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Background: The tumor immune microenvironment (TIME) and N7’-
methylguanosine (m7G) modification play crucial roles in the progression of
acute myeloid leukemia (AML). This study aims to establish an IME-related and
m7G-related prognostic model for improved risk stratification and personalized
treatment in AML.

Methods: Immune score for the Cancer Genome Atlas acute myeloid leukemia
(AML) patients were calculated using the ESTIMATE algorithm, followed by
identification of immune score-associated differentially expressed genes Non-
negative matrix factorization (NMF) clustering was performed to stratify AML
subtypes based on immune microenvironment (immune microenvironment)-
related DEGs and 29 m7G regulatory genes. Intersecting DEGs co-linked to IME
and m7G features were analyzed through weighted gene co-expression network
analysis Weighted correlation network analysis combined with univariate Cox,
LASSO, and multivariate Cox regression to establish a prognostic signature.
Biological pathway disparities between risk subgroups were analyzed via Gene
Set Enrichment Analysis, Gene Set Variation Analysis, and ssGSEA. A clinical
nomogram integrating the signature with prognostic indicators was
developed. The expression of the 12 prognostic genes were tested and
compared in AML and healthy donors. Drug sensitivity predictions for high-
risk patients were generated using oncoPredict, supported by molecular docking
simulations of ligand-target interactions and in vitro validation of candidate
compounds in AML cell models.

Results: We constructed an IMEm7G prognostic signature comprising 12 genes
(MPZL3, TREML2, PTP4A3, AHCYL1, CBR1, REEP5, PPM1H, WDFY3, LAMCS3,
KCTD1, DDIT4, KBTBD8) that robustly stratified AML risk and predicted survival
in multiple cohorts. The high- and low-risk subgroups exhibited divergent
biological pathways, mutational landscapes, immune infiltration patterns,
immune checkpoint expression, and HLA profiles. This signature further
guided therapeutic selection, with dactolisib identified as a high-risk-specific
candidate. The quantitative real-time PCR (gPCR) analysis demonstrated that in
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comparison with healthy donors, the expression of WDFY3, PPM1H, and REEP5 was
significantly lower, while that of PTP4A3, AHCYL1, CBR1, MPZL3, TREML2, and
KBTBD8 was higher in AML patients. In vitro CCK-8 assays validated dactolisib’s
monotherapy efficacy and synergistic cytotoxicity when combined with
doxorubicin in AML cells.

Conclusion: The IMEm7G gene signature established in our study effectively
optimized the risk classification and predicted immunotherapy response in AML.
Moreover, dactolisib was identified and demonstrated cytostatic activity alone and

synergistic effects with doxorubicin in AML cells.

acute myeloid leukemia, immune microenvironment, m7G, gene signature,

prognosis, therapy

Introduction

Acute myeloid leukemia (AML) is a hematologic malignancy with
high mortality that is characterized by impaired hematopoiesis and
extramedullary infiltration of immature myeloid hematopoietic cell
invasion. It is one of the most common types of leukemia in adults
(Tallman et al, 2019). Induction chemotherapy combined with
consolidation ~ chemotherapy ~or  hematopoietic ~ stem  cell
transplantation (HSCT) has been the primary treatment strategy for
most de novo AML patients over recent decades (Rai et al., 1981; Short
et al, 2020). Although many patients experience their first remission
after the standard treatment, the 5-year survival rate remains only 30%
for young patients and less than 10% for older patients (Miller et al.,
2019). The immune microenvironment (IME) of AML significantly
impacts therapeutic efficacy and prognosis (Tettamanti et al,, 2022).
Additionally, the intricate outcomes of AML patients vary with
alterations in epigenetic factors (Ueda and Steidl, 2021; Zhao et al,
2024; Zhang et al, 2024). Identifying meaningful biomarkers based
upon the IME and its epigenetic characteristics to stratify patients is a
wise strategy for exploring heterogeneity, providing prognostic
information, and guiding therapy.

The tumor immune microenvironment (TIME) is a complex
regulatory network comprised of tumor cells and surroundings, and
the surroundings mainly include immune cells and stromal cells. The
immune landscape within the tumor microenvironment has brought
new insights into treatment approaches for AML patients and has also
facilitated the development of immunotherapy (Vago and Gojo, 2020).
Nonetheless, accurately identifying the optimal population that would
benefit from immunotherapy remains a significant concern, requiring
more comprehensive risk stratification and a deeper understanding of
the IME for patients with AML.

Epigenetics involves studying how gene expression is regulated
without changes to nucleotide sequence. Researches has indicated
that dysregulated RNA modifications frequently result in aberrant
gene expression and are closely correlate with developmental
disorders and malignancies (Cavalli and Heard, 2019). N7-
methylguanosine (m7G) is one of the most common RNA
modifications that arises from the methylation of RNA guanine
at the N7 position by methyltransferase and is commonly found in
transfer RNAs (tRNAs), ribosomal RNAs (rRNAs), the 5'cap of
messenger RNA (mRNA), and within mRNAs themselves (Cai et al.,
2023). Recent studies have demonstrated that the m7G modification
has the potential to influence the IME, and this alteration can
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subsequently contribute to tumor development and therapeutic
effectiveness (Han et al., 2024). Nonetheless, no research has
been done about integrating both IME and m7G for prognostic
stratification and treatment guidelines in AML. Our study aimed to
explore the feasibility of concurrently modeling these two critical
components to enhance our understanding and improve the
management of AML.

In this study, we constructed a 12-gene signature based upon
both IME and m7G for robust risk stratification. Moreover, we
established a nomogram incorporating common clinical indices and
the gene signature. We ultimately confirmed that dactolisib has
therapeutic potential, demonstrating inhibitory activity against
AML cells in monotherapy and exhibiting a synergistic effect
when combined with doxorubicin.

Materials and methods
Data acquisition and processing

AML patients with complete clinical characteristics were enrolled in
our study. The transcriptomic profiles of 151 AML patients were
retrieved from the TCGA cohort. The clinical data of AML patients
was gathered from the UCSC Xena database (http://xena.ucsc.edu/). The
transcriptomic profiles of Beat-AML (346 AML samples) and the
microarray data with matrix format of AML patients from GSE10358
(91 AML samples) and GSE71014 (104 AML samples) were used for
external validation. The probes for the GSE10358 and GSE71014 were
annotated by Affymetrix Human Genome U133 Plus 2.0 Array GPL
platform and Ilumina HumanHT-12 V4.0 expression beadchip
GPL10558 platform, respectively. If multiple probes corresponded to
the same gene, the mean expression value was calculated and defined as a
final value using the limma (Ritchie et al, 2015) package in the R
language (version 4.4.1). The transcriptome data from TCGA was
analyzed in FPKM values.

Identification of DEGs related to AML
immune microenvironment (IME)

The immune score, stromal score, and estimate score of
151 AML cases from the TCGA database were assessed using the
ESTIMATE algorithm (Yoshihara et al, 2013). Patients were
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classified into high and low immune score groups based on the
median immune score. We used the limma package to compare the
DEGs between the high- and low-score groups, with an adjusted
p-value <0.05 and | log2 fold change (FC) | > 1 as the cutoff criteria.
The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses of DEGs were
conducted with the “clusterProfiler” R package (Yu et al, 2012).
The “ggplot2” was utilized to visualize the outcome (Ginestet, 2011).

Identification of IME-relevant and
m7G-relevant subclasses

For IME-relevant unsupervised classification, the IME-
related DEGs were enrolled for non-negative matrix
factorization (NMF) clustering (Gao and Church, 2005).
29 m7G-related genes were identified from the published
literature (Tomikawa, 2018) and the Gene Set Enrichment
Analysis (GSEA) website (http://www.gsea-msigdb.org/gsea/
index.jsp). AML patients from the TCGA database were
divided into subgroups based on the expression of 29 m7G-
related genes using the “NMEF” R package. The “survival” R
package was used for the Kaplan-Meier (KM) complete
survival curve analysis between the different clusters.

Weighted correlation network analysis

Using the WGCNA package in R, the Weighted correlation
network analysis (WGCNA) determines the correlation patterns
between genes (Langfelder and Horvath, 2008). We executed
WGCNA  using 2429 IME- and m7G-relevant DEGs (named
IMEm7G-DEGs) to identify the ‘survival models for further
investigation. The correlation values of DEGs to ‘survival models
were determined through Pearson’s correlation coefficients. The soft
thresholding power was determined by evaluating both scale
independence (R?) and mean connectivity. A threshold was selected
to ensure a scale independence (R®) value greater than 0.8 while
maintaining a sufficiently high mean connectivity, thereby preserving
biologically relevant information. Based on these criteria, 3 = 4 was
identified as the optimal value for our analysis. The adjacency matrix
was transformed into a topological overlap matrix (TOM) for gene
hierarchical cluster analysis to generate co-expression modules.
Similarly expressed genes were grouped into the same gene module.
The minimum module size was defined as 30 genes, and modules with a
dissimilarity of <0.3 were merged. We finally mined the gene models
related to survival time and survival status.

Construction of an IMEm7G-related
gene signature

The survival-correlated gene models (including survival time
correlated or survival status correlated; p < 0.05) were obtained from
WGCNA analysis, and genes in these models were screened for
univariate Cox regression analysis. Meanwhile, a Kaplan-Meier (KM)
survival analysis was conducted among these genes to explore the effect
of each gene on AML survival.
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To optimize the Cox model, we performed the least absolute
shrinkage and selection operator (LASSO) regression analysis by the
glmnet (Friedman et al,, 2010) package in R. The selected genes were
later analyzed using multivariate Cox regression to establish an
IMEm7G-based gene signature. In the gene signature, an individual’s
risk score was calculated using the formulas: risk score = Pl *
+ Bn * Genen
expression, in which P represents the regression coefficient of

Genel expression + {2 * Gene2 expression + .

each variable.

The median risk score was used to categorize patients into high-/low-
risk groups. The reliability of the gene signature for predicting the 1-, 2-, 3-,
4-, and 5-year survival was evaluated via the time-dependent receiver
operating characteristic (ROC) curve by survivalROC (https://cran.r-
project.org/package=survivalROC) package under R environment. The
survival  (https://cran.r-project.org/package=survival) and survminer
(https://cran.r-project.org/package=survminer) packages were
implemented to perform the KM survival analysis and Cox models. A

p-value <0.05 was a significant statistical difference in survival prognosis.

Verification of the robustness of the
12-gene signature

Three additional cohorts of AML patients from Beat-AML,
GSE10358, and GSE71014 were used as validation cohorts. Based
on the gene signature, we calculated the risk score, overall survival
(OS) rates, and area under the curves (AUCs) values of the distinct
AML cohorts separately.

