Wang et al. Journal of Translational Medicine (2025) 23:566 J ourna | Of
https://doi.org/10.1186/512967-025-06615-y X .
Translational Medicine

: : ®
Establishment of a prognostic model G
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Abstract

Background Acute myeloid leukemia (AML) is a highly heterogeneous malignancy, presenting significant chal-
lenges in accurately predicting patient prognosis. Dysregulation of endoplasmic reticulum (ER) stress and resistance
to programmed cell death (PCD) are hallmarks of AML cells. However, the prognostic significance of the interplay
between ER stress and cell death pathways in AML remains largely unexplored.

Methods We analyzed RNA sequencing and clinical data from 887 AML patients across 4 cohorts to develop

an ER stress-related cell death index (ERCDI) using 10 machine-learning algorithms with 117 unique combinations.
Survival and time-dependent Receiver Operating Characteristic Curve (ROC) analyses were performed to assess

the model’s efficacy. Clinical characteristics, the tumor immune microenvironment, and drug sensitivity differences
between the high- and low-risk groups were also analyzed. The CMap database was used to identify potential thera-
peutic drugs. In vitro and in vivo experiments, including CCK-8, colony formation, flow cytometry, Transwell assays,
and xenograft mouse models, were conducted to evaluate the effects of the target genes and candidate drugs.

Results The ERCDI demonstrated strong prognostic and predictive performance for prognosis in AML patients.
Furthermore, the ERCDI effectively predicted immunotherapy and chemotherapy outcomes and was associated

with the immune features of the different risk groups. DNA damage-inducible transcript 4 protein (DDIT4), a key gene
associated with ERCDI, is related to poor prognosis in AML patients with high expression. Additionally, the knockdown
of DDIT4 significantly inhibited AML cell proliferation, induced cell apoptosis, and promoted cell cycle arrest. Chae-
tocin was subsequently identified as a candidate compound for AML treatment. Subsequent experiments suggested
that combining chaetocin and venetoclax is a potentially promising therapeutic strategy for AML.

Conclusion The ERCDI provides personalized risk assessment and treatment recommendations for individual AML
patients. The combined use of chaetocin and venetoclax can potentially be repurposed for AML therapy.
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Introduction

AML is a hematologic malignancy characterized by
the abnormal proliferation of hematopoietic stem cells
or early progenitors [1-3]. Although current treat-
ments, including chemotherapy, targeted therapy, and
hematopoietic stem cell transplantation (HSCT), have
improved outcomes, the overall 5-year survival rate for
AML patients remains unsatisfactory [4]. Relapse and
resistance to therapy remain intractable issues in clini-
cal practice [5-7]. Identifying genes and biological pro-
cesses involved in the pathogenesis of AML and those
contributing to therapeutic resistance is crucial for
improving clinical outcomes. Furthermore, advance-
ments in therapy may stem from more precise risk
stratification, enabling better management and treat-
ment for AML patients.

Currently, the most commonly applied approach
for AML risk stratification is the European Leukemi-
aNet (ELN), which stratifies patients into different risk
groups according to cytogenetic and chromosomal
abnormalities [8]. However, this method is often costly
and time-consuming. Transcriptome-based prognos-
tic models have gained increasing attention. Among
them, the LSC17 score, which was developed based on
gene expression profiles of leukemia stem cells (LSCs),
is among the most widely recognized, as LSCs are
believed to play a pivotal role in AML initiation, pro-
gression, and drug resistance [9]. Nevertheless, several
studies have suggested that LSCs may not be enriched
in all relapsed or drug-resistant AML patients and that
leukemia-regenerating cells emerging after chemo-
therapy exhibit distinct molecular characteristics from
those of therapy-naive LSCs [10, 11]. Single-cell analy-
sis of AML samples emphasized the essential role of the
immune system and inflammatory-related signaling,
and corresponding prognostic models have also been
reported [12, 13]. However, testing certain molecules,
such as inflammatory cytokines and chemokines, is dif-
ficult because of their low expression. Therefore, it is
critical to identify genes with prognostic value in AML
and establish accurate models.

In recent years, ER stress dysregulation has emerged
as a hallmark of tumor cells [14-16]. Various changes
in the tumor microenvironment, such as nutrient dep-
rivation, low oxygen supply, and metabolite accumu-
lation, trigger ER stress, which is characterized by the
activation of three branches of the unfolded protein
response (UPR) [17, 18]. Changes in UPR responses

can regulate multiple biological processes, including
PCD signals, another important regulatory mechanism
[16, 19]. For example, persistent activation of ER stress
has been reported to initiate apoptosis via the PKR-like
endoplasmic reticulum kinase (PERK)—C/EBP homolo-
gous protein (CHOP) axis and to modulate autophagy
through either the PERK-nuclear factor erythroid
2-related factor 2 (NRF2) or inositol-requiring enzyme
1 alpha (IREla)—c-Jun N-terminal kinase (JNK) sign-
aling pathways[20—22]. Persistent ER stress activation
may also inhibit ferroptosis by upregulating the expres-
sion of chaperones such as Binding-immunoglobulin
protein (Bip) [21]. Conversely, several PCD-related
proteins such as Bax inhibitor-1 (BI-1), protein tyrosine
phosphatase 1B (PTP-1B), and ASK1-interacting pro-
tein 1 (AIP1) directly regulate UPR sensor IRE1la, indi-
cating a reciprocal regulatory loop [23]. These findings
underscore the complexity of ER stress—PCD interac-
tions, where cellular fate is determined by the strength
and duration of stress and context-specific signaling
crosstalk.

In the context of AML, the dysregulation of ER stress
and PCD pathways is prevalent and complex. Accumu-
lating evidence reported that the activation of ER stress
in LSCs, particularly the IRE1a—XBP1 s signaling branch,
commonly accompanies leukemogenesis [20, 24, 25].
Another key feature of LSCs is impaired apoptotic signal-
ing, which is typically characterized by the upregulation
of B-cell lymphoma 2 (BCL-2) expression [26, 27]. Nota-
bly, inhibition of the RNAse activity of IREla in AML
cells has been shown to reduce BCL-2 expression, and
high expression of the ER co-chaperone DNAJC10 was
recently reported in LSCs, the loss of which increased
(BCL-2-associated X protein) BAX expression and
decreased BCL2 expression through PERK-elF2a path-
way modulation [27, 28]. Intriguingly, in AML subtypes
harboring RUNX1 mutations, both UPR and proap-
optotic p53 signaling are decreased in LSCs, yet these
cells retain a proliferative advantage [29]. These findings
highlight the intricate and context-dependent regulatory
network between ER stress responses and apoptotic sign-
aling during AML pathogenesis.

