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ARTICLE INFO ABSTRACT
Keywords: Background: Acute myeloid leukemia (AML) is characterized by a high recurrence and mortality
Cuproptosis rate. Cuproptosis is involved in cell death regulation in in a variety of solid tumors. Long non-

Long noncoding RNA

Acute myeloid leukemia
Nomogram

Competing endogenous RNA

coding RNAs that regulate cuproptosis genes in the pathogenesis of acute leukemia have yet to
be explored.

Methods: First, cuproptosis genes with distinct expression levels were discovered by contrasting
AML with normal samples from the TCGA and GTEx cohorts. Pearson correlation and univariate
Cox-regression analysis were performed to identify cuproptosis-associated IncRNAs with signifi-
cant prognostic values. Then the least absolute shrinkage and selection operator (LASSO) Cox
regression was utilized to establish a multi-gene signature to predict AML prognosis. Next,
Kaplan-Meier estimator, receiver operating characteristic curve, and a nomogram were performed
to evaluate the predictive capacity of the risk signature. Functional enrichment analyses were
employed to assess their function. Moreover, QRT-PCR testing of IncRNA expression in AML
samples was conducted. The competing endogenous RNA (ceRNA) network was constructed to
find the target genes.

Results: A risk model based on the signature of three cuproptosis-associated IncRNAs was
developed. The results showed that the model possessed excellent prognostic potential. The
nomogram raised the accuracy in predicting AML survival. In addition, functional enrichment
analyses demonstrated an enrichment of inflammatory and immune-related pathways. Moreover,
correlations between the risk signature and clinicopathological variables, tumor mutational
burden, RNA stemness score, immune profile, and drug sensitivity were observed. Furthermore,
we discovered that TRAF3IP2-AS1 may function as a ceRNA to regulate cuproptosis and fer-
roptosis gene expression.

Conclusion: The risk signature established in this study could serve as a reliable biosignature for
AML prognosis. And the findings presented here may facilitate research on cuproptosis in AML.

1. Introduction

Acute myeloid leukemia (AML) is known as an aggressive group of blood cell malignancies [1]. We have achieved significant
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advancement in understanding the pathogenesis and therapy strategies of AML in the last few decades. Standard treatments, such as
chemotherapy or hematopoietic stem cell transplantation (HSCT) played an important role to improve the survival of eligible AML
patients [2]. As a result, the survival rate for patients with AML has significantly increased. However, overall outcomes remain un-
satisfactory, with most patients experiencing illness relapse or dying from leukemia after a few months of complete remission (CR) [1].
The long-term overall survival (OS) rate is less than 40 % in younger patients (<60 years) and only 15 % in elderly patients (>60 years)
[3]. While targeted therapies (IDH1/2 inhibitors, BCL-2 antagonists, targeting FLT3 mutation, and targeting TP53 mutation) and
immunotherapy (antibody-based treatment, suppression of immune negative regulators, and possible CAR-T cells) further expand
treatment options, AML can develop resistance to chemotherapy and targeted therapies over time, leading to treatment failure and
disease relapse [2-4]. And targeted therapies are only applicable to patients with specific genetic mutations, leaving a significant
proportion of AML patients without targeted treatment options [1]. The molecular complexity of AML relapse and therapy resistance
remains a challenge [3]. The identification and validation of novel molecular biomarkers serve a vital role in predicting and evaluating
the clinical prognosis of AML patients [1]. These biomarkers have the potential to provide valuable insights into the evolution of
diseases, the response to treatment, the exploration of novel therapeutic approaches, and the improvement of the long-term prognosis
for patients with AML [2,4].

Copper is an essential trace element for a variety of biochemical activities, including cellular respiration, peptide biosynthesis,
connective tissue biosynthesis, and antioxidant defense [5,6] Recent research indicates that excessive copper could trigger cell death in
an unprecedented manner, also known as "cuproptosis", which is a confirmed new type of programmed cell death (PCD) that may
influence tumor growth [7]. However, few investigations [6,8] have explored the role of cuproptosis in acute leukemia. Copper levels
have been found to be significantly altered in the serum and tumor tissue of patients suffering from hematologic tumors [9,10]. Copper
levels beyond the normal range are linked to an elevated relapse possibility of hematologic malignancies, while normal concentrations
of copper are associated with CR [9,10]. Moreover, an innovative approach to treating cancer, particularly for treatment-resistant
cases, involves stimulating cancer cells to induce cuproptosis [8]. For instance, elesclomol exerts potent anti-cancer effects in the
HL-60 leukemic cell line by increasing copper levels and mitochondrial oxidative stress, whereas has no effect on these levels in
peripheral blood mononuclear cells [6]. In addition, elesclomol is capable of targeting cancer cells resistant to cisplatin and protea-
some inhibitors. Furthermore, leukemic stem cells are dependent on the metabolism of oxidants; hence, disturbing the copper dis-
tribution in their mitochondria can prevent them from self-renewing [11].

Long non-coding RNA (IncRNA), a crucial regulator of gene expression, plays a vital role in regulating gene expression, chromatin
structure, and various cellular processes [12]. Research revealed that IncRNAs have emerged as key players in AML disease patho-
genesis, prognosis, and potential therapeutic targets. Several IncRNAs can act as oncogenes and promote leukemogenesis through
dysregulation of gene expression networks. They could interact with chromatin modifiers, transcription factors, and signaling path-
ways to drive AML development [13-15]. Moreover, certain IncRNAs can modulate drug efflux pumps, DNA repair mechanisms, or
anti-apoptotic pathways, thereby contributing to chemotherapy resistance. Recently, it was discovered that high- or low-expression of
specific IncRNAs is associated with different prognoses, such as survival rates, AML recurrence, and response to AML therapy [15,16].
Their functions in AML make them attractive targets for further research and potential therapeutic interventions. On the impact of
cuproptosis-associated IncRNAs on the development and prognosis of AML, however, relatively little research has been conducted.

