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ARTICLE INFO ABSTRACT

Keywords: Purpose: The objective of this study was to provide theoretically feasible strategies by under-
Prognosis ) ) standing the relationship between the immune microenvironment and the diagnosis and prog-
Acute myeloid leukemia nosis of AML patients. To this end, we built a ceRNA network with IncRNAs as the core and

Long noncoding RNA
Immune microenvironment
Predictive model

analyzed the related IncRNAs in the immune microenvironment by bioinformatics analysis.
Methods: AML transcriptome expression data and immune-related gene sets were obtained from
TCGA and ImmPort. Utilizing Pearson correlation analysis, differentially expressed immune-
related IncRNAs were identified. Then, the LASSO-Cox regression analysis was performed to
generate a risk signature consisting immune-related IncRNAs. Accuracy of signature in predicting
patient survival was evaluated using univariate and multivariate analysis. Next, GO and KEGG
gene enrichment and ssGSEA were carried out for pathway enrichment analysis of 183 differ-
entially expressed genes, followed by drug sensitivity and immune infiltration analysis with
pRRophetic and CIBERSORT, respectively. Cytoscape was used to construct the ceRNA network
for these IncRNAs.

Results: 816 common IncRNAs were selected to acquire the components related to prognosis. The
final risk signature established by multivariate Cox and stepwise regression analysis contained 12
IncRNAs engaged in tumor apoptotic and metastatic processes: LINC02595, HCP5, AC020934.2,
AC008770.3, LINC01770, AC092718.4, AL589863.1, AC131097.4, AC012368.1, C1RL-ASI,
STARD4-AS1, and AC243960.1. Based on this predictive model, high-risk patients exhibited
lower overall survival rates than low-risk patients. Signature IncRNAs showed significant corre-
lation with tumor-infiltrating immune cells. In addition, significant differences in PD-1/PD-L1
expression and bleomycin/paclitaxel sensitivity were observed between risk groups.

Conclusion: LncRNAs related to immune microenvironment were prospective prognostic and
therapeutic options for AML.

1. Introduction

Acute myeloid leukemia (AML) is one of the most aggressive hematologic malignancies, characterized by aberrant molecular
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heterogeneity and accumulation of immature myeloid progenitor cells in the bone marrow and peripheral blood [1]. The 5-year overall
survival (OS) for adults with AML under 60 years of age receiving conventional treatment was approximately 40%, while the median
survival time for elderly AML patients (>60 years) was roughly 5-10 months [2]. Chemotherapy is the “gold standard” for treating
AML, but most patients experience relapse or death after initial remission. Despite extensive attempts, the overall prognosis for in-
dividuals with AML remains dismal with a 5-year OS <30% [3-5]. Hence, there is an urgent need to identify reliable prognostic and
targeted therapeutic indicators for AML.

Immune microenvironment plays a key role in tumor development and therapeutic response in many cancers, and interactions with
AML cells are important for the remission of conditions such as chemoresistance and disease recurrence, and the ability of immu-
nological microenvironment to regulate immune damage may increase AML patients’ chances of survival [6]. Immune checkpoint
molecules, including programmed cell death-1 (PD-1) and programmed cell death ligand-1 (PD-L1), play important roles in onco-
genesis by maintaining an immunosuppressive tumor microenvironment [7]. With the advancement of detection technology for
specific immune microenvironment components [8], the therapeutic approaches to AML have been broadened, facilitating research on
patient immune microenvironments and enabling researchers to overcome various immunosuppressive processes [9]. Despite the
correlation between many cytogenetic abnormalities with poor prognosis and an increased risk of relapse following treatment, there
are still individuals who relapse without unfavourable risk factors [1]. Thus, additional research is required to completely elucidate the
molecular mechanisms of AML immune microenvironment. The widespread genomic heterogeneity revealed by current sequencing
work in AML has been shown to contribute to prognosis [10], encouraging us to more accurately evaluate the prognosis of AML
patients by optimizing biomarkers.

