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Abstract. - OBJECTIVE: Nucleotide exci-
sion repair (NER) has been associated with var-
ious types of malignant tumors. However, the
precise roles of nucleotide excision repair-re-
lated genes (NERGs) in acute myeloid leukemia
(AML) remain incompletely understood. Hence,
this study aimed to develop a prognostic signa-
ture incorporating NERGs in AML, which could
potentially predict patient outcomes.

MATERIALS AND METHODS: By querying
the Genotype-Tissue Expression (GTEx), The
Cancer Genome Atlas (TCGA), and Gene Ex-
pression Omnibus (GEO) databases, we ac-
quired RNA-seq data and clinical information
pertaining to AML. To identify differentially ex-
pressed NERGs (DE-NERGs), we employed the
Wilcoxon rank-sum test. Based on the expres-
sion patterns of DE-NERGs with prognostic sig-
nificance, patients were categorized into two
subgroups. A prognostic signature was devel-
oped through univariate Cox regression and
least absolute shrinkage and selection opera-
tor (LASSO) analyses to compare the differen-
tially expressed genes (DEGs) between these
two groups. Additionally, a nomogram was con-
structed using multivariate analysis. The biolog-
ical pathways involved were elucidated through
Gene Ontology (GO), Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway analysis,
gene set variation analysis (GSVA), and gene set
enrichment analysis (GSEA).

RESULTS: We developed a prognostic mod-
el based on an 11-gene signature. Further-
more, the risk score derived from this model

was demonstrated to independently serve as a
prognostic marker for patients diagnosed with
AML.

CONCLUSIONS: Our prognostic model,
based on NERGs, was developed and validated
to provide insights into the onset and progres-
sion of AML and establish a foundation for more
effective treatment. Our findings not only con-
tribute to clinical decision-making but also un-
derscore the significance of nucleotide excision
repair. Furthermore, they may pave the way for
the development of targeted therapeutic strate-
gies specifically focused on this process.

Key Words:
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Introduction

Acute myeloid leukemia (AML) is the most
prevalent type of acute leukemia and carries
the highest mortality rate. It is characterized by
the abnormal proliferation of immature myeloid
cells and bone marrow failure'. According to the
Global Burden of Disease Collaborators, in 2015,
there were approximately 141,000 new cases of
AML and up to 147,000 deaths worldwide?. AML
is known for its invasive infiltration, which in-
volves malignant extramedullary infiltration of
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the skin, spleen, liver, lymph nodes, and even the
central nervous system, leading to poorer clinical
outcomes®. In recent years, the advancement and
clinical application of molecular targeted ther-
apy and combination therapy have significantly
improved the survival and prognosis of AML pa-
tients. However, the 5-year survival rate remains
at 27% for AML patients over 20 years and 69%
for those under 20 years, mainly due to the lack
of reliable prognostic biomarkers. Therefore, it is
crucial to develop new and effective prognostic
indicators to enhance the prognosis of AML and
gain a deeper understanding of its pathophysiol-
ogy.

The DNA damage response and repair mech-
anisms play a critical role in the development
and progression of AML*. These mechanisms in-
clude non-homologous end-joining, homologous
recombination, nucleotide excision repair (NER),
base excision repair, and mismatch repair’. NER,
in particular, is a complex pathway involving
multiple proteins that work together to remove
extensive DNA damage caused by ionizing radi-
ation and other mutagens®. Furthermore, the NER
pathway is responsible for repairing the damage
induced by platinum-based drugs such as carbo-
platin and cisplatin, which are commonly used in
AML treatment. Recent research reports™ have
highlighted the potential of NERGssuch as GT-
F2H5, XPC, and ERCCI as indicators of therapy
response and prognosis in tumor patients. More-
over, studies'™!" have suggested that even slight
alterations in NER function can significantly
increase the susceptibility of healthy individu-
als to head and neck squamous cell carcinoma
(HNSCC) and lung cancer. Despite the growing
attention given to NER in the context of AML,
there is a lack of comprehensive investigation
into NERGs in patients with advanced AML to
accurately assess prognosis and guide effective
therapeutic approaches.

