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Ferroptosis-related molecular
patterns reveal immune escape,
inflammatory development and
lipid metabolism characteristics
of the tumor microenvironment
in acute myeloid leukemia

Fang-Min Zhong'?, Fang-Yi Yao!, Jing Liu*, Hai-Bin Zhang®,
Jing Zhang?, Nan Zhang?, Jin Lin*, Shu-Qi Li*, Mei-Yong Li*,
Jun-Yao Jiang®, Ying Cheng™?, Shuai Xu'?, Wen Wen'?,
Yu-Lin Yang'?, Xue-Ru Zhang'?, Xue-Xin Cheng®, Bo Huang™
and Xiao-Zhong Wang**

tJiangxi Province Key Laboratory of Laboratory Medicine, Department of Clinical Laboratory, The
Second Affiliated Hospital of Nanchang University, Nanchang, Jiangxi, China, 2School of Public
Health, Nanchang University, Nanchang, Jiangxi, China

Background: An increasing number of studies have revealed the influencing
factors of ferroptosis. The influence of immune cell infiltration, inflammation
development and lipid metabolism in the tumor microenvironment (TME) on
the ferroptosis of tumor cells requires further research and discussion.

Methods: We explored the relationship between ferroptosis-related genes and
acute myeloid leukemia (AML) from the perspective of large sample analysis
and multiomics, used multiple groups to identify and verify ferroptosis-related
molecular patterns, and analyzed the sensitivity to ferroptosis and the state of
immune escape between different molecular pattern groups. The single-
sample gene set enrichment analysis (ssGSEA) algorithm was used to
quantify the phenotypes of ferroptosis-related molecular patterns in
individual patients. HL-60 and THP-1 cells were treated with ferroptosis
inducer RSL3 to verify the therapeutic value of targeted inhibition of GPX4.

Results: Three ferroptosis-related molecular patterns and progressively
worsening phenotypes including immune activation, immune exclusion and
immunosuppression were found with the two different sequencing
approaches. The FSscore we constructed can quantify the development of
ferroptosis-related phenotypes in individual patients. The higher the FSscore is,
the worse the patient’'s prognosis. The FSscore is also highly positively
correlated with pathological conditions such as inflammation development,
immune escape, lipid metabolism, immunotherapy resistance, and
chemotherapy resistance and is negatively correlated with tumor mutation
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burden. Moreover, RSL3 can induce ferroptosis of AML cells by reducing the
protein level of GPX4.

Conclusions: This study revealed the characteristics of immunity,
inflammation, and lipid metabolism in the TME of different AML patients and
differences in the sensitivity of tumor cells to ferroptosis. The FSscore can be
used as a biomarker to provide a reference for the clinical evaluation of the
pathological characteristics of AML patients and the design of personalized

treatment plans. And GPX4 is a potential target for AML treatment.

KEYWORDS

ferroptosis, tumor microenvironment, immune escape, inflammatory development,
lipid metabolism, acute myeloid leukemia
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GRAPHICAL ABSTRACT

Introduction

Cell death is important for maintaining the normal growth and
development of living organisms and for maintaining homeostasis.
The classic cell death modes include apoptosis, autophagy and
necrosis (1). In 2012, Dixon et al. proposed a new type of iron-
dependent programmed cell death induced by erastin and RSL3 and
other small molecules, called ferroptosis, which is mainly
characterized by the generation of reactive oxygen species (ROS),
lipid peroxidation and iron accumulation (2). When a specific small
molecule compound interacts with a specific target in the cell, it will
cause the reduction in antioxidants such as glutathione (GSH) and
glutathione peroxidase 4 (GPX4), and the antioxidant capacity of
the cell will be weakened. In addition to a large amount of ROS
accumulation, under the synergistic effect of iron, lipid peroxidation
of the cell membrane induces ferroptosis (3, 4). Ferroptosis is
involved in many inflammatory and immune diseases and
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cancers (5-7). It has potential clinical value to treat diseases by
using regulators that affect the occurrence of ferroptosis. Acute
myeloid leukemia (AML) is the most common hematological
malignant tumor. The pathogenesis mechanism is still unclear.
An increasing number of studies have revealed the relationship
between ferroptosis and AML. For example, ferroptosis plays an
important role in the differentiation of AML induced by ATPR (8),
dihydroartemisinin (DHA) induces ferroptosis of AML cells
through autophagy-dependent degradation of ferritin (9), and
erastin increases the sensitivity of AML cells to chemotherapy by
inducing ferroptosis (10). These studies suggest that the induction
of ferroptosis has potential therapeutic value for AML.

The sensitivity of cells to ferroptosis is closely related to lipid
metabolism, which induces ferroptosis through lethal lipid
peroxides (LPOs) accumulated by lipid peroxidation (11).
There are many types of lipids, and their biological functions
are quite different. The synthesis and metabolism of lipids are
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precisely regulated. However, in the process of ferroptosis,
polyunsaturated fatty acids (PUFAs), such as linoleic acid
(LA), linolenic acid (LNA) and arachidonic acid (AA), play an
important role (12); AA is particularly important, as it is very
prone to peroxidation and can be oxidized to LPO (11, 13). GSH,
ferroptosis suppressor protein 1 (FSP1), cystine/glutamate
antiporter (system XC'), and GPX4 play an important
regulatory role in the mechanisms that protect cells from
ferroptosis caused by oxidative stress (14-17). These
characteristics all indicate that the occurrence of ferroptosis is
related to complex metabolic regulation, and the destruction of
cellular redox homeostasis is one of the most critical factors.
How ferroptosis is regulated by immune cells and the
relationship between ferroptosis induction therapy and
antitumor immunity are worthy of in-depth research
and discussion. The immune system includes innate immunity
and adaptive immunity (18). The effect of ferroptosis on the
immune system is mainly reflected in the impact on the number
and function of immune cells, as well as the specific reaction and
inflammatory reaction produced by immune cells after the
occurrence of ferroptosis (19). In addition to tumor cells, the
tumor microenvironment (TME) is also rich in a large number of
immune cells, including T cells, B cells, monocytes, macrophages,
dendritic cells (DCs), natural killer (NK) cells, neutrophils and
myeloid-derived suppressor cells (MDSCs) (20). Many studies
have revealed the relationship between ferroptosis and immune
cells. For example, TLR2 on macrophages eliminates ferroptotic
cells by recognizing phosphatidylethanolamines on ferroptotic
cells (21), neutrophils maintain the inflammatory response that
occurs after ferroptosis in related tissues (22), and CD8+ T cells
kill cancer cells by stimulating ferroptosis (23), indicating that
ferroptosis plays an important role in antitumor immunity.
Ferroptosis is more likely than apoptosis to trigger an
inflammatory response. For example, ferroptotic cells express
more phosphatidylserine on the plasma membrane to release
“eat me” signals to induce macrophage aggregation (24). The
occurrence and development of inflammation is a double-edged
sword in antitumor immunity (25). Acute inflammation is
conducive to the protective immunity activated in anticancer
therapy, while chronic inflammation provides a favorable
environment for tumor cell proliferation and immune escape.
Studies have shown that cancer cells evade the immune system by
producing a large number of cytokines and chemokines that
inhibit immune cells. For example, in patients with melanoma,
pancreatic cancer, and colorectal cancer (26-28), the expression
levels of the immunosuppressive cytokines IL-10 and TGF-f3 are
significantly higher than the expression levels of the
immunostimulatory cytokines IL-2, IL-12 and IFN-y. The
predominant expression of immunosuppressive cytokines causes
the TME to adopt an immunosuppressive state, which in turn
helps cancer cells escape immunity (29). In the blood system, the
activation of inflammatory signals in hematopoietic cells and the
hematopoietic niche can significantly change the connection
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between hematopoietic cells and their microenvironment (30).
The high expression of TNF-0, IL-6, TGF-f, IL-8 and other
proinflammatory cytokines in the bone marrow can lead to
negative bone marrow hematopoietic function (31, 32). A study
showed that inflammation-related cytokines inhibit the
proliferation of normal progenitor cells, significantly promote
the growth and survival of AML cells and are not affected by
the mutation status of AML cells. The abnormal expression of
cytokines creates a favorable TME for AML (33).

In summary, the occurrence of ferroptosis is closely related to
biological behaviors such as the immune response, inflammation
development, and lipid metabolism. However, there are few
research reports on the relationship between ferroptosis and the
occurrence and development of AML. As a blood tumor, AML is
complicated by bone marrow cell proliferation, and changes in
immune and inflammatory responses occur in the peripheral blood
microenvironment at all times. Therefore, a comprehensive
understanding of the TME characteristics related to ferroptosis
will help us improve our understanding of the abnormal
hematopoietic microenvironment of AML and provide insights
for clinical diagnosis, treatment and prognostic evaluation. In this
study, we integrated the genome information of 992 AML
specimens, including expression profile chip data and high-
throughput sequencing data, and comprehensively analyzed the
characteristics of immune cell infiltration, lipid metabolism, and
inflammation development in the TME of AML patients. We
divided patient transcriptome data into a gene chip group (GEO
group) and a high-throughput sequencing group (TCGA group).
Both sets of data revealed three different ferroptosis-related
phenotypes in AML patients and deeply reflected that immune
escape and inflammation development in AML patients gradually
worsened. To better evaluate the development of ferroptosis-related
phenotypes in individual patients, we constructed a gene signature
(FSscore) to quantify these phenotypes. The FSscore not only
reflects the TME status of AML patients but also accurately
evaluates the pathological characteristics of AML patients, such as
prognosis, immunotherapy, and drug resistance. Finally, we
experimentally confirmed that GPX4 is a potential target for
AML treatment.

Methods
Data acquisition and preprocessing

The workflow of this project was shown in Figure S1. This study
included 992 AML samples containing clinical survival information
and 337 healthy control samples, including samples from six GEO
(Gene-Expression Omnibus) cohorts (GSE10358, GSE12417-
GPL96, GSE12417-GPL570, GSE37642, GSE71014, GSE146173),
The Cancer Genome Atlas-Acute Myeloid Leukemia (TCGA-
LAML) cohort, and the Genome Tissue Expression (GTEx)-
whole blood cohort. For the GEO cohorts of the affymetrix
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platform was used, after downloading the original “CEL” file of the
microarray data, we used the robust multiarray averaging (RMA)
method with the “affy” package for standardization. For the
microarray data of other platforms, we downloaded the
normalized matrix file. For high-throughput sequencing data, we
transformed the raw data into transcripts per kilobase million
(TPM) values. Then, we used the combat algorithm with the
“sva” package to perform batch correction on all microarray data.
The normalized RNA-seq data (RSEM tpm) of the TCGA-LAML
and GTEx whole blood datasets were downloaded from the UCSC
XENA database (https://xenabrowser.net/datapages/). Somatic
mutation data and gene copy number data were downloaded
from the TCGA database (https://portal.gdc.cancer.gov/), Tumor
mutation burden (TMB) calculation method: TMB = (total count of
variants)/(the whole length of exons). All data were analyzed using
R x64 4.1.0 and related R Bioconductor packages, and the data
information is shown in Table S1. Sixty ferroptosis-related genes
(FRGs) were retrieved from previous literature records (34) and are
summarized in Table S2.

Unsupervised clustering for FRGs

We used the consensus clustering algorithm via the
“ConsensusClusterPlus” package to perform unsupervised
cluster analysis on the mRNA expression of 60 FRGs (35) and
performed 1000 repetitions to ensure the stability of
classification, which was also verified by t-distributed
stochastic neighbor embedding (t-SNE).

