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Abstract
Acute myeloid leukemia (AML) is the most common and lethal acute leukemia in adults with a dismal
prognosis. In�ltrating immune signi�cantly affects the progression of AML. Cuproptosis is a copper-
dependent programmed cell death. However, the prognostic signi�cance of cuproptosis-related genes
(CRGs) remains unclear. In this study, we evaluated prognostic value of each CRGs and constructed a 3-
gene risk model using RNA-sequencing data of AML from The Cancer Genome Atlas (TCGA) cohort. Each
AML sample was calculated with a risk score based on the risk model, and then assigned into low- and
high-risk groups. Patients with a high risk-score exhibited much worse overall survival. These �ndings
were veri�ed in a Gene Expression Omnibus (GEO) database. Functional analysis indicated that immune
status differed between low- and high-risk groups, as well as immune cell in�ltration and drug sensitivity.
In summary, the risk model based on the expression of CRGs is a promising prognostic biomarker for
AML.

Introduction
AML is a kind of malignant blood diseases originating from uncontrolled proliferation of hematopoietic
progenitors in bone marrow. AML is the most common type of adult leukemia. The therapeutic
approaches of AML have not made much development over the past decades. The outcome of AML
remains unsatisfactory with overall survival (OS) under 40% [1]. Thus, it is urgent to explore molecular
basis of AML and identify novel prognostic biomarkers, which may contribute to a better treatment
strategy as well as better outcomes of AML patients.

Transition metals like Fe, Mn, Cu, and Zn are essential trace elements across all forms of life [2–4]. These
metal ions are utilized as critical enzymatic cofactors, and participate in cell functions such as electron
transfer and signaling pathways. However, these transition metals can be toxic in excess. Appropriate
levels of metal ions in organisms are tightly maintained through multiple regulatory pathways.

Cuproptosis is a newly-proposed concept published in the journal Science this year [5]. It is a copper-
dependent programmed cell death characterized by protein lipoylation in the tricarboxylic acid (TCA)
cycle. It is a distinct form of cell death pathways, which differs from apoptosis, necrosis, autophagy, and
ferroptosis. FDX1 is the key regulator in the process of cuproptosis and regulates protein lipoylation [6].
Copper is transported into mitochondria and binds the lipoylated TCA enzymes directly [7, 8]. As a result,
acute proteotoxic stress was induced by lipoylated protein aggregation and subsequently loss of Fe-S
cluster-containing proteins. This study demonstrates that cells depend on mitochondrial respiration
would be more sensitive to cuproptosis. These �ndings may be a new way of treating cancer cells.
Actually, depletion of mitochondrial copper has been proved effective against triple-negative breast
cancer which depends on oxidative phosphorylation [9].

Given the current �ndings, we suppose that cuproptosis may have an important role in the development
of AML. However, its speci�c functions have never been studied. In this study, we performed a systematic
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analysis to determine the expression levels of cuproptosis-related genes in AML, explore the prognostic
value of these genes, and discuss the correlations between cuproptosis and the tumor immune
microenvironment.

Materials And Methods

1. Data collection from TCGA and GEO datasets
The RNA sequencing (RNA-seq) data of AML patients from TCGA database were obtained via the
Cbioportal website (https://www.cbioportal.org/study/summary?id=laml_tcga_pub), along with their
corresponding clinical features. We excluded AML samples with no record of overall survival or living
status, or if their survival time was no longer than 0 days. Meanwhile, 70 samples of K562 cells –
leukemia cell line – from GTEx database (https://xenabrowser.net/datapages/) were used as normal
controls and their RNA-seq data were downloaded. In addition, the Series Matrix File of GSE37642,
containing complete survival data, was retrieved from GEO (https://www.ncbi.nlm.gov/geo/). 

2. Establishment and veri�cation of a cuproptosis-related
gene prognostic signature
We conducted least absolute shrinkage and selection operator (LASSO)-penalized Cox regression
analyses to explore the prognostic value of cuproptosis-related genes [10]. An R package “glmnet” was
utilized to establish a prognostic model. LASSO regression was performed using a 10-fold cross-
validation and the penalty parameter (λ) was set to the minimum criteria. The risk scores were calculated
based on the results of LASSO regression. AML patients from TCGA were de�ned according to the
median risk score as low- and high-risk subgroups. Kaplan-Meier survival analysis was performed to
compare differences in OS between the two subgroups. Moreover, time-dependent receiver operating
characteristic (ROC) curves were constructed with “timeROC” R package. The GSE37642 dataset was
then employed for validation of the gene prognostic signature.