In this study, we aimed to systematically evaluate the predictive value of IncRNAs linked to cuproptosis in AML patients. The
prognostic signature comprised of three IncRNAs has been constructed, and the nomogram has significant clinical application po-
tential. Furthermore, we also introduced a competing endogenous RNA (ceRNA) network that could contribute to providing new
insight into identifying potential regulatory mechanisms for AML development.

2. Materials and methods
2.1. Data acquisition

Clinical information and RNA sequencing result of de novo AML adults were obtained from the TCGA-LAML database in the FPKM
format (https://xenabrowser.net/datapages/). Due to the absence of normal samples in TCGA-LAML, normal bone marrow data from
the Genotype-Tissue Expression (GTEx) (https://xenabrowser.net/datapages/) were used to fill in the gaps. The Toil method was used
to uniformly process the data for both TCGA-LAML and GTEx [17]. In the TCGA-LAML data set, AML patients were treated in
accordance with NCCN guidelines (www.nccn.org), with an emphasis on enrollment in therapeutic clinical trials wherever possible.
Patients with unfavorable risk underwent allogeneic stem cell transplantation (allo-HSCT) if they were medically fit for the risks of
transplantation and a suitably matched donor was available. Many patients with intermediate risk also underwent allo-HSCT at some
point during the course of their disease [18]. Ten essential genes for cuproptosis have been identified by researchers, including seven
positive regulators (FDX1, DLD, DLAT, LIPT1, LIAS, PDHB, and PDHA1) and three inhibitory regulators (GLS, MTF1, and CDKN2A)
[7]. The expressions of cuproptosis regulators in TCGA-LAML were compared to those in GTEx, which served as a normal control. We
used the limma package to screen out the cuproptosis-related IncRNAs (|Pearson R| >0.4 and P < 0.001).

2.2. LncRNA signature development and evaluation
In the first step, we screened for cuproptosis-associated IncRNAs linked with AML survival utilizing the univariate Cox regression

analysis (P < 0.05). Samples lacking survival information were omitted. The IncRNAs obtained in the previous step were subsequently
analyzed for expression differences between AML and normal samples. LncRNAs were determined to be substantially differentially
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expressed if they had a |logoFC| >1 and a false discovery rate (FDR) < 0.05. Next, all patients were randomly assigned 1:1 to a
validation and training set (Supplementary Table S1) for integrated analysis utilizing the "caret" package. Through least absolute
shrinkage and selection operator (LASSO) regression, the screened IncRNAs were ultimately chosen and verified for the training
cohort. Finally, a novel three-IncRNA prognostic signature was established stepwise. Each AML patient has a risk score based on the
following algorithm: Risk Score = expression of AC079466.1 x 0.818 + expression of TRAF3IP2-AS1 x (—0.886) + expression of
NADK2-AS1 x (—0.511). Moreover, using the median risk value, AML individuals were separated into favorable and poor risk cate-
gories. Additionally, survival analyses were used to compare the outcomes of different subsets of AML adults according to their
clinicopathological parameters and risk value. We used the R "ggpubr" package to characterize the variation in risk assessments
regarding different clinical parameters. Pan-cancer expression analyses of the three IncRNAs across 33 cancers and their matched
controls were conducted.The threshold values for |log,FC| and FDR were 1 and 0.01, respectively. The differential expression and
prognostic performance of the model IncRNAs were validated using the Gene Expression Omnibus (GEO) datasets of adult AML cohorts
(https://www.ncbi.nlm.nih.gov/geo/) and the Therapeutically Applicable Research to Generate Effective Treatments (TARGET) AML
database. The datasets GSE6891, GSE12662, and GSE13159 were downloaded in the form of a normalized expression matrix, while the
Target AML data obtained from the TCGA TARGET GTEX cohort (https://xenabrowser.net/datapages/) were log2(norm_count+1)
transformed. Among the datasets utilized in this study, GSE6891 (consisting of 537 AML samples) and the Target dataset (comprising
228 AML samples) were employed to assess the prognostic significance of model IncRANSs by analyzing gene expression data alongside
corresponding clinical information. Additionally, GSE12662 (comprising 91 AML samples and 15 normal samples) and GSE13159
(consisting of 542 AML samples and 75 normal samples) were utilized to compare the expression differences of risk IncRNAs in AML
and normal tissues. Furthermore, AML specimens obtained from the TARGET database were juxtaposed with normal tissue samples
acquired from the GTEX database for the purpose of performing differential gene expression analysis. During the process of conducting
survival analysis, we excluded the samples that lacked survival time or exhibited a gene expression level of zero.

2.3. Nomogram construction and evaluation

To determine whether the model merited to be a predictive factor independent of other clinicopathological parameters, univariate
and multivariate prognostic performances were evaluated. The AML prognosis was predicted using a nomogram, and the accuracy of
the nomogram was evaluated using calibration curve, decision curve analysis (DCA), and ROC curve.

