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Abstract: Objective: To determine the prognostic significance of inflammatory response-associated genes in acute
myeloid leukemia (AML). Methods: Transcriptomic profiles and related clinical information of AML patients were
acquired from a public database. To establish a multi-gene prognosis signature, we performed least absolute
shrinkage and selection operator Cox analysis for the TCGA cohort and evaluated the ICGC cohort for verification.
Subsequently, Kaplan-Meier analysis was carried out to compare the overall survival (OS) rates between high- and
low-risk groups. Biological function and single-sample gene set enrichment (ssGSEA) analyses were employed to
investigate the association of risk score with immune status and the tumor microenvironment. Prognostic gene ex-
pression levels in AML samples and normal controls were confirmed by qRT-PCR and immunofluorescence. Results:
We identified a potential inflammatory response-related signature comprising 11 differentially expressed genes,
including ACVR2A, CCL22, EBI3, EDN1, FFAR2, HRH1, ICOSLG, IL-10, INHBA, ITGB3, and LAMP3, and found that
AML patients with high expression levels in the high-risk group had poor OS rates. Biological function analyses
revealed that prognostic genes mainly participated in inflammation and immunity signaling pathways. Analyses of
cancer-infiltrating immunocytes indicated that in high-risk patients, the immune suppressive microenvironment was
significantly affected. The expression of the inflammation reaction-associated signature was found to be associated
with susceptibility to chemotherapy. There was a significant difference in prognostic gene expression between AML
and control tissues. Conclusion: A novel inflammatory response-related signature was developed with 11 candidate
genes to predict prognosis and immune status in AML patients.

Keywords: Acute myeloid leukemia, inflammatory response, prognostic gene signature, immune status, tumor
microenvironment, overall survival, drug sensitivity

Introduction

Acute myelogenous leukemia (AML) is among
the most common hematological malignancies;
it is characterized by abnormal molecular het-
erogeneity and immature myeloid progenitor
cells that accumulate in the bone marrow and
peripheral blood [1, 2]. In 2020, 19,940 pa-
tients were diagnosed with AML in the Unit-
ed States, and 11,180 AML-related deaths

occurred [3]. AML is a highly heterogeneous
malignancy for which chemotherapy is the pri-
mary treatment. Despite the standardization
of treatment, AML prognoses vary widely.
Although there have been significant efforts
toward developing targeted and/or combination
therapies, the 5-year survival rates for AML
patients remain unsatisfactory at less than
30%, partly due to resistance to antitumor
drugs [4, 5]. Therefore, it is imperative to deter-
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mine potential indicators that can promote the
diagnosis, therapy, and prognosis of AML
patients as well as monitor the disease.

Recently, a growing body of evidence has sug-
gested that the bone marrow microenviron-
ment plays a significant role in AML pathogen-
esis [6, 7]. Various hematologic malignancies
are characterized by an inflammatory response
in the bone marrow [8, 9]. Various studies have
highlighted the effects of inflammation on can-
cer progression [10-12]. For example, inflam-
mation is a persistent and self-sustaining stim-
ulus that forces malignant clones to generate
extra subclones by inducing additional muta-
tions in hematopoietic cells [8]. In AML mouse
models, researchers have found that the mi-
croenvironmental modulation of hematopoietic
stem cells is remarkably disturbed by the
growth of leukemia cells [13]. Intriguingly, there
is a positive relationship between inflammatory
signaling and bone marrow structure remodel-
ing [14]. Thus, exploring the mechanism by
which inflammatory event-associated genes
are regulated in the tumor immune microenvi-
ronment (TIME) of AML may reveal new thera-
peutic targets and interventions.

In this study, we acquired the mRNA expression
profiles of AML patients from a public data-
base. Subsequently, in the TCGA cohort, we
established a prognosis hallmark with DEGs
associated with the inflammation reaction, and
the steadiness and effectiveness of the model
were further verified by the ICGC cohort.
Functional enrichment analysis and exploration
of prognostic gene expression associated with
tumor stemness and chemoresistance were
also performed. The expression of prognostic
genes at the mRNA and protein levels in AML
and normal samples was confirmed by experi-
mental assays.