ER stress-related signaling pathways are frequently
activated within the bone marrow microenvironment
(BMME) of AML, and transmissible ER stress, which
helps reconstitute the bone marrow niche of AML, has
also been reported [30, 31]. In addition to triggered ER
stress, several forms of PCD, such as autophagy, are
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also activated [32]. In the FLT3-ITD subtype of AML,
autophagy can be activated by the elF2a—ATF4 signaling
axis, indicating a potential regulatory role of ER stress in
autophagy [33]. Furthermore, the activation of ER stress
promotes the release of damage-associated molecular
patterns (DAMPs), such as calreticulin (CRT), heat shock
protein 70 (HSP70) and HSP90, which are closely linked
to the induction of another type of nonapoptotic PCD
known as immunogenic cell death (ICD), thereby influ-
encing the sensitivity of AML patients to immunotherapy
[34, 35]. PCD is now known to encompass a broad range
of modalities beyond apoptosis and autophagy, including
necroptosis, pyroptosis, parthanatos, netotic cell death,
lysosome-dependent cell death, ICD, ferroptosis, cuprop-
tosis, entotic cell death, and alkaliptosis [36, 37]. How-
ever, the interactions between ER stress and other forms
of PCD remain incompletely understood. Importantly, as
a critical regulator of cellular homeostasis, ER stress has
the dual capacity to promote either cell survival or death.
However, the key molecular determinants that govern
this cell fate decision remain elusive, underscoring the
need to elucidate the mechanistic links between ER stress
and various PCD pathways.

Considering the critical roles of ER stress and PCD
in maintaining cellular homeostasis and their close
interconnections, we first employed a bioinformatics
approach to identify key genes involved in the ER stress
and PCD pathways. We developed a novel prognostic
model, the ERCDI model, for AML. The predictive per-
formance and reliability of the ERCDI were confirmed
through comparisons with established AML prognostic
models and internal cohort validation. Furthermore, we
preliminarily demonstrated the functional role of DDIT4,
a core gene of the ERCDI model, in regulating AML
cell growth and proliferation. Additionally, we identi-
fied small molecules associated with the ERCDI and
evaluated their combination efficacy with clinically used
drugs. Finally, we proposed a novel therapeutic strategy
combining chaetocin and venetoclax. This combination
exhibited promising antileukemic effects both in vitro
and in vivo.

Materials and methods

Dataset collection

Clinical information and gene expression profiles of AML
patients were downloaded from the Gene Expression
Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo),
Therapeutically Applicable Research to Generate Effec-
tive Treatment (TARGET) (https://www.cancer.gov/ccg/
research/genome-sequencing/target), and The Cancer
Genome Atlas (TCGA) (https://www.cancer.gov/tcga/).
Four published datasets were included in this study:
GSE37642-GPL96 (n =417), GSE12417-GPL96 (n =157),
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TCGA-LAML (n =132), and TARGET-AML (n =181).
All RNA-seq data were converted to transcripts per mil-
lion (TPM) format to improve comparability across dif-
ferent datasets. Count data were downloaded from the
TCGA for differential expression analysis, and 70 normal
control samples were obtained from the Genotype-Tissue
Expression (GTEx) project (https://xenabrowser.net/
datapages/).

An independent in-house cohort from Ruijin Hospital,
comprising both RNA-seq data and comprehensive clini-
cal annotations, was also used as an external validation
dataset. This dataset was obtained directly from Dr. Peng
Jin with appropriate authorization. Part of this cohort
has been uploaded to the GEO database (GSE201492),
while the full dataset used in this study has been previ-
ously described and processed in Dr. Jin’s published work
[38-40].

Identification of ER stress-related cell death genes

We retrieved ER stress-related genes by searching the
keyword “ER stress” on the GeneCards website (Gen-
eCards—Human Genes | Gene Database | Gene Search).
Genes with a relevance score below 5 were filtered out,
resulting in a final set of 1,363 ER stress-related genes
used for subsequent analyses. Thirteen patterns of dif-
ferent PCD genes were extracted from three previ-
ous studies [41-43] and reputable scientific databases,
including gene set enrichment analysis (GSEA) gene sets,
Kyoto Encyclopedia of Genes and Genomes (KEGG)
and FerrDb. After eliminating duplicate genes, the fol-
lowing 2,773 PCD-related genes were obtained: intrin-
sic apoptosis (n =579), extrinsic apoptosis (n =354),
ferroptosis (n =399), cuproptosis (n =28), entotic cell
death (n =9), autophagy (n =673), lysosome-dependent
cell death (n =71), netotic cell death (n =6), necroptosis
(n =289), alkaliptosis (n =9), pyroptosis (n =258), par-
thanatos (n =28), and immunogenic cell death (n =70).
The “DESeq2” package was used to identify differentially
expressed genes (DEGs) in TCGA-LAML and GTEx nor-
mal bone marrow samples [44]. A log2-fold change (log2
FC) greater than 1 and a false discovery rate (FDR) of
less than 0.05 were set as the thresholds for identifying
DEGs. In the subsequent step, we performed an intersec-
tion analysis of the DEGs, ER stress-related genes, and
cell death-related genes and visualized the results via a
Venn diagram. Additionally, Pearson correlation analysis
was conducted on the RNA-seq data from the GSE37642
samples to identify genes coexpressed between ER stress
and PCD, with a correlation coefficient (R) greater than
0.6 and a P value (P) less than 0.05.
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Establishment of the prognostic model

