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Ferroptosis is a type of regulated cell death catalyzed by the iron-dependent accumulation of lipid hydroperoxides to lethal levels.
Chronic lymphocytic leukemia (CLL) is a chronic lymphoproliferative disorder. However, the understanding of ferroptosis in CLL
remains largely poor. In this study, we investigated the stratification and prognostic role of ferroptosis-related genes in CLL
patients of ICGC cohort. We obtained fourteen genes with prognostic value by screening 110 ferroptosis-related genes (FRGs).
Based on the expression profiles of these 14 genes, we classified CLL patients into two clusters. Most of the FRGs were highly
expressed in cluster 1, and cluster 1 was associated with better overall survival (OS). Subsequently, we developed an eight-gene
signature (TP63, STEAP3, NQO1, ELAVLI, PRKAAI, HELLS, FANCD2, and CDKN2A) by using LASSO analysis. This risk
signature divided CLL patients into high- and low-risk groups. We used Cox regression analysis and ROC analysis
demonstrated the risk signature was reliable and robust. And we validated the risk model in an external cohort (GSE22762).
We also conducted enrichment analysis and genomic mutation analysis. Finally, we explored the potential effect of
chemotherapy between the two risk groups. Our study contributed to understanding the role of ferroptosis in CLL and
facilitated personalized and precision treatment.

1. Introduction to eliminate leukemic cells but not normal hematopoietic

cells because leukemic cells demand a higher level of iron
Ferroptosis is a new type of cell death catalyzed by the iron-  [3]. For example, diffuse large B-cell lymphoma cells [4]
dependent accumulation of lipid hydroperoxides to lethal ~ and acute myeloid leukemia cells [5] and menin-mixed-
levels, which was firstly defined in 2012 [1, 2]. Many studies lineage leukemia [6] are sensitive to ferroptosis induced in
have provided evidence that ferroptosis represents an option ~ hematologic malignancies. However, the susceptibility to
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ferroptosis is remarkably different in various cancer cells [7]
and the knowledge of the lymphocytic leukemia (CLL) sus-
ceptibility to ferroptosis is still lacking.

Lymphocytic leukemia (CLL) is a lymphoproliferative
malignancy, characterized by the presence of clonal CD5
+CD23+ B lymphocytes in the peripheral blood [8]. In west-
ern countries, CLL is the commonest leukemia with over
15000 newly diagnosed cases and about 4500 deaths in
2020 [9]. Despite great progress having been made in recent
years, CLL remains an incurable disease [10]. One-third of
patients with indolent CLL probably do not need medical
attention, another one-third may progress in many years
after initial diagnosis, and the last one-third need immediate
medical attention. Therefore, risk stratification of CLL
patients to guide clinical follow-up options, either to treat
or to wait and watch, is extremely important [11]. The
highly variable clinical course of the disease has made diffi-
culty to predict survival for patients with CLL. Currently,
two clinical staging systems, Rai and Binet, have been proved
to be good predictors to stratify patients with a good corre-
lation in terms of survival time; however, due to the recent
progress in CLL therapy, these staging systems are becoming
insufficient [9]. In recent years, biological markers, genetic
markers, and comprehensive prognostic scores (for instance,
CLL International Prognostic Index (CLL-IPI)) have been
applied to predict response to treatment and survival time.
However, those prognostic tools are still imperfect. To deter-
mine the best treatment strategy for individual patient, there
is still a critical need for prognostic models that better strat-
ify patients according to the likely outcome [12].

Recently, some studies have revealed the prognostic
value of ferroptosis-related genes in cancers such as hepato-
cellular carcinoma [13], glioma [14], and esophageal adeno-
carcinoma [15], but not in CLL. In the current study, we
analyzed the ferroptosis-related genes and corresponding
clinical data in CLL based on International Cancer Genome
Consortium (ICGC) and GSE22762. Our study indicated
that ferroptosis-related genes can be used to stratify CLL
patients based on overall survival (OS). Then, we developed
a risk signature containing eight ferroptosis-related genes for
predicting the OS of CLL patients. At last, we systematically
compared the differences (including biology function,
immunity, mutation status, and drug susceptibility) between
high- and low-risk CLL patients that were stratified by the
ferroptosis-related eight-gene signature.

2. Material and Methods

2.1. Data Collection. The transcriptome profiles, mutation
data, and corresponding clinical data of the CLL patients
were acquired from the CCLE-ES dataset of ICGC database
(https://dcc.icgc.org/) and the GEO database of NCBI
(https://www.ncbi.nlm.nih.gov/). Ferroptosis-related genes
were obtained from FerrDb (http://www.zhounan.org/
ferrdb/) and related literature [1, 2].

2.2. Identification of Ferroptosis-Related Prognostic Genes
and Patient Subgroups. When performing the R package “sur-
vival” analysis, the median value was used as the cutoff value to
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calculate the relationship of all FRGs with prognosis. A
Kaplan-Meier curve was used to identify the prognostic value
of FRGs and we obtained 14 genes with p < 0.05. Fourteen
ferroptosis-related genes with significant prognostic value
were selected to classify patients. R package “ConsensusClus-
terPlus” was used to cluster patients of ICGC cohort and then
PCA method was utilized to verify the subgroups.

2.3. Construction and Validation of a Ferroptosis-Related
Risk Model. The least absolute shrinkage and selection oper-
ator (LASSO) method and R package “glmnet” were ducted
to screen key prognostic genes based on the fourteen
ferroptosis-related genes. After adjusted the penalty parame-
ter via ten-fold cross-validation to narrow the number of
genes, a risk model containing eight ferroptosis-related
prognostic genes was established based on the best lambda
value. The following formula was used to calculate the risk
score of patients in the ICGC and GSE22762 cohort: Risk

score = Coef g X EXpoepey + Coefyeney X EXpyepey + -0+ +
Coefgepeg X EXpyeneg. Coef was the coefficient with the

LASSO method and Exp was the gene expression value. Sub-
sequently, ROC and univariate and multivariate Cox regres-
sion were used to analyze and verify our risk model.