Pathway enrichment analysis, functional
annotation and protein—protein
interaction (PPI) network analysis

Gene set variation analysis (GSVA) can quantify the activity of
biological processes and signal pathways in different samples
based on the expression of genes in the data set (36). We
performed GSVA analysis on the “c2.cp.kegg.v2.2.symbols” gene
set downloaded from the MSigDB database (37). An adjusted P
value < 0.05 was regarded as statistically significant to analyze the
biological behavior differences in ferroptosis-related molecular
patterns. For ferroptosis-related genes and ferroptosis-related
phenotype genes, we used the “clusterProfiler” package for
functional annotation and uploaded them to the STRING
database (https://string-db.org) to obtain their PPI network.

Evaluation of TME immune cell
infiltration level

The CIBERSORT algorithm is based on the support vector
regression method to infer the proportions of various immune
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cells from the mixed cells of the tumor sample (38). We used an
algorithm based on LM22 gene signatures to evaluate the
infiltration level of immune cells such as B cells, T cells, NK
cells and macrophages.

Identification of ferroptosis-related
phenotype genes

To better identify ferroptosis-related phenotypes, we
adopted the empirical Bayesian approach through the
“LIMMA” package to analyze the difference in gene expression
between different ferroptosis-related molecular patterns (39). An
adjusted P value <0.05 was used as the significance standard to
determine differentially expressed genes (DEGs). The genes after
the intersection of DEGs of different FRG cluster subtypes were
defined as ferroptosis-related phenotype genes.

Dimension reduction and construction
of ferroptosis-related phenotype
gene signatures

We tried to quantify ferroptosis-related phenotypes to better
assess the degree of tumor development in AML patients. First,
the ferroptosis-related phenotype genes identified by the GEO
group and TCGA group were intersected, and a total of 317
overlapping genes were screened. We considered these genes to
be ferroptosis-related phenotype signature genes. The
phenotypic genes related to the prognosis of AML patients in
the GEO group and TCGA group were further screened for
dimension reduction and defined as the ferroptosis-related
phenotype gene set. Single-sample gene set enrichment
analysis (ssGSEA) can calculate the ferroptosis-related
phenotype gene set enrichment score of individual samples,
indicating the degree to which these genes are synergistically
upregulated or downregulated in the sample, and the degree of
development of ferroptosis-related phenotypes is positively
correlated with the overall expression levels of these genes.
Therefore, we used ferroptosis-related phenotype gene set
enrichment scores, collectively named the FSscore, to quantify
ferroptosis-related phenotypes.

Correlation analysis of ferroptosis-
related molecular patterns and other
biological characteristics, such as
immune escape, lipid metabolism, and
inflammation development

To explore the sensitivity of different molecular patterns to

the occurrence of ferroptosis, we collected lipid metabolism-
related signaling pathways and other gene sets that have been

frontiersin.org


https://xenabrowser.net/datapages/
https://portal.gdc.cancer.gov/
https://string-db.org
https://doi.org/10.3389/fonc.2022.888570
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Zhong et al.

confirmed to be related to ferroptosis through the MSigDB
database. To determine the degree of immune escape and
inflammation development of molecular patterns with different
phenotypes, we used a series of gene sets designed by
Mariathasan et al. (40), including immune checkpoint,
angiogenesis, nucleotide excision repair, DNA damage repair,
mismatch repair gene sets and gene sets related to cell adhesion,
tumor angiogenesis, and inflammatory response signaling
pathways from the MSigDB database. MDSCs are closely
related to tumor immune escape (41). From the study of
Charoentong et al., we obtained the marker genes of MDSCs
(42). Finally, we used the tumor immune dysfunction and
exclusion (TIDE) website (http://tide.dfci.harvard.edu/) to
predict the TIDE score of samples with different ferroptosis-
related phenotypes to verify the immune escape level (43).

Immune checkpoint blockade response,
drug sensitivity prediction, and small
molecule drug screening

We collected the genomic and clinical information of two
immunotherapy groups: an anti-PD-L1-treated advanced
urothelial cancer cohort (IMvigor210) (40) and an anti-PD-1-
treated metastatic melanoma cohort (GSE78220) (44). The gene
expression data of the two cohorts were transformed to TPM
values. The Genomics of Drug Sensitivity in Cancer (GDSC;
https://www.cancerrxgene.org/) database was used to predict the
sensitivity of all patients to 138 chemotherapy drugs, and the
“pRRophetic” package was used to calculate the value of half-
maximal inhibitory concentration (IC50) (45, 46). Then, we
uploaded the genes that were upregulated and downregulated in
immunosuppression phenotypes to the CMap database (47) and
used the mode-of-action (MoA) analysis function of the
website to predict the potential small molecule drugs to
regulate ferroptosis-related phenotypes and targets to induce
therapeutic effects.

In vitro assays

Human AML cell lines HL-60 and THP-1 were cultured in
RPMI1640 medium containing 10% fetal bovine serum and 1%
penicillin-streptomycin at 37°C and 5% CO2. Cell counting Kit
(CCK-8) (Bioss, BA00208, USA) was used to evaluate cell
viability. The cells were inoculated into 96 well flat bottom
microtiter plates with a density of 20000 cells per well, and then
treated with different concentrations of RSL3 or (and)
ferrostatin-1 for 48 hours. After that, 10 ul CCK-8 reagent was
added to each well and incubated at 37 °C for 2.5 h. The
absorbance of the cells at 450 nm was measured by microplate
reader. Western blot analysis was used to detect the expression
of GPX4. Antibodies used were rabbit anti-GAPDH
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(1: 1000, #5174) from Cell Signaling Technology (Danvers,
MA, USA) and anti-GPX4 (1:1000, T56959) from Abmart
(Shanghai, China).

Statistical analysis

The Wilcoxon rank-sum test and Kruskal-Wallis test were
used to determine the difference between two groups and
multiple groups, respectively. The “survminer” package was
used to determine the cutoff point of various scores and divide
patients into high and low groups. The log rank test was used to
determine the significance of Kaplan-Meier survival analysis.
Univariate Cox regression analysis was used to calculate the
hazard ratios (HRs). Multivariate Cox regression analyses
further determined independent prognostic factors. The
“forestplot” package was used for univariate and multivariate
independent prognostic analysis. The specificity and
sensitivity of the FSscore were evaluated by receiver
operating characteristic (ROC) curve analysis, and the
“pROC” package was further used to determine the area
under the curve (AUC). The “maftools” package was used to
show the characteristics of somatic mutations in TCGA-LAML
patients. The chromosomal location where the copy number
variation in FRGs occurred was described with the “RCircos”
package. A two-sided p value < 0.05 was considered to indicate
statistical significance.

Results

Variation landscape of FRGs in AML

The phenotype of organisms is mainly regulated by gene
expression, and the occurrence of ferroptosis is no exception. To
explore the relationship between ferroptosis and AML, we first
analyzed the genetic characteristics of FRGs in AML cells. Based
on the transcriptome sequencing data of tumor samples and
normal blood samples from AML patients, we observed that
most FRGs were upregulated in AML (Figure 1A). The high
expression of these genes may play an important role in the
occurrence and development of AML. We further analyzed the
copy number variation (CNV) frequency of FRGs in AML
patients, and 27 genes had copy number gain or loss. High
expression of PTGS2, TFRC, HSPBI, SQLE, RPL8, NCOA4,
FADS2, KEAPI, and SLCIA5 may be related to an increase in
CNV frequency (Figure 1B). Figure 1C shows the location of
FRGs on the chromosome where CNVs occurred. The
occurrence of leukemia is closely related to gene mutations,
and we summarized the somatic mutations of FRGs. Among 134
samples, 17 had gene mutations, and TP53 had the highest
mutation frequency (Figure 1D). To better explore the
interaction between these genes, we further analyzed the
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FIGURE 1

Genetic characteristics of FRGs in AML patients. (A) The heatmap depicts the difference in the expression of 60 FRGs in AML samples and

normal samples. Wilcoxon test, *P < 0.05; **P < 0.01; *P < 0.001. (B) CNV frequency of FRGs in the TCGA cohort. (C) The position of FRGs on
23 chromosomes where CNV occurred in the TCGA cohort. (D) Somatic mutations of 60 FRGs in 134 TCGA-LAML patients. Each column in the
waterfall diagram represents the mutation type of each patient, the upper part shows the TMB of each patient, and the right side shows the
mutation frequency and mutation type ratio of FRGs. The ratio of different base transitions is shown below. (E) The expression of 60 FRGs in
TP53 mutation-type patients and wild-type patients, Wilcoxon test, *P < 0.05; **P < 0.01. (F) The interaction of FRGs in AML patients and its
relationship with prognosis. Spearman correlation analysis was used to calculate the correlation between FRGs; p<0.001 indicates correlation,
pink lines represent a positive correlation, and blue lines represent a negative correlation. Univariate Cox regression analysis was used to
calculate the HRs to identify the relationship between FRG expression and prognosis. HR<1: Favorable factors for prognosis, indicated by a
green semicircle. HR>1: Risk factors for prognosis, indicated by a purple semicircle. The size of the circle indicates the degree of association
between the gene and the prognosis. The larger the circle is, the stronger the association with the prognosis.

difference in the expression of FRGs between TP53 mutation-
type and wild-type patients, the correlations among FRG
expression levels, and the prognostic value of FRGs in AML
patients. The results showed that compared with that in the
TP53 wild-type patient group, the expression of 9 FRGs, such as
PTGS2, was upregulated in the mutant patient group, and the
expression of 10 FRGs, such as PGD, was downregulated
(Figure 1E). Correlation analysis showed that the expression
levels of most FRGs were positively correlated; for example,
TP53 expression was positively correlated with the expression of
other FRGs (Figure 1F and Table S3). Univariate Cox regression
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analysis showed that 10 FRGs such as TP53 and PHKG2, were
favorable factors in terms of the prognosis of AML (Figure 1F
and Table S4). High expression of these genes indicated a better
prognosis for AML patients. The remaining FRGs were risk
factors. The mutation of TP53 in AML often indicates a poor
prognosis, poor cytogenetic risk and immunosuppression (48,
49). In connection with the differential expression of FRGs in
AML and normal samples, we observed that PTGS2, CBS,
CHACI, GCLM, SLCIAS5, HSPBI, and ALOXI2 were highly
expressed in AML samples and patients with TP53 mutations
and also showed significant positive correlations in terms of
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expression levels, indicating that they are also risk factors in
terms of the prognosis of AML patients.

Based on the above results, we observed that the genetic
changes in FRGs in AML samples versus normal samples,
including gene structure, number, and expression, were highly
heterogeneous, indicating that FRGs may have a profound
impact on the occurrence and development of AML.