We first partitioned the data into separate training and
validation sets to construct a predictive model with
stability and accuracy. Given its relatively large sample
size, the GSE37642 dataset was selected as the training
set, and the other three published datasets (GSE12417,
TCGA-LAML, and TARGET-AML) were used for
internal validation. Initially, a univariate Cox regres-
sion analysis was performed on the training set to iden-
tify genes that exhibited a significant association with
prognosis, specifically those with an adjusted p value
less than 0.05. We subsequently employed the “Mime”
R package, which integrates 10 machine learning algo-
rithms (including random survival forest (RSF), elastic
network (Enet), stepwise Cox regression (StepCox),
Cox model with boosting algorithm (CoxBoost), least
absolute shrinkage and selection operator (Lasso), ridge
regression (Ridge), partial least squares regression for
survival (plsRcox), survival support vector machine
(survival-SVM), generalized boosted regression mod-
eling (GBM), and supervised principal components
(SuperPC)), and 117 algorithm combinations to select
variables and develop the prognostic model in training
set GSE37642 [45]. We applied tenfold cross-validation
to mitigate potential overfitting during model develop-
ment. Specifically, the training dataset was randomly
partitioned into 10 equal-sized folds. In each itera-
tion, nine folds were used for model training, and the
remaining one was used for validation. This process
was repeated 10 times, allowing each fold to serve once
as a validation set. This cross-validation procedure
was applied consistently to all the algorithmic combi-
nations to ensure fair comparison. All the constructed
models were evaluated in the three validation cohorts.
For each model, Harrell’s concordance index (C-index)
was calculated across all datasets, and the model with
the highest average C-index was selected to calculate
the ERCDI for every AML patient in the training and
validation cohorts. In this study, the combination of
StepCox [both] and Enet [a =0.2] achieved the highest
average C-index and was selected as the final prognos-
tic model. The ERCDI was calculated as follows:

i
ERCDI = Zl(Coeﬁ « ExpGenei),

where i represents the model gene, Coef denotes the
regression coefficient, and ExpGene indicates the corre-
sponding gene expression level. Then, according to the
median value of the ERCDI, the patients in each cohort
were classified into high-risk and low-risk groups, with
those having an ERCDI above the median assigned to the
high-risk group and those with scores below the median
assigned to the low-risk group. Finally, Kaplan—Meier
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curves were generated to evaluate the prognostic signifi-
cance of the model, and ROC curves were generated to
assess its efficacy.

Development and assessment of the nomogram model
Univariate and multivariate Cox regression analyses were
performed to confirm whether the ERCDI is an inde-
pendent prognostic predictor for AML patients. The
multivariate analysis incorporated several established
clinical variables, including age, FAB, Runx1.Runx1 t1_
fusion, and Runx1_mutation, allowing us to evaluate the
prognostic value of ERCDI beyond traditional factors.
The “rms” package was subsequently utilized to develop
a nomogram according to the Cox regression results to
systematically evaluate the survival probability of individ-
ual patients. To evaluate the nomogram’s predictive accu-
racy and clinical utility, we generated calibration plots
to compare the predicted and observed survival prob-
abilities and performed decision curve analysis (DCA) to
assess the net clinical benefit across a range of threshold
probabilities.

Unsupervised consensus clustering and GO enrichment
analysis

The “ConsensusClusterPlus” R package was utilized to
identify different molecular subtypes of patients accord-
ing to the ER stress-related cell death gene (ERCDG)
expression profile [46]. The partitioning around medoids
(PAM) algorithm was applied, and the Pearson distance
was calculated. A total of 1000 resampling iterations were
conducted (reps =1000), with 80% of the samples ran-
domly selected in each iteration (pItem =0.8), to ensure
the robustness and stability of the clustering results. The
optimal number of clusters was determined through
the consensus matrix, cumulative distribution function
(CDEF), and relative change in the area under the CDF
curve. Subsequently, Kaplan—Meier survival analysis was
performed to compare the overall survival (OS) prob-
ability of each molecular subtype. A Sankey diagram was
generated to illustrate the associations among molecular
subtypes, the ERCDI, and survival status. GO enrich-
ment analysis was conducted to clarify the functional
characteristics of each molecular subtype.

Assessment of the TME

Cell-type Identification by Estimating Relative Subpopu-
lations of RNA Transcripts (CIBESORT) and single-sam-
ple gene set enrichment analysis (ssGSEA) algorithms
were employed to evaluate differences in immune cell
infiltration between the high- and low-risk groups [47,
48]. Pearson correlation analysis was performed to exam-
ine the associations between ERCDI signature genes and
immune cells or immune checkpoint-related genes. The
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“Estimation of Stromal and Immune Cells in Malignant
Tumor Tissues Using Expression Data” (ESTIMATE)
algorithm was utilized to compare immune, stromal, and
ESTIMATE scores between different risk groups [49].

Chemotherapy sensitivity and immunotherapy response
analysis

The “OncoPredict” package is a useful tool for predict-
ing individual sensitivity to various chemotherapy drugs
[50]. We employed this algorithm to calculate the half-
maximal inhibitory concentration (IC50) values of sev-
eral common chemotherapy drugs for each AML patient.
The Tumor Immune Dysfunction and Exclusion (TIDE)
website was used for immunotherapy response predic-
tion, and the TIDE score was calculated [51].

Cell lines and cell culture

Human AML cell lines (U937 and HL60) were purchased
from DSMZ. The cells were cultured in RPMI-1640 sup-
plemented with 10% FBS at 37 °C with 5% CO,. The cell
density was controlled between 5x 10° cells/mL and 2X
10° cells/mL. Mycoplasma testing was performed, and no
contamination was observed.

Reagents

Cytarabine, doxorubicin, venetoclax, PIK-75, and panobi-
nostat (LBH589) were obtained from Selleck Chemicals.
Prutenin and chaetocin were purchased from Felixbio.

Lentivirus-mediated gene knockdown

Target sequences (TGATGCCTAGCCAGTTGGTAA#1
and GTGTAGCATGTACCTTATTAT#1) against
human DDIT4 and a control scrambled sequence (GCG
CGCTTTGTAGGATTCGTT) were inserted into the
PLKO.1 vector according to the manufacturer’s protocol
(Addgene, Watertown, MA, USA). The generated lenti-
virus carrying short hairpin RNA (shRNA) was used to
infect target cells for 48 h, after which the cells were sub-
jected to puromycin selection at 2 pg/ml.

Immunoblot analysis

Total cellular proteins were extracted with RIPA lysis
buffer (Epizyme) supplemented with protease and phos-
phatase inhibitors. After thorough lysis, the lysates were
centrifuged at 12,000 X g at 4 °C for 15 min. The super-
natant was collected, transferred to another new cen-
trifuge tube, and denatured for 10 min at 100 °C. The
protein samples were subsequently separated via SDS—
PAGE and transferred to 0.45 pm PVDF membranes.
The membranes were blocked in a protein-free rapid-
blocking solution before being incubated overnight at
4 °C with the primary antibody. After being washed three
times with PBST, the membranes were incubated with
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the corresponding secondary antibodies. The immuno-
blot signals were acquired with an Amersham Imager
600 (General Electric Company, Boston, MA, USA). The
primary antibodies used for the western blotting assays
were rabbit antibodies against DDIT4 (1:1000, 10638-1-
AP; Proteintech, Wuhan, Beijing) and mouse antibodies
against beta-actin (1:1000, AC004; ABclonal Technology,
Wuhan, China).