2.4. Functional Enrichment Analysis. The eight ferroptosis-
related prognostic genes classified CLL patients into high-
and low-risk groups. R package “DESeq2” was performed
to identify DEGs (FDR <0.05 and |log,FC| >1) between the
two groups. Next, the R package “clusterProfiler” was used
to analyze DEGs with gene ontology (GO) and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) pathways. The
gene set “50 hallmark gene sets” downloaded from msigdb
(http://www.gsea-msigdb.org/) was used to perform GSEA
analysis.

2.5. Estimation of Tumor Immune Microenvironment (TIM)
Scores and Immune Cell Fractions. R package “ESTIMATE”
was performed to calculate TIM scores for CLL patients.
CIBERSORT algorithm was conducted to calculate the pro-
portions of 22 immune cell types (Supplementary Table S1)
in the ICGC cohort. Moreover, Spearman’s analysis was
utilized to estimate the correlation between the risk score
and TIM scores or immune cell fractions.

2.6. Statistical Analysis. R package “survival” and “survmi-
ner” were used to perform the Kaplan-Meier survival analy-
sis in CLL patients and the p-value was based on the log-
rank test. The R package “survivalROC” was utilized to cal-
culate the area under the curve (AUC) value for 1-, 3-, and
5-year survival. Student’s ¢-test was used to compare differ-
ences between different patient groups. R v4.0.3 was used
for all analyses and p < 0.05 was considered statistical signif-
icance for all tests.

3. Results

3.1. CLL Classification Based on the Differential Expression of
Ferroptosis-Related Genes. To explore the prognostic value
of FRGs in patients with CLL, the ICGC database
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including 300 CLL patients was used as a training cohort.
Fourteen prognostic genes (p <0.05) were obtained from
110 ferroptosis-related genes using R package “survival”.
Then, R package “ConsensusClusterPlus” was performed to
conduct the consensus clustering analysis based on the four-
teen prognostic genes. Two clusters were identified because
the CDF value was smaller when k was equal to 2
(Figure 1(a)). We compared the expression pattern of all
ferroptosis-related genes in the two clusters, and most of the
FRGs were highly expressed in cluster 1 (Figure 1(b)). The
Kaplan-Meier curve showed that the CLL patients of cluster
2 had a poorer OS rate than the CLL patients of cluster 1
(Figure 1(c)). To further demonstrate our classification strat-
egy, PCA method was conducted and we could observe a clear
separation between the two clusters of patients (Figure 1(d)).

3.2. Construction of a Ferroptosis-Related Eight-Gene
Signature in the ICGC Cohort. To construct LASSO model
with the minimum criterion, R package “glmnet” was con-
ducted to identify prognostic genes with the strong predict-
ing ability (Figure 2(a)). According to the optimal lambda
value of the prognostic model, an eight-gene signature
(TP63, STEAP3, NQOI1, ELAVLI1, PRKAAIl, HELLS,
FANCD2, and CDKN2A) was generated (Figure 2(b)). Here
is the formula: Riskscores=0.14 * Exppe; +0.45 * Ex

Psteaps +0-79 * Expyqoy +0.14 # Expgp yyp, + (=0.11) * Ex
Periaar + (=0-91) # Expypyyg + (=0.16) * Expeaycp, + (=
0.41) * EXpcpraaa- Based on the median risk scores, CLL
patients were divided into high- and low-risk groups. Gene
expression profile of the eight genes is shown in
Figure 2(c). In general, risk genes (TP63, STEAP3, NQO1,
and ELAVL1) were higher expressed in high-risk group,
while the protective genes (PRKAA1, HELLS, FANCD2,
and CDKN2A) were higher expressed in low-risk group
(Figure 2(c)). The Kaplan-Meier results showed that the
high-risk group was significantly associated with a shorter
OS time (Figure 2(d)).

3.3. Independent Prognostic Value of the Eight-Gene
Signature and External Validation in a GSE Cohort. We per-
formed ROC analysis by R package “survivalROC” to access
the efficacy of eight-gene signature in predicting the clinical
outcomes of CLL. ROC curve showed that the eight-gene
signature had a good predictive accuracy for 1-, 3-, and 5-
year OS (for 1-year, AUC=0.872; for 3-year, AUC=0.707;
for 5-year, AUC=0.734) (Figure 3(a)). According to the risk
scores, the CLL patients were ranked from left to right
shown in the upper panel of Figure 3(b). The risk scores
increased from left to right. OS distribution of each patient
is shown in the lower panel of Figure 3(b), where CLL patients
were ranked from left to right according to risk scores. Univar-
iate and multivariate Cox regression analysis demonstrated
that the risk score was an independent risk factor in predicting
prognosis for CLL patients (Figures 3(c) and 3(d)).
Furthermore, external data “GSE22762” cohort was used
to validate the predictive value of the eight-gene signature. In
line with the results from the training cohort, the high-risk
group had a worse OS than the low-risk group (Figure 3(e)),
and the eight-gene signature showed a moderate sensitivity

and specificity for 1-, 3-, and 5-year OS (for 1-year,
AUCs=0.678; for 3-year, AUC=0.677; for 5-year,
AUC=0.781) in the GSE cohort (Figure 3(f)).