The competitive endogenous RNA (ceRNA) network has been shown to be ubiquitous in the post-transcriptional regulation of gene
expression and has attracted widespread attention for its role in suggesting the pathogenesis and prognosis of AML [11]. Long
non-coding RNA (IncRNA) is a 200bp-100Kbp transcript product. It binds to unusual and uncharacterized DNA conformation, also
impacts AML cell proliferation, apoptosis, and cell cycle. LncRNA affects bone marrow hematopoietic cell development and may be a
biomarker for AML’s progression and survival [10]. In AML, it is postulated that ceRNAs compete for distinct types of RNA binding
sites, thereby influencing the progression and pathogenesis of AML via mutual regulation of expression levels. LncRNAs, being a
critical constituent of the ceRNA network, exert a pivotal regulatory influence on AML. Numerous investigations have demonstrated
that specific IncRNAs can influence the levels of leukemia-related gene expression through ceRNA antagonism with microRNAs
(miRNAs), thus regulating indirectly the inhibitory effects of miRNAs on other target RNAs. Among other biological processes, these
IncRNAs may regulate cell proliferation, differentiation, apoptosis, and other critical pathogenesis-related processes in AML [12].

Accumulating evidence suggests that IncRNA is a major mediator and effector of epigenetic alterations in AML, leading to extensive
exploration of the role of IncRNA in AML [13]. LncRNA is a recently discovered class of noncoding RNAs that possess mRNA-like
transcripts lacking protein-coding potential [14]. This means that incorporating IncRNA into preclinical models is essential for the
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Fig. 1. Workflow chart.
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Fig. 2. Determination of prognostic immune-related IncRNAs in AML. (a) Volcano map of 812 IncRNAs associated with immune-related genes. The
abscissa difference represents Pearson correlation coefficient, and the ordinate represents -log10(P). Dots represent immune-related IncRNAs. The
blue and red dots represent IncRNAs that meet the threshold, indicating a negative and positive correlation trend with immune-related genes,
respectively; (b) bubble diagram of IncRNA functional enrichment. The color represents the enrichment results of different subclasses; (c, d) LASSO
screening for characteristic genes: (c) the abscissa represents the percentage of residuals explained by the model, demonstrating the relationship
between the number of characteristic genes and the percentage of residuals explained (dev), and the ordinate represents the gene coefficient; (d) the
abscissa represents log (Lambda), while the ordinate represents the error of cross validation. The cross validation error at the left dashed line is the
smallest. The optimal log (Lambda) value is determined based on this position (lambda. min). Then the corresponding genes and their coefficients,
as well as the proportion of residual explained by the model are discovered according to the number of characteristic genes displayed; and (e) forest
map of multivariate Cox analysis. The position of the black square represents the HR value of each gene, with the dashed line on the right indicating
HR > 1 and on the left indicating HR < 1. The line segments on both sides of the square represent the 95% confidence interval of the HR value. HR,
hazard ratio.

discovery of prognostic biomarkers. Indeed, growing evidence has revealed that IncRNAs are intimately implicated in tumorigenesis,
progression, prognosis, and drug resistance/sensitivity [15], and they are emerging as key regulators in the immune system, especially
in inflammatory immune responses and immune-related pathways [16]. Although research on IncRNAs in AML is still in its infancy,
evidence of their involvement as essential mediators and effectors of epigenetic changes has spurred epigenetics research [13].
LncRNAs in the immune microenvironment are one of the most extensively studied kinds, regulating gene expression at the epigenetic,
transcriptional, and post-transcriptional stages [15]. In AML, IncRNAs regulate the inflammatory immune response, B-cell activation,
and vaccination response-related immunological pathways [16]. However, there is insufficient evidence for immune-related IncRNAs
to predict AML prognosis and therapy, and their roles in the AML immune microenvironment has not received sufficient attention and
warrant additional study.

For this purpose, we obtained the transcriptome expression data and clinical information for patients with AML from The Cancer
Genome Atlas (TCGA) and accessed the Immunology Database and Analysis Portal (ImmPort) for immune-related gene sets. Then, a
12-immune-related IncRNA signature was constructed after the least absolute shrinkage and selection operator (LASSO) Cox regression
analysis, and forest plot for each factor was used to build the multivariate Cox model using multivariate Cox analysis and stepwise
regression analysis. Our following findings demonstrated the potential prognostic significance of a signature of 12 IncRNAs in AML.
Fig. 1 depicts the workflow in detail.

2. Results
2.1. Construction of independent prognostic model containing 12 IncRNAs

We downloaded transcriptome data [normalized log(FPKM+1, 2)] and clinical information of 283 AML patients from TCGA re-
pository as the main body of bioinformatic analysis. After excluding 151 cases with insufficient clinical data, 132 samples were
included in the final analysis, randomly devided into training set and validation set.

