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A model based on eight iron metabolism-related genes accurately predicts acute myeloid leukemia prognosis
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Abstract: Purpose: Iron metabolism maintains the balance between iron absorption and excretion. Abnormal iron metabolism can cause numerous diseases, including tumor. This study determined the iron metabolism-related genes (IMRGs) signature that can predict the prognosis of acute myeloid leukemia (AML). The roles of these genes in the immune microenvironment were also explored. Methods: A total of 514 IMRGs were downloaded from the Molecular Characteristics Database (MSigDB). IMRGs related to AML prognosis were identified using Cox regression and LASSO analyses and were used to construct the risk score model. AML patients were stratified into high-risk groups (cluster 1) and low-risk groups (cluster 2) based on the mean value of the risk score. The accuracy and prognosis prediction potential of the risk-score model was evaluated using Kaplan-Meier and receiver operating characteristics analysis. The stromal score, immune scores, and immune cells infiltrated in AML samples were estimated using CIBERSORT, MCPcountre, and Xcell algorithms. The role of immune checkpoint genes in the AML microenvironment and the prognostic value of the IMRGs were also evaluated. Results: An AML prognosis prediction model was established based on the eight most critical IMRGs. Further analyses revealed that the model could accurately predict AML prognosis. The expression of IMRGs correlated with the infiltration of several immune cells and could influence response to certain chemotherapy drugs and immunotherapy. Conclusion: A model based on IMRGs can accurately predict the overall survival and disease-free survival of AML patients.
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Introduction

Leukemia is a common malignant tumor of the hematopoietic system classified into chronic and acute leukemia. Acute myeloid leukemia (AML) is a heterogeneous and highly fatal hematologic malignancy (Medeiros et al., 2019). AML is sometimes cured, and life can often be extended with treatment, but for most patients, the outcomes are dire or poor (Meyers et al., 2013). Despite advances in diagnostic and treatment methods, the prognosis of AML patients is unsatisfactory due to tumor cell heterogeneity and drug resistance (de Kouchkovsky and Abdul-Hay, 2016). Therefore, it is critical to identify factors that influence AML prognosis to improve the survival outcome of AML patients.

Iron is an essential dietary element that participates in maintaining normal physiological function and metabolic homeostasis (Bogdan et al., 2016). Iron metabolism is tightly regulated by the body but multiple factors, including genetics changes and the environment, can cause iron metabolic disorders (Nemeth and Ganz, 2021). Iron metabolism disorder participates in numerous pathological processes, including tumorigenesis, development, metastasis, and angiogenesis. Iron deficiency is common in patients with tumors (Torti and Torti, 2013). Increasing evidence shows that the DNA synthesis and repair induced by iron metabolism disorder and higher proliferation rate are related to the pathological cancer processes (Evstatiev and Gasche, 2012; Torti et al., 2018). Iron accumulation, as well as iron-catalytic reactive oxygen/nitrogen species and aldehydes, can cause DNA-strand breaks and tumorigenesis (Legendre and Garcion, 2015; Jung et al., 2019). Iron also participates in several types of cell death (Dixon and Stockwell, 2014), especially ferroptosis. Schonberg et al. (2015) showed that glioblastoma cancer stem-like cells can absorb iron from the microenvironment more effectively by upregulating their expression levels of ferritin and transferrin receptor 1. Iron inhibition induces DNA-strand breaks in cancer cells, underlining the relationship between iron metabolism disorder and the proliferation of cancer cells (Wang et al., 2018). Thus, there is a need to uncover the diagnosis potential and the relationship between iron metabolism-related genes in cancer prognosis and treatment response.

In the clinical setting, determining the cancer type and different stages is critical to deciding the appropriate treatment. However, conventional diagnosis methods suffer numerous intrinsic limitations. The development, progression, and treatment experimental outcome of malignant tumors are regulated by complex gene networks. Therefore, widely used machine learning algorithms are useful in identifying novel biomarkers related to cancer prognosis and immune cell infiltration, including in AML. Machine learning algorithms override the risk of overfitting presented by traditional methods.