3.4. Identification of Differentially Expressed Genes (DEGs)
and Functional Enrichment Analysis. To better understand
the biological differences between the high- and low-risk
groups, R package “DESeq2” was used to analyze DEGs
between the two risk groups (Figure 4(a)). Seven hundred
and forty-six DEGs (|log,FC| >1 and FDR<0.05) were iden-
tified. Among those DEGs, 690 genes were upregulated and
56 genes were downregulated in the high-risk group com-
pared with the low-risk group. Subsequently, “biological
processes (BP)” term of Gene Ontology (GO), Kyoto Ency-
clopedia of Genes (KEGG) analysis, and Gene Set Enrich-
ment Analysis (GSEA) were conducted. The BP term of
GO results showed that the main biological processes
involved included “autophagy” and “the process utilizing
autophagic mechanisms” (Figure 4(b)). Pathway enrichment
analysis with reference to KEGG focused on “cytokine—cyto-
kine receptor interaction” and “IL-17 signaling pathway”
(Figure 4(c)). The GSEA results showed that hallmark gene
sets were enriched in the low-risk group, such as “I'NFa sig-
naling via NF-kB,” “inflammatory response,” and “IL6 JAK
STATS3 signaling” (Figures 4(d)).

3.5. Identification of Immune Statues and Correlation
Analysis. Recently, a few studies explored the relationship
between ferroptosis and immune status [16] and immune-
related gene signatures were established for predicting prog-
nosis of CLL patients [17-20]. Moreover, the results of our
enrichment analysis showed that the two risk groups had a dif-
ference in immune-related pathways. Therefore, we further
investigated the TIM of the high- and low-risk groups. In
terms of ESTIMATE and immune scores, the high-risk group
had significantly higher values than the low-risk group
(Figure 5(a)). And, there was no significant difference in the
stromal scores between the two groups (Figure 5(a)). More-
over, the relative infiltration of 22 immune cells in the TIM
was calculated by using CIBERSORT algorithm. The 22
immune cells were significantly differentially infiltrated
between the two groups (Figure 5(b)). For example, the low-
risk group had significantly more memory B cells, while the
high-risk group had significantly more naive B cells.

The risk score had a significant correlation with the
immune score and the ESTIMATE score, but was not signif-
icantly correlated with stromal scores, using Spearman’s cor-
relation analysis (Figure 6(a)). In addition, the risk score was
significantly correlated with expression levels of five immune
cells, such as monocytes and NK cells resting (Figure 6(b)).

3.6. Genomic Mutation Analysis. In some cancers, tumor
mutation burden (TMB) is an important predictive bio-
marker for cancer immunotherapy [21]. Differences in the
somatic mutations of genes were found between the high-
and low-risk groups. High-risk group had relatively higher
mutation rates than the low-risk group (Figure 7(a)). Com-
pared with the low-risk group, the high-risk group also
had a higher tumor mutation burden (Figure 7(b)). Immune
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F1GURE 1: Identification of consensus clusters by ferroptosis-related genes. (a) The consensus curve plot showed the consensus clustering
cumulative distribution function for k=2-9. (b) The heat map showed the gene expression patterns of all FRGs. (c) Survival analysis of
CLL patients in clusters 1 and 2 in ICGC cohort. (d) PCA analysis for the two clustering patients. The cluster 1 was clearly separated

from the cluster 2.

globulin heavy chain variable region (IGHV) gene is a clas-
sical clinical prognostic indicator for CLL [12]. Patients with
low IGHV mutation rates had a worse prognosis. We found
the high-risk group had a lower mutational level of IGHV
gene than the low-risk group (Figure 7(c)). Moreover, muta-
tions in the eight-gene signature were associated with a
shorter OS time (Figure 7(d)).

3.7. Drug Resistance Analysis. To investigate the potential
effect of chemotherapy in the two risk groups, we conducted
the R package “oncoPredict” to predict the IC,, value of over
200 clinical drugs in patients combined with GDSC2 drug
sensitivity database. We found that the low-risk group had
lower IC;, for three common CLL drugs compared to the
high-risk group, including fludarabine, cyclophosphamide,
and ibrutinib (Figure 8(a)). In addition, we found the risk
scores had a significant positive correlation with IC, values
of the three drugs (Figure 8(b)). These results revealed that
low-risk patients were more likely to benefit from fludara-
bine, cyclophosphamide, and ibrutinib treatment.

4. Discussions

CLL accounts 10% of hematologic malignancies [22] and is
the most frequent subtype of leukemia in adults [8]. Ferrop-
tosis is a new form of programmed cell death [23] and usu-

ally caused by strong membrane lipid peroxidation and
oxidative stress [24]. Recently, a few studies have revealed
the prognostic value of ferroptosis-related genes in malig-
nancies [15, 25]. However, the prognosis value of
ferroptosis-related genes in CLL is still unclear.

In this study, for the first time, a ferroptosis-related gene
signature was established for predicting OS of CLL patients.
In the training and external cohorts, CLL patients were
divided into high-risk and low-risk groups by this reliable
and robust signature, and the former inclined worse OS than
the latter. Half of the signature genes are risk genes (TP63,
STEAP3,NQO1, and ELAVL1), while the other half are pro-
tective genes (PRKAA1, HELLS, FANCD2, and CDKN2A).
The eight ferroptosis-related signature genes have been sug-
gested to associate with prognosis in cancer. TP63 contrib-
utes to maintaining redox homeostasis through glutathione
biogenesis, utilization, and regeneration. TP63 is a prognos-
tic gene in breast cancer patients [26], lung squamous cell
carcinoma [27], pancreatic cancer [28], skin cutaneous mel-
anoma [29], anaplastic lymphoma kinase-negative anaplas-
tic large cell lymphoma [30], etc. STEAP3 is a metal
reductase, encoding a transmembrane protein that functions
as an iron transporter and coordinates the regulation of iron
homeostasis [31]. STEAP3 can predict outcomes in clear cell
renal cell carcinoma [32, 33], pancreatic adenocarcinoma
[34], uveal melanoma [35] and glioblastoma [36]. NQOL1 is
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gene signature.