In this research, we investigated the role
of 31 NERGs in AML by analyzing multiple
transcriptomic datasets, including those from
the Genotype-Tissue Expression (GTEx), The
Cancer Genome Atlas (TCGA), and Gene Ex-
pression Omnibus (GEO) databases. Through
comprehensive analysis, we examined the inter-
play and correlation between these 31 NERGs
and employed consensus cluster analysis to
identify two distinct AML clusters with dif-
ferent clinical prognoses based on their expres-
sion profiles. We then selected differentially
expressed genes (DEGs) with predictive values
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from these two clusters. Subsequently, we con-
structed an ll-gene signature using the least
absolute shrinkage and selection operator (LAS-
SO) Cox regression analysis on the TCGA-AML
dataset. The robustness of this risk profile was
validated through an independent GEO dataset,
which confirmed its excellent predictive perfor-
mance. Furthermore, we developed a nomogram
that integrated the risk signature with clinical
characteristics to predict the outcomes of AML
patients. Additionally, we conducted gene set
enrichment analysis (GSEA) and gene set vari-
ation analysis (GSVA) to analyze the variations
in signaling pathways across different risk sig-
nature subgroups. Our results demonstrated that
the 11-gene risk signature showed promise as a
prognostic biomarker for AML patients.

Materials and Methods

Acquisition of Data

We retrieved RNA-sequencing data from the
TCGA and GTEx databases, consisting of 151
bone marrow (BM) samples from AML patients
and 70 normal samples. The corresponding clini-
cal characteristics of the 151 AML patients were
obtained from TCGA. Among these samples,
19 were excluded due to missing survival time,
leaving 132 samples for subsequent analyses.
Furthermore, we obtained a validation cohort
(GSE71014) comprising gene expression patterns
and clinical feature data from 104 AML patients
from the GEO database.

Nucleotide Excision
Repair-Related Genes

A set of 31 NERGs, which were previously
reported in published literature (Supplementary
Table I), were extracted from the TCGA, GTEXx,
and GEO databases. The “RCircos” R program
was utilized to visually represent the genomic lo-
cations of these NERGs on the chromosomes. To
identify DE-NERGs, we performed a statistical
analysis using the “limma” package in R, con-
sidering genes with a [logFC| > 0 and a p-value <
0.05 between tumor and normal samples.

Protein-Protein Interaction (PPl)
Network and Correlation Analyses

A total of 31 NERGs meeting the criterion of a
combined confidence score of > 0.7 were used to
construct a PPI network. This network was gen-
erated using the Search Tool for the Retrieval of
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Interacting Genes (STRING) database. Addition-
ally, the collinearity among the DE-NERGs was
assessed through Pearson correlation analysis.

Consensus Clustering Analysis and
Principal Component Analysis (PCA)

To examine the clinical implications of the
NERGs with predictive significance in the TC-
GA-AML cohort, we utilized the “Consensus-
ClusterPlus” package in R. Through the applica-
tion of consensus clustering, we determined the
optimal number of clusters and assessed their
stability. As a result, we identified two distinct
clusters within the TCGA-AML cohort. To val-
idate the rationale behind this clustering, we
performed Principal Component Analysis (PCA)
in R, comparing the gene expression patterns
between the two groups.

Establishment of a Gene Signature and
Validation of a Nomogram

Using the screening criteria of a p-value < 0.05
and |logFC| > 1, we identified DEGs between
the two clusters. Subsequently, univariate Cox
regression analysis was conducted, resulting in
the identification of 114 DEGs associated with
overall survival (OS). To prevent overfitting and
select the most effective predictive model, we
employed the LASSO method. Among the 114
DEGs, LASSO identified the best set of 11 can-
didate genes. The optimum penalty parameter
A was used to calculate the coefficients for each
gene. The risk score for the prognostic signature
was determined using the following equation:
n represents the total number of selected genes,
Coefi represents the LASSO regression coeffi-
cient, and Expi represents the expression level of
each selected gene. Based on their median risk
score, patients from the TCGA-AML cohort were
classified into low- or high-risk categories. To
evaluate the difference in OS between these two
risk categories, we conducted a Kaplan-Meier (K-
M) analysis. Furthermore, we assessed the spec-
ificity and sensitivity of the prognostic signature
by constructing receiver operating characteristic
(ROC) curves and calculating the area under the
ROC curves (AUC).