Identification of ferroptosis-related
molecular patterns and analysis of their
biological characteristics

To further analyze the influence of FRGs on the biological
functions of AML, we first performed Kyoto Encyclopedia of
Genes and Genomes (KEGG) enrichment analysis and found
that these genes are involved in many signaling pathways related

10.3389/fonc.2022.888570

to lipid metabolism, energy metabolism and ferroptosis (Figure
S2A). The PPI network also shows that FRGs have complex
interactions at the protein level (Figure S2B). The high
correlation between FRGs at the mRNA and protein
expression levels indicates that the combined effect of these
genes may have an important impact on the biological process of
AML. Therefore, we performed unsupervised clustering based
on the expression of FRGs in the TCGA cohort. The clustering
results showed that AML patients in the TCGA cohort were
divided into three different molecular patterns, named
TCGA.FScluster A-C (Figure S2C, and Table S5), and t-SNE
verified the stability of the clustering results (Figure S2D). We
observed that most of the FRGs in FScluster B were upregulated
(Figure S2E). Survival analysis showed that TCGA.FSclusters A
and C were related to a better prognosis, while TCGA.FScluster
B was related to a worse prognosis (Figure 2A). To verify these
clustering characteristics, we expanded the number of patients
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ferroptosis-related molecular pattern groups in the TCGA cohort, log rank test. (B) Kaplan—Meier survival analysis of different ferroptosis-related
molecular pattern groups in the GEO cohort, log rank test. (C—E) GSVA showed the activation levels of biological pathways in different
ferroptosis-related molecular pattern groups in the GEO cohort. (F) The infiltration ratio of various TME cells in three ferroptosis-related
molecular pattern groups in the GEO cohort, Kruskal-Wallis test, **P < 0.01; ***P < 0.001.
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and performed the same analysis on the microarray data of AML
patients in the GEO database. Since GSE146173 contains high-
throughput sequencing data, expression data for some of the
FRGs is missing in GSE37642-GPL96. These two sets of data
were used for verification. We merged only the remaining AML
chip data (GSE12417-GPL570, GSE10358, GSE37642,
GSE71014) for the GEO group. We clustered the GEO group
and obtained three completely different subgroups, named
GEO.FScluster A-C (Figures S2F, G and Table S6) and verified
by t-SNE (Figure S2H). Survival analysis showed that patients in
GEO.FScluster B had a worse prognosis, while patients in
GEO.FSclusters A and C had a better prognosis (Figure 2B).
We further analyzed the biological characteristics of the
molecular patterns. GSVA showed that compared with
FScluster A, FSclusters B and C were enriched a large number
of inflammatory immune and cancer-promoting signaling
pathways in both the TCGA group and the GEO group, and
the enrichment degree of FScluster B was higher than that of
FScluster C; the enriched pathways included the chemokine
signaling pathway, cytokine-cytokine receptor interaction, the
NOD-like receptor signaling pathway, the Toll-like receptor
signaling pathway, the TGFf signaling pathway, the JAK-
STAT signaling pathway, cell adhesion and the MAPK
signaling pathway (GEO group: Figures 2C-E and Table S7,
TCGA group: Figures S3A-C and Table S8). In the past,
inflammatory immune pathways were thought to be limited to
immune cells activating immune responses, but an increasing
number of studies have shown that TLRs, NLRs, chemokines
and cytokines highly expressed by tumor cells can promote
immune escape (32, 50, 51). Further analysis of TME cell
infiltration showed that FSclusters A and C in the GEO group
and TCGA group showed a large amount of innate immune cell
infiltration, including NXK cells, eosinophils, mast cells, dendritic
cells and adaptive immune cells. Infiltrations included naive B
cells, CD8+ T cells, and resting memory CD4+ T cells (GEO
group: Figure 2F and Table S9, TCGA group: Figure S3D and
Table S10). FScluster B showed increased infiltration of memory
B cells, monocytes, M2 macrophages and neutrophils. Both
FScluster A and C patients with immune activation showed a
better prognosis, while the high infiltration of inflammatory cells
in FScluster B indicated the deterioration of the tumor’s
inflammatory microenvironment and the suppression of the
patient’s immune function, which are indicators of a

poor prognosis.

Analysis of the sensitivity of different
molecular patterns to the occurrence
of ferroptosis

To explore the relationship between tumor cells and

ferroptosis in AML patients with different TMEs and prognostic
status, we further analyzed various factors that affect the
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occurrence of ferroptosis. The occurrence of ferroptosis is often
accompanied by abnormal lipid metabolism. We examined the
characteristics of lipid metabolism among different ferroptosis-
related molecular pattern groups. In the GEO and TCGA cohorts,
we observed that FScluster B had the strongest lipid metabolism,
while FScluster A had the weakest lipid metabolism (GEO group:
Figures S4A-C and Table S11, TCGA group: Figures S5A-C and
Table S12). We conducted in-depth analysis on the GEO group
with a larger number of patients and found that the fatty acid
metabolism, degradation, elongation signaling and unsaturated
fatty acid biosynthesis signaling pathways were significantly
activated in FSclusters A and B compared to FScluster C. The
occurrence of ferroptosis depends on phospholipids containing
polyunsaturated fatty acid chains (PUFA-PL). The biosynthesis of
unsaturated fatty acids creates conditions for the occurrence of
ferroptosis. Polyunsaturated fatty acids mainly include linoleic
acid, linolenic acid and arachidonic acid. We also observed that
the metabolism of linoleic acid and arachidonic acid was
enhanced in FScluster C. Based on the results of GSVA, we
further constructed four lipid metabolism scores for unsaturated
fatty acid biosynthesis, linoleic acid metabolism, o-linolenic acid
metabolism and arachidonic acid metabolism, and named them
the BUFAscore, LAMscore, ALAMscore and AAMscore,
respectively (Table S13). Kruskal-Wallis test results showed that
BUFAscore was higher in FSclusters A and B, the AAMscore and
LAMscore were higher in FScluster C, and the ALAMscore was
only slightly upregulated in FScluster B (Figures 3A-D). These
lipid metabolism characteristics indicate that FSclusters A and B
may be more sensitive to the occurrence of ferroptosis. Taken
together, the biological characteristics of each subtype indicate
that the massive infiltration of immune cells in FScluster A may
induce ferroptosis. Although FScluster B was represented by
immunosuppression, the worsening of inflammation confers a
hypoxic and ROS-enriched TME, which in turn promotes lipid
peroxidation and increases the sensitivity of tumor cells
containing high levels of unsaturated fatty acids to ferroptosis.
We constructed a hypoxia score based on the enrichment analysis
of the hypoxia signaling pathway (Table S13). The difference
analysis showed that the hypoxia score was the highest in
FScluster B (Figure 3E). This result verified our conjecture. In
the above, we observed the activation of the tumor cell
inflammatory immune pathway in FScluster C, which may
promote the immune escape of tumor cells, prevent the
occurrence of ferroptosis induced by immune cells, and a low
degree of hypoxia in the weak inflammatory environment of
FScluster C, so the tumor cells in FScluster C are more resistant
to ferroptosis.

We also analyzed the relationship between BUFAscore and
patient prognosis in each ferroptosis-related molecular pattern
group. Patients with a high BUFAscore in FSclusters A and B
had poor survival (Figures S6A, B). In FScluster C, patients with
a high BUFAscore had better survival, but there was no
significant difference (Figure S6C). Patients in FScluster B have
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Analysis of the metabolic characteristics of unsaturated fatty acids in ferroptosis-related molecular patterns and other factors affecting
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GEO group. (H, ) Differences in genes and signaling pathways that affect ferroptosis among different ferroptosis-related molecular patterns,

Kruskal—Wallis test, **P < 0.01; ***P < 0.001.

poor prognostic characteristics, and we analyzed the relationship
between lipid metabolism and prognosis in this molecular
pattern. By unsupervised clustering of lipid metabolism
signaling pathway enrichment scores, we further divided
FScluster B into FSclusters B1 and B2 (Figures S6D, E).
Survival analysis showed that patients in FScluster Bl had a
worse prognosis (Figure 3F). Lipid metabolism pathway
enrichment analysis showed that fatty acid metabolism and
synthesis-related signaling pathways and unsaturated fatty acid
biosynthesis signaling pathways were activated in FScluster B1,
and unsaturated fatty acid metabolism signaling pathways,
including linoleic acid, o-linolenic acid and arachidonic acid
pathways, were significantly enriched in FScluster B (Figure 3G).
These results indicate that with the deterioration of the TME in
patients with AML, the tumor cells of patients with poor
prognosis exhibit enhanced fatty acid metabolism and
unsaturated fatty acid biosynthesis, and the enhanced
metabolism of unsaturated fatty acids suggests a better
prognosis for patients.

To better assess the propensity for the occurrence of
ferroptosis between different molecular patterns, we
summarized the genes and signaling pathways that promote
and inhibit ferroptosis through existing research (5). ACSL4,
LPCAT3, YAPI, HIF-20, TP53, BAPI, IFNG, and HOMOX1 and
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the TCA cycle, hypoxia, reactive oxygen signaling pathway and
glutathione metabolism signaling pathways have been proven to
promote the occurrence of ferroptosis. GPX4, FSP1, GCHI,
SLC7A11, NRF2, DHODH, AMPK and the HIPPO signaling
pathway have inhibitory effects. The results of the Kruskal-
Wallis test showed that ACSL4, HMOX1, and GCHI were highly
expressed in FScluster B, while FScluster A mainly showed high
expression of ferroptosis inhibitory genes such as GPX4 and
DHODH. FScluster C was characterized by low expression of the
ferroptosis-promoting genes YAPI, HIF-2a, and IFNG, and high
expression of the ferroptosis-suppressor genes SLC7A11, NRF2,
and AMPK (GEO group: Figure 3H, TCGA group: Figure S7A).
The ferroptosis signaling pathway was highly activated in
FScluster B, and the activity of inhibiting the ferroptosis
signaling pathway was significantly reduced; the opposite was
true for FSclusters A and C (GEO group: Figure 31 and Table
S14, TCGA group: Figure S7B and Table S15). These results
indicate that the expression of FRGs in ferroptosis-related
molecular patterns is specific, and the connection between
these genes and the relationship between these genes and
ferroptosis in AML needs further discussion and research.
However, ferroptosis-related pathways show a high degree of
consistency. In cluster B, which was associated with the worst
prognosis, the proferroptosis pathways were uniformly
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activated, while the antiferroptosis pathways were inhibited.
These findings combined with the characteristics of lipid
metabolism indicate that tumors cells in FScluster B have a
higher tendency to undergo ferroptosis than those in
other clusters.

Phenotypic analysis of ferroptosis-related
molecular patterns

To better identify and verify the phenotypes of the three
ferroptosis-related molecular patterns, we first identified the
DEGs shared between the molecular patterns. A total of 1883 and
1222 shared DEGs were identified in the GEO and TCGA groups,
respectively (Figures S8A, B). In the GEO group and TCGA group,
three different genomic subtypes were further identified through
unsupervised clustering and were named GEO.geneCluster A-C
and TCGA.geneCluster A-C (Figures S8C-F and Tables S5, S6).
This indicates that there are indeed three molecular patterns in
AML patients. We analyzed the biological and clinical
characteristics of genomic subtypes. We found that the three
genomic subtypes were very similar to the previously identified
ferroptosis-related molecular patterns. In the GEO group, we
observed that FScluster A and geneCluster A had a high degree
of overlap. Some of the samples in FScluster B and in FScluster C
constituted geneCluster C, and the remaining samples in FScluster
B were classified into geneCluster B (Figure S9A). In the TCGA
group, some samples in FScluster A corresponded to geneCluster A,
some samples in FScluster C and FScluster B were in geneCluster B,
and the remaining FScluster A and C samples formed geneCluster
C (Figure S9B). These results seem to suggest that AML samples are
divided into three biological states based on the nodes of two
biological processes. Through survival analysis, it was found that in
the GEO and TCGA groups, the patients with samples in
geneCluster A had a better prognosis, and the patients with
samples in geneCluster B and C had a worse prognosis; the
patients with samples in geneCluster C were mostly derived from
EScluster C but showed a worse prognosis (Figures S9C, D). We
performed GSVA and TME cell infiltration analysis again on
genomic subtypes, and the results showed similar biological
characteristics to ferroptosis-related molecular patterns (Figures
S10A-D, S11A-D). Samples in geneClusters A and C were
characterized by a large number of infiltrating immune cells, and
those in geneCluster B presented an immunosuppressive state and
highly activated inflammation status. Samples in geneCluster C also
showed enrichment of a large number of inflammatory and
immune signaling pathways. Based on this, we reasonably
hypothesized that the changes in the inflammatory
microenvironment in geneCluster C versus geneCluster A
promote further immune escape of tumor cells and that the cells
in this cluster are different from solid tumor cells that can directly
pass through the surrounding matrix to block the attack of immune
cells. As a hematological tumor, AML creates favorable survival
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conditions by reshaping the bone marrow microenvironment.
These changes may be reflected in the promotion of tumor
angiogenesis and abnormal adhesion to the niche.