Cell proliferation, the cell cycle, and apoptosis

Cell proliferation was analyzed via a CCK-8 kit and a
cell counting assay. Briefly, 5x 10* cells were seeded in
96-well plates, and after 24, 48, and 72 h, 10 ul of CCK-8
solution was added to each well, and the absorbance
at 450 nm was measured after 2.5 h of incubation. The
number of cells at different time points was calculated via
Countess IT (AMQAX1000, Thermo Fisher Scientific). An
APC BrdU Flow Kit (BD Pharmingen) was used to detect
the percentages of different cell cycle phases (GOG1, S,
and G2/M). Apoptosis was assessed via an Annexin-V
Apoptosis Detection Kit (BioLegend, CA, USA). The data
produced by the flow cytometer were analyzed via Flow]Jo
software.

Colony formation assay

A 100 pL cell suspension with a density of 5x 10° cells/
mL was mixed with 1 mL of methylcellulose semisolid
medium and added to a 6-well cell culture plate. After
mixing and spreading evenly, the plate was placed in a
37 °C incubator for static culture. Colony formation was
considered positive when there were >50 cells per col-
ony. The number of colonies was counted after 10 days.

Migration and invasion assays

A 24-well Transwell system (TCS003024, Biofil) was uti-
lized to conduct migration and invasion assays. Briefly, a
200 pL cell suspension containing 1x 10° cells in serum-
free 1640 medium was added to the upper chamber of
the well, and 500 pL of 1640 medium containing 20% FBS
was added to the lower chamber. After 24 h of incubation
at 37 °C, the cells were fixed with 4% paraformaldehyde
for 15 min and stained with 0.25% crystal violet for 30
min. The cells that remained in the upper chamber were
photographed.

Animal models

NOD-SCID mice were purchased from GemPharmat-
ech. A total of 9x 1076 Luciferase-mCherry-HL60
tumor cells were intravenously injected into the mice
(6 weeks, female). The mice were allocated randomly
into different experimental groups (4 groups [vehicle,
venetoclax, chaetocin, and venetoclax + chaetocin],
n=5) and then intraperitoneally administered 30 mg/
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kg venetoclax or 1 mg/kg chaetocin, individually or in
combination, every other day for 3 weeks, beginning 10
days after the xenograft. A quantitative imaging system
was used to monitor tumor growth. The mice were sac-
rificed by CO, inhalation when they became moribund.
Animal care and sacrifice were conducted according to
methods approved by the Animal Care and Use Com-
mittee of the Center for Animal Experiments of Shang-
hai Jiao Tong University.

Statistical analysis

Statistical analyses were performed using R software
(version 4.4.0). For continuous variables, differences
between two groups were assessed via a two-tailed Stu-
dent’s ¢ test. The data were checked for normality and
homogeneity of variance to meet the assumptions of
parametric testing. The group means are displayed as
histograms, with error bars representing the standard
error of the mean (+ SEM). For categorical variables,
comparisons between groups were performed via the
Chi-square test. Significance is indicated as follows:
*P<0.05, **P< 0.01, or ***P< 0.001.

Results

Preliminary identification of signatures related to ER stress
and PCD

First, as shown in Fig. 1A, a total of 2773 genes from
13 distinct PCD patterns were collected. Differen-
tial expression analysis was subsequently performed
between AML and normal samples from TCGA and
GTEXx, as depicted in Fig. 1B. We then conducted GO
and KEGG analyses to identify the most significantly
enriched pathways. The results revealed that many
DEGs were involved in signaling pathways associated
with protein import, cytokine interactions, major his-
tocompatibility complex (MHC) assembly (Additional
file 1: Figs. S1 A-B). GSEA was subsequently per-
formed to identify ER stress and PCD pathway altera-
tions. As shown in Fig. S1 C, ER stress and various
PCD pathways, including apoptosis, autophagy, fer-
roptosis, necroptosis, and netotic cell death, were dys-
regulated in AML samples, suggesting their potential
involvement in disease progression. We subsequently
extracted all the ER stress- and PCD-related DEGs. As
illustrated in the Venn diagram (Fig. 1C), 1565 PCD-
related genes and 690 ER stress genes were identified as
differentially expressed. Next, Pearson correlation anal-
ysis was performed on these genes to identify common
signatures involved in ER stress and cell death pro-
cesses. Using screening criteria of r> 0.6 and P< 0.05,
121 ER stress-related genes and 413 PCD-related genes
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were identified as co-expressed genes (Additional file 5:
Table S1). Univariate Cox regression analysis was then
applied to select genes associated with patient progno-
sis, and 23 genes with a P value <0.05 were identified
for further analysis.

Construction of the ERCDI for predicting AML patient
prognosis using a machine-learning combinatorial
algorithm
According to the expression profiles of 23 genes, we
applied the “Mime” R package to evaluate the prog-
nostic performance of 117 algorithm combinations.
GSE37642 was used as the training cohort, whereas the
other 3 cohorts served as validation cohorts. The average
C-index across the four cohorts was used as the crite-
rion for model selection. Ultimately, the step Cox +Enet
(a =0.2) algorithm combination emerged as the opti-
mal model with the highest average C-index across all
four cohorts. We then applied these two algorithms for
model gene selection and construction, identifying the
top 9 genes with the highest variable importance (Fig. 1E,
F). The coefficient values for each gene are depicted in
Fig. 1G. The ERCDI was subsequently calculated via the
following formula: ERCDI =(0.31 xDSG2 exp) +(0.24
XIL2RA exp) +(0.23 Xx HSPA2 exp) +(0.19 Xx GLO1 exp)
+(0.17 XDDIT4 exp) +(0.13 xIGF2BP3 exp) +(0.09
X ADM exp) + (— 0.41 X AGER) + (— 0.05 X MPO exp).
The patients in the different cohorts were stratified
into high-risk and low-risk subgroups according to the
median ERCDI. Compared with that in the low-risk
group, the ERCDI in the high-risk group was generally
greater. Kaplan—Meier curve analysis revealed that the
overall survival time of patients in the high-risk group
was shorter than that of patients in the low-risk group
(Fig. 2B). The risk factor linkage plot also indicated
that the proportion of deceased patients in the high-
risk group was greater than that in the low-risk group
(Fig. 2A). ROC curve analysis revealed high area under
the curve (AUC) values for the prediction of the 1-, 3-,
and 5-year survival rates of AML patients in both the
training and validation cohorts (Fig. 2C).