Materials and methods
Data collection and processing

The transcriptomic dataset and associated
clinical information of 151 AML patients were
acquired from the TCGA web site (TCG-
AAML Cohort, https://www.cancer.gov/about-
nci/organization/ccg/research/structural-geno-
mics/tcga), and 264 normal samples were
acquired from GTEx web site (GTEx-Normal
Cohort, https://xena.ucsc.edu/). The transcrip-
tomic dataset and clinical data of 356 AML
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specimens were acquired from the ICGC web-
site (LAML-US Cohort, https://dcc.icgc.org/).
The patients whose data were included in the-
se sets were primarily American citizens, and
all were diagnosed with AML. The information
from TCGA, GTEX, and ICGC is publicly available
in accordance with their data acquisition and
publication protocols.

Establishment and verification of a prognostic
inflammation reaction-associated genetic sig-
nature

First, as presented in Supplementary Table 1,
we acquired 200 inflammation reaction-related
genes (IRRGs) from the Molecule Signature
data base. Then, per the standards of fold
change > 2 and a false discovery rate (FDR) <
0.05, we determined the DEGs between AML
specimens and healthy specimens within the
TCGA cohort with “limma” R software. Least
absolute shrinkage and selection operator
(LASSO)-penalized Cox regressive analysis was
used to establish a prognosis model and
reduce the risk of overfitting to a minimum [15].
The “glmnet” R package was used to select and
shrink variates, equaling certain regression
coefficients to O and yielding a rational model.

Patient risk scores were computed based on
the expression level of all evaluated inflamma-
tory reaction-associated genes and their rele-
vant regression coefficients. The calculation
was carried out according to the following equa-
tion: riSk score= esum (every genetic expression x relevant coeffi-
cent) Then, patients were separated into risk, .,
and risk = groups based on the mid-value of
the risk score. PCA analysis was further
employed to study the distributional status of
prognostic genes in various groups with “Rtsne”
and “ggplot2” R packages.

To study the overall survival (0S) of the riskhigh
group and risk  group, survival analysis was
performed using the “survminer” R package.
Moreover, the “survival” and “timeROC” R pro-
grams were implemented to complete time-
reliant receiver operating characteristic (ROC)
curve analyses to assess the prediction poten-
tial of the prognosis hallmark.

Functional enrichment analysis of inflamma-
tory reaction-related DEGs

To reveal the potential roles of the prognostic
signature, we employed functional enrichment
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analyses, like gene ontology, Kyoto Encyclope-
dia of Genes and Genomes (KEGG), and gene
set enrichment analysis (GSEA) with program
4.1 according to the DEGs between the riskhigh
group and risk _  group [16]. The Banjamini-
Hochberg (BH) adjusted P < 0.05 was consid-
ered statistically significant.

Tumor microenvironment (TME) and immune
response analysis

Immunity and stroma score was carried out to
measure the infiltrative status of immunocytes
and stromal cells across the two groups [17].
Spearman’s correlation was employed to ex-
amine the association of risk score with
immune and stromal score. Moreover, tumor
stem cell-like characteristics, including RNA
stemness score (RNAss) and DNA stemness
score (DNAss), were analyzed using the
PanCancer TCGA database of tumor stem cell
transcriptome and epigenetic data [18]. The
stemness indices of RNA and DNA were calcu-
lated according to mRNA expression and DNA
methylation, respectively [19]. The correlation
between cancer stemness and risk score was
identified using Spearman correlative analys-
es.

Analysis of chemosensitivity

The NCI-60 database covers 60 tumor lineage
cell lines from nine different cancer types host-
ed on the Cell Miner website (https://discover.
nci.nih.gov/cellminer). A Pearson correlative
assay was performed to explore the relation-
ship between genetic expression prognosis and
drug susceptibility. The association assay was
performed on 216 medicines, selected from
medications with FDA approval or those under-

going clinical trial testing (Supplementary Table
2).

Validation of prognosis gene expression be-
tween AML and control samples by qRT-PCR

Ten paired AML tissue and corresponding nor-
mal peripheral blood samples were acquired
from Qinghai Provincial People’s Hospital. The
MRNA expression levels of 11 prognosis genes
were measured in all samples using qRT-PCR.
Based on the manufacturer's specifications,
the target RNAs were extracted using TRIzol
reagent (Servicebio). Extracted RNAs were then
converted into cDNA by reverse transcription
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using the Revert Aid First Strand cDNA Synthe-
tic Tool (Thermo). Fast Start Universal SYBR
Green Master Mix (Roche) was used to com-
plete the gRT-PCR assay using StepOne
(Applied Biosystems). The relevant primer
sequences are listed in Supplementary Table
3. Each RNA sampling procedure was repeated
three times. The comparative expression levels
of IRRGs were computed using the 224C
approach to compare expression levels across
samples.