Herein, we conducted in-depth bioinformatics analyses based on expression levels of genes and clinical data from The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) database. Information on IMRGs were obtained from the Molecular Characteristics Database (MSigDB). The risk-score system of AML was constructed and validated by identifying dysregulated iIMRGs. Moreover, the CIBERSORT deconvolution algorithm was applied between the high-risk and low-risk groups to determine immune cell infiltration. We found that subtype stratification and prognostic models based on genes related to iron metabolism could efficiently predict the prognosis and immunotherapy response in patients with AML.

Materials and Methods

Data source

A total of 514 genes related to iron metabolism were downloaded from MSigDB. The gene-expressed data set (187 tumor samples, workflow type: HTseq-FPKM, disease type: acute myeloid leukemia) was obtained from the TCGA database. The corresponding clinical information, such as tumor pathological grade and survival rate, was gained from the GEO database.

Immune infiltration analysis

The support vector machine (SVM) based CIBERSORT deconvolution algorithm, MCPcountre, and Xcell were utilized to investigate the heterogeneity of the immune microenvironment in tumors from tumor RNA sequencing data. The CIBERSORT algorithm uses linear Support vector regression to deconvolution the tumor tissue expression matrix and analyzes the cell content of each type in the tissue. Based on a known reference data set, CIBERSORT provides a default set of gene expression characteristics for 22 immune cell subtypes: LM22. MCPcounter, an R-package, calculates the absolute abundance of 8 immune cells and 2 stromal cells based on the transcriptome data. It is important to note that transcriptome data must be normalized. xCell is a powerful computational method for converting gene expression profiles into a rich fraction of 64 immune and stromal cell types across samples.

The risk score system construction and validation

Univariate Cox regression analysis was performed for the genes selected and data dimension reduction. P < 0.05 was considered to reflect a statistically significant difference. The multivariate COX analysis was used to construct risk models. The LASSO-regression model was carried out by the “glmnet” package to punish the model for implementing constraints on the objective function. Subsequently, a risk-score system was established based on normalized gene expression values of the identified genes and their coefficients.

The K-means algorithm

The K-means algorithm was performed to judge the close relationship between different samples by calculating the distance between them, and the similar samples were put into the same category. For a given sample set, the K-Means algorithm divides the sample set into K clusters according to the distance between the samples.

Kaplan-Meier survival analysis

KM survival analysis is the most commonly used method for survival analysis and gives results based on the statistical values of observed samples. First, the probability of patients surviving a certain period and surviving the next period (i.e., survival probability) was calculated, and then the survival probability was multiplied one at-a-time, which is the survival rate of the corresponding period.

The ESTIMATE algorithm

The ESTIMATE algorithm, which can estimate the stromal and immune fractions of tumor samples from expression data, was used to represent the presence of stromal and immune cells. The stromal scores and immune scores of tumor samples were added to estimate the score, which was used to estimate tumor purity.

Nomogram prediction

A nomogram is a quantitative analysis diagram that uses a cluster of disjoint line segments in plane coordinates to represent the functional relationship between multiple variables or survival probability, etc.

Statistical analysis

The Wilcoxon test, also known as the Mann-Withney-Wilcoxon test, is a nonparametric test, suggesting it does not rely on data belonging to a family of probability distributions for any particular parameter. Wilcoxon test was chosen to compare two independent groups of samples when the data was not normally distributed. The bioinformatics analysis was carried out by R v3.6.1 environment. P < 0.05 was considered statistically significant. The “survival v3.2-3” package was employed for drawing the K-M curve and COX regression analysis. The time-dependent receiver operating characteristic (tROC) and LASSO algorithms were implemented through “timeROC v 0.4” and “glmnet v4.0-2,” respectively.