Establishment and assessment of the nomogram model

Univariate and multivariate Cox regression analyses were
conducted to better evaluate the predictive value of the
ERCDI. As shown in Fig. 3A and B, ERCDI was an inde-
pendent risk factor in both the univariate Cox regres-
sion (HR =1.794, 95% CIL: 1.601-2.010, P< 0.001) and
multivariate Cox regression (HR =1.581, 95% CI: 1.383—
1.808, P< 0.001) analyses. A nomogram model was con-
structed via multivariate Cox and stepwise regression to
predict the 1-, 3-, and 5-year OS rates of AML patients
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(Fig. 3C). Calibration curves revealed that the nomogram
model accurately predicted the mortality rates of AML
patients at different time points (Fig. 3D). Furthermore,
DCA revealed that our nomogram model demonstrated
notable net benefits across a wide spectrum of risks

(Fig. 3E-Q).

Comparison of gene expression-based prognostic

signatures in AML
In recent years,

advancements

in next-generation

sequencing and big-data analytics have facilitated the

A
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development of numerous prognostic models according
to gene expression profiles. To evaluate the predictive
performance of our ERCDI model, we selected four well-
established and classic prognostic signatures for AML
as comparators: the inflammation-associated gene score
(iScore) [12], immune dysfunction signature (PI20) [13],
leukemia stem cell score (LSC17) [9] and AML-specific
risk genes (GENE4) [52]. We conducted univariate Cox
regression across all datasets for each signature and then
calculated the corresponding C-index. The ERCDI nota-
bly displayed a higher C-index than the other models did
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Fig. 4 Comparison of gene expression-based prognostic signatures in AML. A C-index analysis ERCDI and four published risk models
in the GSE37642, GSE12417, TCGA-LAML, and TARGET-AML cohorts. B Time-dependent ROC analysis for predicting overall survival outcomes at 1, 3,
and 5 years. The data are presented as the means +95% confidence intervals (Cls)
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in the GSE37642 and TCGA cohorts, albeit with slightly
lower performance than LSC17 in the GSE12417 cohort.
In the TARGET cohort, all five predictive models dem-
onstrated comparable predictive power, with the ERCDI
and LSC17 marginally ahead (Fig. 4A).

To facilitate a more comprehensive comparison, we
subsequently performed a time-dependent ROC analysis
for each model to evaluate its performance in predicting
OS rates at 1, 3, and 5 years across all cohorts. The ERCDI
consistently demonstrated superior predictive accuracy
in most cohorts and time points, with the exception of
the GSE12417 cohort, where LSC17 proved superior
(Fig. 4B). In summary, these findings highlight that the
ERCDI is a potent and reliable prognostic indicator that
is independent of previously published gene expression-
based models and holds promise for risk stratification in
AML patients.
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External validation of the ERCDI model in a clinical
in-house cohort

To further assess the clinical applicability of our ERCDI
model as a practical tool, we utilized an in-house cohort
from Ruijin Hospital to evaluate its predictive perfor-
mance and robustness in a real-world clinical setting.
As shown in Fig. 5A and B, AML patients stratified into
high-risk groups by ERCDI exhibited worse overall sur-
vival and higher mortality rates. The AUCs of our model
for predicting 1- and 3-year OS rates were 0.650 and
0.722, respectively (Fig. 5C). Moreover, patients in the
high-risk group also exhibited shorter event-free survival
(EFS) durations than those in the low-risk group, fur-
ther supporting the clinical utility of our model (Fig. 5D).
Finally, we compared the performance of the ERCDI
model with that of four other existing prognostic mod-
els in the RJAML cohort. While the C-index indicated
that the predictive ability of the ERCDI was slightly lower
than that of the LSC17 (Fig. 5E), time-dependent ROC
analysis demonstrated that the predictive performance
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Fig.5 External validation of the ERCDI model in a clinical in-house cohort. A Distribution of ERCDI according to survival status and time
in the RJAML cohort. B Overall survival of patients in the low- and high-ERCDI groups in the RJAML cohort. C ROC analysis of the ability of the ERCDI
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of the ERCDI improved over time and eventually outper-
formed the other four models (Fig. 5F).

Development of ERCDI-related molecular subtypes
Consensus clustering analysis was performed to explore
the relationship between ERCDI signature genes and the
development of AML. Owing to the low crossover in the
consensus matrix, the lack of a significant shift in the area
under the curve, and the uniform trend in the cumulative
distribution function (CDF) (Fig. 6A-D), two distinct
molecular subtypes (k =2) were identified. Kaplan—Meier
curve analysis revealed that the overall survival time of
patients in cluster 1 was significantly shorter than that of
patients in cluster 2 (Fig. 6E). Similarly, the alluvial dia-
grams revealed that most patients in cluster 1 were in the
high-risk group, indicating a greater ERCDI, whereas the
opposite trend was observed in cluster 2 (Fig. 6F). Differ-
ential analysis between the two clusters revealed that two
ERCDI signature genes, DDIT4 and MPO, were differen-
tially expressed, with DDIT4 expression upregulated in
cluster 1 and MPO expression upregulated in cluster 2
(Fig. 6G). According to the GO analysis, the main func-
tions of these DEGs were associated with myeloid cell
differentiation, negative regulation of the inflammatory
response, leukocyte activation involved in the inflamma-
tory response, and other processes (Fig. 6H), suggesting a
strong correlation with the immune system.