2.4. Functional enrichment analysis and tumor immune microenvironment landscape

The R "clusterProfiler" package was utilized according to risk score categorization, filtered by P < 0.05. The "ESTIMATE" R package
was applied in AML samples for immune infiltration, stromal content, and the combined score. Estimating Relative Subsets of RNA
Transcripts (CIBERSORT) was then used to determine the frequency of 22 distinct categories of immune cells in groups with favorable
and poor risk [19]. The immune function score was calculated using the "GSVA" package [20]. The "limma", "ggpubr", and "ggplot2"
packages were performed to analyze the data and provide visual representations in the form of box plots, vioplots, and heatmaps,
respectively. Moreover, tumor stem cell-like characteristics based on RNA stemness score (RNAss) were examined using the PanCancer
TCGA database of tumor stem cell transcriptome data [21]. The correlation between RNAss and risk score was identified using

Spearman correlative analysis.
2.5. Tumor mutational burden (TMB) and principal component analysis (PCA)

Information on genetic mutations was collected from the TCGA-LAML database, while the R package "mafools" assessed genetic
variance across risk groups. Our subsequent step was to compare favorable and poor risk groups with regards to TMB and to perform
survival studies between four distinct TMB and risk categories. The separation pattern between the two risk categories was analyzed by
means of PCA utilizing the "ggplot2" package.

2.6. CeRNA network and PPI network analysis

Based on IncRNA target prediction database LncBase v3.0 [22], we studied interactions between IncRNAs and miRNAs. Next, three
miRNA target prediction databases were used to examine miRNA-mRNA interactions, including TargetScan, miRDB, and miRTarBase.
Target differentially expressed mRNAs (DEmRNAs) were finally selected by "limma" Package, with the threshold set at |logoFC| >3 and
FDR <0.05. The ceRNA network was represented visually using Cytoscape (version 3.7.2). Utilizing the Search Tool for the Retrieval of
Interacting Genes/Proteins (STRING) database, a protein-protein interaction (PPI) network was constructed [23]. The PPI hub genes
were found using CytoHubba. Enrichment analysis based on Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes
(KEGG) database was then performed on DEmRNAs to identify biological processes and potential signaling pathways.

2.7. Drug sensitivity analysis
We also predicted differences in drug response rates between two risk groups using the pRRophetic algorithm based on the Ge-

nomics of Drug Sensitivity in Cancer (GDSC) database (https://www.cancer-rxgene.org/) [24]. Wilcoxon signed-rank test was used to
evaluate and compare the IC50 values between the two risk subgroups.
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2.8. AML cell line culture

The THP-1 cells (human acute monocytic leukemia cell line) were cultured in RPMI 1640 medium (Gibco, USA) supplemented with
10 U/ml streptomycin, 100 U/ml penicillin, and 10 % heat-inactivated fetal bovine serum (Gibco, USA). THP-1 cells were cultured in a
37 °C, 5 % CO3 and 95 % humidity incubator.

2.9. Validation of risk IncRNAs expression by qRT-PCR

Bone marrow samples from 20 novel AML patients and peripheral blood samples from 17 healthy controls were collected from The
Second Affiliated Hospital of Chongqing Medical University. This research was approved by the Ethics Committee of The Second
Affiliated Hospital of Chongqing Medical University. Informed consent and approval were obtained from all participants. After
isolating the mononuclear cells from the sample, total RNA from AML patients, healthy controls, and THP-1 cells were extracted using
RNAiso Plus (TAKARA). RNA was then converted to cDNA using the TUREscript 1st Strand cDNA Synthesis Kit (Aidlab Bio-
technologies). The genetic expression was normalized to that of GAPDH. SYBR Green qPCR Mix (Aidlab Biotechnologies) was used to
quantify the real-time PCR assay. The primer sequences are presented in Supplementary Table S2. Gene expression was quantified
using the 2724 method.

2.10. Statistical analysis

Statistical analyses were performed using R software (version 4.2.0) and GraphPad Prism 9.4.0. The Wilcoxon rank-sum test was
used to assess differential functions between the two groups. P < 0.05 was considered statistically significant.
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Fig. 1. Identifying prognostic associated cuproptosis-related IncRNA. (A) Cuproptosis regulators expression of AML patients in TCGA compared to
normal control in GTEx. (B) Correlation between cuproptosis regulators and related IncRNAs in the Sankwy diagram. (C) Heatmap showed the 47
differentially expressed Cuproptosis-associated prognostic IncRNAs in AML versus normal samples (Wilcox test) (D) LASSO Cox algorithm was
developed to generate a prognostic IncRNAs model. (***P < 0.001; **P < 0.01; *P < 0.05; ns, not statistically significant).
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Fig. 2. Development of cuproptosis associated IncRNAs predictive signature. (A) Forrest plot showing 10 prognostic cuproptosis-related IncRNAs by
Univariable Cox regression analyses. (B) Correlations between cuproptosis regulators and the 3 model IncRNAs. (C) Bar plot reflecting the
expression of signature IncRNAs in TCGA and GTEx database. (D) Survival time and status in the low- and high-risk groups in the training set. (E)
ROC curves at 1, 3 and 5 years are described for the training set. (F) Survival analysis shows that survival outcomes are significantly different
between low- and high-risk sufferers in training set. (G) Clinical ROC curves showing the prediction reliability between the risk score and other
single clinical feature at one year. ROC curve, receiver operating characteristics curve; AUC, area under the curve. (***P < 0.001; **P < 0.01; *P <
9.05; ns, not statistically significant).

3. Results
3.1. Clinical factors of AML individuals

The clinical information of TCGA-LAML included age, gender, hemoglobin (HB), white blood cell (WBC) count, platelet (PLT)
count, bone marrow blast cell (BMBC) percentage, peripheral blood blast cell (PBBC) percentage, cytogenetic risk category, French-
American-British (FAB) classification, and genetic mutation (i.e., FLT3, NPM1, IDH1, and RAS) (Supplementary Table S1).