dysregulated in many cancers and considered a target for
tumor treatment and diagnosis [37]. In CLL, the increased
expression of NQO1 leads to resistance to drugs that induce
ROS accumulation [38]. NQO1 polymorphism is considered
a risk and prognostic factor for CLL [39]. HELLS is a
lymphoid-specific helicase that can lead to ferroptosis resis-
tance by reducing the concentration of iron and lipid hyper-
oxide. HELLS is associated with prognosis in adrenocortical
carcinoma [40], pancreatic cancer [41], soft tissue sarcoma

[42], cervical cancer [43], and clear cell renal cell carcinoma
[44]. PRKAAL is a ferroptosis driver and inhibition of
PRKAA/AMPKa diminishes ferroptosis.>> Genetic varia-
tions of PRKAALI associate with prognosis for patients with
colorectal cancer [45]. Recently, studies have revealed that
some noncoding RNAs (ncRNAs), particularly microRNAs,
long noncoding RNAs, and circular RNAs, were involved in
the regulation of ferroptosis and affect cancer growth [46].
Moreover, Katsaraki et al. proposed that ncRNA plays an
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important role in CLL and summarizes the important dis-
covery about their value as regulators, biomarkers, or thera-
peutic targets in B-CLL [47]. For example, two novel transfer
RNA-derived RNA fragments (tRFs), i-tRF-Gly“““ and i-
tRE-Phe“*2, were identified as prognostic biomarkers in
CLL [48, 49]. Thus, the mechanisms of ncRNA regulating
the eight ferroptosis-related signature genes deserve further
investigation.

To further explore the functions of DEGs between the
high- and low-risk groups, we conducted GO, KEGG, and
GSEA enrichment analyses. The most abundant BP term of
GO was autophagy, the process utilizing autophagic mecha-
nisms, etc. In a previous report, ferroptosis was originally
defined as a programmed cell death distinct from autophagy,
apoptosis, and necrosis [7]. However, recent insights suggest
that ferroptosis is not a self-standing phenomenon and has
close connections with other cellular events [50]. For example,
terroptosis dependents on autophagy, especially selective types
of autophagy, through direct or indirect regulation of iron
accumulation or lipid peroxidation [50, 51]. The top KEGG
result is cytokine—cytokine receptor and the top 2 GSEA
results are the hallmark gene sets of TNFa« signaling via NF-
¥B and inflammatory response. These results suggest signifi-
cant differences in immune function between the two risk

groups. In addition, the hallmark gene sets such as TNEf sig-
naling and apoptosis were also enriched in the high-risk
groups. They had well-documented roles in apoptosis
[52-54]. Growing research suggests the interconnection of fer-
roptosis and apoptosis. For example, ferroptotic agents induce
endoplasmic reticulum stress-mediated activation of the
PERK-elF2a-ATF4-CHOP pathway that is involved in the
synergistic interaction between ferroptosis and apoptosis
[55]. Inhibitor of apoptosis-stimulating protein of p53 inhibits
ferroptosis in acute lung injury [56]. For example, TGF-f3 and
TNFa work in concert to activate apoptosis in gastric cancer
cell [57]. Ferritin as a NF-xB downstream effector can inhibit
TNFa-induced apoptosis by reducing reactive oxygen species
(ROS) [58]. Moreover, deferoxamine-induced increase of the
intracellular iron can activate TGFf and TNFa-dependent
NF-«B signaling in highly aggressive breast cancer cells [59].
Autophagy can contribute to ferroptosis through degradation
of the ferritin [50]. Given the evidences above, ferroptosis,
autophagy, apoptosis, and immune may together contribute
to significantly different outcomes between the high- and
low-risk groups.

CLL is characterized by a wide spectrum of immune dys-
functions. These immune alterations strongly impact the
course and management of CLL. Immunohistochemical
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studies suggested that the sensitivity to ferroptosis is parallel
to anticancer immunity [60]. Moreover, immune parameters
have been demonstrated to associate with the prognostic rel-
evance of patients with CLL [17-20]. In recent years, T cells
inducing ferroptosis in mice bearing ovarian tumors have
been reported. Immunotherapy-activated CD8+ T cells
enhance ferroptosis in tumor cells, which in turn contributes
to increased efficiency of the immunotherapy [16]. IFN-y
derived from immunotherapy-activated CD8+ T cells

enhances tumor lipid oxidation and ferroptosis in human
fibrosarcoma cells and melanoma cells [61]. The immune
statues in the high- and low-risk groups were explored in
this study. The high-risk group showed a remarked different
immune profile from the low-risk group. In comparison to
the low-risk group, the high-risk group exhibited a higher
level of ESTIMATE score, immune score, and immune cells
infiltration and thus potentially has a higher response rate to
immunotherapy. In addition, TMB can predict a better
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FI1GURE 5: The comparison of immunity between the high- and low-risk groups. (a) The boxplot showed the difference between the high-
and low-risk groups. From left to right, immune score, stromal score, and ESTIMATE score. (b) The profiles of immune infiltration
between the high- and low-risk groups. #p < 0.05, *%p < 0.01, %% p <0.001, and # === p <0.0001.

response to immunotherapy in some types of cancers [62,
63]. Bufu Tang et al. use ferroptosis-related genes to stratify
hepatoma patients into high- and low-risk groups, and the
high-risk group has a higher TMB [21]. In our study, TMB

of the high-risk group was also higher compared with the
low-risk group. Recently, the value of IGHV gene mutation
in predicting the durability of response to chemoimmuno-
therapy has been reported [64-66]. IGHV gene mutation
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status is one of the strongest prognostic factors currently
used in clinical trials for CLL patients and associated with
better clinical outcomes [12]. The OS of patients with
mutated IGHV genes is significantly longer irrespective of
the disease stage [67, 68]. The low-risk group had a higher
level of IGHV gene mutations, which further approved our
stratification of the CLL patients.