Verification of the Predictive Signature
Each patient with AML in the validation set
(GSE71014) was assigned a risk score using the
same algorithm mentioned earlier. The patients
were then categorized into high- or low-risk
groups based on the median using the median risk

score from the TCGA dataset. OS was evaluated
using the K-M technique and the log-rank test
was applied with a significance threshold of p <
0.05. Univariate and multivariate analysis meth-
ods were employed to assess the independent pre-
dictive value of the risk score in determining the
prognosis of patients with AML. Furthermore, a
predictive nomogram was developed using the
risk score derived from the NERG signature
along with relevant clinical-related characteris-
tics. This nomogram serves as a tool to estimate
the individualized prognosis of AML patients by
integrating multiple factors.

Gene Set Enrichment Analysis (GSEA)

To identify enriched gene sets and assess the
functional implications of DEGs between the
two-sample group, a gene set enrichment anal-
ysis (GSEA) was performed. GSEA ranks genes
based on their degree of differential expression
and determines whether predefined gene sets
are significantly enriched'?. To gain insight into
the biological processes and signaling pathways
associated with DEGs, GO terms and KEGG sig-
naling pathways were obtained through GSEA.
The analysis involved setting the target number
of permutations at 1,000, and the phenotype was
selected as the replacement type.

Gene Set Variation Analysis (GSVA)

GSVA is an unsupervised and non-parametric
method used to investigate gene enrichment'. It
offers valuable insights into biological activities
by transforming gene-level alterations into path-
way-level changes. GSVA calculates a score for
each gene set of interest, providing an assessment
of the degree of variation in biological functions
across samples. In this study, after obtaining gene
sets from the Molecular Signatures Database, the
GSVA algorithm was employed to assign scores
to each gene set. This allowed for the identifica-
tion of significant variations in biological func-
tions across the analyzed samples.

Development of the
Prognosis-Predictive Nomogram

To develop a prognostic prediction nomogram,
the “rms” and “survival” R packages were uti-
lized. Independent clinical characteristics, such
as age and risk score, were included in the nomo-
gram based on their validation through univariate
and multivariate Cox regression analyses. The
effectiveness of the nomogram was assessed by
constructing time-dependent ROC curves for 1-,
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2-, and 3-year predictions. Calibration curves
were also generated to evaluate the agreement be-
tween projected survival and actual survival rates
at 1, 2, and 3 years. Additionally, an alluvial di-
agram illustrating the associations between NER
clusters, risk score, and age was created using the
“ggalluvial” R package.

Statistical Analysis

The K-M technique was used to generate sur-
vival curves, and the log-rank test was utilized
to compare the survival curves between different
groups. In the multivariate analysis, we employed
the Cox proportional risk model. All statistical
analyses were performed using R (version 4.1.3),
A two-sided p-value lower than 0.05 was consid-
ered statistically significant.

Results

Comparative Analysis of NERGs Expression
in Tumors and Normal Samples

Initially, we examined the expression patterns
of NERGs in the TCGA-GTEx dataset, which
encompassed various tissue samples. The dataset
consisted of 151 AML patients and 70 controls.
Our focus for this study was on 31 specific
NERGs. To visualize the differential expression
of these 31 genes between AML and normal
samples, we utilized a volcano plot (Figure 1A)
and a heatmap (Figure 1B). These plots displayed
the mRNA expression patterns of the NERGs.
Notably, we observed significant differences in
the expression profiles of 30 out of the 31 NERGs
(Figure 1C).
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Figure 1. The expression levels of NRGs between tumor samples and normal samples in the TCGA-AML cohort and GTEx
normal cohort. The TCGA and GTEx databases were used to jointly analyze 31 NRGs, and the volcano plot (A), heatmap (B), and
barplot (C) were used to visualize the expression levels of these genes in each clinical sample. “p <0.05, “p < 0.01, and ***p <0.001.
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The Interplay and Relationship
Between the NERGs