Validation of prognostic gene expression be-
tween AML and control samples by immuno-
fluorescence (IF)

Paraffin-embedded tumor tissues were depar-
affinized for antigen repair. IF staining was
performed using anti-ACVR2A, CCL22, EBI3,
EDN1, FFAR2, HRH1, ICOSLG, IL-10, INHBA,
ITGB3, and LAMP3 antibodies, according to
the standard protocol. The nuclei were then
stained with DAPI (Invitrogen), and imaging
results were observed and analyzed via fluores-
cence microscopy.

Statistics

The Wilcoxon test was used to compare DEGs
between AML and control samples, and the chi-
square test was used to compare the percent-
ages. The Mann-Whitney test was employed to
contrast the ssGSEA score of immunocytes or
immunity paths between the riskmgh and risk,
groups, and the BH approach was utilized to
modify the P result. K-M analyses were used to
compare the OS among the diverse groups. The
association between prognosis model risk
score, prognosis genetic expression, stemness
and stroma score, immunity score, and medi-
cine susceptibility was further determined via
Spearman and Pearson correlative analyses.
To generate plots, R program 3.6.3, including
the various packages of venn, igraph, ggplot2,
pheatmap, ggpubr, corrplot, and survminer
were employed. Finally, a two-tailed P value <
0.05 was considered statistically significant.

Results

Determination of prognostic inflammation-
associated DEGs in the TCGA cohort

A flow diagram of this study is presented in
Figure 1. The research subjects comprised 151
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Figure 1. The flow chart including data collection, analyses and representative experimental results in this study.

AML patients from the TCGA-AML cohort, 264
normal samples from the GTEx cohort, and 356
AML patients from the ICGC (LAML-US) cohort.
In AML and neighboring normal samples, 79
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DEGs associated with inflammatory response
and 49 prognostic genes were identified (Figure
2A). The heatmap shows the expression levels
of the 21 overlapping genes in AML and normal
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Figure 2. Determination of the candidate inflammatory response-related genes in the TCGA cohort. A. Venn diagram to determine DEGs between AML samples and
normal controls. B. Heat map showing the expression levels of 21 overlapping genes between AML samples and normal controls. C. Forest plots revealing the results
of the correlation between expression of 21 overlapping gene and 0S. D. The correlation network of 21 overlapping genes.
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samples (Figure 2B). Univariable Cox analysis
revealed an association between the expres-
sion levels of 49 prognosis genes and OS
(Supplementary Figure 1A). The 21 inflamma-
tory response-related genes were correlated
with OS and were expected to be potential
prognostic markers. The hazard rate of CCL22
gene was 18.178 (95% Cl = 4.296-76.910, P <
0.001, Figure 2C). As shown in Figure 2D, we
determined the correlative network of these
genes.

Establishment of a prognostic model for the
TCGA cohort

LASSO-Cox regressive analysis was performed
to construct the prognostic model of the afore-
mentioned 21 genes, which were identifi-
ed based on the optimum value of A
(Supplementary Figure 1B, 1C). The patients’
risk scores were assessed as follows: risk sc-
ore = 0.120 * expression level of ACVR2A +
1.530 * expression level of CCL22 + 0.168 *
expression level of EBI3 + 0.691 * expression
level of EDN1 + 0.066 * expression level of
FFAR2 + 0.661 * expression level of HRH1 +
0.313 * expression level of ICOSLG + 0.033 *
expression level of IL10 + 0.095 * expression
level of INHBA + 0.019 * expression level of
ITGB3 + 1.103 * expression level of LAMP3.