It must be acknowledged that this study has some limita-
tions. First, the 8-gene signature needs to be validated by using
larger clinical cohorts. Second, we need more experiments to

explore the detailed mechanisms of the 8-gene signature in
CLL. Third, the relationship between ferroptosis and immu-
nity in CLL needs more experimental investigation.

In conclusion, by dividing CLL patients into high- and
low-risk groups, a ferroptosis-related gene signature for
prognostic prediction was firstly developed and validated.
The biology function, immunity, and mutation status were
remarkably different between the two groups. This eight-
gene signature is strongly associated with OS in CLL patients
and might serve as a potential prognostic biomarker for
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clinical use. In future work, the development of personalized
treatment strategies for each patient will be an essential
topic.

Abbreviations

FRGs:  Ferroptosis-related genes

CLL:  Chronic lymphocytic leukemia
DEGs: Differentially expressed genes
GO: Gene ontology

BP: Biological processes

GSEA: Gene Set Enrichment Analysis

KEGG: Kyoto Encyclopedia of Genes

PCA:  Principal component analysis

TMB:  Tumor mutation burden

ICGC: International Cancer Genome Consortium
ROC:  Receiver operating characteristic

TIM:  Tumor immune microenvironment

IC,,;:  Half maximal inhibitory concentration

FDR:  False discovery rate

log2FC: log, fold change

LASSO: The least absolute shrinkage and selection
operator.

Data Availability

Raw RNA sequence data that support the findings of this
study are available from the CCLE-ES dataset of ICGC data-
base (https://dcc.icgc.org/) and the GEO database of NCBI
(https://www.ncbi.nlm.nih.gov/).

Ethical Approval

The data collection and processing of this research complied
with the data policy of GEO and ICGC to protect human
subjects. All experiments were performed in accordance
with relevant guidelines and regulations.

Conflicts of Interest

The authors declare that they have no competing interests.

Authors’ Contributions

HG and HL proposed the study concept and design and col-
lected, analyzed, and interpreted the data. HG and QY
drafted the manuscript. GXZ performed the data analysis
and interpreted the data. HL, XL, HY, MY, ZKM, and XFL
edited the manuscript. HLP, LN, XJX, and JL participated
in revising the manuscript. All authors contributed to the
article and approved the submitted version. Han Gong,
Heng Li, Qin Yang contributed equally to this work.

Acknowledgments

This study was funded by the National Natural Science
Foundation of China (81770107, 82003286, 81800198), Nat-
ural Science Foundation of Hunan Province (2020]J4560),
Scientific Research Foundation of Hunan Provincial Educa-
tion Department (20B528), the fellowship of China Postdoc-

BioMed Research International

toral Science Foundation (2020M672474, 2021T140195),
and the Changsha Municipal Natural Science Foundation
(kq20140421).

Supplementary Materials

Table S1: 22 Immune Cell
(Supplementary Materials)

Types  Description.

References

[1] B.R.Stockwell,J. P. Friedmann Angeli, H. Bayir et al., “Ferrop-
tosis: a regulated cell death nexus linking metabolism, redox
biology, and disease,” Cell, vol. 171, no. 2, pp. 273-285, 2017.

[2] S.J. Dixon, K. M. Lemberg, M. R. Lamprecht et al., “Ferropto-
sis: an iron-dependent form of nonapoptotic cell death,” Cell,
vol. 149, no. 5, pp. 1060-1072, 2012.

[3] E. Grignano, R. Birsen, N. Chapuis, and D. Bouscary, “From
iron chelation to overload as a therapeutic strategy to induce
ferroptosis in leukemic cells,” Frontiers in Oncology, vol. 10,
2020.

[4] W.S. Yang, R. SriRamaratnam, M. E. Welsch et al., “Regula-
tion of ferroptotic cancer cell death by GPX4,” Cell, vol. 156,
no. 1-2, pp. 317-331, 2014.

[5] Y. Yu, Y. Xie, L. Cao et al., “The ferroptosis inducer erastin
enhances sensitivity of acute myeloid leukemia cells to chemo-
therapeutic agents,” Molecular & Cellular Oncology, vol. 2,
no. 4, article e1054549, 2015.

[6] I Kato, T. Kasukabe, and S. Kumakura, “Menin-MLL inhibi-
tors induce ferroptosis and enhance the anti-proliferative
activity of auranofin in several types of cancer cells,” Interna-
tional Journal of Oncology, vol. 57, no. 4, pp. 1057-1071, 2020.

[7] Y. Mou, J. Wang, J. Wu et al., “Ferroptosis, a new form of cell
death: opportunities and challenges in cancer,” Journal of
Hematology & Oncology, vol. 12, no. 1, 2019.

[8] F. Bosch and R. Dalla-Favera, “Chronic lymphocytic leukae-
mia: from genetics to treatment,” Nature Reviews Clinical
Oncology, vol. 16, no. 11, pp. 684-701, 2019.

[9] M. Hallek, “Chronic lymphocytic leukemia: 2020 update on
diagnosis, risk stratification and treatment,” American Journal
of Hematology, vol. 94, no. 11, pp. 1266-1287, 2019.

[10] K. Patel, A. V. Danilov, and J. M. Pagel, “Duvelisib for CLL/
SLL and follicular non-Hodgkin lymphoma,” Blood, vol. 134,
no. 19, pp. 1573-1577, 2019.

[11] J. Lee and Y. L. Wang, “Prognostic and predictive molecular
biomarkers in chronic lymphocytic leukemia,” The Journal of
Molecular Diagnostics, vol. 22, no. 9, pp. 1114-1125, 2020.

[12] C. I. Amaya-Chanaga and L. Z. Rassenti, “Biomarkers in
chronic lymphocytic leukemia: clinical applications and prog-
nostic markers,” Best Practice & Research. Clinical Haematol-
ogy, vol. 29, no. 1, pp. 79-89, 2016.