To examine the interactions among the 30
NERGs, we constructed a protein-protein interac-
tion (PPI) network. This network allows us to visu-
alize the interplays between the NERGs and assess
the degree of complexity and closeness among them
(Figure 2A). Additionally, by counting the number
of adjacent nodes for each protein in the network,

we identified the NERGs that have direct connec-
tions with other proteins (Figure 2B). Furthermore,
our correlation analysis revealed varying levels of
negative and positive collinearity among several
NERGs in the context of AML (Figure 2C). We
postulate that the intrinsic characteristics and the
antagonistic or synergistic actions of the transcribed
functional proteins may contribute to the observed
alterations in the interactions among the 30 NERGs.
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Figure 2. The interaction and correlation among 31 NRGs. A, The PPI network of the 31 NRGs was conducted by the
STRING database. B, The number of bar graphs represents the total connections of each node to other node frequency. C, The
Pearson correlation analysis shows the collinearity among 31 NRGs.
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Consensus Clustering of NERGs
Found Two AML Clusters with
Distinct Prognoses

In our analysis, we identified 7 NERGs that
were associated with patient prognosis. To in-
vestigate the molecular subtypes within the TC-
GA-AML dataset, we employed a consensus
clustering method. Through this analysis, we
determined that the optimal number of clusters
(k) was 2, based on the similarity in the expres-
sion patterns of the 7 prognostic NERGs (Figure
3A-C). Using consensus clustering results, we
classified the TCGA AML samples into two
distinct categories. Furthermore, we performed
PCA to compare the transcriptional profiles be-
tween the two clusters. The results of the PCA
demonstrated a significant validation in gene
expression patterns between the two clusters
(Figure 3D). We also assessed the impact of the
identified NERGs on patient survival. AML pa-
tients in cluster 2 exhibited significantly shorter
OS compared to those in cluster 1, providing
further confirmation that the 7 NERGs could
classify AML patients based on prognosis (Fig-
ure 3E-F). Lastly, we examined the expression
patterns of the 7 NERGs across the identified
clusters and observed a significant variation in
gene expression between the clusters.

Identification of DEGs and Signaling
Pathways in Various NERG Subtypes

To gain insights into the molecular processes
underlying the differences in clinical outcomes
between cluster 1 and cluster 2 subtypes, we
identified key DEGs and enriched signaling
pathways within each cluster. By applying the
criteria of p < 0.05 and |logFC| > 1, we identified
1,247 dysregulated genes (Figure 4A-B). Further
analysis of these DEGs revealed several signifi-
cant enriched pathways based on GO and KEGG
enrichment analyses. The enriched GO terms
included ontologies related to negative modula-
tion of signaling receptor activity, modulation
of signaling receptor activity, mononuclear cell
differentiation, and others. Similarly, the en-
riched KEGG pathways encompassed pathways
such as cytokine-cytokine receptor interaction,
human papillomavirus infection, PI3K-Akt sig-
naling pathway, and others (Figure 4C-D). Ad-
ditionally, GSEA demonstrated substantial en-
richment in multiple associated pathways. The
GSEA results revealed enriched GO terms, in-
cluding actin filament bundle organization, actin
filament polymerization, actin polymerization
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or depolymerization, as well as KEGG pathways
such as autoimmune thyroid disease, antigen
presentation, and processing, allograft rejection,
and more (Figure 4E-F).

ldentification of Specific Signaling
Pathways Related to Subtypes of NERGs

To understand the molecular mechanisms un-
derlying the NERG subtypes, we examined the
distinct signaling pathways associated with these
subtypes. By comparing the enriched pathways
between the two subtypes, we found notable dif-
ferences. The differentially enriched pathways
included peroxisome, ABC transporters, antigen
processing and presentation, allograft rejection,
and other biological processes, as revealed by
GSVA results (Figure 5). These findings indicate
that the prognosis of AML patients can vary
based on the specific signaling pathways that are
disrupted or dysregulated in the different NERG
subtypes.