Functional analyses of the low- and
high-risk groups

The GSEA was performed on high- and low-risk groups to identify
enriched principal pathways (GSEA 4.1.0) (Subramanian et al., 2005).
The javaGSEA Desktop Application was downloaded from https://
www.gsea-msigdb.org/gsea/indexjsp. We used the Hallmark sets
(Liberzon et al, 2015) as reference sets. The analysis was carried out
via 1,000 permutations. The pathways with a [normalized enrichment
score (NES)| > 1, p-value (NOM p-value) < 5%, and q-value (FDR
q-value) < 25% were statistically significant. The enrichment pathways
for variations between subtypes were evaluated through Gene Set
Variation Analysis (GSVA) (Hénzelmann et al,, 2013).

Deciphering the immune landscape of AML
patients via the ssGSEA algorithm
The single sample GSEA (ssGSEA) was adopted with the GSVA

package to depict the immune infiltration characteristics of distinct
immune cell infiltrations in AML samples.

Establishment of a nomogram with clinical
application

With the replot (https://CRAN.R-project.org/package=
regplot) package, the 12-gene signature was combined with
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clinical features, including age, cytogenetics, and transplantation
treatment, to establish a nomogram. We ran univariate and
multivariate Cox regression analyses for the Hazard ratios
(HR) of distinct factors in the nomogram. The AUC values,
decision curve analysis (DCA), concordance index (C-index),
and calibration curves were applied to evaluate the practicality of
the nomogram.

Drug prediction analysis

The “oncoPredict” R package was employed to identify the
therapeutic medicines for AML patients based on the genomics
of drug sensitivity in cancer (GDSC) database (https://www.
cancerrxgene.org/) (Maeser et al, 2021). We performed
molecular docking of the potential therapeutic ingredients and
the predicted targets with unfavorable events, including
PTP4A3, AHCYL1, TREML2, CBR1, and MPZL3. The protein
structures for these specific genes were retrieved from the PDB
database (http://www.rcsb.org/). The PubChem database was
to obtain the of distinct
medicines. The AutoDock tool was utilized to verify the

utilized chemical structures
charge balance and identify the rotatable bonds of small
molecules (Morris et al., 2009). We performed molecular
docking between the targeted proteins and medications using
AutoDock Vina (Trott and Olson, 2010). The binding energy
obtained from molecular docking experiments served as
a docking score to evaluate the protein-ligand binding
potential. Combinations of targets and ligands with a
selection value of < -5 were deemed to exhibit moderate to
strong binding potential. A lower binding energy indicates a
stronger interaction between the molecules. The docking results

were visualized using PyMol 2.4 software (Bramucci et al., 2012).

Patient samples

Bone marrow mononuclear cells were obtained from 50 newly
diagnosed AML patients at Fujian Medical University Union
(FMUUH), while peripheral blood samples were
collected from 20 healthy donors. This study was approved by
the FMUUH Ethics Committee and conducted in accordance
with the Declaration of Helsinki.

Hospital

RNA isolation and quantitative real-time PCR

Total RNA was isolated using TRIzol reagent (TransGen
Biotech, China) following the manufacturer’s instructions.
Subsequently, 1 pg of total RNA was reverse-transcribed into
complementary DNA (cDNA) using a commercial reverse
transcription kit (Thermo Fisher Scientific, United States).
Quantitative real-time PCR (qPCR) analysis was conducted
using SYBR Green PCR Master Mix (Vazyme, China) on a
real-time PCR detection system. The relative gene expression
levels were determined using the comparative 27*4T method
(Livak and Schmittgen, 2001). All primer sequences used in this
study are provided in Supplementary Table S1.
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Cell counting kit-8 (CCK-8) assay and
treatment combination analysis

The cell viability was assessed by CCK-8 assay (APExBIO,
United States). The AML cells, including THP-1 (icellbioscience,
cat#iCell-h213, China), HL-60 ((icellbioscience, cat#iCell-h098,
China), and MOLM-13 (icellbioscience, cat#iCell-h423, China)
were seeded in 96-well plates with 100 pL volume per well,
following treatment with dactolisib or the combination of
dactolisib and doxorubicin for 48 h. For monotherapy, the
THP-1 cells were treated with increasing concentrations of
dactolisib at 0, 0.1, 0.25, 0.5, and 1 uM. HL-60 cells were
treated with dactolisib at 0, 0.1, 0.25, 0.5, 1, and 2 uM
concentrations. MOLM-13 cells were treated with dactolisib at
0, 0.05, 0.1, 0.25, and 0.5 uM concentrations.

For the combination treatment, AML cells were treated with the
of dactolisib,
concentrations of doxorubicin: THP-1 cells received 0, 0.05, 0.1,
and 0.2 uM; HL-60 cells received 0, 0.01, 0.02, 0.05, 0.1, and 0.2 puM;
and MOLM-13 cells received 0, 0.005, 0.01, 0.02, and 0.05 uM. After
48 h, the cells were incubated with 10 uL of CCK-8 reagent per well
for 2 h at 37°C, away from light. The optical density (OD) of each
well at 450 nm was measured using a microplate reader (Bio Tek,

increased concentrations along with various

United States). Cell viability was calculated using the formula:
viability (%) = [(treated - blank)/(control - blank)] x 100%. The
combination effects and synergy scores of dactolisib and
doxorubicin were analyzed with the Synergyfinder, utilizing the
Bliss independence model (Ianevski et al., 2020).

Results

Clustering of AML patients based onimmune
microenvironment (IME)- and
m7G-relevant genes

The procedure of our study was depicted in Figure 1. The
immune score, estimate score, and stromal score of each AML
patient were calculated using the ESTIMATE algorithm. The
Kaplan-Meier (KM) survival analysis indicated that patients with
low immune score had better OS than those with high immune score
(Figure 2A). We then divided the AML cases into two groups
according to the median immune score to investigate the IME-
relevant DEGs. In contrast with the low-immune score group, we
identified 645 upregulated genes and 273 downregulated genes in
the high-immune score group (Figure 2B). The GO and KEGG
analyses revealed that these DEGs were primarily enriched in
immune and inflammatory processes (Supplementary Figure S2A,
B). We subsequently used these DEGs to construct a risk model
employing uniCox, Lasso, and multiCox regression analyses. The
findings suggested that the model performed well with AUCs over
0.85 (Supplementary Figure S2C). However, we regretfully found
that the predictive model showed weak performance in the external
AML cohorts (Supplementary Figure S2D-F). Correspondingly, we
constructed the m7G-relevant model using 29 m7G-related genes,
while the AUCs for the model were less than 0.8 (Supplementary
Figure S2G). Meanwhile, the predictive model also revealed poor
performance in the external AML cohorts (Supplementary Figure
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Workflow diagram illustrating the analysis process for the development of a prognostic model associated with IME and m7G

S2H-]). We propose this discrepancy could stem from cross-cohort
variability and the exclusive focus on unimodal biomarkers (e.g.,
microenvironment or RNA modifications), potentially insufficient
to deconvolute the disease’s multifactorial nature while limiting
model generalizability.

The correlation between m7G and immunity has been reported
previously, while few studies have combined the two to optimize the
prognostic stratification in AML. We attempted to combine the IME
and m7G for modeling and performance evaluation. The IME-
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related DEGs were used for the AML cluster with NMF analysis. The
results showed that AML patients in the TCGA cohort were
clustered into three subtypes (named IMEcl, IMEc2, and
IMEc3 respectively) (Figure 2C; Supplementary Figure S2K).
Patients in IMEcl demonstrated superior OS rates compared to
IMEc2 and IMEc3 (Figure 2D). Meanwhile, we divided patients into
three clusters based on the 29 m7G-related genes (named m7Gcl,
m7Gc2, and m7Gce3 respectively) (Figure 2E; Supplementary Figure
S2L). Patients in m7Gc2 and m7Gc3 exhibited worse OS compared
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FIGURE 3

Development of the IME and m7G (IMEm7GQ) related signature in AML. (A) Lambda trajectory of DEGs. (B) Confidence interval under lambda. (C)
Twelve genes were selected for constructing a gene signature using the multivariate Cox regression model. (D) KM survival curves of the model predicting
the prognostic rate of OS between low- and high-risk groups. (E) Scatter plot of the model in the TCGA AML set dividing the samples into high-risk and
low-risk groups. (F) KM survival curves of the model predicting the prognostic rate of EFS between low- and high-risk groups. (G) The expression of
TREML2, MPZL3, and KBTBD8 was considered the independent EFS index. (H) ROC curves of the risk model for predicting 1-, 2-, 3-, 4-, and 5-year
survival in the TCGA AML cohort. (I) The top ten gene mutations in the high-risk group. (J) The top ten gene mutations in the low-risk group.
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to m7Gcl (Figure 2F). Interestingly, we found that patients in the
m7Gc2 and m7Gc3 showed similar survival probabilities over
1-3 years compared to patients in the IMEc2 and IMEc3.
that the m7Gc2 and
m7Gc3  exhibited higher immune score when compared to

Additionally, ~we  discovered
m7Gcl (Supplementary Figure S2M). This suggested that patients
in m7Gc2 and m7Gc3 were characterized by more immune
infiltrating cells to impact the OS. We compared the sample
IMEcl and m7Gcl and identified
12 patients who consistently exhibited a favorable prognosis

information between

when classified by both methodologies (designated as the FF
group). Similarly, 99 patients were consistently classified as
having a poorer prognosis by both approaches (designated as the
WW group). The comprehensive baseline characteristics of both
cohorts are summarized in Supplementary Table S2.

Then, the DEGs between the FF groups and WW groups were
identified with an adjusted p-value <0.05 and | log2 FC | > 0.5 as the
cutoff criteria, resulting in the screening of 2,429 DEGs for inclusion
in WGCNA analysis. Based on the gene expression profiles of
individual patients, we defined a threshold value of 10,000, which
led to the identification and subsequent exclusion of two outlier
samples (Supplementary Figure S2N). A scale-free co-expression
network was constructed with a soft threshold power p = 4 (Figures
2G,H). These DEGs were categorized into ten models along with
survival time and status (Figures 21,J). Most gene models were
correlated with survival time or survival status with a screening
threshold of p < 0.05. In these models, 623 genes were predictive
about survival (survival time or survival status) with a p-value <0.05
(Supplementary Table S3).