Subsequent analysis showed that AML cells in geneCluster C
exhibited high expression of immune checkpoints, stimulated
tumor angiogenesis, highly activated cell adhesion-related and
inflammation-related signals, and more MDSC infiltration than
cells characterized by other ferroptosis-related molecular patterns.
These malignant changes were more obvious in the genomic
subtypes (GEO group: Figures 4A, B and Table S16, TCGA group:
Figures S12A, B and Table S17). These results show that compared
with that in cells of geneCluster A, the AML TME in cells of
geneCluster C was further deteriorated, the immune escape of
AML cells was enhanced, and the expression level of DEGs shared
between the ferroptosis-related molecular patterns was positively
correlated with the immune and inflammatory microenvironment
characteristics. Further unsupervised clustering rearranged AML
patient samples and divided them into three more accurate
phenotypes, which we defined as the following ferroptosis-
related phenotypes: The immune activation phenotype,
corresponding to FScluster A and geneCluster A, was
characterized by innate immune cell and adaptive immune cell
infiltration and the best patient prognosis. The immune exclusion
phenotype, corresponding to FScluster C and geneCluster C, was
characterized by innate and adaptive immune cell infiltration and
an inflammatory microenvironment, and with the development of
inflammation, immune escape increased; patient prognosis for
this phenotype ranked second. The immunosuppression
phenotype, corresponding to FScluster B and geneCluster B, was
characterized by a high degree of inflammatory cell infiltration
and inflammatory microenvironment development, with the
strongest immune escape ability, and corresponded to the worst
prognosis in patients. To verify the characteristics of immune
escape of the three ferroptosis-related phenotypes, we analyzed a
TCGA dataset, which included RNA-seq data, on the TIDE
website. Through the differential analysis of the calculated TIDE
scores, we found that among the ferroptosis-related molecular
patterns and the genomic subtypes, cluster B had the highest
score, cluster C scored second, and cluster A scored the lowest
(Figures 4C, D). This result verified the immune escape
characteristics of the ferroptosis-related phenotypes. We also
calculated the difference in TIDE scores between FScluster C
and geneCluster C and found that the TIDE score of FScluster C
was higher (Figure 4E and Table S18). This is because some
samples in FScluster C and some samples in FScluster A with
better ferroptosis-related phenotypes constituted geneCluster C,
so the overall biological status of patients with sample in
geneCluster C was better than that of patients with samples in
FScluster C, while the immune escape ability was weaker.
Similarly, the immune escape ability of geneCluster A was also
weaker than that of FScluster A (Figure 4F). These results can be
explained by the distribution characteristics of AML patients with
different phenotypes in each cluster.
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Analysis of TME characteristics associated with ferroptosis-related phenotypes. (A, B) Differences in pathway signatures related to tumor
development and the infiltration level of MDSCs in the TME of ferroptosis-related molecular pattern and genomic subtype groups in the GEO
cohort. (C—F) Differences in TIDE scores of ferroptosis-related molecular pattern and genomic subtype groups in the TCGA cohort. (G-1)
Differences in gene signatures related to tumor development in the TME of ferroptosis-related molecular pattern and genomic subtype groups
in the GEO cohort, G: Immune checkpoint-related genes, H: cytokines related to inflammation associated with AML, |: cell adhesion molecules
associated with AML. Kruskal-Wallis test, *P < 0.05; **P < 0.01; ***P < 0.001.

Transcriptome characteristics of
ferroptosis-related phenotypes

To further explore the relationship between ferroptosis-
related phenotypes and immunity and inflammation. We
analyzed the mRNA expression of related cytokines and
chemokines in genomic subtypes. It has been reported in the
literature that PD-L1, CTLA-4, IDO1, LAG3, HAVCR2, PD-1I,
PD-L2, CD80, CD86, TIGIT and TNFRSF90 are considered
immune checkpoint-related genes (40); TNF, IL6, IFNG, ILIA,
IL1B, IL3, CSF2, TGFBI, IL10, ILRN, and IL2A are considered to
be cytokines related to inflammation associated with AML (52);
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TGFB2, ITGAM, VCAMI, CDHI1, CDH2, CDH5, PTPRC, SDC1,
GJAI, SLC7A5, CXCR4, PTK2, PTK2B, and ILK are considered to
be cell adhesion molecules associated with AML (53). We
observed that genes related to immune checkpoints,
inflammatory cytokines and cell adhesion molecules were highly
expressed in geneClusters B and C (GEO group: Figures 4G-I,
TCGA group: Figures S12C-E). These results once again indicate
that there are indeed ferroptosis-related phenotypes with obvious
immune and inflammatory characteristics in the occurrence and
development of AML. Promoting inflammation development and
cell adhesion-related signaling pathways and related genes are
highly activated or highly expressed in tumor cells of patients with
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an immune exclusion phenotype, because patients with this
phenotype have more innate and adaptive immune cell
infiltration in the TME, and tumor cells show high activity of
these signaling pathways to avoid the attack of immune cells.
Although these pathways are also obviously activated in AML cells
of patients with an immunosuppression phenotype, their
activation degree is lower than that in AML cells of the immune
exclusion phenotype. This may be because immune cells with this
phenotype are suppressed and there is a high degree of
inflammation to promote immune escape. Therefore, there is no
need to overactivate these signaling pathways or overexpress
these genes.

Quantification of ferroptosis-related
phenotypes and analysis of associated
clinical characteristics

The ferroptosis-related phenotypes of AML patients indicate a
pathological state that gradually deteriorates from immune
activation to immune exclusion to immune suppression.
However, the phenotype can only qualitatively assess patient
stage. To better evaluate the tumor development of individual
patients with AML, we used the ssGSEA method to calculate the
enrichment score of the ferroptosis-related phenotype gene
signatures to quantify the ferroptosis-related phenotypes with a
metric named the FSscore. Gene ontology (GO) and KEGG
analyses showed that these genes were closely related to
immunity and inflammation (Figures 5A, B), and the PPI
network also showed a high degree of interaction (Figure 5C).
The Kruskal-Wallis test compared the differences in FSscore
between different ferroptosis-related molecular patterns and
between different genomic subtypes (Figures 5D-G). Patients
with an immune activation phenotype had the lowest FSscore,
followed by patients with an immune exclusion phenotype, and
patients with an immunosuppression phenotype had the highest
FSscore. Kaplan-Meier curve survival analysis was performed for
AML patients divided into high FSscore and low FSscore groups
based on the cutoff value identified by the survminer package.
Among the GEO and TCGA groups, the prognosis of patients in
the low FSscore group was significantly better than that of patients
in the high FSscore group [GEO group, HR 3.178 (1.817-5.556);
TCGA group, HR 3.533 (1.701-3.338)] (Figures 5H, I). ROC curve
analysis showed that the FSscore can accurately predict the
prognosis of AML patients (Figures 5]-K). The heatmap showed
that the low FSscore group matched FScluster A and geneCluster A,
and the high FSscore group corresponded to FScluster B-C and
geneCluster B-C (Figures 6A, B). The alluvial diagram showed the
differences in the attributes of individual patients (Figures 6C, D).
These results shows that the FSscore can quantify the ferroptosis-
related phenotypes of AML patients well.

Next, to further evaluate the ability of the FSscore to predict
the prognosis of patients, we conducted an independent
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prognostic analysis of the FSscore together with other clinical
characteristics of AML patients. Both univariate and multivariate
independent prognostic analyses confirmed that the FSscore is an
independent and reliable prognostic marker (Figures 6E, F). We
verified the prognostic value of the FSscore in all independent
cohorts of GEO group [GSE10358, HR 2.34 (0.80-6.86);
GSE12417-GPL570, HR 2.60 (0.79-8.52); GSE37642, HR 2.81
(1.17-6.77); GSE71014, HR 6.93 (1.88-25.57)] (Figures S13A-D).
We also verified the results in the other two sets of AML
transcriptome data. Both chip data (GSE12427-GPL96, HR 0.97
(0.41-2.34)) and high-throughput sequencing data (GSE146173,
HR 1.50 (0.67-3.39)) showed that patients with a high FSscore had
a poorer prognosis than patients with a low FSscore (Figures S13E,
F). Finally, we evaluated the prognostic value of the FSscore in 33
TCGA pancancer datasets including 10496 tumor samples.
Although the analysis results showed some differences, the
prognosis of patients in 12 TCGA tumor cohorts could be
accurately predicted (Figure 6G). These results all show that the
FSscore can be used as a good prognostic marker.

We also assessed the correlations among known signatures
such as immune infiltration, lipid metabolism, inflammation
and FSscore. The infiltration of monocytes, M2 macrophages,
resting dendritic cells, and neutrophils showed a significant
positive correlation with the FSscore, while the infiltration of B
cells, T cells, mast cells, NK cells, and mast cells was negatively
correlated with the FSscore (GEO group: Figure 6H, TCGA
group: Figure S13G). The activity of most lipid metabolism
pathways was positively correlated with the FSscore (GEO
group: Figure 61, TCGA group: Figure S13H). In the high
FSscore group, pathways such as immune checkpoints, tumor
angiogenesis, adhesion, and inflammation were activated, and
MDSCs were highly infiltrated. In the low FSscore group, the
activity of DNA damage repair signaling pathways was
significantly increased (Figures 6], K). These results clearly
show that a low FSscore is closely related to immune
activation, and a high FSscore is related to inflammatory cell
infiltration, lipid metabolism activation, deterioration of the
TME, and the enhanced immune escape ability of tumor cells
through adhesion, which suggests a harsh TME. In summary,
the FSscore can well assess the development status of ferroptosis-
related phenotypes in AML patients and has profound guiding
significance for judging the individual characteristics and clinical
treatment outcomes of AML patients.

The relationship between
clinicopathological factors, tumor
somatic mutations and ferroptosis-
related phenotypes in AML patients

The TCGA database has provided more comprehensive

clinical annotations and somatic mutation data for AML
patients. We further explored the relationship between

frontiersin.org


https://doi.org/10.3389/fonc.2022.888570
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Zhong et al. 10.3389/fonc.2022.888570
immune syt roces | ®
immune response | e
cell activation - Y
sccretion - °
leukocyte activation - °
secretion by cell | °
immune effector process -|
leukocyte mediated immunity -
cllactivation involved inimmune | o
resy b
leukocyte activation imvohed | g
immune response | °
exocytosis| @
“logl0(pvalue) .
‘myeloid leukocyte activation 4 >
myeloid cell activation involved | o 22
in immune response 7|
leukocyte degranulation | @ 2
myeloid leukocyte mediated immunity |~ ® 2
granulocyte activation | ® 2
neutrophil actvation involved in | o "
immune responsc
neutrophil activation | @
neutrophil degranulation{ @
‘neutrophil mediated immunity -
0.2 0.3 D‘A
GeneRatio
D E H I
GEO.FScluster £ A 5 8 3 ¢ GEO.geneCluster £ A 53 8 &3 © .
p<azmente oz . el ors
45005 p<2220-16 g g
p<2.220-16 p<2.220-16 g H
10 12 10 1% Boso] ---N--oo--t Sosof -----
£ o B 3
g
o s g : ¢ i
g T g SRS 302 : 302 :
. fté.f <.001 <0.001
;; - E k>3 pq P 0
Los{  ¥er Lo = : :
¥ 000 ' : 000,
ot 0 1 2 3 4 5 6 7 8 10 11 12 13 14 15 [ 1 2 3 4 5 6 7 8
ey Time(years) Time(years)
o Numberatrisk o Numberatrisk
00 00 Sojmmepanrenez o0 wde oy s w8 sz 0
Hon| 201132 82 58 3% 27 25 20 11 2 2 1 1 1 1 1 worlie 55 2 15 8 3 2 1 o
B c B = 0 1 4 5 6 7 8 9 10 11 12 13 14 15 & [] 1 2 3 4 5 6 7 8
GEO FScluster GEO geneCluster Time(years) Timelyears)
F TCGAFScluster B3 A £ 8 B3 C G TCGAgeneCluster B A 1 8 B3 ¢ J o K. .
550-10 p<222-16
13014 22616 3 34
35e-15 <2226-16
— s —Rs22ets
1.0 ole. 10 o © | © |
o . s z s
Sy % 3 %
H ° 5 H
8 8 3 34 3 3
2 4
05 05 o ~
° ~—— AUC at 1 years: 0.645 s 7 ~—— AUC at 1 years: 0.674
— AUCat3 years: 0.607 — AUC at 3 years: 0.628
o | — AUC at 5 years: 0.597 o | — AUC at 5 years: 0.692
< T T T T T T ° T T T T T
0.0 0.0 0.0 0.2 04 06 0.8 10 0.0 02 04 086 08 10
B c B
TCGA FScluster TCGA geneCluster 1-Specificity 1-Specificity
FIGURE 5