Subsequently, patients were separated into
riskhigh and risk _ groups based on the mid-val-
ue cut-off (Figure 3A). Early mortality was
observed more frequently for Riskhigh patients
than for risk , patients (Figure 3B). Further-
more, PCA analyses revealed that patients in
the riskhigh and risk  groups were mainly dis-
tributed in two orientations (Figure 3C). Si-
milarly, the K-M curve revealed that riskhigh
patients displayed a remarkably inferior OS
compared to risk patients (Figure 3D, P <
0.001). ROC curves were used to forecast 0S
in the constructed prognostic model, and the
AUC was 0.799 at 1 year, 0.803 at 2 years,
and 0.780 at 3 years (Figure 3E). To reveal the
association between the 11 prognosis genes
and prognoses, we performed survival analy-
ses according to the optimum threshold of
each prognosis gene. The results revealed that
for all genes, high expression levels were sig-
nificantly related to worse OS (Supplementary
Figure 2A-K, P < 0.001). As presented in

Supplementary Figure 3, the expression levels
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of each of the 11 prognostic genes were higher
in AML samples than in the normal controls,
which is consistent with the results shown in
Figure 2B.

Validation of gene signatures in the ICGC co-
hort

AML patients within the ICGC cohort were
separated into riskhigh and risk , groups ac-
cording to the mid-value of the TCGA cohort to
determine the validity of the established prog-
nosis model (Figure 3F). However, all patients
with survival data in the ICGC cohort died, so
the data were unsuitable for comparing mo-
rtality in the different risk groups (Figure 3G).
As per PCA analysis, the results verified the
scattered distribution of AML patients in riskhigh
and risk  groups, showing similar results to
those obtained from the TCGA cohort (Figure
3H). As shown in Figure 3l, patients in the
riskhigh group exhibited a lower survival rate
than those in the risk _ group. In addition, the
AUC of the 11-gene hallmark reached 0.738 at
1 year, 0.745 at 2 years, and 0.789 at 3 years,
indicating that the risk score yielded satisfac-

tory prognostic predictability (Figure 3J).
Biological function and pathway analyses

The different OS rates of patients in the riskhigh
group and risk_, group were studied, and
GSEA was further employed to explore the
underlying diversity of biological functions and
pathways between them. GO term analysis
revealed that the biological process of T cell
proliferation was remarkably enriched in
risk, ., Patients (Figure 4A; Supplementary
Figure 4). In addition, five KEGG pathways were
mainly sponged in the riskhigh patients, with a
FDR < 0.05, which is presented in Figure 4B
and Supplementary Figure 5. The pathways of
the KEGG database demonstrated that the
remarkably expressed DEGs in the riskhigh
patients were predominantly associated with
the pathways relevant to the inflammatory
response, including B cell receptor, chemokine,
and Fc-g receptor-mediated phagocytosis.
These data indicate that these DEGs may be
highly influential on the immunoresponse.

Potential relevance of gene signature in TIME

The TME immune status is mainly associated
with cancer development, drug tolerance, and

Am J Transl Res 2022;14(7):4898-4917
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clinical results. To evaluate the association
between risk score and immune status, ssG-
SEA was performed to study the enrichment
score of diverse immunocyte subset-related
roles and pathways. All genes relevant to ssG-
SEA analysis are presented in Supplementary
Table 4. We discovered that the process of anti-
genic presentation within the TCGA cohort,
such as iDCs, pDCs, APC co-suppression, APC
co-activation, HLA, and MHC class |, was signifi-
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cantly promoted inrisk = patients with a modi-
fied P < 0.05 (Figure 5A, 5B). Moreover, the
ratio of Tfh cells, Thi cells, Treg cells, T cell co-
activation, and T cell co-suppression was high-
er in risk . patients than in risk  patients,
suggesting that differences in T cell regulation
may play a potential role in observed differenc-
es inrisk . andrisk groups. In addition, our
team observed that CCR, checkpoint, macro-
phage, neutrophilic cell, inflammation-facilitat-
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Figure 5. Analyses of immune status and the relationship between risk score and TME in the high- and low-risk
groups. TCGA cohort (A, B), ICGC cohort (C, D). (A, C) The boxplots of showing the score of 16 immune cells and (B,
D) 13 immune-related functions. (E) The relationship of risk score with RNAss, DNAss, Stromal Score and Immune
Score. P values were presented as: ns, no significance; *P < 0.05; **P < 0.01; ***P < 0.001.

ing activity, and type Il IFN reaction activity
scores were also higher in riskmgh patients than
in risk _, patients with a modified P < 0.05
(Figure 5A, 5B). The comparisons of the ab-
ove indicators within the ICGC cohort between
the two risk groups resembled that within the
TCGA cohort with a modified P < 0.05 (Figure
5C, 5D).