Analysis of the TME between different risk groups

In light of the aforementioned findings, we hypothe-
sized the existence of distinct differences in the immune
microenvironment between the high-risk and low-risk
groups. To investigate this hypothesis, we employed the
CIBERSORT algorithm to assess immune cell infiltra-
tion between the two ERCDI groups. The high-risk group
exhibited fewer antitumor immune cells, such as memory
B cells, CD8 + T cells, regulatory T cells (Tregs), and NK
cells, but greater naive B cell, dendritic cell, and rest-
ing mast cell infiltration (Fig. 7A). Subsequently, Spear-
man correlation analysis was performed, with additional
validation by another algorithm, ssGSEA, which yielded
similar results (Additional file 2: Fig S2). Moreover, the
expression levels of key immune checkpoints were exam-
ined. Several genes, such as CXCL10, IL10, and TNEFSF9,
demonstrated upregulated expression in the high-risk
group, whereas the expression of others, including BTN3
Al and TGFB1, was downregulated (Fig. 7B and C).
Additionally, we utilized the ESTIMATE algorithm to
evaluate the immune score, ESTIMATE score, stromal
score, and tumor purity in the two risk groups. Com-
pared with the low-risk group, the high-risk group had
higher immune scores, ESTIMATE scores, and stromal
scores, but lower tumor purity (Fig. 7D-G).
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Correlation of the ERCDI with chemosensitivity

and immunotherapy responses

To explore the relationship between the model and drug
sensitivity, we utilized “oncoPredict” analysis to calcu-
late IC50 values for several common drugs used to treat
AML in both the high- and low-risk groups. As shown in
Fig. 8A, the ERCDI value was positively correlated with
the IC50 values of most drugs, suggesting that patients
in the high-risk group are more likely to experience a
poor response to chemotherapy. Additionally, we con-
ducted a more intuitive comparison of several classical
and promising drugs for treating AML. We observed
that the high-risk group exhibited increased resistance to
cytarabine, vorinostat, venetoclax, navitoclax, EPZ5676,
and fludarabine, as indicated by higher IC50 values, while
demonstrating greater sensitivity to other agents, such as
mitoxantrone and dasatinib, reflected by their lower IC50
values (Fig. 8B). These results suggest differing chemo-
sensitivity between the two risk groups.

Next, we applied the TIDE algorithm to predict indi-
vidual immunotherapy responses in different risk groups.
The TIDE score was calculated, and the median value
was greater in the high-risk group than in the low-risk
group, indicating a lower degree of therapeutic ben-
efit from immunotherapy (Fig. 8C). Pearson correlation
analysis also revealed a positive relationship between the
TIDE score and the ERCDI (Fig. 8D). Correspondingly,
a stacked bar chart revealed that patients in the low-risk
group were more likely to respond to immunotherapy
than those in the high-risk group were, as depicted in
Fig. 8E.

The ERCDI signature gene DDIT4 influences

the proliferation and cell cycle of AML cells

In subsequent studies, we aimed to identify potential
AML targets from the 9 ERCDI signatures. We first ana-
lyzed the impact of these genes on OS on the basis of
gene expression levels. We found that all the genes sig-
nificantly influenced the OS time, with three genes—
DSG2, DDIT4, and MPO—showing more convincing
results, with P< 0.0001 (Additional file 3: Fig S3 A). The
Mime package, which integrates 117 algorithms, identi-
fied 9 genes exhibiting the most significant effects across
all algorithms, including 6 ERCDI genes, namely, DDIT4,
HSPA2, GLO1, DSG2, AGER, and MPO, with DDIT4
being the most frequently identified gene (Additional
file 3: Figs. S3B, C). Moreover, as shown in Fig. 6G, the
DDIT4 and MPO genes were differentially expressed
across the different groups, and high DDIT4 expression
was associated with poor prognosis. Researchers have
previously employed bioinformatics methods to explore
the impact of high DDIT4 expression on the survival of
AML patients; however, strong experimental evidence
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is still lacking [43, 44]. Therefore, on the basis of the in the development and progression of AML. First, two
aforementioned information, we conducted prelimi- independent shRNA sequences were used to establish
nary experimental investigations into the role of DDIT4  stable DDIT4-knockdown models in two common AML
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cell lines, U937 and HL60 (Fig. 9A). A previous study
revealed that DDIT4 positively affects tumor prolifera-
tion in gastric cancer [45]. Similarly, DDIT4 knockdown
significantly inhibited AML cell proliferation (Fig. 9B, C).
Additionally, the colony formation assay results indicated
that the proliferative function of AML cells was impaired
(Fig. 9D, E). Furthermore, the percentage of apoptotic
cells increased following DDIT4 knockdown (Fig. 9F).
Cell cycle analysis was also performed, as DDIT4 is
an essential factor in DNA quality control. The results
showed that the knockdown of DDIT4 decreased the
fraction of cells in the S phase (which reflects the prolif-
eration rate) and induced GO/G1 arrest (Fig. 9G), consist-
ent with the results of the previous proliferative function
analysis. However, the migration ability of AML cells
did not appear to be affected after DDIT4 knockdown
(Fig. 9H). In summary, DDIT4 may play an important
role in the progression of AML.

Screening of potential anti-AML drugs using the CMap
database and a novel combined therapeutic strategy
Currently, chemotherapy remains the primary therapeu-
tic approach for treating AML. However, resistance to
chemotherapeutic agents is a significant challenge in clin-
ical practice. Therefore, the development of new drugs
and the exploration of novel combination therapies are
crucial. In this study, we utilized the CMap database to
identify potential therapeutic agents. The top 50 upregu-
lated and downregulated DEGs from the high- and low-
risk groups were uploaded to the database (Fig. 10A).
The top 4 compounds (prunetin, PIK-75, chaetocin, and
panobinostat) with negative scores <— 90 (Fig. 10B)
were identified, suggesting potential antitumor effects.
We then performed in vitro and in vivo experiments to
evaluate the efficacy of the four compounds. First, CCK-8
assays were performed to calculate the IC50. The results
revealed that the IC50 values of each drug, except for
prunetin, were below 1 uM (Fig. 10C, D). Therefore, the
other three reagents were selected for subsequent stud-
ies. Given that the IC50 values of these 3 drugs were all
below 200 nM and that PIK-75 and panobinostat have
narrow therapeutic windows, we selected values repre-
senting half of the IC50 as the working concentration.
First, we tested the ability of the drugs to induce apopto-
sis in AML cells. Interestingly, U937 cells were not as sen-
sitive to either PIK-75 or panobinostat when treated with
half of the IC50 concentration (Fig. 10E). In HL60 cells,
the apoptosis rates were similar when they were treated
with the three drugs individually (Fig. 10E). According
to the drug sensitivity results shown in Fig. 8, patients
in the high-risk group exhibited poor responses to many
chemotherapeutic agents, especially the BCL-2 inhibitor
venetoclax, which is commonly used for elderly, unfit, or
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chemotherapy-intolerant AML patients. Additionally, we
observed that patients in the high-risk group were more
resistant to cytarabine (Fig. 8B), the most frequently used
drug and cornerstone of standard AML chemotherapy.
Currently, combination therapy is a common strategy for
treating AML. Therefore, we investigated whether com-
bining these three compounds with two classical chem-
otherapeutic drugs could have a synergistic effect. We
found that the apoptosis rate was significantly increased
when chaetocin was combined with venetoclax, par-
ticularly in HL60 cells (Fig. 10F). Moreover, chaetocin
can also be used in combination with cytarabine (Addi-
tional file 4: Fig. S4 A). For the other two compounds, a
slight synergistic effect was observed when PIK-75 was
combined with venetoclax, whereas no significant effect
was observed with panobinostat (Additional file 4: Fig
S$4B-C). On the basis of these findings, we propose that
the combined use of chaetocin and venetoclax may rep-
resent a promising treatment strategy for AML. We then
established a cell line-derived xenograft (CDX) model
to assess the in vivo efficacy of our combination strat-
egy using chaetocin and venetoclax. A low-dose mono-
therapy regimen was employed to minimize the risk of
toxicity associated with combination therapies. Tumor
growth was monitored via a quantitative imaging system.
As shown in Fig. 10G, H, minimal inhibition of leukemia
progression was observed in the single agent treatment
group, whereas combination therapy notably delayed
tumor progression. Similarly, the median survival time in
the combination treatment group was significantly longer
than that in the control or single agent treatment groups
(Fig. 10I). In summary, our combination strategy demon-
strated substantial therapeutic potential both in vitro and
in vivo.