3.2. Identification of prognostic cuproptosis-associated IncRNAs

Supplementary Fig. S1 depicts the investigation’s flowchart. 14 087 IncRNAs were initially obtained from 151 AML patients in
TCGA-LAML datasets. In AML patients, the expression of PDHA1, LIAS, DLAT, FDX1, and DLD decreased, while the expression of
LIPT1, GLS, CDKN2A and MTF1 increased (Fig. 1A). As PDHB expression did not differ significantly between AML patients and
controls, only 9 cuproptosis genes were retained for further study. From the expression matrix of 9 cuproptosis regulators, 470 IncRNAs
significantly related to cuproptosis were identified (Fig. 1B). Eleven AML patients lacking survival information were omitted. A total of
140 AML patients participated in the prognosis analysis, and 139 IncRNAs were found to be significantly associated with the clinical
outcomes of the patients (P < 0.05). Upon comparing the expression levels of the 139 IncRNAs in healthy and AML samples, we
discovered that 47 IncRNAs were abnormally expressed in AML (Fig. 1C).

3.3. Prognostic signature construction

From the 47 IncRNAs found to be differentially expressed between AML cases and controls, we were able to identify 10 with
relevance to AML prognosis using univariate Cox regression analysis (P < 0.005). Then, we conducted LASSO and Cox regression
analyses with multiple variables to identify the cuproptosis-associated IncRNAs signature (Fig. 1D). Fig. 2Adepicts the hazard ratios of
10 IncRNAs related to cuproptosis. Fig. 2B illustrates the correlation between cuproptosis regulators and the three signature IncRNAs
(TRAF3IP2-AS1, AC079466.1, and NADK2-AS1). The box plot showed the differences between AML samples and normal samples in
terms of the three IncRNAs expression (Fig. 2C). Following this, 140 TCGA-LAML patients were split evenly between the testing (n =
70) and training (n = 70) cohorts. The clinicopathological features of AML patients were identical in both groups (Supplementary
Table S1). Fig. 2D displayed the risk category and survival rate for each patient in the training cohort. The AUC of the risk signature for
predicting 1-, 3-, and 5-year OS was 0.752, 0.814, and 0.883, respectively (Fig. 2E). And patients in the low-risk group had a prolonged
0S, as shown by the survival curves in the training data (Fig. 2F). Compared to other clinicopathological features, the risk signature
had the highest AUC value (Fig. 2G). The survival rates and time distributions of two risk categories in the testing (Fig. 3A-B) and
entire (Fig. 3F-G) datasets were consistent with the training datasets. Results from both the training and entire databases revealed that
patient in the low-risk category displayed a higher survival probability (Fig. 3C, H). The 1-, 3-, and 5-year AUC values in the testing set
were 0.766, 0.652, and 0.816, while for the entire dataset were 0.764, 0.723, and 0.819 (Fig. 3D, I). Clinical ROC plots demonstrated
that the risk model had the greatest prediction performance compared to other clinical characteristics (Fig. 3E, J).

3.4. Constructing a predictive nomogram

The univariate and multivariate analyses revealed that risk score, age, and cytogenetic category were all significant predictors of
AML (P < 0.05) (Fig. 4A-B). Next, we built a nomogram using clinical data (age and cytogenetic risk) and risk score to objectively
estimate the probability of survival for each subject (Fig. 4C). To ensure the nomogram’s accuracy, survival calibration curves for 1, 3,
and 5 years were generated (Fig. 4D). Moreover, the concordance index (C-index) quantified the performance measure of different
prediction factors (i.e., nomogram, risk score, age, and cytogenetic risk) in survival analysis, demonstrating the superiority of the
nomogram in predicting outcomes (Fig. 4E). As seen by the ROC curves (Fig. 4F), the nomogram also performed exceptionally well in
predicting 1-, 3-, and 5-year OS (AUC = 0.814, 0.796, and 0.854, respectively) as well. In addition, Fig. 4G depicts a heatmap of the
distribution of patients stratified by clinical characteristics into two risk categories. Above all, the nomogram showed an optimal
predictor of survival for adult AML patients.

3.5. Stratification analyses of the risk model with clinical traits

In this study, stratification analysis was performed based on clinicopathological parameters consisting of age (Fig. SA and B),
gender (Fig. 5C and D), FAB classification (Fig. 5E and F), cytogenetic risk category (Fig. 5N and O), and gene mutations of RAS
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Fig. 3. Risk model performance in the testing and entire TCGA data. Distribution of survival status and survival times for individuals in testing set
(A) and entire set (F). Risk score for each one in the testing dataset (B) and whole dataset (G). Kaplan-Meier survival curves between low- and high-
risk group in the testing (C) and entire datasets (H). ROC evaluation of 1-, 3-, 5-year survival prediction in the testing (D) and entire datasets (I).
Clinical ROC curve showing the prediction accuracy between the risk score and every clinical feature at one year in the testing (E) and whole
datasets (J).
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Fig. 4. Univariate (A) and multivariate (B) Cox regression analyses of clinical characteristics and risk score in the whole TCGA datasets. (C)
Nomogram for 1-, 3-, 5-year survival prediction based on the clinical factors and risk score. (D) The calibration curves evaluating the consistency of
nomogram. (E) The nomogram and other prognostic parameters are evaluated using the C-index curves. (F) Analysis of the nomogram’s ROC curve
at 1, 3, and 5 years. (G) Heatmap showing the distribution of clinicopathological features between low- and high-risk groups in the TCGA-
LAML datasets.