To further study whether risk score was associ-
ated with cancer stemness and TIME, RNAss
and DNAss were performed to measure tumor
stemness. Stroma and immunity score were
also employed to assess TIME. As presented
in Figure 5E, our team discovered that the risk
score was not remarkably associated with
DNAss but remarkably positively correlated
with stromal and immune scores (P < 0.001)
and negatively correlated with RNAss (P <
0.001).

In addition, PD-1/PD-L1 and PD-1/PD-L2 paths
are critical modulators of tumor immunoes-
cape. Thus, testing the expression levels of
immunity checkpoints like PD-L1 and PD-L2 is
a vital approach for immunological therapy. In
comparison with the risk  patients, the ex-
pression levels of PD-L1 and PD-L2 were
higher in the riskhigh patients (Figure 6A, 6B),
and the relationship between the expression
levels of PD-L1 and PD-L2 and the risk score
was positive (Figure 6C, 6D).

Prognostic gene expression and oncocyte sus-
ceptibility to chemotherapy

The multidrug resistance-associated protein
(MRP) family is essential for modulating drug
resistance-associated tumor genes. We found
that patients in riskhigh group exhibited higher
expression levels of MRP2 and MRP3 than
risk,,,, patients (Figure 6E, 6F). Additionally, the
expression levels of MRP2 and MRP3 were
positively related to the risk score (Figure 6G,

6H).

Subsequently, in NCI-60 lineage cells, we mea-
sured the expression of prognosis genes and
investigated the association between their
expression levels and medicine susceptibility
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(Supplementary Table 5). The results suggest-
ed that the prognostic genes were related to

certain chemotherapeutic drug sensitivities (P
< 0.01). Representative results are as follows:
elevated expression levels of INHBA, HRH1,
and IL-10 were associated with elevated sus-
ceptibility of oncocytes to dasatinib, midostau-
rin, lomustine, and azacitidine. In contrast, the
increased expression levels of CCL22 and
ACVR2A were associated with decreased sus-
ceptibility of oncocytes to midostaurin and eto-
poside (Figure 7). Notably, the elevated expres-
sion of both INHBA and HRH1 was related to
increased drug susceptibility of oncocytes to
dasatinib, which was accepted by the FDA as a
first-line therapy for AML in 2006.

Verification of prognosis gene expression be-
tween AML and control samples by qRT-PCR
and IF

To validate the diverse expression of the 11
prognostic genes (ACVR2A, CCL22, EBI3,
EDN1, FFAR2, HRH1, ICOSLG, IL-10, INHBA,
ITGB3, and LAMP3) between AML and corre-
sponding healthy samples, the expression
level of MRNA and protein was analyzed by qRT-
PCR and IF. As expected, the prognosis gene
expression levels were higher in AML speci-
mens than in healthy specimens based on the
gRT-PCR assay (Figure 8, P < 0.001). As de-
picted in Figure 9, the results of IF were similar
to those of qRT-PCR (P < 0.01). These experi-
mental results further confirmed the mRNA lev-
els of 11 prognostic genes in the TCGA data-

base (Supplementary Figure 3).

Discussion

AML is a prevalent hematological carcinoma
characterized by the accumulation of immature
myeloid progenitor clones [20]. The develop-
ment of targeted molecular and immunization
therapies has benefited AML patients, but the
B5-year prognoses of AML remain unsatisfac-
tory because of the high relapse rates [4, 5]. A
high-accuracy prognosis prediction method
supports the decision-making capability of
healthcare practitioners to develop individual-
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ized therapy programs by designating riskhigh
and risk  groups using dependable gene sig-
natures [21]. In this study, we comprehensively
studied the expression of 200 IRRGs in AML
samples and their association with 0S. We
identified 79 DEGs in the TCGA cohort.
Univariate Cox analyses revealed that 21
DEGs were associated with OS. Subsequently,
a prognosis model involving 11 IRRGs was
established via LASSO regressive analyses
and verified within the ICGC cohort. We sepa-
rated the patients into riskhigh and risk  gro-
ups according to the mid-value of the risk score
and found that riskhigh patients exhibited signifi-
cantly poorer OS in contrast to risk , patients
as per the K-M analyses. We aimed to verify
the prediction ability of the hallmark and
obtained an AUC of 0.780 for 3-year OS.
Moreover, the AUCs of 1-year and 2-year OS
were 0.799 and 0.803, respectively, suggest-
ing that the signature had good predictive
capability.