Univariable and multivariable Cox regression analyses were performed in order to determine associations
of risk score with clinical features such as age, gender, and FAB subtype. The result was also validated in
the GEO cohort.

3. Functional analysis of differentially expressed genes
(DEGs) between low- and high-risk subgroups
The R package “limma” was applied to identify DEGs between the two subgroups of AML patients from
TCGA cohort. The criteria were set as |logFC| > 1 and adj.P.value < 0.05. Then Gene ontology (GO) and
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Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were carried out through
“clusterPro�ler” package [11].

A protein-protein interaction (PPI) network was constructed based on Search Tool for the Retrieval of
Interacting Genes (STRING) network [12], and further visualized in Cytoscape software (version 3.8.2).
The top 3 nodes were selected as hub genes based on scores calculated by the maximal clique centrality
(MCC) method of cytoHubba, a plug-in in Cytoscape.

4. Prediction of clinical chemotherapeutic response
To predict differences of clinical chemotherapeutic response between low- and high-risk AML subgroups
in the TCGA cohort, we applied the pRRophetic algorithm [13] on R based on the Genomics of Drug
Sensitivity in Cancer (GDSC) database (https://www.cancer-rxgene.org/) [14]. The IC50 values were
evaluated and compared between the two subgroups using Wilcoxon signed-rank test. 

5. Evaluation of immune cell in�ltration
To determine the proportion of tumor-in�ltrating immune cells (TIICs) in the AML subgroups, CIBERSORT
algorithm was performed [15]. The immune cell in�ltration was measured by single-sample gene set
enrichment analysis (ssGSEA). Correlation analysis was evaluated by Spearman. P value < 0.05 was
considered signi�cant.

6. Statistical analysis
Analyses were performed using R (version 4.1.2) as mentioned above. SPSS software was utilized to
analyze clinical features of AML patients. A p value less than 0.05 was generally considered statistically
signi�cant unless otherwise speci�ed.

Results

1. Expression of cuproptosis-related genes (CRGs) in AML
patients
A total of 172 AML patients in TCGA database were enrolled in this analysis after �ltered as mentioned
above. In addition, 136 samples from GSE37642 cohort were recruited as validation group. The detailed
clinical information (age, gender, FAB subtype, WBC, etc.) for TCGA and GSE37642 cohorts were gathered
and listed in Table 1.

Table 1 
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Clinical characteristics of AML patients in TCGA and GEO cohorts.
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Characteristics TCGA GSE37642

Gender (number)

Male

Female

 

92

80

 

Age (years)

Median

Range

 

58

18-88

 

59.5

18-85

FAB (number)

M0

M1

M2

M3

M4

M5

M6

M7

NA

 

16

44

38

16

34

17

2

3

2

 

8

29

47

7

17

19

7

1

1

WBC

Median

Range

 

16.5

0.4-297.4

 

BM-BLAST

Median

Range

 

72.5

30-100

 

Living status (number)

Dead

Alive

 

113

59

 

98

38

Overall survival (months)

Median

Range

 

17.25

0.1-118.1

 

14.68

0.07-130.63
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We extracted 14 CRGs through screening relative articles published. The expression of CRGs in AML
patients were compared with 70 control samples from GTEx database. As seen in Fig. 1a, ATP7A, ATP7B,
DLAT, DLD, FDX1, GCSH, LIAS, PDHA1, SLC25A3, and SLC31A1 were decreased, while DBT, DLST and
LIPT1 were increased with P values all less than 0.001. No obvious difference was found in PDHB
expression.

2. Prognostic values of CRGs in TCGA AML cohort
Next, we explored the prognostic values of CRGs. Kaplan-Meier analyses were performed for each CRGs
in TCGA AML cohort and the results were visualized as forest plots to display P values and hazard ratios
(HR). According to the forest plots, patients with a low-expression of GCSH or LIPT1, or a high-expression
of DLAT exhibited markedly worse overall survival rate (Fig. 1b).

3. Construction of a prognostic gene signature in AML
Since PDHB showed no difference of expression in AML patients compared with controls, only 13 CRGs
were retained for further analysis except for PDHB. LASSO Cox regression analysis was applied to
develop a prognostic model. As a result, a 3-gene signature was generated (Fig. 2a, b). The risk score was
calculated through the following formula: risk score = (-0.01161) * GCSH expression + (-0.40387) * LIPT1
expression + (0.248985) * PDHA1 expression.