Results

Identification of iron metabolism-related genes in acute myeloid leukemia

The data set for the expression of 13513 genes were acquired from the GEO database. A total of 514 IMRGs were obtained from MSigDB. According to the Venn intersection of GSE37642 and MSigDB iron metabolism genes, 427 IMRGs were identified and selected for further analysis (Fig. 1).
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Figure 1: Venn diagram of intersection of GSE37642 and MSigDB iron metabolism genes.

Identification of iron metabolism-related genes associated with prognostic

The univariate Cox regression analysis was chosen to identify iron metabolism genes significantly associated with AML prognosis. The clinical information (age, gender, and stage) and 514 IMRGs were included in the Cox regression to assess the prognostic value of IMRGs. P < 0.05 was used to the cut-off threshold, these 62 IMRGs were identified as the most valuable predictive genes for AML based on univariate cox regression analysis. The forest plot displayed the hazard ratios of IMRGs in AML patients (Fig. 2).
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Figure 2: Univariate regression forest plot of 62 prognosis-related iron metabolism genes.

Predictive analysis of prognostic subtypes

For an in-depth understanding of the molecular heterogeneity of iron metabolism genes and to examine its presented discernible patterns in AML, we enforced unsupervised consensus analysis of GSE37642 leukemia samples by setting the K-value range from 2 to 6. The k = 2 seemed to be truer, which divided AML samples into clusters 1 and 2, containing 330 and 223 leukemia samples, respectively. Next, PCA was performed to further verify the stability of clustering results. The minimum value of PAC, which is also the best K, was still 2. To evaluate the association between clustering results and clinical outcomes, we compared the IMRGs between the clusters 1 and 2 in AML patients via the K-M analysis. The K-M curve showed that the survival and prognosis information of different subtypes was significantly different. Patients in cluster 1 with higher iron metabolism-related genes had a worse prognosis than those in clusters 2 (Fig. 3). The heatmap of 62 iron metabolism genes expressed in different isoforms are shown in the Fig. 4.
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Figure 3: Predictive analysis of prognostic subtypes in leukemia. (A) Cumulative distribution function (CDF) plot. (B) K = 2 Consensus Matrix (CM) plot. (C) PAC validation plot. (D) Survival curves of different subtypes of KM.
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Figure 4: The heatmap of 62 iron metabolism genes expressed in different isoforms.

Iron metabolism genes-based clusters related to immune function

To assess the correlation between iron metabolism genes-based clusters and additional immune infiltration features, the MCPcount, CIBERSORT, and Xcell algorithms were chosen to characterize the immune status between the clusters 1 and 2. Setting a threshold of P < 0.05, we discerned 22 types of differential immune cells (DICs) among the two clusters by CIBERSORT, nine types DICs by MCPcount, and 24 DICs by Xcell (Fig. 5). The current mainstream immune infiltration calculation method is MCPcount, CIBERSORT, and Xcell. The CIBERSORT algorithm uses linear Support vector regression to deconvolution the tumor tissue expression matrix and analyzes the cell content of each type in the tissue. MCPcounter, an R-package, calculates the absolute abundance of eight immune cells and two stromal cells based on the transcriptome data. Importantly, transcriptome data must be normalized. xCell is a powerful computational method for converting gene expression profiles into a rich fraction of 64 immune and stromal cell types across samples. Figs. 5A and 5B show the significant differences in different immune cell infiltration results in cluster 1 and cluster 2. Most of the immune cells had different levels of infiltration in the two different clusters, which provided an infiltration basis for the construction of the iron metabolism risk model in this paper. The results indicated that the expression levels of immune cells were significantly different between the clusters 1 and 2.
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Figure 5: Analysis of differential immune cells between cluster 1 and cluster 2. (A) Violin diagram for comparison of the differences of 22 types of immune cells among different subtypes based on CIBERSORT algorithm. (B) MCPcountre algorithm: box chart of 9 immune cells in different subtypes. (C) Heat maps of 24 kinds of immune cells in different subtypes based on Xcell algorithm. Where, * represents p < 0.05; ** indicates that P < 0.01, *** indicates that P < 0.001, and **** indicates that P < 0.0001.