Determining gene signatures using transcrip-
tome profiles is an attractive method for evalu-
ating tumor risks and associated prognoses
[22]. The prognostic model constructed in this
study comprised 11 inflammatory reaction-
associated genes, including ACVR2A, CCL22,
EBI3, EDN1, FFAR2, HRH1, ICOSLG, IL-10,
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INHBA, ITGB3, and LAMP3. They were down-
regulated in AML samples, and this differen-
ce was associated with a worse prognosis.
Specifically, ACVR2A is an activin A acceptor,
which has a vital effect on tumorigenesis and
progression by modulating cell differentiation,
proliferation, and apoptosis in cancer cells
[23-27]. Studies conducted on Th2 cell-related
chemokine (CCL22) expressive levels and Th2
cells in tumors indicated that the expression
level of CCL22 serves as a risk prognosis factor
in mammary, colonic, and rectal carcinomas
[28, 29]. It has been reported that CCL22, act-
ing as a receptor for CCR4, partially promotes
ATL cell survival through the PI3K-Akt path-
way. These results suggested that the inhibi-
tion of CCR4 signaling may have therapeutic
potential in this refractory malignancy [27, 30].
Epstein-Barr virus-induced protein-3 (EBI3)
was found to be activated by IL-18 [31] and
IL-35 [32], which play key roles in inducing Thl
immune responses and are correlated with
AML clinical staging. The PI3K/mTOR dual
suppressor BEZ235 impacts the chemosensi-
tivity of AML cells by elevating the expression
of miR-1-3p, resulting in EDN1, BAG4, and
ABCB1 downregulation and thus regulating cell
apoptosis, migration, and multidrug resistance
[33]. Lower expression levels of FFAR2 have
been reported in breast cancer, prostate can-
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cer, and blood disorders, especially leukemia,
which coincide with the outcomes of this study
[34, 35]. The expression level of HRH1 is asso-
ciated with the prognosis of various cancers,
such as hematological cancers, in which HRH1
can affect differentiation sensitivity and solid
carcinoma development [36]. ICOSLG, a com-
ponent of the B7 ligand family, is vital for mo-
dulating the T cell (Treg)-mediated immune
response, and its expression in plasmacytoid
dendritic cells (DCs) promotes tumor develop-
ment by accumulating immune suppressive
CD4* T cells [37, 38]. Additionally, in myelopro-
liferative diseases, CD86 and ICOSLG expres-
sion is associated with poor clinical prognosis
and disease severity [39]. The IL-10 receptor is
overexpressed in most AML cells, plays a vital
role in facilitating leukemia cell stemness, and
has been explored as a new potential therapeu-
tic candidate for AML [40]. INHBA modulates
various critical mechanisms involved in the
progression of chemoresistance in pancreatic
cancer, such as the enhancement of stem cell-
like properties and tumorigenicity of pancrea-
tic cancer cells [41]. The expression level and
clinical value of INHBA in AML were also investi-
gated, and the results indicated that high
INHBA expression was an unfavorable progno-
sis factor for de novo AML [42]. ITGB3 has been
reported to be a promoting factor for tumori-
genesis in various malignancies, such as bre-
ast cancer [43] and hepatocellular carcinoma
[44]. ITGB3 has been reported to interact with
STAT6 to participate in AML progression [45].
Furthermore, Fuentes et al. demonstrated that
integrin ITGB3 has a pivotal effect on intracel-
lular crosstalk through the interaction and acti-
vation of FAK, which is crucial for tumor metas-
tasis [43]. LAMPs are a family of glycosylated
proteins presenting primarily on lysosome
membranes, including LAMP3, which is overex-
pressed in a variety of cancers in which it is
related to an unsatisfactory prognosis and may
be pivotal for tumor metastasis [46-48].