Analysis TME characteristics associated with ferroptosis-related phenotypes. (A, B) GO annotation and KEGG pathway enrichment analysis
showed the functions of the ferroptosis-related phenotype signature genes. (C) PPl network of ferroptosis-related phenotype signature genes.
(D—@) Differences in the FSscore of ferroptosis-related molecular patterns and genomic subtypes in GEO and TCGA groups, Kruskal-Wallis test.
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rank test. (3, K) The ROC curves showed the specificity and sensitivity of the FSscore; (3): GEO group, (K): TCGA group.

ferroptosis-related phenotypes and these clinical characteristics.
Through Fisher’s exact test, we analyzed the differences in
clinicopathological factors between the high and low FSscore
groups (Figure 7A and Table S19), among which cytogenetic
risk, FAB classifications, and white blood cell (WBC) count were
significantly different. The high FSscore group had more patients
with poor cytogenetic risk, a high WBC count, and M4 and M5
classifications, while the low-risk group had a higher proportion
of M1-M3 patients (Figures 7B-D). Based on the characteristics
of ferroptosis-related phenotypes, we can understand these
results well. The immune exclusion and immunosuppression
phenotypes corresponding to a high FSscore are accompanied by
higher inflammatory cell infiltration, which indicates a higher
proportion of WBCs. For example, neutrophils, account for
approximately 50-70% of the proportion of WBCs (54), and a
high WBC count has been included as a poor prognostic factor
for AML (55), so the high FSscore group showed a higher WBC
count. Another validation cohort (GSE146173) also had
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abundant clinical information, and we observed that the high
FSscore group showed the same characteristics (Figures S14A-D
and Table S20).

Based on the poor cytogenetic risk of patients in the high
FSscore group, we further analyzed the frequency and
distribution of somatic mutations between the high and low
FSscore groups in the TCGA group using the maftools package.
As shown in Figures 7E, F, the overall gene mutation frequency
of AML patients was not high. The low FSscore group had a
lower percentage of mutated samples, and the gene mutation
frequency was similar to the average expected value. The high
FSscore group had a higher percentage of mutated samples. The
mutation rate of the top 20 mutated genes ranged from 2%- 15%,
and only a few samples in both groups showed high TMB.
Spearman correlation analysis indicated that FSscore and TMB
showed a significant negative correlation with each other
(Figure 7G). Many studies have shown that high TMB in
cancer is associated with a better prognosis (56, 57), which
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FIGURE 6

Distribution characteristics and prognostic value analysis of the FSscore, correlation analysis between characteristics of the TME and FSscore.

(A, B) Differences in patient distribution, clinicopathological factors and phenotype signature gene expression of the high and low FSscore
groups in the GEO and TCGA cohorts, the blank in the annotation of FSscore group in the TCGA cohort is due to the lack of clinical information
of corresponding patients. (C, D) Alluvial diagram showing the changes in ferroptosis-related molecular patterns, genomic subtypes, FSscore
and patient status. (E, F) Univariate and multivariate independent prognostic analysis of FSscore, E: GEO group, F: TCGA group. (G) Prognostic
value of the FSscore in pancancer datasets. (H) Correlation analysis between the levels of TME cell infiltration and the FSscore in the GEO group.
(1) Correlation analysis between levels of lipid metabolism and the FSscore in the GEO group. (3, K) Differences in pathway signatures related to
tumor development and the infiltration level of MDSCs in the TME in the high and low FSscore groups. D: GEO group, E: TCGA group, Wilcoxon
test. *P < 0.05; **P < 0.01, ***P < 0.001.

may be because tumor cells in patients with high TMB express with a low FSscore have a high TMB and better response to
more immunogens that are recognized by immune T cells and immunotherapy. Moreover, we previously confirmed that the
because anti-PD-1/PD-L1 treatment has a better effect in these immune exclusion and immunosuppression phenotypes
patients. Therefore, we analyzed the relationship between corresponding to a high FSscore are closely related to strong
FSscore and immunotherapy response in the two immune immune escape ability. We again quantitatively analyzed the
checkpoint inhibitor treatment cohorts (IMvigor210, difference in TIDE score between the high and low FSscore
GSE78220), and we observed that in the two cohorts, patients groups. The TIDE score was significantly higher in the high
in the low FSscore group had a better prognosis and that the FSscore group (Figure 7]). Correlation analysis showed that the
proportion of patients who responded to immunotherapy was FSscore and TIDE score were highly positively correlated
higher (Figures 7H, I). This may indirectly prove that patients (Figure 7K). Finally, we explored the relationship between
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resistant Treatment
Tyve

FSscore and chemotherapy resistance. In the GSE146173 cohort, high FSscore is accompanied by the enhanced ability of AML

we analyzed the difference in FSscore between drug-resistant and cells to adhere to the bone marrow niche, and it is easy to avoid
nonresistant patients, and the results showed that the FSscore of the attack of chemotherapy drugs, which may be one of the
drug-resistant patients was significantly higher (Figure 7L). A reasons for the occurrence of drug resistance. The above results
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indicate that the FSscore is closely related to clinical laboratory
test indicators, somatic mutations, immunotherapy, immune
escape, and drug resistance, which can facilitate clinical
treatment decision making.

Sensitivity analysis of anticancer
drugs and prediction of targeted
small molecule drugs for ferroptosis-
related phenotypes

Patients with a high FSscore may be accompanied by
resistance to conventional chemotherapy drugs. Therefore,
different clinical treatments are required for patients with
different ferroptosis-related phenotypes. In the TCGA and
GEO groups, we compared the sensitivity of patients with high
and low FSscores to 138 anticancer drugs to assess potentially
valuable treatment options. By using the pRRophetic package to
predict the IC50 values of different AML patients after drug
treatment based on RNA-seq data and performing differential
analysis between high and low FSscore groups, we found that the
sensitivity of the eight anticancer drugs [A.443654 (pan-AKT
inhibitor), ABT.263 (navitoclax, Bcl-2 inhibitor), AG.014699
(rucaparib, PARP inhibitor), AKT inhibitor VIII, AP.24534
(Ponatinib, pan-BCR-ABL inhibitor), AS601245 (JNK
inhibitor), AUY922 (luminespib, HSP90 inhibitor) and axitinib
(VEGEFR inhibitor)] were significantly different in the high and
low FSscore groups of the GEO cohort (Figure S15A). The
sensitivity of six anticancer drugs [ABT.263 (navitoclax, Bcl-2
inhibitor), AG.014699 (rucaparib, PARP inhibitor), AKT
inhibitor VIII, AP.24534 (ponatinib, pan-BCR-ABL inhibitor),
axitinib (VEGFR inhibitor), and AZ628 (Raf inhibitor) were
significantly different in the high and low FSscore groups of the
TCGA cohort (Figure S15B). Among them, five anticancer drugs
(ABT.263, AG.014699, AKT inhibitor VIII, AP.24534, and
axitinib) showed significant differences in treatment sensitivity
in patients with high and low FSscores in the TCGA and GEO
groups, and the IC50 values were higher in patients with high
FSscores, indicating that these drugs are more appropriate for
the treatment of patients with low FSscore; that is, patients with
low FSscores may benefit from treatment with these drugs.

We further performed targeted small molecule drug
prediction based on the gene signatures of ferroptosis-
related phenotypes, selected highly expressed gene sets in
immunosuppression phenotype as upregulated genes, and gene
sets expressed at low levels as downregulated genes and
uploaded them to the CMap database to analyze potential
therapeutic drugs. With the predicted correlation P value <
0.05 as the standard, a total of 44 small molecule drugs and 29
corresponding drug mechanisms were identified (Figure S15C).
The predicted candidate drugs and potential therapeutic effects
can provide references for basic research and clinical trials.
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GPX4 is a potential therapeutic
target for AML

We observed that GPP4 is highly expressed in AML patients
and has the highest expression level in immunosuppressive
phenotype, suggesting that GPX4 may be a potential
therapeutic target. Both in GEO group and TCGA group, the
prognosis of patients with high expression of GPX4 was
significantly worse (Figures 8A, B). We further used RSL3, a
targeted inhibitor of GPX4, in AML cell line HL-60 to explore
the biological effects of inducing ferroptosis. Cell viability assay
showed that RSL3 inhibited HL-60 cells and THP-1 cells in a
dose-dependent manner (Figure 8C), and the addition of iron
death inhibitor (ferrostatin-1) could partially save cell viability
(Figure 8D). Western blot analysis showed that RSL3 could
significantly reduce the expression of GPX4 (Figure 8E),
indicating that inhibiting GPX4 could promote the death of
HL-60 cells and THP-1 cells by inducing ferroptosis.

Discussion

AML, a hematological malignant tumor, has a high degree of
heterogeneity. The complex and dynamic clonal architecture is
the main reason for the refractoriness of AML (58-60).
According to the FAB classification, patients can be divided
into eight classifications (M0-M7) (61). AML is highly
malignant, with a five-year survival rate of less than 30%, and
is the most common leukemia among the elderly (62).
Chemotherapy and hematopoietic stem cell transplantation
(HSCT) are the most common treatments for AML (63), but
drug resistance and recurrence lead to unsatisfactory treatment
outcomes (64). Therefore, the development of new treatment
methods to improve the effects of AML treatment has important
clinical significance. As a new type of cell death mode,
ferroptosis has a profound impact on the development and
treatment of many diseases, especially cancers (65). Ferroptosis
is closely related to the biological characteristics of the TME.
Hypoxia induces the production of ROS, and the activation of
lipid metabolism and the immune response create conditions for
ferroptosis (66). These factors all show that tumor cells are prone
to ferroptosis. Therefore, strategies for inducing ferroptosis in
tumor cells and weakening the protective mechanism should
have the most direct clinical value for cancer treatment, with the
ultimate goal of promoting tumor cell death. In this study, we
explored the genomic characteristics of FRGs in AML and their
correlation with the TME and prognosis of AML patients and
found that most FRGs showed high expression of mRNA levels
and interactions at the protein level and were also were
significantly related to the prognosis of patients. FRGs
participate in many metabolic-related signaling pathways, and
high expression of these FRGs may be one of the factors
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RSL3 inhibits growth of AML cells. (A, B) Differences in the survival of patients in high and low expression of GPX4 in the GEO and TCGA groups,
A: GEO group, B: TCGA group, log rank test. (C) HL-60 cells and THP-1 cells were treated with RSL3 at the indicated doses for 48 h and cell
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60: 5 uM; THP-1: 10uM) or control for 48 hours. **P < 0.01

promoting the growth of AML tumor cells and the deterioration
of the TME.