Construction of the NERGs-Related
Risk Signature

To develop a predictive model using NERGs,
we performed univariate Cox analysis and iden-
tified 14 DEGs strongly associated with patients’
OS across subtypes (Supplementary Table II).
Using LASSO regression, we further narrowed
the selection to 11 genes for the prognostic model
(Figure 6A-B). The gene-specific coefficients,
which quantify the impact of each gene on the
risk score, were calculated and presented in Fig-
ure 6C. The risk score model was then estab-
lished using the following equation: Risk score =
(0.1039)*CCL3 + (0.051)*DDIT4 + (0.0786)*GPX1
+  (0.1029*MX1 + (0.1734)*OLFML24 +
(0.5641)*RYR1 + (-0.1439)*SIX3 + (0.9622)*TCF 15
+ (-0.3444)*TEX10] + (0.0251)*UNC93BI +
(0.1408)*VENTX. The risk scores were then cal-
culated using this formula, and the median risk
score was used as the threshold to classify AML
patients into high- and low-risk categories. The
distribution of the signature-based risk scores,
along with the OS status and mRNA expression
levels, is depicted in Figure 6D-F. The K-M sur-
vival plot demonstrated that patients classified as
high risk had significantly shorter OS compared
to those classified as low risk (Figure 6G). Fur-
thermore, the predictive capacity of the signature
was evaluated using the AUC values. The signa-
ture exhibited good predictive performance, with
AUC values of 0.830, 0.810, and 0.884 for 1-, 3-,
and 5-year OS, respectively (Figure 6H).
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Figure 4. Identification of DEGs and underlying signal pathways in different clusters. A, Volcano plot presents the distribution
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the DEG expression in different subtypes. Dot plot presents the GO (C) and KEGG (D) signaling pathway enrichment analysis.
GSEA analysis determines the underlying signal pathway between two clusters: GO (E) and KEGG (F).

Validation of the Prognostic Model
in the Testing Cohort

To evaluate the generalizability of the prog-
nostic model, we applied it to the testing cohort.

Each patient in the validation group had their risk
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score calculated using the same methodology as
the training cohort. Based on the median risk
score from the training cohort, the patients in the
validation cohort were classified into high- and
low-risk categories. We examined the risk curve
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Figure 5. GSVA analysis in the two clusters to enrich KEGG gene sets.

and survival status distribution of the testing
cohort. The survival curve, heat map, and risk
profile of the testing cohort were consistent with
those of the training cohort (Figure 7B-D). Im-
portantly, we observed that high-risk individuals
in the testing cohort had worse OS compared
to low-risk patients (Figure 7A). Moreover, the
AUC values for predicting patient prognosis over
one, three, and five years were 0.711, 0.782, and
0.780, respectively (Figure 7E). These results
demonstrated the validity and reliability of the
prognostic risk model.

The NERG Signature was an Independent
Prognostic Indicator

The risk score derived from the signature
showed a strong association with OS in both uni-
variate and multivariate Cox regression models
using data from TCGA (Figure 8A-B). This indi-
cates that the risk score independently functions
as a predictor of outcomes for individuals with
AML. To provide a practical tool for survival pre-
diction, a nomogram was developed by incorpo-
rating the risk score and other clinicopathological
parameters (Figure 8C). The nomogram enables
reliable prediction of 1-, 3-, and 5-year survival
probabilities for AML patients. The calibration

curve demonstrated that the predicted survival
rates from the nomogram align well with the ac-
tual survival rates at one-, three-, and five years
(Figure 8D). These findings confirmed the valid-
ity and accuracy of the nomogram.