Development of the IME and m7G (IMEm7G)
related signature for prognostic
classification of AML patients

The prognosis-related 623 DEGs screened from WGCNA were
subjected to univariate Cox proportional hazard regression analysis.
The result showed that 579 of 623 genes were highly significant with
p-value < 0.05 (Supplementary Table S4). These genes were
subsequently incorporated into the LASSO regression analysis to
avoid overfitting, and 26 genes were obtained (Figures 3A,B). Using
multivariate Cox regression analysis for the 26 genes, 12 prognostic
genes for the gene signature were identified. In these genes, MPZL3,
TREML2, PTP4A3, AHCYLI, and CBRI were positively related to
poor prognosis (HR > 1 and p < 0.05), whereas REEP5, PPM1H, and
WDFY3 were negatively correlated (HR < 1 and p < 0.05)
(Figure 3C). Multicollinearity was evaluated using variance
inflation factor (VIF) (threshold >2 indicating multicollinearity),
and all genes showed VIF <2 (Supplementary Table S5). The PH
assumption was satisfied for all variables in the Cox model, as
confirmed by the global Schoenfeld test (Supplementary Table S6).
We subsequently calculated a risk score for each patient using these
genes’ expression and multivariate Cox regression coefficients. The
risk score was determined by the following formula: Risk score =
(—0.2722 * LAMCS3 expression) + (—0.1964 * KCTD1 expression) +
(—0.1468 * PPM1H expression) + (—0.1097* WDFY3 expression) +
(—0.0485 * REEP5 expression) + 0.0054 * DDIT4 expression +0.0319
* PTP4A3 expression +0.0539 * AHCYLI expression +0.0670 *
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TREML2 expression +0.1265* KBTBDS8 expression +0.1418 *
CBRI1 expression +0.1814 * MPZL3 expression. The KM analysis
indicated that patients in the high-risk group showed poorer clinical
outcomes than those in the low-risk group (Figure 3D). As the risk
score increased, the survival time for patients decreased (Figure 3E).
Additionally, patients with high-risk score showed worse event-free
survival (EFS) as well (2 patients who lacked the EFS information
were excluded) (Figure 3F). With the multiCox analysis, the
expression of TREML2, MPZL3, and KBTBD8 was considered
the independent EFS index (Figure 3G).

The AUG: of the risk signature for predicting 1-, 2-, 3-, 4-, and 5-
year survival were 0.895, 0.899, 0.886, 0.910, and 0.925, respectively
(Figure 3H). Furthermore, we found that patients in the high-risk group
were characterized as elderly cohorts with intermediate or poor
cytogenetics and less transplantation treatment (Supplementary Table
S7). The molecular abnormalities were prevalent in AML, and
numerous genetic mutations were associated with poorer prognosis
for patients. For profiling the mutation landscape in high- and low-risk
groups, we employed the “maftools” and discovered that individuals in
the high-risk group exhibited more gene mutations (Figures 3L]). The
top ten mutated genes in the high-risk group were DNMT3A, NPM1,
TP53, RUNXI, IDH2, FLT3, KRAS, NRAS, WT1, and HNRNPK. The
top ten mutated genes in the low-risk group were KIT, TTN, WTTI,
FLT3, IDH1, MUC16, NPM1, AHNAK, DNMT3A, and MUC17.

The performance of the 12-gene signature in
the external AML cohorts

The Beat-AML cohorts, GSE71014 and GSE10358 were used as
testing groups. The AUCs in the Beat-AML for predicting 1-, 2, 3-,
4-, and 5-year survival was 0.606, 0.654, 0.753, 0.653, and 0.640,
respectively (Figure 4A). The AUCs in the GSE71014 for predicting
1-, 2, 3-, 4-, and 5-year survival were 0.627, 0.674, 0.677, 0.656, and
0.745, respectively (Figure 4B). For GSE10358, the AUCs indices for
1-,2, 3-, and 4-year survival were 0.669, 0.618, 0.680, and 0.642,
respectively (Figure 4C). As well, patients with high-risk score
4D-F). The
relationship between characteristics of AML patients from

experienced worse clinical outcomes (Figures
different datasets and low- and high-risk score were displayed in
the Supplementary Table S7. The results confirmed the effectiveness
of the 12-gene signature in prognosis prediction. To test the
predictive power of the 12-gene expression signature, we
employed multiple outstanding models constructed by other
researchers for comparison. They are Li’s 24-gene model
(Li et al, 2013), Ng’s 17-gene model correlated with leukemia
hematopoietic stem cells (LSC) (Ng et al.,, 2016), Elsayed’s 5-gene
model (Elsayed et al., 2024), Fu’s 8-gene model (Fu et al., 2021), and
Chen’s 4-gene model (Chen et al., 2021). The result noted that the
12-gene signature had the highest C-index for the ROC curves
compared to other predictive models in the TCGA AML cohort,
indicating the effectiveness of the IMEm7G risk model (Figure 4G).
To further identify the role of the gene signature in other cancers, we
tested its role using the GEPIA2 online tools (http://gepia2.cancer-
pku.cn/) (Tang et al., 2019). The results indicated that the 12-gene
signature was predictive of OS in adrenocortical carcinoma (ACC),
bladder urothelial carcinoma (BLCA), mesothelioma (MESO), uveal
melanoma (UVM), and kidney renal clear cell carcinoma (KIRC)
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FIGURE 4

The performance of the 12-gene signature in the external AML cohorts. (A) ROC curves of the risk model for predicting 1-, 2-, 3-, 4-, and 5-year OSin

the Beat-AML cohort. (B) ROC curves of the risk model for predicting 1-, 2-, 3-, 4-, and 5-year OS in the GSE71014 AML cohort. (C) ROC curves of the risk
model for predicting 1-, 2-, 3-, and 4-year OS in the GSE10358 AML cohort. (D) KM survival curves of the model predicting the prognostic rate of OS
between low- and high-risk groups in the Beat-AML cohort. (E) KM survival curves of the model predicting the prognostic rate of OS between low-

and high-risk groups in the GSE71014 AML cohort. (F) KM survival curves of the model predicting the prognostic rate of OS between low- and high-risk
groups in the GSE10358 AML cohort. (G) The C-index of the distinct models for the TCGA AML cohort.

(Supplementary Figure S2A-E). Additionally, the risk model was
predictive of disease-free survival (DFS) in ACC, BLCA, lower-grade
glioma (LGG), and thyroid carcinoma (THCA) (Supplementary Figure
S2F-I). In contrast, for other malignancies profiled in the
GEPIA2 database - including head and neck squamous cell
carcinoma (HNSC), kidney chromophobe (KICH), breast invasive
(BRCA), squamous and
endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL),
colon adenocarcinoma (COAD), diffuse large B-cell lymphoma
(DLBC), esophageal carcinoma (ESCA), glioblastoma multiforme
(GBM), kidney renal papillary cell carcinoma (KIRP), lower-grade

carcinoma cervical cell carcinoma
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glioma (LGG), (LIHC),
adenocarcinoma (LUAD), and additional tumor types - no
statistically significant survival differences were observed between
high- and low-risk subgroups (Supplementary Table S8).

liver hepatocellular ~ carcinoma lung

The 12-gene signature impacted the
immunological features in AML

The GSEA and GSVA enrichment analyses were carried out
utilizing the Hallmark set to clarify the fundamental mechanisms
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FIGURE 5

Functional analysis and immune profiles between the low- and high-risk groups. (A) GSEA for the high-risk subgroup. (B) Heatmaps of the top
10 remarkably different pathways between low- and high-risk groups by GSVA analysis. (C) The discrepancies in immune score between high- and low-
risk groups. (D) The discrepancies in estimate score between high- and low-risk groups. (E) The discrepancies in stromal score between high- and low-
risk groups. (F) The boxplot for immune infiltrating cells among AML patients from different risk groups. (G) Comparison of the expression of HLA

families in different riskgroups. (H) Comparison of the expression of immune checkpoints relevant genes in different risk groups.
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underlying relevant biological processes. The results demonstrated
that immune-related processes, including IL6_Jak_stat3_signaling,
interferon gamma response, interferon alpha response,
inflammatory response, TNF-a signaling via NFkB, and KRAS
signaling were significantly upregulated in the high-risk group
compared to the low-risk group (Figures 5A,B). These function
enrichment analyses collectively indicated that the high-risk score
was strongly associated with immune disorders, which may be a key
factor affecting the prognosis of AML patients.

The immune score and estimate score of samples in the high-
risk group were significantly higher than those in the low-risk group;
in contrast, no significant differences in stromal score were
identified between the two groups (Figures 5C-E). To profile the
immune infiltrating cells in AML, we conducted the ssGSEA
algorithm in the 151 AML samples. Our analysis demonstrated
elevated infiltration of 14 out of 28 immune cell subtypes in high-
risk patients, most notably myeloid-derived suppressor cells
(MDSCs), a key immunosuppressive population that drives
tumor progression through promoting immune evasion
mechanisms (Tesi, 2019) (Figure 5F). Comparative correlation
analysis revealed that MDSCs exhibited significantly stronger
associations with immune score than antitumor immune cell
populations, underscoring their pivotal role in shaping the
of AML patients

(Supplementary Figure S5A). We further demonstrated that

immunosuppressive  microenvironment
18 HLA family genes were significantly differentially expressed
between the high-risk and low-risk groups, with most factors
being upregulated in the high-risk group (Figure 5G). In
addition, we evaluated the expression of 48 immune checkpoint
relevant genes. We found that 17 immunomodulators were
obviously expressed in the high-risk group compared to the low-
risk group, including CD274 (encoding PD-L1), PDCD1 (encoding
PD-1), and CTLA4 (Figure 5H).

Consistent positive correlative relationships were identified
between m7G regulators and MDSCs infiltration (Supplementary
Figure S5B). Risk score and m7G regulators correlation profiling
further identified 13 genes with significant associations, and most of
which showed distinct expression in the high- and low-risk group
(Supplementary Figure S5C,D). Moreover, Notably, NUDT16,
LARP1, EIF4E3, and DCPS emerged as significant prognostic
indicators for AML survival (Supplementary Figure S5E-H).

Nomogram deduction by integrating gene
expression with clinical indicators

We further developed a nomogram to predict the OS of AML
patients at 1, 3, and 5 years. This nomogram incorporated risk score
along with several clinical variables, including age, cytogenetic risk
as defined under the National Comprehensive Cancer Network
(NCCN) 2011 (O’Donnell 2012),
transplantation treatment (Figure 6A). In the univariate and

guidelines et al, and
multivariate Cox regression analyses, the 12-gene signature
revealed a substantial prognostic value for AML (Supplementary
Tables S9, S10). We also calculated additional AUC values for the
risk score and individual clinical parameters. Our findings indicated
that the risk score had the highest AUC compared to the other

clinical factors (Figures 6B-D). The DCA showed obvious net
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benefits, confirming that the prediction model had better
than the solely from
characteristics,  including cytogenetic  risk,
transplantation (Figure 6E). Additionally, we found that the

accuracy one constructed clinical

age, and
C-index values for the nomogram were higher than those for
models based solely on clinical characteristics, including age,
cytogenetics, and transplantation (Figure 6F). Furthermore, the
calibration plot demonstrated an excellent alignment with the
ideal model (Figures 6G-I).