To evaluate the performance of the 3-gene signature, 172 AML patients from TCGA were strati�ed equally
into low- and high-risk subgroups based on the median score calculated by the formula (Fig. 2c). Patients
in the latter group had more deaths than in the former group (Fig. 2d). In addition, Kaplan-Meier analysis
revealed that the OS time was notably different between the two groups. Relative to high-risk group,
patients in low-risk group had an advantage of higher OS (P = 0.003, Fig. 2e). We further performed time
dependent ROC analysis to evaluate the speci�city and sensitivity of the gene signature. The area under
the ROC curve (AUC) was 0.665, 0.644 and 0.611 for 1, 2, and 3-year survival, separately (Fig. 2f).

We next evaluated whether the risk model could serve as an independent prognostic factor. As shown in
Fig. 2g and h, both the univariate and multivariate Cox regression analyses implied that the risk score
was an independent prognostic factor (p = 0.0034, 0.0027, separately). These results demonstrated that a
high risk-score was able to predict independently poor survival of AML patients.

4. Validation of the risk model in GEO datasets
GSE37642 cohort was utilized as external validation. A total of 136 AML patients were classi�ed equally
into the low- and high-risk groups according to the median risk score calculated (Fig. 3a). Same to the
TCGA cohort, patients who had a high risk-score in GSE37642 were observed to have shorter survival
times than those in low-risk group (Fig. 3b). The OS rate in high-risk group was signi�cantly poorer than
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in low-risk group, as the Kaplan-Meier curves indicated (P = 0.0216, Fig. 3c). In addition, time dependent
ROC analysis showed similar AUC: 0.602, 0.621 and 0.636 for 1, 2, and 3-year survival, separately (Fig.
3d).

5. Functional analysis of DEGs between low- and high-risk
groups
To further explore risk score-associated differences of gene expression and biological functions and
pathways, we screened for DEGs between the two subgroups using R package “limma”. The criteria were
set as mentioned above, and as a result, 240 genes were identi�ed. Among them, 159 genes were
upregulated while 81 were downregulated in the high-risk group. The result was displayed in a volcano
plot (Fig. 4a).

As shown in Fig. 4b & c, GO and KEGG functional enrichment analysis were performed. The 240 DEGs
were mainly enriched in the following terms or pathways: positive regulation of in�ammatory response,
amide binding, peptide binding, osteoclast differentiation, and B cell receptor signaling pathway, etc.

A PPI network of 240 DEGs were constructed in STRING database and analyzed in Cytoscape software.
The top 3 nodes of most importance were selected: S100A9, S100A8, and LILRB2 (Fig. 4d).

6. Prediction of drug sensitivity based on the risk model
We further tested the impact of risk score on cells’ response to different drugs based on GDSC drug
sensitivity data. A total of 41 drugs were found to have a signi�cant difference of IC50 values between
low- and high-risk groups. AML patients in the high-risk group showed a worse response to all of the 41
drugs, the top 5 of which were Parthenolide, SL.0101.1, Sunitinib, KU.55933, and RDEA119, with P values
of 7.71E-06, 1.49E-05, 4.99E-05, 1.07E-04, and 1.21E-04, separately (Fig. 5a).

7. Results of immune cell in�ltration analysis
The immune cell in�ltration analysis was also performed to evaluate the correlation of risk scores with
immune cells and immune-related pathways in the TCGA cohort. We discovered that aDCs, pDCs, and
tumour-in�ltrating lymphocytes (TILs) were signi�cantly enriched in the high-risk group (Fig. 5b).
Compared to the low-risk group, some immune pathways were upregulated in high-risk group, such as
APC co-inhibition, CCR, Check-point, HLA, MHC class , Parain�ammation, and T cell co-inhibition (Fig.
5c).

Discussion
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Cuproptosis is a novel form of programmed cell death. Less is known about its role in leukemia. In this
study, we compared the mRNA levels of a total of 14 CRGs. Most of them showed a different expression
between AML patients and normal controls. Three genes including GCSH, LIPT1, and DLAT were
observed with signi�cant prognostic value separately. To further explore the role of cuproptosis in AML,
we constructed a formula via LASSO Cox regression analysis based on the expression of 3 genes: GCSH,
LIPT1, and PDHA1. The 3-gene signature had a good performance in prediction of diagnosis and
prognosis of AML in TCGA cohort. In particular, a high risk-score was related with a poor outcome. The
results were further validated in another cohort from GEO database. GCSH encodes an enzyme which
could be lipoylated by FDX1 for activation. GCSH was reduced in AML and soft tissue sarcoma [16] while
it was reported elevated in breast cancer tissues [17]. LIPT1 participates in lipoic acid metabolism
pathway [18]. Recent evidence demonstrates that LIPT1 works to transfer lipoic acid moieties from one to
another protein. PDHA1 is a component of the pyruvate dehydrogenase complex regulating pyruvate into
the TCA cycle [19]. LIPT1 and GCSH acted as tumor suppressor genes. High expression of these two
genes were correlated with better prognosis. How these genes work in the process of cuproptosis needs
further investigation.