[13] J. Y. Liang, D. S. Wang, H. C. Lin et al., “A novel ferroptosis-
related gene signature for overall survival prediction in
patients with hepatocellular carcinoma,” International Journal
of Biological Sciences, vol. 16, no. 13, pp. 2430-2441, 2020.

[14] H.]J.Liu, H. M. Hu, G. Z. Li et al., “Ferroptosis-related gene sig-
nature predicts glioma cell death and glioma patient progres-
sion,” Frontiers in Cell and Development Biology, vol. 8, 2020.

[15] L. Zhu, F. Yang, L. Wang et al., “Identification the ferroptosis-
related gene signature in patients with esophageal adenocarci-
noma,” Cancer Cell International, vol. 21, no. 1, 2021.


https://dcc.icgc.org/
https://www.ncbi.nlm.nih.gov/
https://downloads.hindawi.com/journals/bmri/2022/5646275.f1.docx

BioMed Research International

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

(27]

(28]

[29]

(30]

W. Wang, M. Green, J. E. Choi et al., “CD8" T cells regulate
tumour ferroptosis during cancer immunotherapy,” Nature,
vol. 569, no. 7755, pp. 270-274, 2019.

A. Hittmann, L. Klein-Hitpass, J. Thomale et al., “Gene
expression signatures separate B-cell chronic lymphocytic leu-
kaemia prognostic subgroups defined by ZAP-70 and CD38
expression status,” Leukemia, vol. 20, no. 10, pp. 1774-1782,
2006.

S. E. Henrickson, E. M. Hartmann, G. Ott, and A. Rosenwald,
“Gene expression profiling in malignant lymphomas,”
Advances in Experimental Medicine and Biology, vol. 593,
pp. 134-146, 2007.

A. K. Mittal, N. K. Chaturvedi, K. J. Rai et al., “Chronic lym-
phocytic leukemia cells in a lymph node microenvironment
depict molecular signature associated with an aggressive
disease,” Molecular Medicine, vol. 20, no. 1, pp. 290-301,
2014.

C. Vitale, E. Boccellato, L. Comba et al., “Impact of immune
parameters and immune dysfunctions on the prognosis of
patients with chronic lymphocytic leukemia,” Cancers,
vol. 13, no. 15, p. 3856, 2021.

B. Tang, J. Zhu, J. Li et al., “The ferroptosis and iron-
metabolism signature robustly predicts clinical diagnosis,
prognosis and immune microenvironment for hepatocellular
carcinoma,” Cell Communication and Signaling, vol. 18,
no. 1, 2020.

D. Maharaj, G. Srinivasan, M. M. Abreu, M.-W. Ko, A. Jewett,
and J. Gouvea, “Molecular remission using low-dose immuno-
therapy with minimal toxicities for poor prognosis IGHV-
Unmutated Chronic Lymphocytic Leukemia,” Cells, vol. 10,
no. 1, 2021.

D. Tang, X. Chen, R. Kang, and G. Kroemer, “Ferroptosis:
molecular mechanisms and health implications,” Cell
Research, vol. 31, no. 2, pp. 107-125, 2021.

W. S. Yang and B. R. Stockwell, “Synthetic lethal screening
identifies compounds activating iron-dependent, nonapopto-
tic cell death in oncogenic-RAS-harboring cancer cells,”
Chemistry & Biology, vol. 15, no. 3, pp. 234-245, 2008.

S. Zhuo, Z. Chen, Y. Yang, J. Zhang, J. Tang, and K. Yang,
“Clinical and biological significances of a ferroptosis-related
gene signature in glioma,” Frontiers in Oncology, vol. 10, 2020.

Z.H.Wu, Y. Tang, H. Yu, and H. D. Li, “The role of ferroptosis
in breast cancer patients: a comprehensive analysis,” Cell death
Discovery, vol. 7, no. 1, 2021.

X. Yu,J. Liy, R. Xie et al., “Construction of a prognostic model
for lung squamous cell carcinoma based on seven N6-
methylandenosine-related autophagy genes,” Mathematical
biosciences and engineering, vol. 18, no. 5, pp. 6709-6723,
2021.

J. Yu, Q. Lang, C. Zhong, S. Wang, and Y. Tian, “Genome-wide
identification of autophagy prognostic signature in pancreatic
cancer,” Dose-Response, vol. 19, no. 2, 2021.

S. Liao, J. He, C. Liu et al., “Construction of autophagy prog-
nostic signature and analysis of prospective molecular mecha-
nisms in skin cutaneous melanoma patients,” Medicine,
vol. 100, no. 22, article 26219, 2021.

M. Parkhi, A. Bal, A. Das et al,, “ALK-Negative Anaplastic
Large Cell Lymphoma (ALCL): Prognostic Implications of
Molecular Subtyping and JAK-STAT Pathway,” Applied
Immunohistochemistry & Molecular Morphology, vol. 29,
no. 9, pp. 648-656, 2021.

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

(45]

(46]

23

F. Zhang, Y. Tao, Z. Zhang et al., “Metalloreductase Steap3
coordinates the regulation of iron homeostasis and inflamma-
tory responses,” Haematologica, vol. 97, no. 12, pp. 1826-1835,
2012.

X. Meng, H. Yuan, W. Li, W. Xiao, and X. Zhang, “Biomarker
screening and prognostic significance analysis for renal cell
carcinoma,” International Journal of General Medicine,
vol. 14, pp. 5255-5267, 2021.

Y. Hong, M. Lin, D. Ou, Z. Huang, and P. Shen, “A novel
ferroptosis-related 12-gene signature predicts clinical progno-
sis and reveals immune relevancy in clear cell renal cell carci-
noma,” BMC Cancer, vol. 21, no. 1, 2021.