Initially, Pearson correlation analysis was conducted with the aim of finding immune-related IncRNAs with differential expression.
Using |r|>0.6 and P < 0.001, 812 IncRNAs present in both databases were identified for subsequent screening (Fig. 2a and b). Long
noncoding RNA enrichment analysis (LncSEA) revealed these IncRNAs implicated in tumor apoptotic and metastatic processes. After
one-way Cox regression and LASSO analysis, we screened out 18 immune-related IncRNAs associated with prognostic for prediction
signature construction (Fig. 2c and d), among which 12 were further identified as prognostic biomarkers for model construction via
multivariate Cox analysis and stepwise regression analysis: LINC02595, HCP5, AC020934.2, AC008770.3, LINC01770, AC092718.4,
AL589863.1, AC131097.4, AC012368.1, C1RL-AS1, STARD4-AS1, and AC243960.1. Forest plots for each selected IncRNA were
displayed in Fig. 2e. Next, we used Kaplan-Meier curves to depict the association between risk score and survival by classifying the
TCGA samples into high- and low-risk groups. Fig. 3a—c displays the statistically significant differences between the two groups (P <
0.05). Evidently, the number of death cases increased distinctly as the risk score rose. Area under receiver operating characteristic
(ROC) curve (AUC) at 1-, 2-, and 3-year OS in the training set was 0.897, 0.855, and 0.948, respectively (Fig. 3d). This was confirmed in
the validation set and in all samples (Fig. 3e and f), indicating the model’s efficacy. Fig. 3g—i illustrated the model effect in the form of a
risk curve. The above results demonstrated that the risk score is a reliable indicator of predicting OS in AML.

2.2. Verification of the accuracy of the immune-related IncRNA signature

In this section, we applied a series of strategies to guarantee the signature’s accuracy as a predictive tool. First, Cox independent
prognostic analysis identified age and risk score as independent prognostic indicators for AML patients over other clinical charac-
teristics (Fig. 4a), including French American British, gender, and race (Table 1). Furthermore, the scores based on the two variables
age and risk score were added to arrive at the total score (TotalPoint) for forecasting the 1-, 3-, and 5-year OS of AML. Fig. 4b-c
depicted the predicted results as column line graphs, with higher scores implying a shorter OS. Using the aforementioned predictive
model, a calibration curve was generated, and the concordance index was calculated to be 0.7467 (95% confidence interval [CI],
0.695-0.798). These findings supported the superior predictive ability of the risk score, which can be applied to all patients with AML.
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Fig. 3. Construction and validation of risk models. Survival analysis of high- and low-risk groups in the training set (n = 92), (b) validation set (n =
40), and (c) all patient samples (n = 132); ROC analysis results at 1, 2, and 3 years for (d) the training set, (e) validation set, and (f) all patient
samples; and risk curves at 1, 2, and 3 years for (g) training set, (h) validation set, and (i) all patient samples. ROC, receiver operating characteristic.
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Fig. 4. Prognostic analysis. (a) Independent prognostic factors using Cox analysis of forest maps; (b) nomogram of the prognosis influencing factors
prediction results; (c) correction curves for prediction results of prognostic factors; (d) differential volcano map; (e) GO and (f) KEGG enrichment of
differential expression genes; and (g) GO_BP pathway interaction network.

2.3. Exploration on the mechanism of immune-related IncRNA in AML

To investigate the specific mechanism of immune-related genes affecting AML, the R software “limma” package was used to
evaluate differentially expressed genes (DEGs) between high- and low-risk groups using Fold Change >1.5 and P < 0.05 as the
screening thresholds, and a total of 183 DEGs were discovered, including 49 down-regulated genes and 134 up-regulated genes
(Fig. 4d). For exploring the enrichment of DEGs pathways, results showed that the top 10 Gene Ontology (GO) terms with the most
enriched signaling pathways were: positive regulation of cell activation, positive regulation of leukocyte-cell adhesion, processing and
presentation of peptide or polysaccharide antigens via major histocompatibility complex (MHC) class II antigens, positive regulation of
T cell activation, processing and presentation of exogenous peptide antigens via MHC class II antigens, and immune receptor activity
(Fig. 4e).
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Table 1
The enrichment results for various subclasses.
Univariate analysis Multivariate analysis
Variable HR 95%CI P HR 95%CI p
Age 1.0348 1.0188-1.0511 0.0000 1.0307 1.0146-1.0470 0.0002
French American British 1.0625 0.9206-1.2261 0.4073 - - -
Gender 0.9624 0.6196-1.4949 0.8644 - - -
Race 0.8852 0.5469-1.4330 0.6198 - - -
Risk score 1.0792 1.0581-1.1008 0.0000 1.0734 1.0520-1.0953 0.0000

HR, hazard ratio; CI, confidence interval.