Discussion

AML is a complex hematopoietic malignancy charac-
terized by diverse molecular alterations [1, 4]. The intri-
cate pathogenesis and significant heterogeneity of AML
complicate the development of effective treatment strat-
egies, and accurately predicting the prognosis of indi-
vidual AML patients remains a challenge. Currently,
somatic mutations and cytogenetic abnormalities serve
as the primary indicators for risk classification, which
forms the cornerstone of ELN risk stratification [3]. As
our understanding of AML biology deepens, novel prog-
nostic factors and markers are being identified to refine
prognostication and therapeutic strategies [53, 54].
Additionally, machine-learning techniques offer promis-
ing insights into predicting patient outcomes. However,
the effective integration of these methods into clini-
cal practice remains challenging. Key considerations for
their implementation include selecting the appropriate
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machine learning algorithm and defining the specific
application scenarios [45]. In recent years, dysregulated
ER stress has been widely reported in various tumors and
contributes greatly to many aspects of cellular processes,
including metabolic pathways, inflammatory responses,
and PCD mechanisms.

In this study, we utilized bioinformatics tools for the
first time to explore the relationship between ER stress
and cell death pathways and developed a prognostic
model, the ERCDI, via a machine-learning framework.
Our findings indicate that the ERCDI is an independent
prognostic factor for AML. Furthermore, the ERCDI,
TME, and drug sensitivity correlations suggest that the
ERCDI may help elucidate the molecular mechanisms
underlying AML progression. Using our model and
the CMap database, we also identified a novel combi-
nation strategy for treating AML patients, emphasiz-
ing the potential clinical application of the ERCDI in
screening potential therapeutic strategies. Our ERCDI
model was established on the basis of 9 genes (DSG2,
IL2RA, HSPA2, GLO1, DDIT4, IGF2BP3, ADM, AGER,
and MPO) highly predictive of patient survival out-
comes. Kaplan—Meier survival analysis revealed that
AML patients with higher expression levels of AGER
and MPO exhibited improved overall survival rates,
whereas those with higher expression levels of desmo-
glein-2 (DSG2), interleukin-2 receptor subunit alpha
(IL2RA), heat shock protein A2 (HSPA2), glyoxalase 1
(GLO1), DDIT4, insulin-like growth factor 2 mRNA-
binding protein 3 (IGF2BP3), and adrenomedullin
(ADM) presented shorter survival times. DSG2 is a
cadherin family member and plays an important role in
cell adhesion [55]. IL2RA forms the IL2 receptor com-
plex with IL2RB and IL2RG [56]. IL2RA is expressed
mainly in regulatory T cells. However, upregulated
expression of IL2RA was also found in LSCs, which
has been found to promote AML cell proliferation and
predict a poor prognosis [56]. HSPA2 belongs to the
HSP family and acts as a molecular chaperone to help
maintain cellular homeostasis during various forms of
environmental stress [57]. GLO1 belongs to the glyoxa-
lase system, which detoxifies methylglyoxal (MG), thus
playing an important role in cellular metabolism [58].
IGF2BP3 is recognized as an mé6 A-binding protein
[59]. Elevated expression of IGF2BP3 has been reported
in AML patients and contributes to the survival of
AML cells [60]. ADM, an important peptide responsi-
ble for the regulation of blood pressure, has been found
to promote tumor growth in various types of cancers,
including AML. Targeting ADM receptors might pro-
vide new therapeutic insight for cancer treatment [61].
Advanced glycosylation end product-specific receptor
(AGER) is a type of cell surface receptor that correlates
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with advanced glycation end products (AGEs) [62]. It is
also the target of many other ligands, including high-
mobility group box-1 (HMGB1), amyloid  peptides,
and S100 proteins, which implies its involvement in the
inflammatory response [63]. Myeloperoxidase (MPO)
serves as an important biomarker of neutrophils and
is involved in the antibactericidal response. Recently,
overexpressed MPO has been reported to be associated
with chemoresistance to cytarabine in some AML cell
lines [64, 65].

DDIT4 is a cellular stress-responsive protein that acts
as an internal inhibitor of the mTORC1 complex [66].
Its expression is upregulated under various stress condi-
tions, including hypoxia, ER stress, and ionizing radia-
tion [67]. Studies have demonstrated elevated DDIT4
expression in multiple tumor types, such as breast, lung,
colon, ovarian, and gastric cancers and AML [68-70].
Higher DDIT4 expression has been associated with
poor prognosis in several cancers, including lung and
breast cancer and AML; however, the opposite effect
has been observed in other cancers, such as gastric can-
cer and lower-grade glioma [67]. DDIT4 also influences
tumor cell drug sensitivity. By inhibiting mTORC1 sign-
aling, DDIT4 promotes resistance to temozolomide and
radiotherapy in glioblastoma [71]. Additionally, DDIT4
mediates autophagosome-lysosome fusion by binding to
CCAAT/enhancer-binding protein beta, leading to bort-
ezomib resistance in prostate cancer [72]. In summary,
the role of DDIT4 in tumor progression is complex.
While in silico studies have linked higher DDIT4 expres-
sion to poor prognosis in AML, its precise molecular
function remains to be fully elucidated. In this study, we
demonstrated that elevated DDIT4 expression predicts
poor survival in AML patients, which is consistent with
previous reports [73]. We further explored the role of
DDIT4 in AML through a series of in vitro experiments,
revealing that DDIT4 knockdown suppresses AML cell
proliferation and increases apoptosis, with concomitant
GO0/G1 phase cell cycle arrest. These findings suggest that
DDIT4 may serve as a biomarker for AML prognosis and
treatment.