Discussion

Acute myeloid leukemia is a highly diverse
malignant clonal disease of the myeloid hema-
topoietic system. Clinically, AML is consid-
ered a severe disease characterized by rapid
progression, poor prognosis, and high mor-
tality rate. At the same time, there are some
excellent real-world clinical studies'*'” that im-
prove survival in AML patients. Therefore,
the discovery of valuable biological markers is
crucial for the diagnosis, therapy, and clinical
prognosis of AML.

In this work, we utilized the TCGA cohort to
develop a novel and effective prognostic model
based on the 11-NERG signature. The model’s
performance was then validated using the GEO
cohort. The high-risk group identified by the
model exhibited a poor prognosis, which was
consistent with the findings from the validation
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signature to predict patients’ prognoses. C, LASSO coefficient profiles of the 11 genes based on the TCGA-AML cohort. D-F,
Visualization of the association of the risk scores with survival status and gene expression profiles in AML. G, The OS was
remarkably worse in the high-risk group than in the low-risk group. H, The ROC curve was used to evaluate the prediction

efficiency of the risk signature.

cohort. Furthermore, the prognostic significance
of the risk score remained consistent and signifi-
cant across both cohorts, indicating its robustness
as an independent prognostic factor for AML.
Cox regression analysis further confirmed the
importance of age and risk score as predictive
variables in AML. To improve prediction ac-
curacy and provide a practical clinical tool, we
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integrated the risk score and age to develop a
combined model with enhanced performance and
a strong theoretical basis.

The molecular mechanism of NER is complex
and involves the coordinated assembly and action
of numerous proteins at sites of DNA damage.
The repair of bulky lesions by NER has been
correlated with tumor progression and chemo-
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sensitivity'®'”. Consensus clustering analysis of
NERGs identified two distinct clusters with dif-
ferent OS outcomes, suggesting the potential for
molecular stratification of AML patients. In our
study, we developed a predictive model based on
an 11-NERG signature. The expression levels of
VENTX, UNC93B1, TCF15, RYRI, OLFML2A,
MXI, GPXI1, DDIT4, and CCL3 were associated
with adverse outcomes, while TEX10] and SIX3
expression levels were associated with more fa-
vorable outcomes. Previous literature showed that
the majority of the 11 NERGs included in our
model are strongly associated with cancer and
other diseases. Several of these genes have been
identified as potential diagnostic and prognos-
tic biomarkers. VENTX, a transcription regulator
specific to human hematopoietic cells, has been
found to play a key function in regulating the
proliferation and differentiation of hematopoietic
cells. It acts as a tumor suppressor independent
of the p53 gene'®?2. The transmembrane protein

UNC93BI has been implicated in the onset and
progression of autoimmune disorders such as
systemic lupus erythematosus, as well as viral
infections like influenza and encephalitis caused
by the herpes simplex virus*?%. Studies* have
shown that the overexpression of UNC93BI in
oral squamous cell carcinomas leads to increased
proliferation. TEX101, a gene coding for a glyco-
protein expressed on the surface of germ cells, is
crucial for normal sperm production and func-
tion?”. Emerging evidence suggests its involve-
ment in the onset and progression of several can-
cers*?. TCF15 has been identified as a regulator
of cell proliferation and differentiation in various
cell types, including embryonic stem cells®. Tt
promotes quiescence and long-term self-renewal
in hematopoietic stem cells®. SIX3, a core mem-
ber of the homeobox gene family, can either pro-
mote or repress cancer depending on its interac-
tions with other molecules in signaling pathways.
RYRI inhibition leads to the Ca2+-dependent ac-