Analysis of individual mRNA expression for
the 12 prognostic genes and identification of
effective therapeutics in high-risk

AML patients

We carried out qPCR to validate our bioinformatic results.
The result of qQPCR illustrated that in comparison with healthy
donors, the expression of WDFY3, PPM1H, and REEP5 was
significantly lower, while that of PTP4A3, AHCYL1, CBRI,
MPZL3, TREML2, and KBTBD8 was higher in AML patients
(Figures 7A-L). The “oncoPredict” R project was utilized to
predict the half maximal inhibitory concentration (IC50) of each
drug for AML patients between high and low-risk groups using
the GDSC2 database (https://www.cancerrxgene.org/). As
illustrated in Figures 8A-E, the five drugs with the highest
sensitivity for high-risk patients, compared to the low-risk
group, were dactolisib, GNE-317, gemcitabine, camptothecin,
and vinblastine. Dactolisib and GNE-317 are PI3K/mTOR
inhibitors known for their promising clinical utility. Notably,
dactolisib exhibited vital antitumor activity and the potential to
augment immune response (Hu et al.,, 2021; Tehranian et al,,
2022). The other three drugs, gemcitabine, camptothecin, and
vinblastine, are chemotoxic agents used in chemotherapy for
various tumors (Wander et al., 2020; Li et al., 2021b; Wang et al.,
2023b). We further conducted molecular docking analyses of
these drugs with proteins associated with unfavorable prognoses,
including PTP4A3, AHCYL1, TREML2, CBRI,
MPZL3 the AutoDock software. The
demonstrated that all of these pharmaceuticals displayed a
the targets
(Figure 8F), implying that the mechanism through which

and
using findings

binding affinity for specified  therapeutic
these drugs treat AML was probably by the interactions with
these critical targets. Due to the heterogeneity of AML, the
effectiveness of conventional chemotherapy regimens has been
limited. As a result, targeted therapies are increasingly being
utilized in both newly diagnosed and relapsed/refractory (R/R)
AML cases (Kantarjian et al., 2021). Dactolisib was the targeted
drug with the strongest interaction among these molecules,
characterized by the lowest binding energy. Additionally, it
demonstrated tumor-killing effects in various solid tumors,
while its role in AML remains to be explored. We further
explored the role of dactolisib in AML. As shown in Figures
8G-K, all therapeutic agents exhibited interactions with
dactolisib at specific binding regions. We then treated AML
cells with dactolisib as a monotherapy and detected the
viability of AML cells. As the concentration of dactolisib

increased, the viability of AML cells decreased (Figures
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Nomogram-Predicted Probability of 1-Year Survival

Nomogram~-Predicted Probability of 3-Year Survival

Establishment of a nomogram. (A) The nomogram with prognosis forecasting constructed by the gene signature and clinical characters. (B) ROC curves

of risk score, age, cytogenetic risk, and transplantation treatment for predicting 1-year OS in TCGA cohort. (C) ROC curves of risk score, age, cytogenetic risk,
and transplantation treatment for predicting 3-year OS in TCGA cohort. (D) ROC curves of risk score,age, cytogenetic risk, and transplantation treatment for
predicting 5-year OS in TCGA cohort. (E) Evaluations of the prediction performance by DCA. “Clinical” means the model constructed by age, cytogenetic

risk, and transplantation. (F) Evaluations of the prediction performance by time-dependent C-index. “Clinical” means the model constructed by age,
cytogenetic risk, and transplantation. (G) Evaluations of the 1-year OS prediction performance by calibration curves. (H) Evaluations of the 3-year OS
prediction performance by calibration curves. (I) Evaluations of the 5-year OS prediction performance by calibration curves. **p < 0.01; ***p < 0.001.
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8L-N). Doxorubicin has been a first-line treatment for newly
diagnosed AML patients for decades; however, its effectiveness is
often limited due to the development of resistance. Combining
doxorubicin with targeted agents might improve the
chemosensitivity of doxorubicin in the clinic (Leung et al,
2020; Gui et al., 2021). To investigate whether dactolisib and
doxorubicin have a synergistic effect, we treated AML cells with
both drugs in combination. Using the SynergyFinder tool, we
found that dactolisib and doxorubicin exhibited significant
synergy (Figures 80-Q), suggesting a novel therapeutic option
for AML treatment. Further studies are needed to elucidate the
underlying mechanism of this combination effect.

Discussion

Initially, we attempted to build the predictive model using either
m7G-related or IME-related genes separately. However, regarding
prediction performance, either the IME-related model or the m7G-
related model exhibited obvious demerits. The role of combining
m7G methylation and IME for risk stratification and therapy
guidance is still obscure in AML. On that account, our study
investigated IME and m7G-related DEGs, aiming to uncover
their joint roles and contribute to new prognostic models and
treatment strategies for AML patients. By examining the distinct
categories and subclasses of AML patients via IME- and m7G-
associated DEGs, we discovered that individuals in the m7G-related
cluster2 and cluster3 had comparable survival rates throughout
1-3 years when compared to those in the IME-related cluster
2 and cluster3. Not only that, there were significant differences in
immune score among the distinct m7G-relevant clusters. Patients in
cluster3 and cluster2 showed higher immune score than those in
clusterl. These findings suggested a correlation between m7G and

Frontiers in Genetics

IME, indicating that distinct classifications based on m7G revealed
variations in IME and AML survival. Additionally, they imply that
m7G may interact with IME to influence treatment strategies.
Currently, the IME and m7G-related model is rarely used in
tumor prognosis and has not been reported in the context of AML.

Our model performed excellently in predicting the prognosis of
AML. Based on their risk score, we were able to distinguish AML
patients into two risk groups, with the low-risk group exhibiting
better survival rates. The risk score demonstrated a strong ability to
independently predict OS. In the high-risk group, there were a
greater proportion of elderly patients, as well as a higher percentage
of individuals with intermediate or poor cytogenetic stratification
and those who had not undergone transplantation. The prognostic
scoring model comprised 12 characteristic genes, including MPZL3,
TREML2, PTP4A3, AHCYLI1, CBR1, REEP5, PPM1H, WDFY3,
LAMCS3,KCTD1, DDIT4, and KBTBDS8. The 12 genes were taken as
a whole in this study to determine risk stratification, IME
characteristics, and responsiveness to anticancer pharmacological
agents within the AML cohort. Among these genes, the MPZL3 gene
encodes a membrane protein that is crucial for several biological
processes, including epidermal differentiation (Bhaduri et al., 2015),
mitochondrial dysfunction (Wikramanayake et al, 2022), and
immune infiltrating (Guo et al., 2024). Abnormal expression of
MPZL3 is involved in the development of lung carcinoma (Stern
et al., 2022). However, the role of MPZL3 in AML is limited.
TREML2 is known to influence inflammatory responses by
modulating  the and the NLRP3
inflammasome (Wang et al., 2023a). Current studies suggest that
overexpression of PTP4A3 may stimulate the AKT and WNT/p-
catenin signaling pathways, enhancing the viability of AML cells
(Zhou et al., 2018). AHCYLI plays a dual role in tumors; it acts as a
tumor suppressor in gastric, ovarian, and breast cancers while

microglia  polarization

promoting chemotherapy resistance in malignant melanoma
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Drug analysis for targeted therapy. (A) Dactolisib, (B) GNE-317, (C) Gemcitabine, (D) Camptothecin, and (E) Vinblastine were the top 5 predicted
sensitive drugs in the high-risk group. (F) The binding energy of critical compounds and targets (kcal/mol). The molecular docking between Dactolisib and
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(Nakazawa et al., 2019; Jeong et al., 2012; Chen et al., 2024; Wittig
et al., 2002). The increased expression of CBR1 in adipocytes may
metabolize daunorubicin, thereby reducing the effectiveness of the
therapy (Sheng et al., 2017). By regulating reactive oxygen species
production, elevated expression of CBRI1 is able to safeguard
leukemia As203. the of
CBR1 significantly increases the cells’ susceptibility to
As203(Jang et al., 2012). REEP5 has been recognized as a
binding partner of CXCRI, subsequently triggering the IL-8-

cells against Conversely, loss

CXCR1/2 signaling pathway and facilitating the growth and
metastasis of diverse tumor cell types (Fan et al, 2022). PPMI1H
is regarded as a tumor suppressor across various malignancies. Loss
of PPM1H confers trastuzumab resistance by reducing the protein
levels of the tumor suppressor p27 in breast cancer (Lee-Hoeflich
etal.,, 2011). Low expression level of PPM1H is associated with worse
outcomes in hepatocellular carcinoma, colorectal cancer, and
pancreatic cancer (Iyer et al, 2023; Xu et al, 2019; Zhu et al,
2016). WDFY3 interacts with PML-RARA, promoting the
autophagy-mediated degradation of PML-RARA (Du et al,
2021). WDFY3 also engages with GABARAP to facilitate the
degradation of apoptotic cellular components, thereby supporting
the maintenance of tissue homeostasis (Shi et al., 2022). The roles of
LAMC3 and KCTD1 are essential in the development and
differentiation of the nervous system (Zhu et al., 2024; Liao and
Muntean, 2024), while recent studies on its involvement in
to be
DDIT4 induced by serum starvation inhibits the transcription

carcinoma have yet sufficient. Overexpression of
activity of mTORCI, thereby abrogating the oncogenic potential
of melanoma cells (Hwang et al., 2024). DDIT4 has also been
discovered as a downstream target of phenformin, which
promotes autophagic and apoptotic cell death to suppress the
growth of oral squamous cell carcinoma (Zhuang et al., 2024).
KBTBDS of cell-fate

determination (Werner et al, 2015). In summary, existing

is served as a critical regulator
research indicates that most of the genes identified in this model
have yet to be elucidated regarding their functions and mechanisms
in AML. While many of these genes show a significant impact on OS
or EFS in the TCGA AML cohort, further investigations are needed
to clarify the roles and mechanisms of genes such as MPZL3,
TREML2, and AHCYLI in the context of AML. This will provide
a stronger theoretical foundation for prognostic evaluation and
assist in identifying novel therapeutic targets for AML treatment.

Genetic mutations play a crucial role in leukemogenesis and the
development of drug resistance. We characterized the tumor
mutation landscape in high-risk and low-risk groups, revealing a
significant distinction between these categories. The mutation
frequency in the high-risk group was notably higher than in the
low-risk group, particularly for mutations in genes such as
DNMT3A, NPM1, and TP53. Previous studies have shown that
clonal mutations in DNMT3A, NPM1, and TP53 are linked to
treatment resistance. Additionally, research indicates that DNMT3A
mutations contribute to anthracycline resistance by impairing
nucleosome remodeling in AML (Guryanova et al, 2016).
NPMI1 mutations are prevalent in AML, and patients with
NPMI mutations respond well to conventional chemotherapy
(Falini et al., 2021). However, around 50% of these patients
eventually experience disease progression, particularly those with
et al, 2022). DNMT3A or

additional mutations (Ranieri
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FLT3 mutations alongside NPM1 are associated with inferior
survival outcomes (Yao et al., 2024). TP53 mutations are
frequently linked to unfavorable outcomes and diminished
therapeutic response (Kadia et al., 2016). Vadakekolathu et al.
pointed out that TP53 mutation was correlated with enhanced
immune infiltration, high levels of PD-L1, and the upregulated
intermediates involved in PI3K-Akt signaling, NF-kB pathway,
JAK/STAT signaling, and IFN-y pathway (Vadakekolathu et al.,
2020). These further strengthens the prognostic credibility of the
risk score assessment.