F. Xu, Z. Zhang, Y. Zhao, Y. Zhou, H. Pei, and L. Bai, “Bioin-
formatic mining and validation of the effects of ferroptosis reg-
ulators on the prognosis and progression of pancreatic
adenocarcinoma,” Gene, vol. 795, article 145804, 2021.

H. Luo and C. Ma, “A novel ferroptosis-associated gene signa-
ture to predict prognosis in patients with uveal melanoma,”
Diagnostics, vol. 11, no. 2, p. 219, 2021.

H. Chen, C. Xu, Q. Yu et al., “Comprehensive landscape of
STEAP family functions and prognostic prediction value in
glioblastoma,” Journal of Cellular Physiology, vol. 236, no. 4,
pp. 2988-3000, 2021.

K. Zhang, D. Chen, K. Ma, X. Wu, H. Hao, and S. Jiang,
“NAD(P)H:quinone oxidoreductase 1 (NQOL1) as a therapeu-
tic and diagnostic target in cancer,” Journal of Medicinal
Chemistry, vol. 61, no. 16, pp. 6983-7003, 2018.

E. Sanchez-Lopez, E. M. Ghia, L. Antonucci et al., “NF-xB-
p62-NRF2 survival signaling is associated with high RORI
expression in chronic lymphocytic leukemia,” Cell Death and
Differentiation, vol. 27, no. 7, pp. 2206-2216, 2020.

A. Begleiter, D. Hewitt, S. B. Gibson, and ]. B. Johnston,
“Investigation of an NQO1 polymorphism as a possible risk
and prognostic factor for chronic lymphocytic leukemia,” Leu-
kemia Research, vol. 33, no. 1, pp. 74-81, 2009.

X. Chen, L. Yan, F. Jiang et al., “Identification of a ferroptosis-
related signature associated with prognosis and immune infil-
tration in adrenocortical carcinoma,” International Journal of
Endocrinology, vol. 2021, pp. 1-12, 2021.

F.]J. Wang, Y. H. Jing, C. S. Cheng, Z. Q. Cao, J. Y. Jiao, and
Z. Chen, “HELLS serves as a poor prognostic biomarker and
its downregulation reserves the malignant phenotype in pan-
creatic cancer,” BMC Medical Genomics, vol. 14, no. 1, 2021.

W. Huang, Y. Duan, X. Yang et al., “Identification of novel
prognostic risk signatures of soft tissue sarcoma based on
ferroptosis-related genes,” Frontiers in Oncology, vol. 11, 2021.

H.J. Yang, J. M. Xue, J. Li, L. H. Wan, and Y. X. Zhu, “Identi-
fication of key genes and pathways of diagnosis and prognosis
in cervical cancer by bioinformatics analysis,” Molecular
Genetics & Genomic Medicine, vol. 8, no. 6, article 1200, 2020.
D. Chen, M. Maruschke, O. Hakenberg, W. Zimmermann,
C. G. Stief, and A. Buchner, “TOP2A , HELLS , ATAD2 , and
TET3 are novel prognostic markers in renal cell carcinoma,”
Urology, vol. 102, pp. 265.e1-265.e7, 2017.

S.J. Lee, B. W. Kang, Y. S. Chae et al., “Genetic variations in
STKI11, PRKAAIL, and TSCI1 associated with prognosis for
patients with colorectal cancer,” Annals of Surgical Oncology,
vol. 21, Supplement 4, pp. 634-639, 2014.

Y. B. Zuo, Y. F. Zhang, R. Zhang et al., “Ferroptosis in cancer

progression: role of noncoding RNAs,” International Journal
of Biological Sciences, vol. 18, no. 5, pp. 1829-1843, 2022.



24

(47]

(48]

(49]

(50]

(51]

(52]

(53]

(54]

(5]

(56]

(57]

(58]

(59]

[60]

[61]

K. Katsaraki, P. Karousi, P. I. Artemaki et al., “MicroRNAs:
tiny regulators of gene expression with pivotal roles in Normal
B-cell development and B-cell chronic lymphocytic leukemia,”
Cancers, vol. 13, no. 4, p. 593, 2021.

P. Karousi, P. G. Adamopoulos, S. G. Papageorgiou, V. Pappa,
A. Scorilas, and C. K. Kontos, “A novel, mitochondrial, inter-
nal tRNA-derived RNA fragment possesses clinical utility as
a molecular prognostic biomarker in chronic lymphocytic leu-
kemia,” Clinical Biochemistry, vol. 85, pp. 20-26, 2020.

P. Karousi, K. Katsaraki, S. G. Papageorgiou, V. Pappa,
A. Scorilas, and C. K. Kontos, “Identification of a novel
tRNA-derived RNA fragment exhibiting high prognostic
potential in chronic lymphocytic leukemia,” Hematological
Oncology, vol. 37, no. 4, pp. 498-504, 2019.

L. Liu, L. Li, M. Li, and Z. Luo, “Autophagy-dependent ferrop-
tosis as a therapeutic target in cancer,” ChemMedChem,
vol. 16, no. 19, pp. 2942-2950, 2021.

B. Zhou, J. Liu, R. Kang, D. J. Klionsky, G. Kroemer, and
D. Tang, “Ferroptosis is a type of autophagy-dependent cell
death,” Seminars in Cancer Biology, vol. 66, pp. 89-100, 2020.

G. Landskron, M. De la Fuente, P. Thuwajit, C. Thuwajit, and
M. A. Hermoso, “Chronic inflammation and cytokines in the
tumor microenvironment,” Journal of Immunology Research,
vol. 2014, Article ID 149185, 19 pages, 2014.

Z.T.Jing, W. Liu, C. R. Xue et al,, “AKT activator SC79 pro-
tects hepatocytes from TNF-a-mediated apoptosis and allevi-
ates d-Gal/LPS-induced liver injury,” American Journal of
Physiology Gastrointestinal and Liver Physiology, vol. 316,
no. 3, pp. G387-G396, 2019.