(Fig. 5G), NPM1 (Fig. 5H and I), FLT3 (Fig. 5J and K), and IDH1 (Fig. 5L and M). Kaplan-Meier curves showed that the high-risk group
exhibited worse survival rates versus the low-risk group when classified by various clinical parameters, apart from favorable chro-
mosomal abnormalities, M3 types, and RAS mutation. In addition, we discovered that M3 patients had the lowest risk scores of all FAB
subtypes, whereas M4/M5 patients had slightly higher risk scores than patients with MO/M1/M2 (Fig. S2A). Individuals with a
favorable cytogenetic risk had lower risk scores than those with an intermediate or adverse cytogenetic risk (Fig. S2B). Moreover,
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Fig. 5. Correlation between clinical traits and cuproptosis-related IncRNA signature. Kaplan-Meier survival curves depicting survival probability
between the low and high-risk groups stratified by age (A-B), gender (C-D), FAB subtype (E-F), RAS mutation (G), NPM1 mutation (H-I), FLT3

mutation (J-K), IDH1 mutation (L-M), and cytogenetic risk categories (N-O).

AC079466.1 expression increased significantly in the group with a poor cytogenetic risk. TRAF3IP3-AS1 expression increased sub-
stantially in the group with a favorable cytogenetic risk (Supplementary Figs. S2C and D). Furthermore, NADK2-AS1 and TRAF3IP2-AS
levels were elevated in AML patients with t [15,17] or NPM1 mutation. In contrast, AC079466.1 expression was elevated in patients
with complex karyotypes or those who lacked the inv [16] or IDH1-R132/R140 mutation (Supplementary Figs. S2E-J).

3.6. PCA and TMB analysis

Using PCA analysis, an overview of the distributional trends of two prognostic groups was presented. Results from the entire gene
set (Fig. 6A), genes involved in cuproptosis (Fig. 6B), and IncRNAs associated to cuproptosis (Fig. 6C) demonstrated highly dispersed
distributions. Nevertheless, results obtained from the signature IncRNAs (Fig. 6D) revealed that two prognostic subgroups exhibited
distinct distributions, indicating that the risk model could distinguish AML patients with various clinical characteristics. We subse-
quently compared mutation frequencies between two risk categories. A waterfall diagram was created using the somatic mutations of
90 individuals with AML (Fig. 6E and F). In the low-risk group, the TMB was more diverse (Fig. 6G). Furthermore, it may be possible to
screen out a subset of high-risk, low-TMB individuals with the worst survival rates (Fig. 6H). From these results, it appears that the risk
score in conjunction with TMB can be used to evaluate a patient’s clinical prognosis. Furthermore, we observed a slightly negative
correlation between risk scores and RNAss (Fig. 61).

3.7. Correlation of the risk signature and immune landscape
Compared to the favorable risk group, the ImmuneScores, StromalScores, and ESTIMATEScores of the high-risk group were all

higher (Fig. 7A-C). And immune infiltration results showed that CD4 memory resting T cells, CD4 memory resting T cells, naive B cells,
plasma cells, and resting mast cells were significantly enriched in the low-risk group; on the contrary, the high-risk group had more M2
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Fig. 6. PCA and TMB Analysis. Data distribution shown via PCA scatterplots based on the expression of all genes (A), cuproptosis genes (B),
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enrichment analysis; RNAss, RNA stemness score; PCA, principal component analysis; TMB, tumor mutational burden.

macrophages, regulatory T (Treg) cells and monocytes (Fig. 7D). In addition, among the 24 HLA genes, 18 (75 %) were upregulated in
the high-risk group (Fig. 7E). What’s more, the difference between the two risk subtypes’ immune checkpoints (HAVCR2, PDCD1,
SIGLEC15, TIGIT, PDCD1LG2, LAG3, CTLA4, and CD274) was analyzed. The levels of HAVCR2 and TIGIT varied significantly between
the two groups (Fig. 7F). These findings suggested that elevated risk scores may promote HLA expression in AML. Based on GSEA of
immune-related function, we discovered that the following immune activities differed significantly between both risk groups: APC co-
stimulation, Type II IFN Response, T cell co-stimulation, Checkpoint, Inflammation promoting, T cell co-inhibition, CCR (Chemokine
receptors), Type I IFN Response, Parainflammation, HLA, and MHC class I (Fig. 7G).

3.8. GO and KEGG enrichment analyses

For a molecular comprehension of the differences between the two risk categories, GO and KEGG analyses were conducted. Most
enriched terms were related to inflammation and immunity, including immune response regulating signaling pathway, positive
regulation of cytokine production, carbohydrate binding, positive regulation of response to external stimulus, and leukocyte migration
(GO biological processes). The ten most significant GO terms and thirty KEGG pathways are shown in Fig. 7H-I.

We subsequently performed qRT-PCR assay of three cuproptosis-related IncRNAs in THP-1 cells, 20 newly diagnosed AML patient
samples, and 14 healthy adult samples. The three IncRNAs were identified to be significantly differentially expressed in AML samples
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(Fig. 8).