Construction and validation of iron metabolism risk score

We used LASSO regression analysis and identified a total of 35 prognostic iron metabolism genes based on 62 prognostic iron metabolism genes. Then, using P < 0.05 as the threshold, 24 iron metabolism genes were selected to perform stepwise COX regression, and eight iron metabolism model genes were identified by KM analysis. The iron metabolism risk score (IMRS) generated by the stepwise multivariate Cox regression analysis was used to calculate the regression coefficient and gene expression level of each gene (Fig. 5).

Construction prognostic model of iron metabolism-related genes

To clarify the role and clinical value of IMRGs in the prognosis of AML patients, 187 AML patients were used as a training set. Simultaneously, univariate COX regression analysis and LASSO optimization were used to estimate the risk of the prognostic model. Univariate COX regression analysis showed that 62 genes significantly associated with overall survival were identified in the training set (P < 0.05) (Figs. 6A and 6B). To determine the independent prognostic genes, multivariate Cox regression analysis for overall survival (OS) was performed among the 8-iron metabolism-related hub genes. As shown in Fig. 6C, three gene signatures (CYP2E1, SLC22A4, and HMOX2) significantly affected the OS of patients with AML.
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Figure 6: Construction of a prognostic model of iron metabolism. (A) The abscissa is the L1 penalty ratio, and the ordinate is the coefficient of the gene. (B) The abscissa is log(Lambda), the ordinate represents the cross-validation error, and the position of the dotted line on the left is the position with the smallest cross-validation error. According to this position (lambda.min), the corresponding abscissa log(Lambda) is determined, and the features are shown above. The number of genes to find the optimal log(Lambda) value. (C) Multivariate COX regression forest plot of 8 iron metabolism model genes identified by stepwise regression (8 genes establish a score, the purpose is to say that these 8 genes can be used to predict the prognosis of leukemia).

Survival outcomes of iron metabolism-related genes in different risk groups

To further analyze the estimated risk of clinical prognosis of eight iron metabolism-related genes (ATP6V1G2, ATP6VOE2, STEAP4, CYP2E1, ATP13A2, SLC22A4, ATP6VIH, and HMOX2), we calculated the risk scores of these eight target genes based on LASSO coefficient and used the median value as the critical value for survival analysis. The expression of eight iron metabolism-related genes correlated closely with HNSCC patient OS determined by Kaplan-Meier (K-M) analysis, as shown in Fig. 7 (P < 0.05; log-rank test).
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Figure 7: The KM curves of gene expression in 8 iron metabolism models.

Assessment of the risk score system in a prognostic model of iron metabolism

The IMRGs distribution in the training and test sets was quantified based on the expression levels of these genes and the regression coefficients. The IMRS distribution in GSE37642 and TCGA-LAML are respectively shown in Figs. 8A and 8D. K-M survival curves for both trial cohorts showed that the survival probability of AML patients with high-risk scores was significantly lower than that of AML patients with low-risk score (Fig. 8B and 8E). To evaluate the reliability of the prognostic model, ROC curves were drawn in GSE37642 and TCGA-LAML. The areas under the curve (AUCs) of an iron death risk score for GSE37642 were 0.73, 0.77, and 0.76, corresponding to 1, 3, and 5 years, respectively, while AUCs for the TCGA-LAML were 0.74, 0.72, and 0.71, corresponding to 1, 3, and 5 years, respectively (Figs. 8C and 8F). These results suggest that this model is a valid predictor of outcomes in AML patients.
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Figure 8: Performance evaluation of a prognostic model of iron metabolism. (A) IMRS distribution (above) and survival time status (below) in GSE37642. (B) Imrs-based prediction model and prognostic KM curve in GSE37642. (C) 1-, 3-, and 5-year ROC curves based on genetic prognostic characteristics in GSE37642. (D) IMRS distribution (above) and survival time status (below) in TCGA-LAML. (E) TCGA-LAML prediction model based on IMRS and prognostic KM curve. (F) 1, 3, and 5-year ROC curves based on genetic prognostic characteristics for TCGA-LAML.