FRGs may also collaborate to induce more potent effects on
AML. We observed three ferroptosis-related phenotypes in the
ferroptosis-related molecular patterns and genomic subtypes; they
were defined as the immune activation phenotype, immune
exclusion phenotype, and immunosuppression phenotype. These
phenotypes showed significant differences in characteristics such as
immunity, inflammation, lipid metabolism, and prognosis and
represented a progressively deteriorating pathological state. The
occurrence of ferroptosis is closely related to biological factors such
as immunity, inflammation, and metabolism. For example, the
activation of immune cells, such as CD8+ T cells, through the
secretion of INF-y downregulates the expression of components of
system XC, such as SLC3A2 and SLC7A11, to inhibit the uptake of
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cystine by tumor cells, thereby promoting ferroptosis induced by
the depletion of glutathione (67). Ferroptotic cancer cells containing
immunogens can be recognized and engulfed by macrophages (21).
Ferroptosis and inflammation are also complementary. The
occurrence of ferroptosis increases the expression of PTGS2
encoding COX2 and further promotes the metabolism of AA to
increase the secretion of inflammatory signal molecules (14);
treatment of cells with the inflammatory cytokine TNF leads to
continuous downregulation of GPX4 to induce ferroptosis (68).
Unsaturated fatty acids act as peroxidation substrates for ferroptosis
and are also important regulators of inflammatory processes along
with their metabolic enzymes (69). Samples with different
ferroptosis-related phenotypes also showed different sensitivities
to ferroptosis. For the immune activation phenotype, a large
number of immune cells can promote the ferroptosis of tumor
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cells through different induction methods; for the
immunosuppression phenotype, the hypoxia of the TME
increases the generation of ROS, and the high development of
inflammation can also increase the sensitivity of tumor cells to
ferroptosis; the immune exclusion phenotype is accompanied
by immune escape and decreased inflammation, and the
sensitivity to ferroptosis is relatively low. Moreover, the
enrichment of unsaturated fatty acids in immune activation and
immunosuppression phenotypes provides conditions for the
occurrence of ferroptosis. Therefore, these results suggest that
different methods can be used to induce ferroptosis in patients
with different ferroptosis-related phenotypes. For patients with
immune activation phenotype, we can induce ferroptosis in
leukemia cells by stimulating immune cells such as CD8+ T cells
to secrete more INF-y, and inhibit the expression of ferroptosis
inhibitors such as GPX4 and DHODH. For immunosuppression
phenotype, we can induce ferroptosis by targeting enhanced lipid
peroxidation. For patients with immune exclusion phenotype,
ferroptosis can be induced in leukemia cells by simultaneously
activating the immune system and enhancing lipid peroxidation at
the same time. These insights may provide new ideas for the
treatment of drug resistance caused by clinical chemotherapy and
targeted therapy.

In the subsequent analysis, we further analyzed the
immune escape levels of the three ferroptosis phenotypes.
Unlike solid tumors that can block the infiltration of
immune cells through stromal cells to produce immune
exclusion (70), AML, as a hematological tumor, can avoid
the attack of immune cells through adhesion to the niche (71).
The expression levels of immune checkpoints in patients with
immune activation and immune suppression phenotypes are
significantly higher, and the signaling pathways related to
immune escape are significantly activated; they also show
consistency in the transcriptome. In terms of the mechanism
of promoting immune escape, tumor cells with an immune
exclusion phenotype mainly prevent the infiltration of a large
number of immune cells by increasing adhesion and promoting
the release of inflammatory signals. On the other hand, tumor
cells of the immune exclusion phenotype mainly exploit the
worsening chronic inflammatory microenvironment to create
favorable living conditions for themselves (72), and the
immune cells of this phenotype are in a suppressed state.
These results suggest that for patients with different
ferroptosis-related phenotypes, AML patients can be treated
by drugs that induce ferroptosis or suppress immune escape
according to the corresponding phenotypic characteristics. To
judge the individual characteristics of a single patient more
accurately, we constructed the FSscore to quantify the degree of
development of ferroptosis-related phenotypes. The FSscore
can quantitatively evaluate the pathological status of patients
and also has good prognostic value. We confirmed this in two
groups and two other cohorts that used different sequencing
methods and showed certain prognostic prediction
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accuracy across cancers. In terms of various pathological
characteristics, a high FSscore is highly positively correlated
with inflammation development, immune escape, lipid
metabolism, anti-immunotherapy, chemotherapy resistance,
etc., and negatively correlated with tumor mutation burden.
These results all show the reference value of the FSscore for the
evaluation of individual characteristics and clinical treatment
of AML patients.

Finally, to explore the clinical treatment options for patients
with different ferroptosis-related phenotypes, we used drug
prediction to identify five anticancer drugs and nine small
molecule drugs that may have therapeutic benefits for patients
with low FSscores and 20 small molecule drugs that may have
therapeutic benefits for patients with high FSscores. Among
them, ABT.263 (navitoclax) has been confirmed to be effective
for the treatment of AML in cell and mouse experiments (73-
76). The combination of hyperforin and Akt inhibitor AKT
inhibitor VIII significantly promotes the apoptosis of AML U937
cells (77). Second-generation tyrosine kinase inhibitors (TKIs),
such as ponatinib (AP.24534), are also widely used in
hematological malignancies (78). Axitinib effectively inhibits
BCR-ABLI (T315I) to treat chronic myeloid leukemia (79).
Research on these drugs suggests that they can improve the
treatment of hematological tumors and provide a reference for
further basic research and clinical trials. In addition, we used
GPX4 targeting inhibitor RSL3 to reduce the protein level of
GPX4 and promote AML cell death by inducing ferroptosis,
indicating that GPX4 is a potential target for AML treatment.

In summary, we found three ferroptosis-related phenotypes
in AML patients based on FRG analysis and revealed the TME
characteristics (such as immune escape, inflammation
development, and lipid metabolism) of samples with different
phenotypes. The FSscore can improve the assessment of the
pathological state and prognosis of AML patients and provides
reference value for the establishment of more personalized
clinical treatment plans. Moreover, compared with other
studies on ferroptosis in AML, our project also has its own
advantages and limitations. For example, compared with the
data analysis of Zhou et al. (80), our study not only used more
AML samples and multi-omics data such as transcriptome, copy
number variation, and gene mutation, but also verified the
existence of three ferroptosis-related phenotypes in both
microarray and high-throughput sequencing types, and
explored the differences in TME and clinical pathological
characteristics among them, the constructed scoring system
can also accurately predict the prognosis of AML patients and
provide some insights for the therapeutic evaluation. However,
compared with the research of Yusuf et al. (81), our exploration
of ferroptosis mainly focuses on the analysis of big data of
bioinformatics, but there are obvious deficiencies in the
exploration of regulation mechanism, which is the direction of
our follow-up study, linking more regulatory mechanisms of
ferroptosis in AML cells with bioinformatics data.
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Conclusions

This project revealed that the occurrence of ferroptosis is closely
related to the complex pathological changes in the TME. Patients
with different TME features show differences in terms of ferroptosis
sensitivity. Immune cell infiltration, inflammation development and
lipid metabolism are important regulatory factors that affect the
occurrence of ferroptosis. The comprehensive analysis of
ferroptosis-related molecular patterns in individual patients can
provide references for the clinical evaluation of patient pathological
characteristics and the design of personalized treatment plans.

Data availability statement

The original contributions presented in the study are
included in the article/Supplementary Material. Further
inquiries can be directed to the corresponding authors.

Author contributions

F-MZ research design and drafing the manuscript. F-YY
helping to revision the manuscript. H-BZ, JZ, JLiu, J-Y], SX,
WW, X-RZ, X-XC, Y-LY, YC, JLin, S-QL, NZ and M-YL assisted
bioinformatic and statistical analysis. BH revision of the
manuscript and writing guidance. X-ZW review and revision
of the manuscript and writing guidance. All authors contributed
to the article and approved the submitted version.

References

1. SuZ, Yang Z, Xu Y, Chen Y, Yu Q. Apoptosis, autophagy, necroptosis, and
cancer metastasis. Mol Cancer (2015) 14:48. doi: 10.1186/s12943-015-0321-5

2. Dixon S, Lemberg K, Lamprecht M, Skouta R, Zaitsev E, Gleason C, et al.
Ferroptosis: an iron-dependent form of nonapoptotic cell death. Cell (2012)
149:1060-72. doi: 10.1016/j.cell.2012.03.042

3. Gao M, Monian P, Pan Q, Zhang W, Xiang ], Jiang X. Ferroptosis is an
autophagic cell death process. Cell Res (2016) 26:1021-32. doi: 10.1038/cr.2016.95

4. Xie Y, Hou W, Song X, Yu Y, Huang J, Sun X, et al. Ferroptosis: process and
function. Cell Death differentiation (2016) 23:369-79. doi: 10.1038/cdd.2015.158

5. Jiang X, Stockwell B, Conrad M. Ferroptosis: mechanisms, biology and role in
disease. Nat Rev Mol Cell Biol (2021) 22:266-82. doi: 10.1038/s41580-020-00324-8

6. Stockwell B, Jiang X, Gu W. Emerging mechanisms and disease relevance of
ferroptosis. Trends Cell Biol (2020) 30:478-90. doi: 10.1016/j.tcb.2020.02.009

7. Tang D, Chen X, Kang R, Kroemer G. Ferroptosis: molecular mechanisms and
health implications. Cell Res (2021) 31:107-25. doi: 10.1038/s41422-020-00441-1

8. Du Y, Bao J, Zhang M, Li L, Xu X, Chen H, et al. Targeting ferroptosis
contributes to ATPR-induced AML differentiation via ROS-autophagy-lysosomal
pathway. Gene (2020) 755:144889. doi: 10.1016/j.gene.2020.144889

9. DuJ, Wang T, Li Y, Zhou Y, Wang X, Yu X, et al. DHA inhibits proliferation
and induces ferroptosis of leukemia cells through autophagy dependent
degradation of ferritin. Free Radical Biol Med (2019) 131:356-69. doi: 10.1016/
j.freeradbiomed.2018.12.011

10. YuY, Xie Y, Cao L, Yang L, Yang M, Lotze M, et al. The ferroptosis inducer

erastin enhances sensitivity of acute myeloid leukemia cells to chemotherapeutic
agents. Mol Cell Oncol (2015) 2:¢1054549. doi: 10.1080/23723556.2015.1054549

Frontiers in Oncology

19

10.3389/fonc.2022.888570

Funding

The study was funded by the National Natural Science
Foundation of China (81860034, 82160405, 82160038).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/
fonc.2022.888570/full#supplementary-material

11. Doll S, Proneth B, Tyurina Y, Panzilius E, Kobayashi S, Ingold I, et al.
ACSL4 dictates ferroptosis sensitivity by shaping cellular lipid composition. Nat
Chem Biol (2017) 13:91-8. doi: 10.1038/nchembio.2239

12. ZhengJ, Conrad M. The metabolic underpinnings of ferroptosis. Cell Metab
(2020) 32:920-37. doi: 10.1016/j.cmet.2020.10.011

13. Kagan V, Mao G, QuF, Angeli J, Doll S, Croix C, et al. Oxidized arachidonic
and adrenic PEs navigate cells to ferroptosis. Nat Chem Biol (2017) 13:81-90.
doi: 10.1038/nchembio.2238

14. Yang W, SriRamaratnam R, Welsch M, Shimada K, Skouta R, Viswanathan
V, et al. Regulation of ferroptotic cancer cell death by GPX4. Cell (2014) 156:317—
31. doi: 10.1016/j.cell.2013.12.010

15. Bersuker K, Hendricks J, Li Z, Magtanong L, Ford B, Tang P, et al. The CoQ
oxidoreductase FSP1 acts parallel to GPX4 to inhibit ferroptosis. Nature (2019)
575:688-92. doi: 10.1038/s41586-019-1705-2

16. Sato H, Tamba M, Ishii T, Bannai S. Cloning and expression of a plasma
membrane cystine/glutamate exchange transporter composed of two distinct
proteins. J Biol Chem (1999) 274:11455-8. doi: 10.1074/jbc.274.17.11455

17. LiuJ, Xia X, Huang P. xCT: A critical molecule that links cancer metabolism
to redox signaling. Mol Ther ] Am Soc Gene Ther (2020) 28:2358-66. doi: 10.1016/
j.ymthe.2020.08.021

18. Iwasaki A, Medzhitov R. Control of adaptive immunity by the innate
immune system. Nat Immunol (2015) 16:343-53. doi: 10.1038/ni.3123

19. Xu H, Ye D, Ren M, Zhang H, Bi F. Ferroptosis in the tumor
microenvironment: perspectives for immunotherapy. Trends Mol Med (2021) 27
(9):856-67. doi: 10.1016/j.molmed.2021.06.014

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2022.888570/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.888570/full#supplementary-material
https://doi.org/10.1186/s12943-015-0321-5
https://doi.org/10.1016/j.cell.2012.03.042
https://doi.org/10.1038/cr.2016.95
https://doi.org/10.1038/cdd.2015.158
https://doi.org/10.1038/s41580-020-00324-8
https://doi.org/10.1016/j.tcb.2020.02.009
https://doi.org/10.1038/s41422-020-00441-1
https://doi.org/10.1016/j.gene.2020.144889
https://doi.org/10.1016/j.freeradbiomed.2018.12.011
https://doi.org/10.1016/j.freeradbiomed.2018.12.011
https://doi.org/10.1080/23723556.2015.1054549
https://doi.org/10.1038/nchembio.2239
https://doi.org/10.1016/j.cmet.2020.10.011
https://doi.org/10.1038/nchembio.2238
https://doi.org/10.1016/j.cell.2013.12.010
https://doi.org/10.1038/s41586-019-1705-2
https://doi.org/10.1074/jbc.274.17.11455
https://doi.org/10.1016/j.ymthe.2020.08.021
https://doi.org/10.1016/j.ymthe.2020.08.021
https://doi.org/10.1038/ni.3123
https://doi.org/10.1016/j.molmed.2021.06.014
https://doi.org/10.3389/fonc.2022.888570
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Zhong et al.