The TME comprises various cell types, including tumor,
stromal, and immune cells [74]. The complex interactions
among these cells significantly influence tumor develop-
ment. Our study revealed distinct immune cell composi-
tions between the high- and low-ERCDI groups. Notably,
the high-ERCDI group exhibited lower infiltration of
antitumor immune cells, such as B cells, CD4 +T cells,
and CD8 + T cells, indicating a more immunosuppressed
phenotype [75]. In contrast, the low-ERCDI group, which
has a better prognosis, had higher immune scores and
tumor purity. This paradox suggests that an aggressive
TME may also contribute to disease progression [76].
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We further investigated the ability of the ERCDI to
predict sensitivity to immunotherapy and chemother-
apy. Using the TIDE algorithm, we found that patients
in the high-risk group, as classified by the ERCDI, exhib-
ited greater immunotherapy resistance than those in the
low-risk group. These patients had higher TIDE scores,
indicating a positive correlation between ERCDI and
immune evasion. Regarding chemotherapy, high-risk
patients showed increased resistance to commonly used
therapeutic agents, particularly BCL-2 inhibitors such as
venetoclax and navitoclax. These findings suggest that
the ERCDI could serve as a predictive marker for person-
alized treatment selection for AML patients. Our results
highlighted the importance of identifying potential thera-
peutic drugs for AML patients. Thus, we employed the
CMap database to screen for candidate compounds and
selected the top four. In vitro experiments confirmed
that all four compounds inhibited the growth of AML
cell lines, with chaetocin showing the most potent effect.
Chaetocin is a naturally occurring compound isolated
from Chaetomium fungi [77]. It was first regarded as a
special inhibitor of the histone lysine methyltransferase
SUV39H1 [78]. However, recent studies have demon-
strated that chaetocin can induce cell apoptosis via many
additional mechanisms, including the accumulation of
ROS, DNA damage, and the activation of ER stress [79].
The potential role of chaetocin in cancer therapy has
been reported for several malignancies, including gastric
cancer, glioma, melanoma, and leukemia [77]. However,
further research is needed to explore its clinical applica-
tions and elucidate the underlying mechanisms involved.
In our study, we observed that patients in the high-risk
group were more resistant to various chemotherapeutic
drugs than were those in the low-risk group, with com-
bined chemotherapy remaining the primary therapeutic
strategy for AML [80]. Thus, we assessed the combined
effects of chaetocin and two clinically used drugs, cyta-
rabine and venetoclax. We found that the combination of
chaetocin and venetoclax strongly affected the induction
of cell apoptosis. This finding was further confirmed in
an in vivo mouse model. Venetoclax is a selective inhibi-
tor of BCL-2 that prevents it from binding and seques-
tering proapoptotic proteins such as BCL-2 Interacting
Mediator of Cell Death (BIM), BCL-2-associated ago-
nist of cell death (BAD), and P53 upregulated modula-
tor of apoptosis (PUMA). This release of proapoptotic
proteins triggers the mitochondrial apoptosis pathway,
resulting in cell death [70]. Venetoclax has emerged as
one of the most promising agents for targeted therapy
in AML. However, its efficacy can be limited by muta-
tions or overexpression of other BCL-2 family proteins,
such as Mcl-1 and Bcl-xl, which can compensate for the
inhibition of BCL-2 [81]. Additionally, venetoclax has a
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narrow therapeutic window, which increases the risk of
toxicity. As a result, combining venetoclax with other
agents is a common strategy [82]. Classic combination
therapies include hypomethylating agents (HMAs), FLT3
inhibitors, and IDH inhibitors [83]. Nevertheless, chemo-
therapy resistance frequently occurs. Therefore, explor-
ing new combination drugs is necessary. In our study, we
found that the percentage of apoptotic AML cells signifi-
cantly increased following the combination of chaetocin
and venetoclax. Notably, the doses used were consid-
erably lower than those typically used for each drug,
suggesting that our combination strategy offers lower
toxicity and greater safety.

Several limitations of our study should be acknowl-
edged. First, the ERCDI was developed using retro-
spective data, which necessitates prospective studies to
confirm the clinical applicability of our model. Given the
complex nature and diverse molecular subtypes of AML,
further comparative investigations are needed to explore
the role of ERCDI signatures in the progression of this
disease. In addition, our analysis relied largely on bulk
RNA-seq data. Considering the substantial intratumor
heterogeneity features of AML, this approach may miss
several features of important subclones, such as therapy-
resistant populations or leukemic-regenerating cells.
More importantly, the expression profiles of ER stress
and PCD signals might vary or even be completely oppo-
site across different cellular subtypes. Therefore, incor-
porating single-cell transcriptomic analyses in future
studies might provide a more nuanced understanding of
the molecular dynamics underlying AML.

Moreover, owing to sample size limitations, we collec-
tively analyzed AML patients with diverse cytogenetic
backgrounds. This may have led to the underrepresenta-
tion of gene signatures associated with rare karyotypes
and introduced bias in model performance. Because
treatment responses and clinical outcomes differ widely
across AML subtypes, expanding the dataset and validat-
ing the model in stratified patient cohorts will be essen-
tial for improving its clinical applicability and precision.
Finally, although we identified the potential of DDIT4 as
a biomarker for AML and proposed a novel combination
treatment strategy involving chaetocin and venetoclax,
we did not perform in-depth mechanistic investigations.
Furthermore, the proposed therapeutic approach cur-
rently lacks supporting clinical validation. Additional
studies are needed to elucidate the remaining mecha-
nisms and further assess this combination’s translational
potential in clinical settings.
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Conclusions

In this study, we employed machine learning algorithms
to establish a novel prognostic model using ER stress-
related PCD genes and validated the model’s predictive
efficacy across multiple AML cohorts. We also identified
DDIT4, an ERCDI signature, as a potential therapeutic
target in AML. Furthermore, we proposed a new thera-
peutic strategy involving the combination of chaetocin
and venetoclax, which might provide new insights for
clinical treatment for AML patients.
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