Whether these genes influence prognosis in
AML patients via inflammation pathways
remains elusive considering that few studies
have focused on this relationship. According to
the GSEA analysis reported herein, inflamma-
tion-associated signal pathways, such as B
cell receptor, chemokine, and Fc-g receptor-
mediated phagocytosis pathways, were remark-
ably enriched in riskhigh patients, which sub-
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stantiated that the inflammation reaction is
closely related to tumor progression. Further-
more, high-risk patients displayed a higher ratio
of macrophages, neutrophils, Thl cells, and
Tregs. To create and sustain an immune-per-
missive environment, tumors attract immune
suppressive cells, such as M2 (or cancer-relat-
ed) macrophages, DC subtypes, and myeloid-
derived suppressor cells (MDSC) [49]. For
instance, oncocytes and cancer-infiltrating
macrophages generate the chemotactic fac-
tor CCL22, which attracts Tregs into the TME,
thus hindering the antitumor immune respon-
se [50]. Previous studies have shown that
increased numbers of cancer-related macro-
phages [51, 52], neutrophilic cells [53], Thl
cells [54, 55], and Treg cells [56, 57] are asso-
ciated with unsatisfactory prognoses in AML
patients, partially due to the immune evasion
effect.

Tumor immunotherapies targeting immune
checkpoints such as PD-L1 have exhibited sig-
nificant clinical activity in various cancer types
[58-60]. The increased expression of immune
checkpoints inhibits the anticancer immune
response of T cells by elevating the expression
levels of PD-1 and BRD4, and studies on im-
munity checkpoint inhibitors have led to
remarkable advancements in AML therapies
[64]. In this study, the score of immunity check-
points in riskhigh patients was greater than that
in risk,, patients, and the risk score was posi-
tively related to the expression levels of PD-L1
and PD-L2. Thus, the prognostic model could
be employed to forecast the expression levels
of immunity checkpoints and facilitate immuno-
therapy. Moreover, the score in riskhigh patients
was related to mitigation of the type | IFN reac-
tion, which exerted a pivotal effect on cancer
immunity monitoring, thus activating antican-
cer immune activity and facilitating cancer
eradication [62-66]. In addition, elevated activi-
ties of Tfh cells, Treg cells, Tha cells, T cell co-
activation, and T cell co-suppression in riskhigh
patients revealed that the immunoregulatory
role was disrupted in riskhigh patients. Thus, it is
rational to hypothesize that anticancer immune
activity is weakened in riskhigh patients, which
may significantly increase the likelihood of a
poor prognosis.

The different environments of immune, carci-
noma, and matrix cells in the TME form a
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dynamic landscape, facilitating interactions
between tumors and immunocytes, and these
interactions may be affected by cancer type
[67, 68]. Tregs are an important component of
the microenvironment, characterized by the
expression of the transcriptional factor Foxp3,
which maintains immunity homeostasis and
prevents excess tissular impairment [69]. The
formation of Tregs relies on endocellular signal-
ing stimulated by the T-cell receptor (TCR),
costimulatory molecules, and cytokines. In par-
ticular, the ICOS/ICOSL axis is pivotal for Treg
cell function by promoting Treg differentiative
activity by activating the PIK3/AKT signaling
pathway [70]. The expression of ICOSL in the
TME may be foundational in mediating the co-
stimulation of cancer-infiltrating lymph cells as
a positive feedback mechanism that further
promotes AML cell proliferation [71]. In addi-
tion, cancer stem cell-like cells (CSCs) are self-
renewing cells that may have diverse origins,
such as long-lived stem cells and progenitor
cells, and converting from non-stem cells via
de-differentiation process [19, 72]. CSCs can
promote tumorigenesis, metastasis, and resis-
tance to cancer therapy [73]. Transcriptomic
analysis of various tumor types indicated a
potential relationship between stemness and
immune signatures, suggesting that such bio-
logical interactions are vital in the development
of tumors [74]. Based on the ESTIMATE algo-
rithm, the risk score was positively associated
with the immune score, implying that AML tis-
sues were remarkably infiltrated by immuno-
cytes in risk " patients.