20. Binnewies M, Roberts E, Kersten K, Chan V, Fearon D, Merad M, et al.
Understanding the tumor immune microenvironment (TIME) for effective
therapy. Nat Med (2018) 24:541-50. doi: 10.1038/s41591-018-0014-x

21. Luo X, Gong H, Gao H, Wu Y, Sun W, Li Z, et al. Oxygenated
phosphatidylethanolamine navigates phagocytosis of ferroptotic cells by
interacting with TLR2. Cell Death differentiation (2021) 28:1971-89.
doi: 10.1038/s41418-020-00719-2

22. Yee P, Wei Y, Kim S, Lu T, Chih S, Lawson C, et al. Neutrophil-induced
ferroptosis promotes tumor necrosis in glioblastoma progression. Nat Commun
(2020) 11:5424. doi: 10.1038/s41467-020-19193-y

23. Efimova I, Catanzaro E, Van der Meeren L, Turubanova V, Hammad H,
Mishchenko T, et al. Vaccination with early ferroptotic cancer cells induces efficient
antitumor immunity. ] immunotherapy Cancer (2020) 8:¢001369. doi: 10.1136/jitc-
2020-001369

24. Kloditz K, Fadeel B. Three cell deaths and a funeral: macrophage clearance
of cells undergoing distinct modes of cell death. Cell Death Discovery (2019) 5:65.
doi: 10.1038/s41420-019-0146-x

25. Greten F, Grivennikov S. Inflammation and cancer: Triggers, mechanisms,
and consequences. Immunity (2019) 51:27-41. doi: 10.1016/j.immuni.2019.06.025

26. Liischer U, Filgueira L, Juretic A, Zuber M, Liischer N, Heberer M, et al. The
pattern of cytokine gene expression in freshly excised human metastatic melanoma
suggests a state of reversible anergy of tumor-infiltrating lymphocytes. Int | Cancer
(1994) 57:612-9. doi: 10.1002/ijc.2910570428

27. Monti P, Leone B, Zerbi A, Balzano G, Cainarca S, Sordi V, et al. Tumor-
derived MUCI1 mucins interact with differentiating monocytes and induce IL-
10highIL-12low regulatory dendritic cell. J Immunol (2004) 172:7341-9.
doi: 10.4049/jimmunol.172.12.7341

28. Barth R, Camp B, Martuscello T, Dain B, Memoli V. The cytokine
microenvironment of human colon carcinoma. lymphocyte expression of tumor
necrosis factor-alpha and interleukin-4 predicts improved survival. Cancer (1996)
78:1168-78. doi: 10.1002/(sici)1097-0142(19960915)78:6<1168::Aid-
cner2>3.0.Co;2-6

29. Ohm J, Carbone D. VEGF as a mediator of tumor-associated
immunodeficiency. Immunologic Res (2001) 23:263-72. doi: 10.1385/ir:23:2-3:263

30. Takizawa H, Manz M. Impact of inflammation on early hematopoiesis and
the microenvironment. Int ] Hematol (2017) 106:27-33. doi: 10.1007/s12185-017-
2266-5

31. Flores-Figueroa E, Gutiérrez-Espindola G, Montesinos J, Arana-Trejo R,
Mayani H. In vitro characterization of hematopoietic microenvironment cells from
patients with myelodysplastic syndrome. Leukemia Res (2002) 26:677-86.
doi: 10.1016/s0145-2126(01)00193-x

32. Schinke C, Giricz O, Li W, Shastri A, Gordon S, Barreyro L, et al. TL8-
CXCR2 pathway inhibition as a therapeutic strategy against MDS and AML stem
cells. Blood (2015) 125:3144-52. doi: 10.1182/blood-2015-01-621631

33. Carey A, Edwards D, Eide C, Newell L, Traer E, Medeiros B, et al.
Identification of interleukin-1 by functional screening as a key mediator of
cellular expansion and disease progression in acute myeloid leukemia. Cell Rep
(2017) 18:3204-18. doi: 10.1016/j.celrep.2017.03.018

34. Liang J, Wang D, Lin H, Chen X, Yang H, Zheng Y, et al. A novel
ferroptosis-related gene signature for overall survival prediction in patients with
hepatocellular carcinoma. Int J Biol Sci (2020) 16:2430-41. doi: 10.7150/ijbs.45050

35. Wilkerson M, Hayes D. ConsensusClusterPlus: a class discovery tool with
confidence assessments and item tracking. Bioinf (Oxford England) (2010)
26:1572-3. doi: 10.1093/bioinformatics/btq170

36. Hénzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BVC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

37. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette
MA, et al. Gene set enrichment analysis: A knowledge-based approach for
interpreting genome-wide expression profiles. Proc Natl Acad Sci (2005)
102:15545-50. doi: 10.1073/pnas.0506580102

38. Newman A, Liu C, Green M, Gentles A, Feng W, Xu Y, et al. Robust
enumeration of cell subsets from tissue expression profiles. Nat Methods (2015)
12:453-7. doi: 10.1038/nmeth.3337

39. Ritchie M, Phipson B, Wu D, Hu Y, Law C, Shi W, et al. Limma powers
differential expression analyses for RNA-sequencing and microarray studies.
Nucleic Acids Res (2015) 43:e47. doi: 10.1093/nar/gkv007

40. Mariathasan S, Turley S, Nickles D, Castiglioni A, Yuen K, Wang Y, et al.
TGF attenuates tumour response to PD-L1 blockade by contributing to exclusion
of T cells. Nature (2018) 554:544-8. doi: 10.1038/nature25501

41. Gabrilovich D. Myeloid-derived suppressor cells. Cancer Immunol Res
(2017) 5:3-8. doi: 10.1158/2326-6066.Cir-16-0297

42. Charoentong P, Finotello F, Angelova M, Mayer C, Efremova M, Rieder D,
et al. Pan-cancer immunogenomic analyses reveal genotype-immunophenotype

Frontiers in Oncology

20

10.3389/fonc.2022.888570

relationships and predictors of response to checkpoint blockade. Cell Rep (2017)
18:248-62. doi: 10.1016/j.celrep.2016.12.019

43. Fu], Li K, Zhang W, Wan C, Zhang J, Jiang P, et al. Large-Scale public data
reuse to model immunotherapy response and resistance. Genome Med (2020)
12:21. doi: 10.1186/s13073-020-0721-z

44. Hugo W, Zaretsky J, Sun L, Song C, Moreno B, Hu-Lieskovan S, et al.
Genomic and transcriptomic features of response to anti-PD-1 therapy in
metastatic melanoma. Cell (2016) 165:35-44. doi: 10.1016/.cell.2016.02.065

45. Yang W, Soares J, Greninger P, Edelman E, Lightfoot H, Forbes S, et al.
Genomics of drug sensitivity in cancer (GDSC): a resource for therapeutic
biomarker discovery in cancer cells. Nucleic Acids Res (2013) 41:D955-961.
doi: 10.1093/nar/gks1111

46. Geeleher P, Cox N, Huang R. pRRophetic: an r package for prediction of
clinical chemotherapeutic response from tumor gene expression levels. PloS One
(2014) 9:¢107468. doi: 10.1371/journal.pone.0107468

47. Lamb J, Crawford E, Peck D, Modell ], Blat I, Wrobel M, et al. The
connectivity map: using gene-expression signatures to connect small molecules,
genes, and disease. Sci (New York N.Y.) (2006) 313:1929-35. doi: 10.1126/
science.1132939

48. Sallman D, McLemore A, Aldrich A, Komrokji R, McGraw K, Dhawan A,
et al. TP53 mutations in myelodysplastic syndromes and secondary AML confer an
immunosuppressive phenotype. Blood (2020) 136:2812-23. doi: 10.1182/
blood.2020006158

49. Bernard E, Nannya Y, Hasserjian R, Devlin S, Tuechler H, Medina-Martinez
J, et al. Implications of TP53 allelic state for genome stability, clinical presentation
and outcomes in myelodysplastic syndromes. Nat Med (2020) 26:1549-56.
doi: 10.1038/s41591-020-1008-z

50. Huang B, Zhao J, Li H, He K, Chen Y, Mayer L, et al. Editor's note: Toll-like
receptors on tumor cells facilitate evasion of immune surveillance. Cancer Res
(2019) 79:4305. doi: 10.1158/0008-5472.Can-19-1889

51. Suarez G, Romero-Gallo ], Piazuelo M, Wang G, Maier R, Forsberg L, et al.
Modification of helicobacter pylori peptidoglycan enhances NODI activation and
promotes cancer of the stomach. Cancer Res (2015) 75:1749-59. doi: 10.1158/0008-
5472.Can-14-2291

52. Binder S, Luciano M, Horejs-Hoeck J. The cytokine network in acute
myeloid leukemia (AML): A focus on pro- and anti-inflammatory mediators.
Cytokine Growth factor Rev (2018) 43:8-15. doi: 10.1016/j.cytogfr.2018.08.004

53. Gruszka A, Valli D, Restelli C, Alcalay M. Adhesion deregulation in acute
myeloid leukaemia. Cells (2019) 8:66. doi: 10.3390/cells8010066

54. Injarabian L, Devin A, Ransac S, Marteyn B. Neutrophil metabolic shift
during their lifecycle: Impact on their survival and activation. Int J Mol Sci (2019)
21:287. doi: 10.3390/ijms21010287

55. Newell L, Cook R. Advances in acute myeloid leukemia. BMJ (Clinical Res
ed.) (2021) 375:n2026. doi: 10.1136/bmj.n2026

56. Samstein R, Lee C, Shoushtari A, Hellmann M, Shen R, Janjigian Y, et al.
Tumor mutational load predicts survival after immunotherapy across multiple
cancer types. Nat Genet (2019) 51:202-6. doi: 10.1038/s41588-018-0312-8

57. Goodman A, Kato S, Bazhenova L, Patel S, Frampton G, Miller V, et al.
Tumor mutational burden as an independent predictor of response to
immunotherapy in diverse cancers. Mol Cancer Ther (2017) 16:2598-608.
doi: 10.1158/1535-7163.Mct-17-0386