3.9. Construction of the ceRNA and PPI network

Numerous studies highlighted that IncRNAs, acting as ceRNAs, can bind to miRNA to influence the transcription of downstream
mRNAs [15]. A IncRNA-miRNA-mRNA ceRNA network was constructed to investigate the potential roles of the cuproptosis-associated
IncRNAs in AML. Target miRNAs for AC079466.1 and TRAF3IP2-AS1 were discovered using the LncBase database (no data available
for NADK2-AS1). A total of two IncRNAs, 58 miRNA, and 144 mRNAs were identified to construct the ceRNA network (Fig. 9A). Using
the PPI network (Supplementary Fig. S3A), we were able to identify ten hub genes (Fig. 9B) and two major modules dominated by FN1
and KIT nodes (Supplementary Fig. S3A). Moreover, the IncRNA-miRNA-mRNA regulatory aix analysis elucidated that TRAF3IP2-AS1
may regulate mRNA expression of MTF1 (cuproptosis gene) [7], SLC31A1 (copper importers) [25], PGD, G6PD and LPCAT3 (fer-
roptosis-associated genes) [25] through targeting miRNAs. MTF1 was suggested as the downstream target gene of five miRNAs
(miR-93-5p, miR-106a-5p, miR-20b-5p, miR-17-5p, miR-20a-5p). Also, PGD and G6PD were probable target mRNA of miR-1-3p. In
addition, candidate targets of miR-185-5p and miR-124-3p were LPCAT3 and SLC31A1, respectively. Due to the lack of corresponding
miRNA expression data in the TCGA-LAML and GTEx datasets, we searched PubMed for studies on these miRNAs in AML. From
previous literature, the expression of miR-93-5p [26,27], miR-124-3p [28,29], miR-185-5p [30,31], miR-20a-5p [32,33], and
miR-17-5p [34,35] differs in AML patients compared to healthy controls. Meanwhile, miR-106a-5p was consistently overexpressed in
settings where AML was resistant to therapy. MiR-1-3p [36] and miR-20b-5p [37], associated with poor prognosis in AML, were
upregulated in leukemia with FLT3 or RUNX1 mutation, respectively.

Furthermore, compared to normal tissues in the GTEx, the expression of MTF1, SLC31A1, PGD, G6PD, and LPCAT3 was different in
TCGA-LAML (Fig. 9C) and negatively correlated with the expression of TRAF3IP2-AS1 (Fig. 9D-H). Furthermore, we conducted a
verification analysis to assess the differential expression levels of TRAF3IP2-AS1, NADK2-AS1, AC079466.1, MTF1, and SLC31A1 in
AML samples compared to normal tissues using both GEO chip data and the Target dataset (Fig. 9I-Q). The expression patterns
observed were consistent with those found in the TCGA-LAML dataset. Additionally, the GEO gene expression profile data sets revealed
a negative correlation between TRAF3IP2-AS1 expression and both MTF1 and SLC31A1 (Fig. 9R-U). Notably, patients with low
TRAF3IP2-AS1 or NADK2-AS1 expression exhibited a shorter survival time, which aligns with the findings from the TCGA databases
(Fig. 9V-W). Following the application of the identical methodology to analyze the data from Target AML data, a notable disparity in
prognosis was observed between the cohort exhibiting elevated AC079466.1 expression and the group with diminished expression
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Fig. 8. gqRT-PCR assay of three cuproptosis related IncRNAs. (A-C) Three IncRNAs associated with cuproptosis were differentially expressed in
blood samples from healthy persons and an AML cell line (THP-1). (D-F) Expression levels of 3 IncRNAs in 20 newly diagnosed AML patients and 14
healthy adult samples. (*P < 0.05, **P < 0.01, ***P < 0.001).
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Fig. 9. CeRNA network construction and correlation analysis between the expression of the signature IncRNAs and cuproptosis gene. (A) CeRNA
network of 2 model IncRNAs (AC079466.1 and TRAF3IP2-AS1; red diamonds), DEmRNAs (blue dot), and target miRNAs (green triangle). (B) PPI
network and ten hub gene. (C) The expression of MTF1, SLC31A1, PGD, G6PD, and LPCAT3 in TCGA-LAML and normal tissues. (D-H) Correlation of
cuproptosis (MTF1, SLC31A1) and ferroptosis (PGD, G6PD, and LPCAT3) genes with TRAF3IP2-AS1. (I-K) Compared to the normal blood samples
obtained from GSE12662 (I), GSE13159 (J), and the GTEx database (K), the expression levels of TRAF3IP2-AS1 were significantly upregulated in
AML samples from GSE12662 (I), GSE13159 (J), and the Target database (K). (L) The expression of NADK2-AS1 was significantly upregulated in
AML samples from the Target cohort vs. normal samples from the GTEx dataset. (M) The scatter plot depicted the levels of AC079466.1 in AML
samples sourced from the Target database, as well as normal samples obtained from the GTEx database. (N-O) The levels of MTF1 in AML samples
from the GSE12662 (N) and Target database (O) were compared to normal samples from GSE12662 (N) and the GTEx database (O). (P-Q) In
GSE12662 and GSE13159, SLC31A1 expression exhibited higher levels in normal blood samples compared to tumor tissue. (R-S) The expression
level of MTF1 demonstrated a negative correlation with TRAF3IP2-AS1 expression in AML samples from GSE6891 and GSE13159. (T-U) The
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expression levels of SLC31A1 exhibited a negative correlation with the expression of TRAF3IP2-AS1 in AML samples obtained from GSE12662 and
GSE6891. (V-W) In GSE6891, it was observed that AML patients with lower levels of TRAF3IP2-AS1 and NADK2-AS1 had a significantly worse
prognosis compared to those with higher levels (P = 0.027, P < 0.001, respectively). (X) The expression levels of AC079466.1 were found to be
capable of distinguishing AML patients into different prognostic groups in the Target database (p = 0.046). CeRNAs, competing endogenous RNAs.
( *P < 0.05, **P < 0.01, ***P < 0.001 ) . (For interpretation of the references to colour in this figure legend, the reader is referred to the Web
\Lersion of this article.)

levels (Fig. 9X). According to TCGA’s pan-cancer database, the expression levels of three signature IncRNAs were measured in 33 kinds
of cancer (Supplementary Fig. S4). Moreover, the most enriched GO terms included regulation of mononuclear cell differentiation,
myeloid leukocyte differentiation, and lymphocyte differentiation (GO biological processes, Fig. S3B). As determined by KEGG
analysis, potential biological activities, such as the "MAPK’, "PI3K-Akt’, and "Ras’ signaling pathway, were linked to AML progression.
Some other pathways such as ’Transcriptional misregulation in cancer’, 'Thl and Th2 cell differentiation’, and "Proteoglycans in
cancer’ were also involved in tumor development.