Through comprehensive GSEA and GSVA analyses of enriched
pathways and biological functions, we discovered that most of the
differences were primarily related to immune responses. Notable
pathways activated in the high-risk group included IL6/JAK/
STATS3 signaling, interferon gamma and alpha responses, TNF-a
signaling via NF-kB, and KRAS signaling. Previous research has
shown that these pathways exhibit aberrant hyperactivation across
various cancer types. The abnormal activation of these pathways
may contribute to tumorigenesis, progression, and therapy
resistance by altering the immune microenvironment (Johnson
et al., 2018; Litak et al., 2019; De Simone et al., 2015; Hu et al.,
2023). This finding aligns with our observations that patients in the
high-risk group have relatively poor clinical outcomes compared to
those in the low-risk group. However, the interplay between these
aberrantly activated processes and m7G modification has rarely
been explored to date.

Notably, our analyses revealed that high-risk patients exhibited
significantly enriched MDSCs and monocyte infiltration compared
to low-risk counterparts. Concurrently, this cohort demonstrated
upregulation of key immune checkpoint molecules, including PD-1,
PD-L1, and CTLA-4, which are closely associated with immune
suppression (Bronte et al., 2016; Zhang et al., 2021). Paradoxically,
despite elevated natural killer (NK) cell levels were critical mediators
of immune surveillance (Huntington et al, 2020), these cells
exhibited functional impairment via MDSC-mediated crosstalk
(Joshi and Sharabi, 2022; Neo et al,, 2024). Human leukocyte
antigen (HLA) dysregulation further contributed to immune
al. that
overexpression of HLA-E in circulating tumor cells (CTC)
engaged CD94-NKG2A inhibitory receptors on NK cells,
blunting antitumor responses (Liu et al, 2023). The HLA-G
expression is upregulated in various tumor cells and is rarely

evasion in high-risk patients. Liu et indicated

observed in healthy tissues (Loustau et al., 2020). The tolerogenic
HLA-G molecule mediates tumor immune evasion by binding to
inhibitory receptors on the surface of immune effector cells (Wang
et al,, 2024). These findings indicated that the high-risk cohort was
characterized by immune suppressive factors facilitating immune
evasion. Integrative analysis identified strong correlations between
MDSC abundance and m7G regulators expression. We posited that
these m7G-associated effectors may drive AML progression through
coordinated regulation of MDSCs recruitment/activation and
immunosuppressive niche formation, ultimately governing disease
progression and therapeutic resistance. This suggested that
immunotherapeutic agents targeting these factors may be
effective for individuals with elevated risk score.

In addition, we established a nomogram integrating risk score
with clinical features to explore clinical application values further.
According to the analyses of ROC, DCA, calibration curves, and
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C-index, the nomogram that includes the risk score still has unique
advantages that are far superior to the conventional clinical factors.

Our model not only focused on risk stratification and
immunotherapy studies but also provided insights into sensitivity
to certain anticancer drugs. The most sensitive predictive drugs for
dactolisib, GNE-317,
gemcitabine, and vinblastine. Among these pharmaceuticals,

high-risk  groups are camptothecin,
dactolisib functions as a dual ATP-competitive inhibitor targeting
PI3K and mTOR signaling pathways, exhibiting substantial
antitumor efficacy and remarkable synergistic effects with other
agents in preclinical investigations (Deng et al., 2023; Cetin et al.,
2023; Li et al, 202la; Liu et al, 2022). Not only that, the
administration of dactolisib was able to remodel the tumor
microenvironment (TME) by enhancing the prevalence of anti-
tumor immune cells, including T-CD4 cells and M1 macrophages,
while simultaneously reducing the population of immune
suppressive cells, including MDSCs and also M2 macrophages
(Taghiloo et al, 2023; Li et al, 2020). Our in vitro study
that the
eradicated leukemia cells. Furthermore, combing dactolisib with

indicated monotherapy of dactolisib effectively

doxorubicin exhibited synergistic efficacy in AML cells.

Conclusion

In summary, our study integrated IME and m7G to develop a 12-
gene prognostic model demonstrating robust predictive capability.
Moreover, the potential targeted medication, dactolisib, was predicted
for the high-risk group and revealed antileukemic activity as
monotherapy and synergetic effect combined with doxorubicin, an
agent included in the first-line “3 + 7” strategy.
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SUPPLEMENTARY FIGURE S1

(A) The GO analysis of IME-relevant DEGs. (B) The KEGG analysis of IME-
relevant DEGs. (C) ROC curves of IME-relevant model for predicting 1-, 2-,
3-,4-,and 5-year OS in TCGA AML cohort. (D) ROC curves of IME-relevant
model for predicting 1-, 2-, 3-, 4-, and 5-year OS in the Beat-AML cohort. (E)
ROC curves of IME-relevant model for predicting 1-, 2-, 3-, 4-, and 5-year
OS in the GSE71014 cohort. (F) ROC curves of IME-relevant model for
predicting 1-, 2-, 3-, and 4-year OS in the GSE10358 cohort. (G) ROC curves
of m7G-relevant model for predicting 1-, 2-, 3-, 4-, and 5-year OS in TCGA
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cohort. (H) ROC curves of m7G-relevant model for predicting 1-, 2-, 3-, 4-,
and 5-year OS in the Beat-AML cohort. (I) ROC curves of m7G-relevant
model for predicting 1-, 2-, 3-, 4-, and 5-year OS in the GSE71014 cohort. (J)
ROC curves of m7G-relevant model for predicting 1-, 2-, 3-, and 4-year OS
in the GSE10358 cohort. (K) The cophenetic correlation coefficient, rss, and
silhouette were for optimal number of IME based subtypes. (L) The
cophenetic correlation coefficient, rss, and silhouette were for optimal
number of m7G based subtypes. (M) The distribution of immune score in the
m7G-based distinct clusters. (N) Clustering based on expression data of
TCGA-LAML, with 10000 as the threshold, two outliers were removed.

SUPPLEMENTARY FIGURE S2

KM survival curves of the model predicting the prognostic rate of OS in (A)
adrenocortical carcinoma (ACC), (B) bladder urothelial carcinoma (BLCA),
(C) mesothelioma (MESO), (D) uveal melanoma (UVM), and (E) kidney renal
clear cell carcinoma (KIRC). KM survival curves of the model predicting the
prognostic rate of DFS in (F) adrenocortical carcinoma (ACC), (G) bladder
urothelial carcinoma (BLCA), (H) lower-grade glioma (LGG), and (1) thyroid
carcinoma (THCA).

SUPPLEMENTARY FIGURE S3

(A) The correlation between MDSCs infiltration and immune score, (B)
Association of 29 m7G regulatory gene expression with MDSC infiltration,
(C) The correlation between risk score and the expression of 29 m7G
relevant genes, (D) The expression of 29 m7G regulators in the high- and
low-risk groups, (E) The survival analysis of NUDT16 in AML patients, (F) The
survival analysis of LARP1 in AML patients, (G) The survival analysis of
EIFAE3 in AML patients, (H) The survival analysis of DCPS in AML patients.

SUPPLEMENTARY TABLE S1
The primers designed for gPCR analysis.

References

Bhaduri, A., Ungewickell, A., Boxer, L. D., Lopez-Pajares, V., Zarnegar, B. J., and Khavari, P.
A. (2015). Network analysis identifies mitochondrial regulation of epidermal differentiation by
MPZL3 and FDXR. Dev. Cell 35, 444-457. doi:10.1016/j.devcel.2015.10.023

Bramucci, E., Paiardini, A., Bossa, F., and Pascarella, S. (2012). PyMod: sequence
similarity searches, multiple sequence-structure alignments, and homology modeling
within PyMOL. BMC Bioinforma. 13 (Suppl. 4), S2. doi:10.1186/1471-2105-13-54-S2

Bronte, V., Brandau, S., Chen, S. H., Colombo, M. P., Frey, A. B., Greten, T. F,, et al.
(2016). Recommendations for myeloid-derived suppressor cell nomenclature and
characterization standards. Nat. Commun. 7, 12150. doi:10.1038/ncomms12150

Cai, M., Yang, C., and Wang, Z. (2023). N7-methylguanosine modification: from
regulatory roles to therapeutic implications in cancer. Am. J. Cancer Res. 13, 1640-1655.

Cavalli, G., and Heard, E. (2019). Advances in epigenetics link genetics to the
environment and disease. Nature 571, 489-499. doi:10.1038/s41586-019-1411-0

Cetin, F., Kosba, S., Abdik, H., and Bolat, Z. B. (2023). Synergistic anti-proliferative
and apoptotic effect of NVP-BEZ235 and curcumin on human SH-SY5Y
neuroblastoma cells. Med. Oncol. 41, 11. doi:10.1007/s12032-023-02239-8

Chen, J., Lin, Z., Fan, J., Monzavi-Karbassi, B., Kelly, T., Post, S. R,, et al. (2024).
Identification of new microtubule small-molecule inhibitors and microtubule-
associated genes against triple negative breast cancer. Am. J. Cancer Res. 14,
1545-1560. doi:10.62347/LYDF1241

Chen, Z., Song, J., Wang, W., Bai, J., Zhang, Y., Shi, J., et al. (2021). A novel 4-mRNA
signature predicts the overall survival in acute myeloid leukemia. Am. J. Hematol. 96,
1385-1395. doi:10.1002/ajh.26309

Deng, H., Chen, Y., Wang, L., Zhang, Y., Hang, Q,, Li, P., et al. (2023). PI3K/mTOR
inhibitors promote G6PD autophagic degradation and exacerbate oxidative stress
damage to radiosensitize small cell lung cancer. Cell Death Dis. 14, 652. doi:10.
1038/5s41419-023-06171-7

DE Simone, V., Franzé, E., Ronchetti, G., Colantoni, A., Fantini, M. C., DI Fusco, D.,
et al. (2015). Th17-type cytokines, IL-6 and TNF-a synergistically activate STAT3 and
NF-kB to promote colorectal cancer cell growth. Oncogene 34, 3493-3503. doi:10.1038/
onc.2014.286

DU, W,, Xu, A, Huang, Y., Cao, J., Zhu, H., Yang, B., et al. (2021). The role of
autophagy in targeted therapy for acute myeloid leukemia. Autophagy 17, 2665-2679.
doi:10.1080/15548627.2020.1822628

Elsayed, A., H., Cao, X, Marrero, R. ]., Nguyen, N. H. K,, Wu, H,, Ni, Y., and Ribeiro, R. C.
(2024). Integrated drug resistance and leukemic stemness gene-expression scores predict
outcomes in large cohort of over 3500 AML patients from 10 trials. NPJ Precis. Oncol. 8, 168

Falini, B., Brunetti, L., and Martelli, M. P. (2021). How I diagnose and treat NPM1-
mutated AML. Blood 137, 589-599. doi:10.1182/blood.2020008211

Frontiers in Genetics

17

10.3389/fgene.2025.1540992

SUPPLEMENTARY TABLE S2
The clinical characteristics of patients in the FF and WW groups.

SUPPLEMENTARY TABLE S3
Survival related DEGs screened from WGCNA analysis.