Correlation between iron metabolism prognostic model and immune microenvironment

The occurrence of tumors is not only related to the proliferation and growth of tumor cells but also to the growth of infiltrating inflammatory cells. The occurrence, development, and prognosis of malignant tumors is often found to be related to inflammatory response and cellular immunity. Immunotherapy of-L1 expression is also gradually applied in clinical practice. Nonetheless, the relationship between immune cells in cancer tissue and the progression and prognosis of cancer is still not clear. Therefore, it is necessary to study the relationship between immune cells in tumors and the associated prognosis. Concurrently, although the current TNM analysis system is the gold standard for malignant tumor treatment selection and prognosis evaluation, in clinical practice, many patients with the same TNM stage have different prognostic outcomes. This suggests that a single TNM stage may not be able to comprehensively and accurately predict the prognosis of patients, making it necessary to explore more effective prognostic indicators. On the other hand, TNM staging cannot evaluate the response of patients to treatment. Therefore, it is necessary to explore the correlation between the intratumoral infiltration of immune cells and the prognosis of malignant tumors, and further research is needed to further discover the relationship and mechanism of inflammation, immunity, and tumor progression. More importantly, in the future treatment and prognostic evaluation system of malignant tumor patients, whether the immunity to leukemia should be regarded as an independent prognostic evaluation standard, combined with the expression level of PD-1/PD-L1, as a comprehensive score standards, thereby opens new ideas for the prevention and treatment of malignant tumors. To explore the correlation between IMRGs prognostic model and immune infiltration in AML, the immune score and matrix score were calculated based on the estimate algorithm. The immunoscore, stroma score, ESTIMATE score, and tumor purity were compared in high-risk and low-risk groups, as shown in Fig. 9A. In addition, the HLA family genes and immune checkpoint (ICs) were both compared between the high-risk and low-risk groups; the expressions of HLA-B, HLA-G, and HLA-J in the high-risk group were significantly different from that in the low-risk group (Fig. 9B). Moreover, immune checkpoint (ICs) was compared between the two groups (Fig. 9C). The results showed that LAG3 expression in the high-risk group was significantly different from that in the low-risk group. Heatmap of correlations between iron metabolism risk scores and HLA family differentially expressed genes (HLA-B, HLA-G, and HLA-J) and immune checkpoint differentially expressed genes (LAG3) are shown in Fig. 9D. These results suggest that the prognostic characteristics associated with iron metabolism-related genes are associated with immune infiltration.
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Figure 9: Correlation between iron metabolism prognostic model and immune microenvironment. (A) Immune score, stroma score, and tumor purity in the high- and low-risk groups. (B) Box diagram of HLA family genes expression differences between high-risk and low-risk groups. * represents p less than 0.05; ** indicates that P is less than 0.01, *** indicates that P is less than 0.001, and **** indicates that P is less than 0.0001. (C) Box plot of differential expression of immune checkpoints (ICs) in high-risk and low-risk groups. (D) Heat map of iron metabolism risk score associated with differential HLA family genes and immune checkpoints.