3.10. Role of risk models in pharmacotherapy

Following that, there were obvious differences in drug sensitivity between the two risk populations. Several therapies have shown
better results in the high-risk individuals than the favorable risk ones, including cytarabine, navitoclax (BCL-2/2 BCL-XL inhibitor),
AC220 (FLT3 inhibitor), GNF2 (BCR-ABL inhibitor), AR-42, belinostat, CAY10603 (histone deacetylase inhibitor, HDACi), BI 2536
(polo-like kinase 1 inhibitor), crizotinib (ALK kinase inhibitor), VX-680 (aurora kinase inhibitor), OSI-027 (mTOR inhibitor) and
axitinib (VEGFR and c-KIT inhibitor) (Fig. 10A-L). For methotrexate, bexarotene (retinoid X receptor agonist), 5-fluorouracil, and
17AGG (Hsp90 inhibitor), treatment response of low-risk patients was improved (Fig. 10M — P). These findings suggested that this risk
model could aid in the optimization of personalized treatment strategies for AML patients.
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Fig. 10. Patients in low- and high-risk categories differ in their susceptibility to chemotherapy drugs. (A-M) For cytarabine, n avitoclax, AC220,
axitinib, AR-42, BI-2536, belinostat, crizotinib, CAY10603, GNF-2, OSI-027, and VX-680, IC50 values were greater in the high-risk category than in
the low-risk category. (N-Q) Drug sensitivity of methotrexate, bexarotene, 5-fluorouracil, and 17-AGG were greater in the low-risk category than in
the high-risk category.
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4. Discussion

The pathophysiology of AML is complex, and our comprehension of its etiology and contributing factor is limited [2]. The prog-
nostic stratification of AML is currently predominantly determined by its clinical characteristics, FAB typing, cytogenetic risk, and
molecular abnormalities [2,4,9]. Nonetheless, the outcomes of AML patients in the same risk category who received similar treatment
vary substantially, suggesting that the current staging system may not adequately guide treatment decisions and prognostic assess-
ments [2]. Cuproptosis is a distinct form of PCD with promising potential as a cancer treatment. Growing evidence has linked cancer to
disturbances in copper homeostasis [5,6]. There is an urgent need for cuproptosis detection indicators in cancer tissues. As previously
indicated, IncRNA could be a reliable biomarker for AML prognosis and therapeutic efficacy [13,15]. However, research on the role of
IncRNAs associated with cuproptosis in AML progression and prognosis is still in its infancy, and further studies are required.

Using univariate Cox regression, we initially identified 139 cuproptosis-associated IncRNAs related to prognostic value, and
subsequently found that 47 of them expressed differently in AML samples and normal controls. Finally, utilizing multivariate Cox and
LASSO regression analysis, we established a signature including three cuproptosis-associated IncRNAs to predict AML outcomes.
NADK2-AS1 and TRAF3IP2-AS1 were protective factors, while AC079466.1 posed a threat. Furthermore, TRAF3IP2-AS1 and NADK2-
AS1 were upregulated in patients with t(15,17) chromosomal translocation, whereas the expression of AC079466.1 was elevated in
patients with complex karyotypes. In addition, qRT-PCR confirmed the differential expression of three IncRNAs between AML patients
and healthy controls. In the meantime, those IncRNAs differential expression were also verified by the external validation cohort.

In previous studies, TRAF3IP2-AS1 has been revealed to serve as a tumor suppressor and may act as a ceRNA that competitively
binds to miR-200a-3p/153-3p/141-3p and prevents them from reducing phosphatase and tensin homolog (PTEN) levels in renal cell
carcinoma [38]. Also, TRAF3IP2-AS1 was shown to be a useful diagnostic marker for cervical cancer [39]. Besides, TRAF3IP2-AS1
functions as a negative regulator of IL-17 signaling in autoimmune diseases [40]. Moreover, TRAF3IP2-AS1 has been recognized as
a probable prognostic indicators for pancreatic adenocarcinoma [41], glioblastoma [42], and AML [43]. Furthermore, AC079466.1
significantly correlated with the overall survival of gastric cancer and hepatocellular carcinoma [44,45]. Notably, NADK2-AS1 was
disclosed for the first time. Although relatively few studies have described AC079466.1 and NADK2-AS1, these two IncRNAs are only
differentially expressed in TCGA-LAML among 31 tumor types according to the pan-cancer analysis. The above findings implied a
potential link between cuproptosis-associated IncRNAs and the development and prognosis of AML.

The Kaplan-Meier and ROC curves demonstrated the high predictability of the three-lncRNAs signature. In both univariate and
multivariate Cox regression models, the risk score was shown to be a reliable predictive indicator. In addition, the proposed predictive
model may be capable of identifying individuals with a worse OS based on survival studies of classified clinicopathologic variables.
Moreover, the risk model exhibited the most accurate prediction performance when compared to other clinicopathological charac-
teristics. Furthermore, the nomogram was assessed by ROC curve, calibration curve, DCA, and C-index. Finally, these findings
demonstrated that our nomogram was highly reliable and could be used to assess AML prognosis. TMB was shown to be greater in the
low-risk group compared to the high-risk group when stratified by risk score. In fact, the low TMB has been shown to cause immune
therapy failure [46]. The Kaplan-Meier curves illustrated that TMB combined with risk signature could distinguish four different
prognostic categories among patients. Apart from TMB, our results revealed a negative correlation between risk score and the stemness
scores of AML samples. Recent investigations have proven the importance of non-coding RNA in regulating cancer stemness. However,
the precise modulating mechanism remains poorly understood.