SUPPLEMENTARY TABLE S4
The detailed genes screened from univariate Cox regression analysis.

SUPPLEMENTARY TABLE S5
The VIF values of the 12 prognostic genes.

SUPPLEMENTARY TABLE S6
The PH hypothesis for the 12 prognostic genes.

SUPPLEMENTARY TABLE S7
The relationship between characteristics of AML patients from different
datasets and risk score.

SUPPLEMENTARY TABLE S8
Pan-Cancer Prognostic Utility of the 12-Gene Signature.

SUPPLEMENTARY TABLE S9

The performance of univariate Cox regression analysis with risk score and
clinical variables, including age, FAB classification, Race, gender,
cytogenetic risk stratification, and transplantation treatment.

SUPPLEMENTARY TABLE S10

The performance of multivariate Cox regression analysis with risk score and
clinical variables, including age, cytogenetic risk stratification, and
transplantation treatment.

Fan, S., Liu, H., and Li, L. (2022). The REEP family of proteins: molecular targets
and role in pathophysiology. Pharmacol. Res. 185, 106477. doi:10.1016/j.phrs.2022.
106477

Friedman, J., Hastie, T., and Tibshirani, R. (2010). Regularization paths for
generalized linear models via coordinate descent. J. Stat. Softw. 33, 1-22. doi:10.
18637/js5.v033.i101

Fu, D., Zhang, B., Wu, S., Zhang, Y., Xie, J., Ning, W., et al. (2021). Prognosis and
characterization of immune microenvironment in acute myeloid leukemia through
identification of an autophagy-related signature. Front. Immunol. 12, 695865. doi:10.
3389/fimmu.2021.695865

Gao, Y., and Church, G. (2005). Improving molecular cancer class discovery through
sparse non-negative matrix factorization. Bioinformatics 21, 3970-3975. doi:10.1093/
bioinformatics/bti653

Ginestet, C. (2011). ggplot2: elegant graphics for data analysis. J. R. Stat. Soc. Ser. A
Statistics Soc. 174, 245-246. doi:lO.l111/j.1467—985x.2010.00676_9.x

Gui, L, Cao, J., Ji, D., Zhang, H., Fan, Q., Zhu, J., et al. (2021). Chidamide combined
with cyclophosphamide, doxorubicin, vincristine and prednisone in previously
untreated patients with peripheral T-cell lymphoma. Chin. J. Cancer Res. 33,
616-626. doi:10.21147/j.issn.1000-9604.2021.05.08

Guo, Q,, Fan, Y. N, Xie, M., Wang, Q. N,, Li, J,, Liu, S., et al. (2024). Exploring the
transcriptomic landscape of moyamoya disease and systemic lupus erythematosus:
insights into crosstalk genes and immune relationships. Front. Immunol. 15, 1456392.
doi:10.3389/fimmu.2024.1456392

Guryanova, O. A,, Shank, K., Spitzer, B., Luciani, L., Koche, R. P., Garrett-Bakelman,
F. E, et al. (2016). DNMT3A mutations promote anthracycline resistance in acute
myeloid leukemia via impaired nucleosome remodeling. Nat. Med. 22, 1488-1495.
doi:10.1038/nm.4210

Han, M., Huang, Q,, Li, X,, Chen, X,, Zhu, H., Pan, Y., et al. (2024). M7G-related
tumor immunity: novel insights of RNA modification and potential therapeutic targets.
Int. J. Biol. Sci. 20, 1238-1255. doi:10.7150/ijbs.90382

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

Hu, H., Cheng, R., Wang, Y., Wang, X., Wu, J., Kong, Y., et al. (2023). Oncogenic
KRAS signaling drives evasion of innate immune surveillance in lung adenocarcinoma
by activating CD47. J. Clin. Invest 133, €153470. doi:10.1172/JCI153470

Huntington, N. D., Cursons, J., and Rautela, J. (2020). The cancer-natural killer cell
immunity cycle. Nat. Rev. Cancer 20, 437-454. doi:10.1038/s41568-020-0272-z

Hu, Y., Zhang, K., Zhu, X, Zheng, X., Wang, C., Niu, X, et al. (2021). Synergistic
inhibition of drug-resistant Colon cancer growth with PI3K/mTOR dual inhibitor

frontiersin.org


https://doi.org/10.1016/j.devcel.2015.10.023
https://doi.org/10.1186/1471-2105-13-S4-S2
https://doi.org/10.1038/ncomms12150
https://doi.org/10.1038/s41586-019-1411-0
https://doi.org/10.1007/s12032-023-02239-8
https://doi.org/10.62347/LYDF1241
https://doi.org/10.1002/ajh.26309
https://doi.org/10.1038/s41419-023-06171-7
https://doi.org/10.1038/s41419-023-06171-7
https://doi.org/10.1038/onc.2014.286
https://doi.org/10.1038/onc.2014.286
https://doi.org/10.1080/15548627.2020.1822628
https://doi.org/10.1182/blood.2020008211
https://doi.org/10.1016/j.phrs.2022.106477
https://doi.org/10.1016/j.phrs.2022.106477
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.3389/fimmu.2021.695865
https://doi.org/10.3389/fimmu.2021.695865
https://doi.org/10.1093/bioinformatics/bti653
https://doi.org/10.1093/bioinformatics/bti653
https://doi.org/10.1111/j.1467-985x.2010.00676_9.x
https://doi.org/10.21147/j.issn.1000-9604.2021.05.08
https://doi.org/10.3389/fimmu.2024.1456392
https://doi.org/10.1038/nm.4210
https://doi.org/10.7150/ijbs.90382
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1172/JCI153470
https://doi.org/10.1038/s41568-020-0272-z
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2025.1540992

Chen et al.

BEZ235 and nano-emulsioned paclitaxel via reducing multidrug resistance and
promoting apoptosis. Int. J. Nanomedicine 16, 2173-2186. doi:10.2147/IJN.S290731

Hwang, D., Baek, S., Chang, J., Seol, T., Ku, B., Ha, H,, et al. (2024). YAP promotes
global mRNA translation to fuel oncogenic growth despite starvation. Exp. Mol. Med.
56, 2202-2215. doi:10.1038/s12276-024-01316-w

Tanevski, A., Giri, A. K, and Aittokallio, T. (2020). SynergyFinder 2.0: visual analytics
of multi-drug combination synergies. Nucleic Acids Res. 48, W488-W493-w493. doi:10.
1093/nar/gkaa216

Iyer, P., Oberai, S, Jiang, B., and Marimekala, D. (2023). Unveiling ATF6 and PPM1H
signaling in hepatocellular carcinoma progression: from ER stress to tumor suppression.
Mol. Ther. Nucleic Acids 33, 813-815. doi:10.1016/j.0mtn.2023.08.008

Jang, M., Kim, Y., Won, H,, Lim, S., K, R. J., Dashdorj, A, et al. (2012). Carbonyl
reductase 1 offers a novel therapeutic target to enhance leukemia treatment by arsenic
trioxide. Cancer Res. 72, 4214-4224. doi:10.1158/0008-5472.CAN-12-1110

Jeong, W., Kim, H. S., Kim, Y. B, Kim, M. A,, Lim, W., Kim, J,, et al. (2012).
Paradoxical expression of AHCYL1 affecting ovarian carcinogenesis between
chickens and women. Exp. Biol. Med. (Maywood) 237, 758-767. d0i:10.1258/
ebm.2012.011433

Johnson, D. E., O’Keefe, R. A., and Grandis, J. R. (2018). Targeting the IL-6/JAK/
STATS3 signalling axis in cancer. Nat. Rev. Clin. Oncol. 15, 234-248. doi:10.1038/
nrclinonc.2018.8

Joshi, S., and Sharabi, A. (2022). Targeting myeloid-derived suppressor cells to
enhance natural killer cell-based immunotherapy. Pharmacol. Ther. 235, 108114.
doi:10.1016/j.pharmthera.2022.108114

Kadia, T. M,, Jain, P., Ravandi, F., Garcia-Manero, G., Andreef, M., Takahashi, K.,
et al. (2016). TP53 mutations in newly diagnosed acute myeloid leukemia:
clinicomolecular characteristics, response to therapy, and outcomes. Cancer 122,
3484-3491. doi:10.1002/cncr.30203

Kantarjian, H., Kadia, T., Dinardo, C., Daver, N., Borthakur, G., Jabbour, E., et al.
(2021). Acute myeloid leukemia: current progress and future directions. Blood Cancer J.
11, 41. doi:10.1038/s41408-021-00425-3

Langfelder, P., and Horvath, S. (2008). WGCNA: an R package for weighted
correlation network analysis. BMC Bioinforma. 9, 559. doi:10.1186/1471-2105-9-559

Lee-Hoeflich, S. T., Pham, T. Q., Dowbenko, D., Munroe, X., Lee, J., Li, L., et al. (2011).
PPMI1H is a p27 phosphatase implicated in trastuzumab resistance. Cancer Discov. 1,
326-337. doi:10.1158/2159-8290.CD-11-0062

Leung, M. S., Chan, K. K., Dai, W.]., Wong, C. Y., Au, K. Y., Wong, P. Y, et al. (2020).
Anti-tumour effects of PIM kinase inhibition on progression and chemoresistance of
hepatocellular carcinoma. J. Pathol. 252, 65-76. doi:10.1002/path.5492

Liao, Y., and Muntean, B. S. (2024). KCTD1 regulation of Adenylyl cyclase type
5 adjusts striatal CAMP signaling. Proc. Natl. Acad. Sci. U. S. A. 121, €2406686121.
doi:10.1073/pnas.2406686121

Li, B., Zhang, X., Ren, Q., Gao, L., and Tian, J. (2021a). NVP-BEZ235 inhibits renal
cell carcinoma by targeting TAK1 and PI3K/Akt/mTOR pathways. Front. Pharmacol.
12, 781623. doi:10.3389/fphar.2021.781623

Liberzon, A., Birger, C., Thorvaldsd6TTIR, H., Ghandi, M., Mesirov, J. P., and
Tamayo, P. (2015). The Molecular Signatures Database (MSigDB) hallmark gene set
collection. Cell Syst. 1, 417-425. doi:10.1016/j.cels.2015.12.004

Li, M,, Li, M,, Yang, Y., Liu, Y., Xie, H,, Yu, Q,, et al. (2020). Remodeling tumor
immune microenvironment via targeted blockade of PI3K-y and CSF-1/CSF-1R
pathways in tumor associated macrophages for pancreatic cancer therapy. J. Control
Release 321, 23-35. doi:10.1016/j.jconrel.2020.02.011

Li, M., Song, Y., Song, N., Wu, G., Zhou, H,, Long, J., et al. (2021b). Supramolecular
antagonists promote mitochondrial dysfunction. Nano Lett. 21, 5730-5737. doi:10.
1021/acs.nanolett.1c01469

Litak, J., Mazurek, M., Grochowski, C., Kamieniak, P., and Roliniski, J. (2019). PD-L1/
PD-1 Axis in glioblastoma Multiforme. Int. J. Mol. Sci. 20, 5347. doi:10.3390/
ijms20215347