We analyzed DEGs in AML subgroups based on risk score and found that cuproptosis may interact with
in�ammatory responses. GO and KEGG analysis indicated the DEGs were mainly enriched in
in�ammation of immune response. In addition, B cell receptor signaling pathway was also enriched. The
top 3 genes identi�ed through PPI network were all related to immune response. Among them, LILRB2
was the gene of our most interest. LILRB2 is a member of the leukocyte immunoglobulin-like receptor
(LIR) family expressed on cells of the myeloid lineage. Dendritic cells including aDCs and pDCs belong to
myeloid cells. They were enriched in high-risk group through immune cell in�ltration analysis. In
agreement with upregulation of Check-point and MHC class  immune pathways in high-risk group,
LILRB2/MHC-  serves as an innate immune checkpoint [20, 21].

LILRB2 has been reported to be involved in various cancer types. It has been observed that LILRB2
promote tumor cell proliferation and migration in several cancer types [22]. Some studies have also
shown a positive relationship between LILRB2 expression and prognosis [23, 24]. It has attracted much
attention developing drugs targeting LILRB2. Treatment with LILRB2 inhibitors could avoid immune
evasion. Its combination with PD-1/PD-L1 inhibitors could avoid emerging of drug resistance. Two
LILRB2 inhibitors, JTX-8064 and IO-108, are currently entering clinical trials (NCT04669899,
NCT05054348), and the results would be worth looking forward to.

Finally, drug sensitivity analysis was performed to explore potential therapeutic possibility of drugs. The
results demonstrated AML patients with high risk-scores exerted a worse sensitivity against anti-tumor
agents. Taken into consideration that cuproptosis showed a link with immune checkpoint, the inhibitors
of which were not included in GDSC database, it was necessary to study the possible effects of LILRB2
inhibitors.
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In summary, our research demonstrated that cuproptosis has a strong relationship with AML. The risk
scores generated by 3-gene-signature could predict the prognosis of AML well. Further investigations
should be done to explore the accuracy and signi�cance of the gene model in AML.
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Figures

Figure 1

The expression and prognostic values of the CRGs in TCGA AML cohort. a The expression of 14 CRGs
between AML patients and healthy control samples. b Forest plots of the prognostic values of 14 CRGs in
AML cohort. *** p < 0.001.
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Figure 2

Construction of risk model in the TCGA cohort. a Ten-fold cross-validation for tuning parameter selection
in the LASSO model. b LASSO regression analysis of the CRGs. c Distribution of patients based on the
risk model. d The survival status for each patient (low-risk population: on the left side of the dotted line;
high-risk population: on the right side of the dotted line). e Kaplan-Meier curves for the OS of patients in
the low- and high-risk groups. f Time-dependent ROC curves demonstrated the predictive e�ciency of the
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risk score. g Univariate Cox regression analysis for the TCGA cohort. h Multivariate Cox regression
analysis for the TCGA cohort.

Figure 3

Validation of the risk signature in the GSE37642 cohort. a Distribution of patients in the GEO cohort
based on the median risk score. b The survival status for each patient. c Kaplan–Meier curves for
comparison of the OS between low- and high-risk groups. d Time-dependent ROC curves for OCs.
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Figure 4

Functional analysis based on the DEGs between the two risk groups in the TCGA cohort. a Volcano plots
of DEGs. b Bubble plots of GO-KEGG analysis. c Chord diagram of GO-KEGG analysis together with the
expression status of each DEGs. d Top 3 hub genes identi�ed through PPI analysis.
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Figure 5

Prediction of drug sensitivity and immune cell in�ltration analysis based on the risk model. a Box plot
denote association between risk scores and the IC50 of various drugs on AML patients. b & c Comparison
of the enrichment scores of 15 types of immune cells (b) and 13 immune-related pathways (c) between
low- and high-risk group in the TCGA cohort.