R. van Horssen, T. L. Ten Hagen, and A. M. Eggermont, “INEF-
« in cancer treatment: molecular insights, antitumor effects,
and clinical utility,” The Oncologist, vol. 11, no. 4, pp. 397-
408, 2006.

Y. S.Lee, D. H. Lee, H. A. Choudry, D. L. Bartlett, and Y. J. Lee,
“Ferroptosis-induced endoplasmic reticulum stress: cross-talk
between ferroptosis and apoptosis,” Molecular cancer research,
vol. 16, no. 7, pp. 1073-1076, 2018.

Y. Li, Y. Cao, J. Xiao et al., “Inhibitor of apoptosis-stimulating
protein of p53 inhibits ferroptosis and alleviates intestinal
ischemia/reperfusion-induced acute lung injury,” Cell Death
and Differentiation, vol. 27, no. 9, pp. 2635-2650, 2020.

H. T. Ha Thi, H. S. Lim, J. Kim, Y. M. Kim, H. Y. Kim, and
S. Hong, “Transcriptional and post-translational regulation
of Bim is essential for TGF-f and TNF-a-induced apoptosis
of gastric cancer cell,” Biochimica et Biophysica Acta (BBA) -
General Subjects, vol. 1830, no. 6, pp. 3584-3592, 2013.

C. G. Pham, C. Bubici, F. Zazzeroni et al., “Ferritin heavy chain
upregulation by NF-«B inhibits TNFa-induced apoptosis by
suppressing reactive oxygen species,” Cell, vol. 119, no. 4,
pp- 529-542, 2004.

P. Liu, K. He, H. Song, Z. Ma, W. Yin, and L. X. Xu, “Deferox-
amine-induced increase in the intracellular iron levels in
highly aggressive breast cancer cells leads to increased cell
migration by enhancing TNF-a-dependent NF-xB signaling
and TGF-f signaling,” Journal of Inorganic Biochemistry,
vol. 160, pp. 40-48, 2016.

R. Tang, J. Xu, B. Zhang et al., “Ferroptosis, necroptosis, and
pyroptosis in anticancer immunity,” Journal of Hematology
& Oncology, vol. 13, no. 1, p. 110, 2020.

X. Lang, M. D. Green, W. Wang et al., “Radiotherapy and
immunotherapy promote tumoral lipid oxidation and ferrop-

[62]

[63]

(64]

[65]

[66]

(67]

(68]

BioMed Research International

tosis via synergistic repression of SLC7A11,” Cancer Discovery,
vol. 9, no. 12, pp. 1673-1685, 2019.

N. Swami, W. L. Hwang, J. A. Guo et al., “Novel genomic sig-
nature predictive of response to immune checkpoint blockade:
a pan-cancer analysis from project Genomics Evidence Neo-
plasia Information Exchange (GENIE),” Cancer Genetics,
vol. 258-259, pp. 61-68, 2021.

T. A. Chan, M. Yarchoan, E. Jaffee et al.,, “Development of
tumor mutation burden as an immunotherapy biomarker:
utility for the oncology clinic,” Annals of Oncology, vol. 30,
no. 1, pp. 44-56, 2019.

J. Crombie and M. S. Davids, “IGHV mutational status testing
in chronic lymphocytic leukemia,” American Journal of Hema-
tology, vol. 92, no. 12, pp. 1393-1397, 2017.

C. Chai-Adisaksopha and J. R. Brown, “FCR achieves long-
term durable remissions in patients with IGHV-mutated
CLL,” Blood, vol. 130, no. 21, pp. 2278-2282, 2017.

K. Fischer, J. Bahlo, A. M. Fink et al., “Long-term remissions
after FCR chemoimmunotherapy in previously untreated
patients with CLL: updated results of the CLL8 trial,” Blood,
vol. 127, no. 2, pp. 208-215, 2016.

A. Krober, T. Seiler, A. Benner et al., “V H mutation status,
CD38 expression level, genomic aberrations, and survival in
chronic lymphocytic leukemia,” Blood, vol. 100, no. 4,
pp. 1410-1416, 2002.

D. F. Jelinek, R. C. Tschumper, S. M. Geyer et al., “Analysis of
clonal B-cell CD38 and immunoglobulin variable region
sequence status in relation to clinical outcome for B-chronic
lymphocytic leukaemia,” British Journal of Haematology,
vol. 115, no. 4, pp. 854-861, 2001.



	A Ferroptosis Molecular Subtype-Related Signature for Predicting Prognosis and Response to Chemotherapy in Patients with Chronic Lymphocytic Leukemia
	1. Introduction
	2. Material and Methods
	2.1. Data Collection
	2.2. Identification of Ferroptosis-Related Prognostic Genes and Patient Subgroups
	2.3. Construction and Validation of a Ferroptosis-Related Risk Model
	2.4. Functional Enrichment Analysis
	2.5. Estimation of Tumor Immune Microenvironment (TIM) Scores and Immune Cell Fractions
	2.6. Statistical Analysis

	3. Results
	3.1. CLL Classification Based on the Differential Expression of Ferroptosis-Related Genes
	3.2. Construction of a Ferroptosis-Related Eight-Gene Signature in the ICGC Cohort
	3.3. Independent Prognostic Value of the Eight-Gene Signature and External Validation in a GSE Cohort
	3.4. Identification of Differentially Expressed Genes (DEGs) and Functional Enrichment Analysis
	3.5. Identification of Immune Statues and Correlation Analysis
	3.6. Genomic Mutation Analysis
	3.7. Drug Resistance Analysis

	4. Discussions
	Abbreviations
	Data Availability
	Ethical Approval
	Conflicts of Interest
	Authors’ Contributions
	Acknowledgments
	Supplementary Materials