58. Anderson K, Lutz C, van Delft F, Bateman C, Guo Y, Colman S, et al.
Genetic variegation of clonal architecture and propagating cells in leukaemia.
Nature (2011) 469:356-61. doi: 10.1038/nature09650

59. McGranahan N, Swanton C. Biological and therapeutic impact of
intratumor heterogeneity in cancer evolution. Cancer Cell (2015) 27:15-26.
doi: 10.1016/j.ccell.2014.12.001

60. Yates L, Campbell P. Evolution of the cancer genome. Nat Rev Genet (2012)
13:795-806. doi: 10.1038/nrg3317

61. Bennett J, Catovsky D, Daniel M, Flandrin G, Galton D, Gralnick H, et al.
Proposals for the classification of the acute leukaemias. French-American-British
(FAB) co-operative group. Br ] haematology (1976) 33:451-8. doi: 10.1111/j.1365-
2141.1976.tb03563 x

62. Juliusson G, Antunovic P, Derolf A, Lehmann S, Méllgard L, Stockelberg D,
et al. Age and acute myeloid leukemia: real world data on decision to treat and
outcomes from the Swedish acute leukemia registry. Blood (2009) 113:4179-87.
doi: 10.1182/blood-2008-07-172007

63. Schlenk R. Post-remission therapy for acute myeloid leukemia.
Haematologica (2014) 99:1663-70. doi: 10.3324/haematol.2014.114611

64. Dohner H, Estey E, Grimwade D, Amadori S, Appelbaum F, Biichner T,
et al. Diagnosis and management of AML in adults: 2017 ELN recommendations
from an international expert panel. Blood (2017) 129:424-47. doi: 10.1182/blood-
2016-08-733196

frontiersin.org


https://doi.org/10.1038/s41591-018-0014-x
https://doi.org/10.1038/s41418-020-00719-2
https://doi.org/10.1038/s41467-020-19193-y
https://doi.org/10.1136/jitc-2020-001369
https://doi.org/10.1136/jitc-2020-001369
https://doi.org/10.1038/s41420-019-0146-x
https://doi.org/10.1016/j.immuni.2019.06.025
https://doi.org/10.1002/ijc.2910570428
https://doi.org/10.4049/jimmunol.172.12.7341
https://doi.org/10.1002/(sici)1097-0142(19960915)78:6%3C1168::Aid-cncr2%3E3.0.Co;2-6
https://doi.org/10.1002/(sici)1097-0142(19960915)78:6%3C1168::Aid-cncr2%3E3.0.Co;2-6
https://doi.org/10.1385/ir:23:2-3:263
https://doi.org/10.1007/s12185-017-2266-5
https://doi.org/10.1007/s12185-017-2266-5
https://doi.org/10.1016/s0145-2126(01)00193-x
https://doi.org/10.1182/blood-2015-01-621631
https://doi.org/10.1016/j.celrep.2017.03.018
https://doi.org/10.7150/ijbs.45050
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1038/nature25501
https://doi.org/10.1158/2326-6066.Cir-16-0297
https://doi.org/10.1016/j.celrep.2016.12.019
https://doi.org/10.1186/s13073-020-0721-z
https://doi.org/10.1016/j.cell.2016.02.065
https://doi.org/10.1093/nar/gks1111
https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1126/science.1132939
https://doi.org/10.1126/science.1132939
https://doi.org/10.1182/blood.2020006158
https://doi.org/10.1182/blood.2020006158
https://doi.org/10.1038/s41591-020-1008-z
https://doi.org/10.1158/0008-5472.Can-19-1889
https://doi.org/10.1158/0008-5472.Can-14-2291
https://doi.org/10.1158/0008-5472.Can-14-2291
https://doi.org/10.1016/j.cytogfr.2018.08.004
https://doi.org/10.3390/cells8010066
https://doi.org/10.3390/ijms21010287
https://doi.org/10.1136/bmj.n2026
https://doi.org/10.1038/s41588-018-0312-8
https://doi.org/10.1158/1535-7163.Mct-17-0386
https://doi.org/10.1038/nature09650
https://doi.org/10.1016/j.ccell.2014.12.001
https://doi.org/10.1038/nrg3317
https://doi.org/10.1111/j.1365-2141.1976.tb03563.x
https://doi.org/10.1111/j.1365-2141.1976.tb03563.x
https://doi.org/10.1182/blood-2008-07-172007
https://doi.org/10.3324/haematol.2014.114611
https://doi.org/10.1182/blood-2016-08-733196
https://doi.org/10.1182/blood-2016-08-733196
https://doi.org/10.3389/fonc.2022.888570
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Zhong et al.

65. Mou Y, Wang J, Wu J, He D, Zhang C, Duan C, et al. Ferroptosis, a new
form of cell death: opportunities and challenges in cancer. ] Hematol Oncol (2019)
12:34. doi: 10.1186/s13045-019-0720-y

66. Riera-Domingo C, Audige A, Granja S, Cheng W, Ho P, Baltazar F, et al.
Immunity, hypoxia, and metabolism-the menage a trois of cancer: Implications for
immunotherapy. Physiol Rev (2020) 100:1-102. doi: 10.1152/physrev.00018.2019

67. Wang W, Green M, Choi J, Gijon M, Kennedy P, Johnson J, et al. CD8 T
cells regulate tumour ferroptosis during cancer immunotherapy. Nature (2019)
569:270-4. doi: 10.1038/541586-019-1170-y

68. Wen Q, Liu J, Kang R, Zhou B, Tang D. The release and activity of HMGB1
in ferroptosis. Biochem Biophys Res Commun (2019) 510:278-83. doi: 10.1016/
j.bbrc.2019.01.090

69. Colakoglu M, Tunger S, Banerjee S. Emerging cellular functions of the lipid
metabolizing enzyme 15-Lipoxygenase-1. Cell proliferation (2018) 51:e12472.
doi: 10.1111/cpr.12472

70. Joyce ], Fearon D. T Cell exclusion, immune privilege, and the tumor
microenvironment. Sci (New York N.Y.) (2015) 348:74-80. doi: 10.1126/
science.aaa6204

71. Raaijmakers M, Mukherjee S, Guo S, Zhang S, Kobayashi T, Schoonmaker J,
et al. Bone progenitor dysfunction induces myelodysplasia and secondary
leukaemia. Nature (2010) 464:852-7. doi: 10.1038/nature08851

72. Mantovani A, Allavena P, Sica A, Balkwill F. Cancer-related inflammation.
Nature (2008) 454:436-44. doi: 10.1038/nature07205

73. Kivioja J, Thanasopoulou A, Kumar A, Kontro M, Yadav B, Majumder M,
et al. Dasatinib and navitoclax act synergistically to target NUP98-NSD1/FLT3-
ITD acute myeloid leukemia. Leukemia (2019) 33:1360-72. doi: 10.1038/s41375-
018-0327-2

Frontiers in Oncology

21

10.3389/fonc.2022.888570

74. Airiau K, Prouzet-Mauleon V, Rousseau B, Pigneux A, Jeanneteau M,
Giraudon M, et al. Synergistic cooperation between ABT-263 and MEK1/2
inhibitor: effect on apoptosis and proliferation of acute myeloid leukemia cells.
Oncotarget (2016) 7:845-59. doi: 10.18632/oncotarget.6417

75. Pons M, Zeyn Y, Zahn S, Mahendrarajah N, Page B, Gunning P, et al.
Oncogenic kinase cascades induce molecular mechanisms that protect leukemic
cell models from lethal effects of De novo dNTP synthesis inhibition. Cancers
(2021) 13(14):3464. doi: 10.3390/cancers13143464

76. Montoya J, Turnidge M, Wai D, Patel A, Lee D, Gokhale V, et al. In vitro
activity of a G-quadruplex-stabilizing small molecule that synergizes with
navitoclax to induce cytotoxicity in acute myeloid leukemia cells. BMC Cancer
(2019) 19:1251. doi: 10.1186/s12885-019-6464-9

77. Merhi F, Tang R, Piedfer M, Mathieu J, Bombarda I, Zaher M, et al.
Hyperforin inhibits Akt1 kinase activity and promotes caspase-mediated apoptosis
involving bad and noxa activation in human myeloid tumor cells. PloS One (2011)
6:€25963. doi: 10.1371/journal.pone.0025963

78. Shimada A. Hematological malignancies and molecular targeting therapy.
Eur J Pharmacol (2019) 862:172641. doi: 10.1016/j.ejphar.2019.172641

79. Pemovska T, Johnson E, Kontro M, Repasky G, Chen ], Wells P, et al.
Axitinib effectively inhibits BCR-ABL1(T315I) with a distinct binding
conformation. Nature (2015) 519:102-5. doi: 10.1038/nature14119

80. Zhou F, Chen B. Prognostic significance of ferroptosis-related genes and
their methylation in AML. Hematol (Amsterdam Netherlands) (2021) 26:919-30.
doi: 10.1080/16078454.2021.1996055

81. Yusuf RZ, Saez B, Sharda A, van Gastel N, Yu VWC, Baryawno N, et al. Aldehyde
dehydrogenase 3a2 protects AML cells from oxidative death and the synthetic lethality of
ferroptosis inducers. Blood (2020) 136:1303-16. doi: 10.1182/blood.2019001808

frontiersin.org


https://doi.org/10.1186/s13045-019-0720-y
https://doi.org/10.1152/physrev.00018.2019
https://doi.org/10.1038/s41586-019-1170-y
https://doi.org/10.1016/j.bbrc.2019.01.090
https://doi.org/10.1016/j.bbrc.2019.01.090
https://doi.org/10.1111/cpr.12472
https://doi.org/10.1126/science.aaa6204
https://doi.org/10.1126/science.aaa6204
https://doi.org/10.1038/nature08851
https://doi.org/10.1038/nature07205
https://doi.org/10.1038/s41375-018-0327-2
https://doi.org/10.1038/s41375-018-0327-2
https://doi.org/10.18632/oncotarget.6417
https://doi.org/10.3390/cancers13143464
https://doi.org/10.1186/s12885-019-6464-9
https://doi.org/10.1371/journal.pone.0025963
https://doi.org/10.1016/j.ejphar.2019.172641
https://doi.org/10.1038/nature14119
https://doi.org/10.1080/16078454.2021.1996055
https://doi.org/10.1182/blood.2019001808
https://doi.org/10.3389/fonc.2022.888570
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Ferroptosis-related molecular patterns reveal immune escape, inflammatory development and lipid metabolism characteristics of the tumor microenvironment in acute myeloid leukemia
	Introduction
	Methods
	Data acquisition and preprocessing
	Unsupervised clustering for FRGs
	Pathway enrichment analysis, functional annotation and protein–protein interaction (PPI) network analysis
	Evaluation of TME immune cell infiltration level
	Identification of ferroptosis-related phenotype genes
	Dimension reduction and construction of ferroptosis-related phenotype gene signatures
	Correlation analysis of ferroptosis-related molecular patterns and other biological characteristics, such as immune escape, lipid metabolism, and inflammation development
	Immune checkpoint blockade response, drug sensitivity prediction, and small molecule drug screening
	In vitro assays
	Statistical analysis

	Results
	Variation landscape of FRGs in AML
	Identification of ferroptosis-related molecular patterns and analysis of their biological characteristics
	Analysis of the sensitivity of different molecular patterns to the occurrence of ferroptosis
	Phenotypic analysis of ferroptosis-related molecular patterns
	Transcriptome characteristics of ferroptosis-related phenotypes
	Quantification of ferroptosis-related phenotypes and analysis of associated clinical characteristics
	The relationship between clinicopathological factors, tumor somatic mutations and ferroptosis-related phenotypes in AML patients
	Sensitivity analysis of anticancer drugs and prediction of targeted small molecule drugs for ferroptosis-related phenotypes

	GPX4 is a potential therapeutic target for AML
	Discussion
	Conclusions
	Data availability statement
	Author contributions
	Funding
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