Further GO and KEGG analysis indicated that the pathways implicated are primarily focus on inflammation and immunity. It has
been reported that copper can also promote cytokine secretion essential for tumor progression and metastasis, such as interleukin 1 (IL-
1) and proangiogenic factors [6,47]. Several cuproptosis genes have been shown to play a crucial role in the immune-inflammatory
pathology of rheumatoid arthritis [48]. For instance, MFT1 stimulates the release of inflammatory factors and facilitates the arrest
of pro-inflammatory T-cells. FDX1 affects the activities of Treg cells, macrophages, dendritic cells, and monocytes. CDKN2A regulates
adaptive immune function and inflammatory factor production, as well as promoting pro-inflammatory responses. GLS influences B
cell activation and antibody production. LIAS is responsible for regulating inflammation and oxidative stress. Moreover, PDHA1 can
affect the inflammatory response of macrophages [48].

Immune cell infiltration, immunological function, checkpoint, and HLA transcription were found to differ significantly between the
two risk groups. Consequently, cuproptosis is probably essential for tumor immune response. Firstly, our immune function results were
consistent with those obtained from a ferroptosis-related prognostic model for AML [25], indicating commonalities in anti-tumor
immunity of cuproptosis and ferroptosis. Secondly, the results of immune cell abundance analysis demonstrated significantly
higher levels of Treg cells, monocytes, and M2 macrophages in the high-risk subtype. Researchers have found that both Treg cells and
M2 macrophages contribute to cancer development [49,50]. A decreased proportion of plasma cells, B cells, and CD4" memory resting
T cells indicated that adaptive immune system was impaired in the high-risk group. Thirdly, the immune score, HLA gene, and hepatitis
A virus cellular receptor 2 (HAVCR2, also known as TIM-3) were upregulated in the high-risk group. Immune cell infiltration was found
to be more prevalent in tumors with higher HLA gene expression, and the patient’s response to the immune checkpoint inhibitor is
related to the amount of HLA gene expression [51]. Our findings yielded similar results. Inmunological response in AML relies on the
immune-related checkpoint [52]. This means that targeting HAVCR2 strategies may be beneficial for high-risk patients. HAVCR2 has
emerged as a therapeutic target for curing AML; blocking it can kill two birds with one stone by eradicating leukemia stem cells and
activating anti-tumor immunity in AML [53].

The ceRNA network and functional enrichment analysis suggested that cuproptosis-associated IncRNAs play critical roles in
myeloid cell differentiation, tyrosine autophosphorylation, and energy metabolism. The significantly enriched pathways primarily
focused on cancer hallmark relevant pathways. These results indicated that cuproptosis-related IncRNAs may influence myeloid
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differentiation and cancer cell proliferation, shedding light on the potential functions of these IncRNAs in AML.

Interestingly, our research findings revealed that TRAF3IP2-AS1 may regulate the expression of MTF1 SLC31A1, PGD, G6PD, and
LPCAT3 by targeting miRNAs associated with myeloid differentiation, drug resistance, treatment failure, proliferation, and invasion of
AML [26-33]. Moreover, TRAF3IP2-AS1 was negatively correlated with these mRNAs as a protective factor. MTF1, as a metal-binding
transcription factor, is involved in copper homeostasis and has been reported as a negative regulator of cuproptosis [7]. SLC31A1
encodes a high-affinity copper transporter and plays a vital role in maintaining the intracellular copper concentration [42]. PGD,
G6PD, and LPCAT3 have been discovered as ferroptosis-related genes with significance for AML survival [25]. LPCAT3, involved in
lipid metabolism, was critical pro-ferroptosis gene [54]. PGD and G6PD are both associated with energy metabolism and have the
ability to prevent erastin-induced ferroptosis [55]. In addition, TRA3IP2-AS1 has been identified as a ferroptosis-related IncRNA
implicated in pancreatic cancer prognosis [41]. The evidence presented above suggested that TRAF3IP2-AS1 might function as a form
of ceRNA to regulate the transcription of genes related to cuproptosis and ferroptosis.

Drug sensitivity analysis illustrated that each risk group was sensitive to its representative medications, which may contribute to
better clinical outcomes. The high-risk group may benefit from FDA-approved chemotherapeutic agents, including methotrexate, BCL-
2, HDACI, FLT3, and BCR-ABL inhibitors [2,4].

This study has several limitations. Firstly, our analysis relied upon retrospective cases available in public datasets. Because the
TCGA database does not provide specific treatment project information for each patient, survival data regarding treatments could not
be analyzed further. No external database was available for IncRNA expression and clinical data to validate the reliability of the
signature. Additional verification using prospective, multicenter, real-world data is required for this risk model. Secondly, we only
verified the differential expression of three IncRNAs in AML versus normal subjects with a small sample size. Thirdly, we did not
conduct any further studies to explore the mechanisms and applications of the signature. Consequently, additional experiments are still
required to deeply investigate the function of cuproptosis-associated IncRNAs in AML.

5. Conclusions

Our work established a signature of 3 cuproptosis-associated IncRNAs (AC079466.1, TRAF3IP2-AS1, and NADK2-AS1) to predict
the clinical outcomes of AML patients with high accuracy. Besides, we established a related ceRNA network of those IncRNAs.
TRAF3IP2-AS1 may act as a ceRNA to regulate the transcription of genes involved in AML cuproptosis and ferroptosis. Our findings
contribute to current understanding of cuproptosis processes and their application to the prognosis and treatment of AML, despite the
need for further functional investigation.
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