Liu, H., Hussain, Z., Xie, Q., Yan, X, Zeng, C., Zhou, G., et al. (2022). Targeting PI3K/
AKT/mTOR pathway to enhance the anti-leukemia efficacy of venetoclax. Exp. Cell Res.
417, 113192. doi:10.1016/j.yexcr.2022.113192

Liu, X,, Song, J., Zhang, H., Liu, X,, Zuo, F., Zhao, Y., et al. (2023). Immune checkpoint
HLA-E:CD94-NKG2A mediates evasion of circulating tumor cells from NK cell
surveillance. Cancer Cell 41, 272-287.€9. doi:10.1016/j.ccell.2023.01.001

Livak, K. J., and Schmittgen, T. D. (2001). Analysis of relative gene expression data
using real-time quantitative PCR and the 2(-Delta Delta C(T)) Method. Methods 25,
402-408. doi:10.1006/meth.2001.1262

Li, Z., Herold, T., He, C., Valk, P. J., Chen, P., Jurinovic, V., et al. (2013). Identification
of a 24-gene prognostic signature that improves the European LeukemiaNet risk
classification of acute myeloid leukemia: an international collaborative study. J. Clin.
Oncol. 31, 1172-1181. doi:10.1200/JC0O.2012.44.3184

Loustau, M., Anna, F., DréAN, R, Lecomte, M., Langlade-Demoyen, P., and
Caumartin, J. (2020). HLA-G neo-expression on tumors. Front. Immunol. 11, 1685.
doi:10.3389/fimmu.2020.01685

Frontiers in Genetics

10.3389/fgene.2025.1540992

Maeser, D., Gruener, R. F,, and Huang, R. S. (2021). oncoPredict: an R package for
predicting in vivo or cancer patient drug response and biomarkers from cell line
screening data. Brief. Bioinform 22, bbab260. doi:10.1093/bib/bbab260

Miller, K. D., Nogueira, L., Mariotto, A. B., Rowland, J. H., Yabroff, K. R., Alfano, C.
M, et al. (2019). Cancer treatment and survivorship statistics, 2019. CA a Cancer J. For
Clin. 69, 363-385. doi:10.3322/caac.21565

Morris, G. M., Huey, R, Lindstrom, W., Sanner, M. F,, Belew, R. K., Goodsell, D. S.,
et al. (2009). AutoDock4 and AutoDockTools4: automated docking with selective
receptor flexibility. J. Comput. Chem. 30, 2785-2791. doi:10.1002/jcc.21256

Nakazawa, N., Ogata, K., Yokobori, T, Ide, M., Baatar, S., Ubukata, Y., et al. (2019).
Low IRBIT levels are associated with chemo-resistance in gastric cancer patients.
Anticancer Res. 39, 4111-4116. doi:10.21873/anticanres.13569

Neo, S. Y., Tong, L., Chong, ., Liu, Y., Jing, X., Oliveira, M. M. S,, et al. (2024). Tumor-
associated NK cells drive MDSC-mediated tumor immune tolerance through the IL-6/
STATS3 axis. Sci. Transl. Med. 16, eadi2952. doi:10.1126/scitranslmed.adi2952

Ng, S. W., Mitchell, A, Kennedy, J. A., Chen, W. C., Mcleod, J., Ibrahimova, N., et al.
(2016). A 17-gene stemness score for rapid determination of risk in acute leukaemia.
Nature 540, 433-437. d0i:10.1038/nature20598

O’Donnell, M. R,, Abboud, C. N., Altman, J., Appelbaum, F. R., Arber, D. A,, Attar, E.,
etal. (2012). NCCN clinical practice guidelines acute myeloid leukemia. J. Natl. Compr.
Cancer Netw. JNCCN 10, 984-1021. doi:10.6004/jnccn.2012.0103

Rai, K. R,, Holland, J. F., Glidewell, O. J., Weinberg, V., Brunner, K., Obrecht,
J. P., et al. (1981). Treatment of acute myelocytic leukemia: a study by cancer and
leukemia group B. Blood 58, 1203-1212. doi:10.1182/blood.v58.6.1203.
bloodjournal5861203

Ranieri, R, Pianigiani, G., Sciabolacci, S., Perriello, V. M., Marra, A., Cardinali, V.,
et al. (2022). Current status and future perspectives in targeted therapy of NPM1-
mutated AML. Leukemia 36, 2351-2367. d0i:10.1038/s41375-022-01666-2

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

Sheng, X., Parmentier, J. H., Tucci, ., Pei, H., Cortez-Toledo, O., Dieli-Conwright, C.
M., et al. (2017). Adipocytes sequester and metabolize the chemotherapeutic
daunorubicin. Mol. Cancer Res. 15, 1704-1713. doi:10.1158/1541-7786.MCR-17-0338

Shi, J., Wu, X, Wang, Z,, Li, F., Meng, Y., Moore, R. M., et al. (2022). A genome-wide
CRISPR screen identifies WDFY3 as a regulator of macrophage efferocytosis. Nat.
Commun. 13, 7929. doi:10.1038/s41467-022-35604-8

Short, N., Konopleva, M., Kadia, T., Borthakur, G., Ravandi, F., Dinardo, C., et al.
(2020). Advances in the treatment of acute myeloid leukemia: new drugs and new
challenges, Cancer Discov., Adv. Treat. Acute Myeloid Leukemia New Drugs New
Challenges. 10, 506-525. d0i:10.1158/2159-8290.CD-19-1011

Stern, Y. E., AL-Ghabkari, A., Monast, A., Fiset, B., Aboualizadeh, F., Yao, Z., et al.
(2022). Met-HER3 crosstalk supports proliferation via MPZL3 in MET-amplified
cancer cells. Cell Mol. Life Sci. 79, 178. doi:10.1007/s00018-022-04149-w

Subramanian, A., Tamayo, P., Mootha, V. K., Mukherjee, S., Ebert, B. L., Gillette, M.
A, et al. (2005). Gene set enrichment analysis: a knowledge-based approach for
interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. U. S. A. 102,
15545-15550. doi:10.1073/pnas.0506580102

Taghiloo, S., Ajami, A., Alizadeh-Navaei, R, and Asgarian-Omran, H. (2023).
Combination therapy of acute myeloid leukemia by dual PI3K/mTOR inhibitor
BEZ235 and TLR-7/8 agonist R848 in murine model. Int. Immunopharmacol. 125,
111211. doi:10.1016/j.intimp.2023.111211

Tallman, M. S., Wang, E. S., Altman, J. K., Appelbaum, F. R,, Bhatt, V. R,, Bixby, D.,
etal. (2019). Acute myeloid leukemia, version 3.2019, NCCN clinical practice guidelines
in oncology. J. Natl. Compr. Cancer Netw. INCCN 17, 721-749. doi:10.6004/jnccn.2019.
0028

Tang, Z., Kang, B, Li, C,, Chen, T., and Zhang, Z. (2019). GEPIA2: an enhanced web
server for large-scale expression profiling and interactive analysis. Nucleic Acids Res. 47,
W556-W560-w560. doi:10.1093/nar/gkz430

Tehranian, C., Fankhauser, L., Harter, P. N., Ratcliffe, C. D. H., Zeiner, P. S., Messmer,
J. M., et al. (2022). The PI3K/Akt/mTOR pathway as a preventive target in melanoma
brain metastasis. Neuro Oncol. 24, 213-225. doi:10.1093/neuonc/noab159

Tesi, R. J. (2019). MDSC; the most important cell you have never heard of. Trends
Pharmacol. Sci. 40, 4-7. doi:10.1016/j.tips.2018.10.008

Tettamanti, S., Pievani, A., Biondi, A., Dotti, G., and Serafini, M. (2022). Catch me if
you can: how AML and its niche escape immunotherapy. Leukemia 36, 13-22. doi:10.
1038/541375-021-01350-x

Tomikawa, C. (2018). 7-Methylguanosine modifications in transfer RNA (tRNA). Int.
J. Mol. Sci. 19, 4080. doi:10.3390/ijms19124080

Trott, O., and Olson, A. J. (2010). AutoDock Vina: improving the speed and accuracy
of docking with a new scoring function, efficient optimization, and multithreading.
J. Comput. Chem. 31, 455-461. doi:10.1002/jcc.21334

Ueda, K., and Steidl, U. (2021). Epigenetic achilles’ heel of AML. Nat. Cancer 2,
481-483. doi:10.1038/s43018-021-00212-w

frontiersin.org


https://doi.org/10.2147/IJN.S290731
https://doi.org/10.1038/s12276-024-01316-w
https://doi.org/10.1093/nar/gkaa216
https://doi.org/10.1093/nar/gkaa216
https://doi.org/10.1016/j.omtn.2023.08.008
https://doi.org/10.1158/0008-5472.CAN-12-1110
https://doi.org/10.1258/ebm.2012.011433
https://doi.org/10.1258/ebm.2012.011433
https://doi.org/10.1038/nrclinonc.2018.8
https://doi.org/10.1038/nrclinonc.2018.8
https://doi.org/10.1016/j.pharmthera.2022.108114
https://doi.org/10.1002/cncr.30203
https://doi.org/10.1038/s41408-021-00425-3
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1158/2159-8290.CD-11-0062
https://doi.org/10.1002/path.5492
https://doi.org/10.1073/pnas.2406686121
https://doi.org/10.3389/fphar.2021.781623
https://doi.org/10.1016/j.cels.2015.12.004
https://doi.org/10.1016/j.jconrel.2020.02.011
https://doi.org/10.1021/acs.nanolett.1c01469
https://doi.org/10.1021/acs.nanolett.1c01469
https://doi.org/10.3390/ijms20215347
https://doi.org/10.3390/ijms20215347
https://doi.org/10.1016/j.yexcr.2022.113192
https://doi.org/10.1016/j.ccell.2023.01.001
https://doi.org/10.1006/meth.2001.1262
https://doi.org/10.1200/JCO.2012.44.3184
https://doi.org/10.3389/fimmu.2020.01685
https://doi.org/10.1093/bib/bbab260
https://doi.org/10.3322/caac.21565
https://doi.org/10.1002/jcc.21256
https://doi.org/10.21873/anticanres.13569
https://doi.org/10.1126/scitranslmed.adi2952
https://doi.org/10.1038/nature20598
https://doi.org/10.6004/jnccn.2012.0103
https://doi.org/10.1182/blood.v58.6.1203.bloodjournal5861203
https://doi.org/10.1182/blood.v58.6.1203.bloodjournal5861203
https://doi.org/10.1038/s41375-022-01666-2
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1158/1541-7786.MCR-17-0338
https://doi.org/10.1038/s41467-022-35604-8
https://doi.org/10.1158/2159-8290.CD-19-1011
https://doi.org/10.1007/s00018-022-04149-w
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1016/j.intimp.2023.111211
https://doi.org/10.6004/jnccn.2019.0028
https://doi.org/10.6004/jnccn.2019.0028
https://doi.org/10.1093/nar/gkz430
https://doi.org/10.1093/neuonc/noab159
https://doi.org/10.1016/j.tips.2018.10.008
https://doi.org/10.1038/s41375-021-01350-x
https://doi.org/10.1038/s41375-021-01350-x
https://doi.org/10.3390/ijms19124080
https://doi.org/10.1002/jcc.21334
https://doi.org/10.1038/s43018-021-00212-w
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2025.1540992

Chen et al.