Chemotherapeutic drug sensitivity and immunotherapy efficacy analysis

To explore the sensitivity of AML patients to chemical drugs (IC50 value denoted sensitivity), we estimated the sensitivity of each patient to chemotherapy drugs from the Cancer Drug Sensitivity Genomics database (GDSC database). Drug sensitivity (IC50 value denoted sensitivity) was quantified by pRRophetic package of R. After that, the Wilcoxon test was used to compare the difference in IC50 of six common leukemia chemotherapy drugs (vinblastine, methotrexate, mitomycin, cisplatin, cyclopamine, and doxorubicin) between the high and low-risk groups. Only four drugs (doxorubicin, cisplatin, methotrexate, and cyclopamine) had significant sensitivity differences between the two groups (Figs. 10A–10D). The database of Tumor Immune Dysfunction and Exclusion (TIDE) was analyzed for the therapeutic effect of immunotherapy and the predicted response of each patient to immunotherapy was represented by the TIDE score, and the TIDE score of each patient was returned. Then, the correlation analysis between iron metabolism risk score and TIDE score showed that the a very significant correlation of the IMRS with the TIDE score (R = 0.12, P = 0.0045).
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Figure 10: Chemotherapeutic drug sensitivity and immunotherapy efficacy analysis. (A–D) Comparison of IC50 differences among 4 chemotherapeutic agents in the high and low risk groups. (E) Comparison of TIDE score differences in high and low risk groups. (F) Correlation analysis between iron metabolism risk score and TIDE score.

Analysis of iron metabolism risk score mutation status

The information data related to LAML gene mutation were downloaded from the TCGA database. The mutation frequency of each gene in the included LAML samples was counted, and the top20 mutation frequencies in the LAML samples were visualized (Fig. 11A). Then, the TMB values of the LAML samples were calculated, and the comparison of TMB differences between the high and low groups revealed that the TMB values of the LAML samples in the high-risk group were significantly different from that in the low-risk group (P = 0.014) (Fig. 11B). Scatter plot of correlation between IMRS and TMB as shown in Fig. 11C, the correlation coefficient R value was −0.23 (P = 0.026).
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Figure 11: Mutation status analysis of IMRS. (A) Display of mutations of Top20 genes in different risk groups. (B) Box diagram of TMB value comparison between High and Low risk groups. (C) Scatter diagram of correlation between IMRS and TMB.

Independent prognostic analysis and the construction of rosette

Based on GSE37642 clinical information, the AGE, RUNX1_MUTATION, IMRS, and Cluster were included in the construction of the linographic survival model (Figs. 12A and 12B). The nomogram was constructed to predict 5-year expected survival for patients with AML based on univariate and multivariate regression analysis (Fig. 12C). The emergence of individualized prediction charts based on multiple factors can improve the accuracy of prediction and also calculate the survival rate of each patient, providing important information for out-of-hospital prevention and treatment as well as follow-up monitoring.
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Figure 12: Independent prognostic analysis and the construction of rosette. (A and B) Clinical factors selected. Univariate and multivariate Cox regression forest maps for clinical factors, IMRS, and clusters. (C) Nomogram of independent prognostic factor survival prediction model. (D) Line graph The consistency lines of one-year, three-year and five-year predicted survival rates and actual survival rates. The horizontal axis represents the predicted survival rate, and the vertical axis represents the actual survival rate.

Discussion

AML is a highly prevalent and fatal heterogeneous hematologic malignancy (Papaemmanuil et al., 2016). The tumor is also metastatic and highly recurrent despite effective treatment with radiotherapy and chemotherapy, among other modes. Generally, the current tumor staging systems fails to adequately predict the prognosis of numerous cancers, underlying the need for urgent identification of biomarkers for accurate tumor diagnosis and prognosis. Growing evidence shows that aberrant iron metabolism participates in AML initiation, progression, and infiltration of immune cells to the microenvironment (Kennedy et al., 2014; Benadiba et al., 2017; Hagag et al., 2018). Numerous studies have implicated dysregulated expression of IMRGs in cancer progression (Li et al., 2020; Zhu et al., 2021; Song et al., 2022). Therefore, iron metabolism is a potential target for clinical diagnosis and treatment of AML. Most studies have focused on the regulatory role of iron metabolism on tumorigenesis and its potential for cancer treatment. However, IMRGs that are related to AML prognosis have not been elucidated.