According to the data of the NCI-60 lineage
cells, our team revealed that the elevated
expression levels of certain prognosis genes
were related to elevated drug tolerance to vari-
ous chemotherapy drugs with FDA approval,
including dasatinib, midostaurin, etoposide,
lomustine, and azacitidine. For instance, in-
creased INHBA and HRH1 expression levels
were related to the susceptibility of oncocytes
to dasatinib, which was accepted by the FDA
as a first-line therapy for AML in 2006. Fur-
thermore, the MRP family is composed of 13
components, among which MRP1 to MRP9 act
as the primary transporters involved in trigger-
ing multidrug tolerance via the extrusion of
antitumor drugs from tumor cells [75]. In sum-
mary, the association between risk score and
medicine tolerance genes such as MRP3
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revealed that targeting camera medicine toler-
ance genes seem to be an effective treatment
for riskhigln patients with AML. These outcomes
revealed that certain prognosis genes are
expected to be utilized as treatment targets to
tackle medicine tolerance and auxiliary medi-
cine susceptibility.

Conclusion

This study constructed a prognostic inflamma-
tion-associated signature composed of 11
DEGs to predict the OS of AML patients. The
signature was proven to be independently
related to OS in the training (TCGA and GTEX)
and ICGC verification cohorts. Further analyses
of biological function, TME, and drug suscepti-
bility provided insights into the prediction of
AML prognoses. The underlying mechanism
between inflammatory response-associated
genes and cancer immune activity in AML
remains elusive and deserves further investi-
gation. This study is expected to lay the ground-
work for unveiling the effects of prognostic
inflammation-related signatures on tumorigen-
esis, especially in terms of immune response,
the TME, and drug tolerance, which is crucial
for developing individualized treatments for
AML.
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Supplementary Table 3. The primer sequences of the eleven prognostic genes

Reverse Primer

Forward Primer

Gene

GCACAACAACTTCCTGCATGTCTTC

GGAACTGGCTTCTCGCTGTACTG
TGTCCTCGTCCTCCTTGCTGTG

ACVR2A

AGGAGTCTGAGGTCCAGTAGAAGTG
GTCGGGCTTGATGATGTGCTCTG
CGGTCTGTTGCCTTTGTGGGAAG

CCL22
EBI3

CATGGCTCCCTACGTGCTCAATG

ACTTCTGCCACCTGGACATCATTTG
TCCTGGTGTGCTTCGGACCTTAC

END1
FFAR2
HRH1

AGACTGGCGTTGAGTGAACTGAAC

GACTTCAAGACAGATCCACCACCAG
GCTGTTCTGTGGGATGTGGTAGG
CCCTGCTCGTAATCTTCCACAT

GATGCCAAGAAACCAGGGAAGGAG

AGAAGGAAGTCAGAGCGATGGTAGG
ACATCATTGTGTTTGGGAAGGC

ICOSLG
IL-10

TGCGGTAGTGGTTGATGACTGTTG
TCGGTCGTGGATGGTGATGAGG

CAAGGACATCGGCTGGAATGACTG
AGAAGAGCCAGAGTGTCCCAAGG
GAACAGAGCCTCCAGTTGTCAGC

INHBA

ITGB3

TCAGACGAGCACTCATCCACATTTC

LAMP3
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Supplementary Figure 1. Construction of an 11-gene signature in the TCGA cohort. A. Forest plots revealing the

results of the association between expression of 79 DEGs and OS. B. LASSO coefficient expression profiles of 21

candidate genes. C. The penalty parameter (A) in the LASSO model was chosen through 10 cross-verifications.
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Supplementary Figure 2. Survival analysis of prognostic genes based on the optimumal cut-off expression value. TCGA cohort (A-K). (A) ACVR2A. (B) CCL22. (C) EBI3.
(D) EDN1. (E) FFAR2. (F) HRH1. (G) ICOSLG. (H) IL-10. (I) INHBA. (J) ITGB3. (K) LAMP3. All adjusted P < 0.05.
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Supplementary Figure 3. Every prognostic gene expression between AML samples and normal controls in TCGA cohort. A. ACVR2A. B. CCL22. C. EBI3. D. EDN1. E.
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Supplementary Figure 4. Significant GO terms related to high-risk patients. A. Leukocyte cell adhesion. B. Regulation of leukocyte proliferation. C. Regulation of T
cell activation. D. T cell proliferation. E. Tumor necrosis factor mediated signaling pathway.
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Supplementary Figure 5. Significant KEGG pathways related to high-risk patients. A. B cell receptor signaling pathway. B. Chemokine signaling pathway. C. Cytokine
receptor interaction. D. Fc-y receptor mediated phagocytosis. E. Leishmania infection.



