful and valuable indicator for LUAD pa-
tients’ OS in both training and validation cohorts. Further func-
tional enrichment analysis revealed that these genes may be 
engaged in the modulation of anti-tumor immunity. However, 
the underlying mechanism remains to be further studied.

Data Availability

The research data that support the findings of the present 
study are available from the TCGA database (https://portal.
gdc.cancer.gov/), the Gene Expression Omnibus database 
(https://www.ncbi.nlm.nih.gov/gds/) and FerrDb database 
(http://www.zhounan.org/ferrdb/).
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Supplementary Figure 1.  Venn diagram of DEGs between the 
tumor tissues and the adjacent normal 
tissues. (R version 4.0.3, Ross Ihaka 
and Robert Gentleman, New Zealand).
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Supplementary Figure 2.  showed the construction of an 18-ferroptosis-related genes signature in the training cohort. (A) 43 candidate 
genes were included in the LASSO Cox regression analysis. (B) Selection of the l in the LASSO model via 10-
fold cross-validation. (R version 4.0.3, Ross Ihaka and Robert Gentleman, New Zealand).
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Supplementary Figure 3.  Generation of the prognostic signature model with 18 ferroptosis-related genes in the TCGA cohort. 
(A) Patients were assigned into the high and low-risk groups on the basis of the signature-based risk scores. 
(B) tSNE analysis. (R version 4.0.3, Ross Ihaka and Robert Gentleman, New Zealand).
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Supplementary Materials displayed the survival curves of 18-ferroptosis-related gene expression and prognosis in LUAD patients.

Supplementary materials available from the corresponding author on request.
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Supplementary Figure 4.  Validation of the prognostic signature model in the GEO cohort. (A) Signature-based scores were used to 
divide the patients into high and low-risk groups. (B) tSNE analysis. (R version 4.0.3, Ross Ihaka and Robert 
Gentleman, New Zealand).
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