In the present study, we used sequences to identify IMRGs for potential AML diagnosis and prognosis prediction. Sequences A for 514 IMRGs were downloaded from MSigDB. Venn interaction between MSigDB and GSE37642, and 427 iron metabolism related genes were examined. Among these, 62 genes were identified as potential markers for leukemia prognosis. To evaluate the prognostic potential of our model, AMLs were classified into high and low-risk groups using unsupervised cluster analysis based on the medium-risk scores. We found a significant difference in the survival and prognosis between AML patients in high and low-risk groups. Further analyses showed no difference in the infiltration of M1 macrophages between patients of clusters 1 and 2, but patients in cluster 1 displayed higher infiltration of M2 macrophages, which might explain the difference in prognosis between patients of clusters 1 and 2. Therefore, M2 macrophages are potentially promising targets for inhibiting tumor growth. Iron metabolism disorder has a crucial role in the initiation and development of cancer. Thus, a related model can accurately predict AML prognosis. In the present study, LASSO regression analysis identified 35 iron metabolism-related genes associated with AML prognosis. Among these, 24 genes were selected for stepwise regression analysis. Eight of these genes (ATP6V1G2, ATP6VOE2, STEAP4, CYP2E1, ATP13A2, SLC22A4, ATP6VIH, and HMOX2) were shown to be most associated with AML patients. Among them, four genes encode subunits of a vacuolar-ATPase. The vacuolar-ATPase is a proton pump expressed both in the membrane of intracellular organelles and the plasma membrane. It is an important regulator of organellar functions, intracellular molecular trafficking, intercellular communication, and intracellular signaling, and is therefore, a possible therapeutic target in the treatment of leukemia. Further analyses were performed to assess whether the 8-gene risk score model was an independent predictor of AML. We found that the OS of AML was shorter for patients in the high-risk cluster than in the low-risk cluster, suggesting that eight models of IMRGs is an independent predictor of AML prognosis. Multivariate Cox regression analysis revealed comparable findings. Overall, these eight genes could accurately stratify patients into high and low-risk subgroups and, thus, can potentially guide appropriate treatment selection.

Apart from tumor cells, many other cells, such as normal stromal cells, immune cells, vascular endothelium, and blood cells, among others, are present in the tumor tissue (Yoshihara et al., 2013; Becht et al., 2016; Zhang et al., 2020). Among them, the immune and the stromal cells are the most important, and participate in tumor growth, invasion, immune escape, and drug resistance. Therefore, the proportion or abundance of immune, stromal, and tumor cells in tumor tissues is of great clinical significance. Our results reveal significant differences in the immune score, stromal score, and tumor purity between patients of clusters 1 and 2. Also, infiltrations of immune cells (or the listed parameters) and the phenotype were strongly associated. The results also revealed a significant difference in the expression of immune checkpoints LAG3 between cluster 1 and 2 AML patient groups, implying that immunotherapy works better for them. The above findings underline the significance of iron metabolism-related genes in predicting or influencing immunotherapeutic efficacy for AML patients.

Chemotherapy remains the standard option for AML treatment. In this study, the efficacies of six common chemotherapeutic drugs for AML patients on iron metabolism mode, including vinblastine, methotrexate, mitomycin, cisplatin, cyclopamine, and doxorubicin in high and low-risk groups, were compared using Wilcoxon text to reveal that the C2 pattern was more sensitive to these chemotherapeutic drugs than the C1 pattern. Naive B cells are poor APCs, which was, however, attributed to the lack of expression of costimulatory molecules, as dendritic cells, rather than naive B cells, are responsible for the activation of antigen-specific T helper cells during initiation of antibody responses. Neutrophils are myeloid-derived and they are key mediators of leukemogenesis and resistance to chemotherapy. These findings provide a reference for the selection of clinical chemotherapy drugs.

Overall, we established and validated a highly accurate risk score AML prognosis prediction based on IMRGs. Also, the expression pattern of IMRGs was related to clinicopathological features of AML. Collectively, these findings identified promising therapeutic targets for AML treatment.
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