X.-X. Bu, J. Cong, L. Ling, B.-B. Lu, C.-Y. Wu, F. Jiang, Z.-M. Wang, J. Chen

A pvalue Hazard ratio : B pvalue Hazard ratio !
1
Age <0.001  1.039(1.022-1.056) — Age <0.001  1.035(1.017-1.053) ¢
1
Gender 0821 0.949(0.605-1.489) Fi—' Gender 0416  0.820(0.508-1.323) F
! |
PBblasts 0927  1.000(0.991-1.010) | PB_blasts  0.163  1.007(0.997-1.018) |
! 1
BMblasts ~ 0.721  1.001(0.994-1.009) ! ‘BMblasts’  0.081  1.008(0.999-1.017) [Ij
Hemoglobin  0.410 1.072(0.909-1.263) _ Hemoglobin 0.898 1.012(0.848-1.207) Llrl
! |
WBC 0.092  1.005(0.999-1.010) || WBC 0.269  1.004(0.997-1.010) ]
! 1
Platelets 0.672  1.001(0.997-1.004) ! Platelets 0.658  1.001(0.996-1.006) [ |
1
riskScore  <0.001  3.697(2.620-5.216) ! —— riskScore  <0.001  3.471(2.436-4.946) ! —_——
T 1 T T T ]
0 1 2 3 4 5 0 1 2 3 4
Hazard ratio Hazard ratio
C 0 20 40 60 80 100 D N b L L
Points T T AT T IR T AR T WP T { ‘
2 /;z
= { .
Age ® >
20 40 60 80 8
. s
riskScore — T =
35 45 5.5 6.5 75 85 2
c
Total Points A A S AL AAAAL AR Mabtd Ao Ml A LR MMM F
0 20 40 60 80 100 120 c
K]
Linear Predictor T T T T T T T T T T T B
-3 2 0 1 2 3 o
&
1-year Survival Probability ——— B
08 060402 2
2 —— 1-Year
2-year Survival Probability — 8 — 2-Year
0.8 0.6 0402 3-Year
X . Ideal line
3-year Survival Probability — T r : r : r
08 060402 00 02 04 06 08 10
Nomogram predicted survival probability

Figure 8. Nomogram development of 11-gene signature to predict the risk of OS in AML patients. Univariate Cox regression
(A) and multivariate Cox regression analysis (B) of the risk score and clinicopathological factors to reveal the independent
prognostic factors. C, A nomogram was constructed to predict 1-, 3-, and 5-year OS. D, Calibration curves of the nomogram

to predict 1-, 3-, and 5-year OS in TCGA cohort.

tivation of AKT/CREB/PGC-lo. and AKT/HKI/2
signaling pathways, which suppress proliferation,
migration, and increase apoptosis®*>. OLFML2A,
a glycoprotein belonging to the olfactomedin
family, has been found to be upregulated in hepa-
tocellular carcinoma, and its silencing suppresses
cell growth and induces apoptosis®. MX/ has
been identified as a new HO-I interactor that
promotes pro-death mechanisms in prostate can-
cer by shifting the endoplasmic reticulum stress
equilibrium?®. GPX1, an enzyme belonging to the
GPX family involved in oxidative stress regula-
tion, shows variation in expression strongly asso-
ciated with tumor onset and progression. DDIT4,
an inhibitor of the mammalian target of rapamy-
cin, is activated in response to cellular stressors
and has been found to promote the proliferation
and progression of gastric cancer through MAPK
and p53 pathways*. CCL3, a chemokine involved
in immune surveillance and tolerance, has been
identified as a predictive biological marker in
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hematological and solid cancers*. Although the
exact roles of these 11 NERGs in the etiology of
AML are not fully understood, their associations
with diseases highlight their potential signifi-
cance. Moreover, these genes have demonstrated
prognostic value in various diseases, underscor-
ing their importance.

Limitations

Despite the promising results of this research,
there are some limitations that should be ac-
knowledged. Firstly, a significant portion of the
findings relied on bioinformatics research. To
fully validate the results, future research should
incorporate both clinical and experimental da-
ta. Second, although the risk signature and no-
mogram demonstrated high predictive efficacy
in the validation set, additional confirmation of
their performance in other AML samples is still
required.
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Conclusions

In combination, we analyzed the modified
NERGs in AML and normal samples, suggesting
their potential significance in the advancement
of AML. Furthermore, we developed a reliable
signature that exhibited a strong correlation with
the clinical outcome of AML and confirmed
its validity in additional datasets. Ultimately,
delving deeper into these genes could offer fresh
perspectives on the possible interconnection be-
tween NER and AML prognosis.
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