Vadakekolathu, J., Lai, C., Reeder, S., Church, S. E., Hood, T., Lourdusamy, A., et al.
(2020). TP53 abnormalities correlate with immune infiltration and associate with
response to flotetuzumab immunotherapy in AML. Blood Adv. 4, 5011-5024. doi:10.
1182/bloodadvances.2020002512

Vago, L., and Gojo, I. (2020). Immune escape and immunotherapy of acute myeloid
leukemia. J. Clin. Invest 130, 1552-1564. doi:10.1172/JCI129204

Wander, P., Cheung, L. C,, Pinhangos, S. S., Jones, L., Kerstjens, M., Arentsen-Peters,
S., et al. (2020). Preclinical efficacy of gemcitabine in MLL-rearranged infant acute
lymphoblastic leukemia. Leukemia 34, 2898-2902. doi:10.1038/s41375-020-0895-9

Wang, S. Y., Fu, X. X,, Duan, R,, Wei, B,, Cao, H. M,, Yan, E,, et al. (2023a). The
Alzheimer’s disease-associated gene TREML2 modulates inflammation by regulating
microglia polarization and NLRP3 inflammasome activation. Neural Regen. Res. 18,
434-438. doi:10.4103/1673-5374.346468

Wang, Y. N,, Wang, Y. Y,, Wang, J,, Bai, W. J,, Miao, N. ], and Wang, J. (2023b). Vinblastine
resets tumor-associated macrophages toward M1 phenotype and promotes antitumor immune
response. J. Immunother. Cancer 11, €007253. doi:1041136/jitc—2023—007253

Wang, S., Wang, J., Xia, Y., Zhang, L., Jiang, Y., Liu, M, et al. (2024). Harnessing the

potential of HLA-G in cancer therapy: advances, challenges, and prospects. J. Transl.
Med. 22, 130. doi:10.1186/512967-024-04938-w

Werner, A., Iwasaki, S., Mcgourty, C. A., Medina-Ruiz, S., Teerikorpi, N., Fedrigo, I,
et al. (2015). Cell-fate determination by ubiquitin-dependent regulation of translation.
Nature 525, 523-527. doi:10.1038/nature14978

Wikramanayake, T. C., ChéRET, J., Sevilla, A., Birch-Machin, M., and Paus, R.
(2022). Targeting mitochondria in dermatological therapy: beyond oxidative
damage and skin aging. Expert Opin. Ther. Targets 26, 233-259. d0i:10.1080/
14728222.2022.2049756

Wittig, R., Nessling, M., Will, R. D., Mollenhauer, J., Salowsky, R., Miinstermann, E.,
etal. (2002). Candidate genes for cross-resistance against DNA-damaging drugs. Cancer
Res. 62, 6698-6705.

Xu, X., Zhu, L., Yang, Y., Pan, Y., Feng, Z., Li, Y., et al. (2019). Low tumour PPM1H
indicates poor prognosis in colorectal cancer via activation of cancer-associated
fibroblasts. Br. J. Cancer 120, 987-995. doi:10.1038/s41416-019-0450-5

Yao, Y., Zhou, Y., Zhuo, N., Xie, W., Meng, H., Lou, Y., et al. (2024). Co-mutation
landscape and its prognostic impact on newly diagnosed adult patients with NPM1-

Frontiers in Genetics

19

10.3389/fgene.2025.1540992

mutated de novo acute myeloid leukemia. Blood Cancer J. 14, 118. doi:10.1038/s41408-
024-01103-w

Yoshihara, K., Shahmoradgoli, M., MartiNEZ, E., Vegesna, R., Kim, H., Torres-
Garcia, W., et al. (2013). Inferring tumour purity and stromal and immune cell
admixture from expression data. Nat. Commun. 4, 2612. doi:10.1038/
ncomms3612

Yu, G, Wang, L. G, Han, Y., and He, Q. Y. (2012). clusterProfiler: an R package for
comparing biological themes among gene clusters. Omics 16, 284-287. d0i:10.1089/omi.
2011.0118

Zhang, H., Dai, Z., Wu, W., Wang, Z., Zhang, N., Zhang, L., et al. (2021). Regulatory
mechanisms of immune checkpoints PD-L1 and CTLA-4 in cancer. J. Exp. Clin. Cancer
Res. 40, 184. doi:10.1186/s13046-021-01987-7

Zhang, X., Ma, Y., Yu, J,, Su, R,, and Wang, X. (2024). Internal m 6 A and m 7 G RNA
modifications in hematopoietic system and acute myeloid leukemia. Chin. Med. ]. Engl.
137, 1033-1043. doi:10.1097/cm9.0000000000003073

Zhao, P., Xia, L., Chen, D., Xu, W, Guo, H., Xu, Y. et al. (2024).
METTL1 mediated tRNA m(7)G modification promotes leukaemogenesis of
AML via tRNA regulated translational control. Exp. Hematol. Oncol. 13, 8.
doi:10.1186/s40164-024-00477-8

Zhou, J., Toh, S. H., Chan, Z. L., Quah, J. Y., Chooi, J. Y., Tan, T. Z., et al. (2018). A
loss-of-function genetic screening reveals synergistic targeting of AKT/mTOR and
WTN/B-catenin pathways for treatment of AML with high PRL-3 phosphatase.
J. Hematol. Oncol. 11, 36. doi:10.1186/5s13045-018-0581-9

Zhu, Z. W,, Li, G, Wu, G. G, Zhang, Y. J,, Bai, Y. R, Lai, B. Q. et al. (2024).
Transplantation of peripheral nerve tissueoid based on a decellularized optic nerve
scaffold to restore rat hindlimb sensory and movement functions. Biomaterials 315,
122949. doi:10.1016/j.biomaterials.2024.122949

Zhuang, D., Wang, S., Deng, H., Shi, Y., Liu, C,, Leng, X., et al. (2024). Phenformin
activates ER stress to promote autophagic cell death via NIBANI and DDIT4 in oral

squamous cell carcinoma independent of AMPK. Int. J. Oral Sci. 16, 35. doi:10.1038/
541368-024-00297-w

Zhu, H., Qin, H,, Li, D. M,, Liu, J., and Zhao, Q. (2016). Effect of PPM1H on
malignant phenotype of human pancreatic cancer cells. Oncol. Rep. 36, 2926-2934.
doi:10.3892/0r.2016.5065

frontiersin.org


https://doi.org/10.1182/bloodadvances.2020002512
https://doi.org/10.1182/bloodadvances.2020002512
https://doi.org/10.1172/JCI129204
https://doi.org/10.1038/s41375-020-0895-9
https://doi.org/10.4103/1673-5374.346468
https://doi.org/10.1136/jitc-2023-007253
https://doi.org/10.1186/s12967-024-04938-w
https://doi.org/10.1038/nature14978
https://doi.org/10.1080/14728222.2022.2049756
https://doi.org/10.1080/14728222.2022.2049756
https://doi.org/10.1038/s41416-019-0450-5
https://doi.org/10.1038/s41408-024-01103-w
https://doi.org/10.1038/s41408-024-01103-w
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1186/s13046-021-01987-7
https://doi.org/10.1097/cm9.0000000000003073
https://doi.org/10.1186/s40164-024-00477-8
https://doi.org/10.1186/s13045-018-0581-9
https://doi.org/10.1016/j.biomaterials.2024.122949
https://doi.org/10.1038/s41368-024-00297-w
https://doi.org/10.1038/s41368-024-00297-w
https://doi.org/10.3892/or.2016.5065
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2025.1540992

Chen et al.

Glossary

AML
oS
EFS
DFS
TME
TIME
IME
TCGA
GEO
DEGs
GSEA
HSCT
oD

ESTIMATE

NMF
WGCNA
GO
KEGG
FDR

KM

LASSO
regression

ROC
AUCs
DCA
C-index
qPCR
IC50
NES
HR
NCCN
FC
TOM
PDCD1
CD274
CTLA4
MDSC
NK cells
CTC
ACC
BLCA

MESO

Acute myeloid leukemia

Overall survival

Event-free survival

disease-free survival

Tumor microenvironment

Tumor immune microenvironment
Immune microenvironment

The Cancer Genome Atlas

Gene Expression Omnibus
Differentially expressed genes
Gene set enrichment analysis
Hematopoietic stem cell transplantation
optical density

The Estimation of Stromal and Immune cells in Malignant
Tumour tissues using Expression data

Non-negative matrix factorization
Weighted correlation network analysis
Gene ontology

Kyoto Encyclopedia of Genes and Genomes
False discovery rate

Kaplan-Meier

Least absolute shrinkage and selection operator regression

Receiver operating characteristic

Area under the curve

Decision curve analysis

Concordance index

quantitative real-time PCR

Half maximal inhibitory concentration
Normalized enrichment score

Hazard ratio

National Comprehensive Cancer Network
Fold change

Topological overlap matrix

Programmed cell death 1

cluster of differentiation 274

Cytotoxic T-lymphocyte associated protein 4
myeloid-derived suppressor cells

Natural killer cells

Circulating tumor cells

Adrenocortical carcinoma

Bladder urothelial carcinoma

Mesothelioma
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KIRC

LGG

THCA

HNSC

KICH

BRCA

CESC

CHOL

COAD

DLBC

ESCA

GBM

KIRP

LIHC

LUAD

LAMC3

KCTD1

PPM1H

WDFY3

REEP5

DDIT4

PTP4A3

AHCYL1

TREML2

KBTBDS

CBR1

MPZL3
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Uveal melanoma

Kidney renal clear cell carcinoma
Lower-grade glioma

Thyroid carcinoma

Head and neck squamous cell carcinoma
Kidney chromophobe

Breast invasive carcinoma

Cervical squamous cell carcinoma and endocervical
adenocarcinoma

Cholangiocarcinoma

Colon adenocarcinoma

Diffuse large B-cell lymphoma

Esophageal carcinoma

Glioblastoma multiforme

Kidney renal papillary cell carcinoma

Liver hepatocellular carcinoma

Lung adenocarcinoma

Laminin subunit gamma 3

Potassium channel tetramerization domain containing 1
Protein phosphatase, Mg2+/Mn2+ dependent 1H
WD repeat and FYVE domain containing 3
Receptor accessory protein 5

DNA damage inducible transcript 4

Protein tyrosine phosphatase 4A3
Adenosylhomocysteinase like 1

Triggering receptor expressed on myeloid cells like 2
Kelch repeat and BTB domain containing 8
carbonyl reductase 1

Myelin protein zero like 3
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