Similarly, Kyoto Encyclopedia of Gene Genomes (KEGG) analysis demonstrated these DEGs regulate immune response-related
pathways such as the PI3K-Akt signaling pathway, p53 signaling pathway, Th17 cell differentiation, Th1l and Th2 cell differentia-
tion, AML, and chemokine signaling pathways. In addition, these DEGs were engaged in Epstein-Barr virus infection and human T-cell
leukemia virus 1 infection (Fig. 4f). To further explore the functions and relationships of the aforesaid DEGs in biological process, the
Cytoscape software module ClueGO + CluePedia enriched 36 GO biological process terms for 183 DEGs, comprising 43 pairs of
reciprocal GO term connections, as visualized in Fig. 4g.

2.4. Immune-related IncRNAs can influence immune microenvironment of AML

Moreover, we used single-sample gene set enrichment analysis (ssGSEA) and CIBERSORT to determine if immune-related IncRNAs
have any relation to tumor-infiltrating immune cells in AML. For each TCGA-AML sample, the proportions of 22 tumor-infiltrating
immune cells were determined; T cells gamma delta and mast cells resting showed substantial difference (P < 0.05) between low-
and high-risk groups (Fig. 5a-b). To further investigate the infiltration of immune cells in the AML immune microenvironment, we used
the CIBERSORT tool to calculate the relative abundance of diverse immune cells based on the transcriptome data of all samples.
Multiple immune cell markers, such as APC coinhibition, APC costimulation, CCR, human leukocyte antigen (HLA), MHC class I,
parainflammation, T helper cells, Tfh, Treg, and Type I interferon response, were found to have significantly distinct correlations with
immune-related IncRNAs in low- and high-risk groups (Fig. 5c). Specifically, HCP5 showed the strongest positive association with MHC
class I (r = 0.68, P = 2.34e-20), whereas AC008770.3 demonstrated the strongest negative association with parainflammation (r =
—0.50, P = 7.87e-10) (Fig. 5d-1).

2.5. Analysis and exploration of subtypes based on the immune-related IncRNAs

We investigated a new subtype classifying method of AML using the risk score, and all the samples were divided into two groups in
this way. Analysis of the expression levels of six common immune checkpoints between two groups revealed significant differences in
PD-1 and PD-L1 expression (Fig. 5g). In the chemotherapeutic drug sensitivity analysis, there were also distinct differences in the half-
maximal drug inhibitory concentration (IC50) of bleomycin and paclitaxel between risk groups (Fig. 5h).

2.6. Key ceRNA network

In order to find out the upstream and downstream regulatory factors of immune-related IncRNAs, we constructed the ceRNA
network of 12 IncRNAs included in the signature. We eventually got 186 miRNAs and 622 mRNAs, and cytoscape software was used to
visualize the interactions of them (Fig. 6a). The signaling pathway enrichment analysis of these mRNAs showed that immune-related
IncRNAs may be involved in the regulation of protein phosphorylation, cancer-related pathways, MAPK signaling pathway, hormone
response, and also related to miRNA in the tumor (Fig. 6b). Fig. 6¢ and d depicted the links between the enriched terms.

3. Discussion

AML comprises a diverse collection of hematological malignancies, all of which have been definitively linked to mutations
occurring in various genes implicated in cellular processes such as proliferation, differentiation, and apoptosis. AML cells have evolved
various strategies to elude the detection and elimination by the host immune system. For instance, cancer stem cells may utilize
immune evasion mechanisms to regulate the tumor immune microenvironment (TIME) and may also interact with TIME to expedite
the progression of the disease [17]. Despite the fact that numerous malignancies have demonstrated the critical role of the immune
microenvironment in tumorigenesis, progression, and therapeutic response, its precise function in AML remains obscure. The
abnormal expression of diverse biological activities of IncRNA, an essential prognostic biomarker in the biological and pathological
processes of AML, is associated with the development and clinical outcome of AML and has the potential to aid in diagnosis and
prognosis [4,18]. The involvement of IncRNA in tumorigenesis and immune responses is especially noteworthy. Cell type-specific gene
expression and other functional evidence support the view that IncRNA has unique biological activity in the AML immune micro-
environment [19]. This highlights the importance of investigating immune-related IncRNAs and developing risk prediction models for
AML prognosis. We obtained immune-related IncRNAs with differential expression in AML from relevant databases and used them to
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results of IC50.

build a predictive model for AML risk prediction. Additionally, we identified upstream and downstream regulatory factors of
immune-related IncRNAs and investigated how immune-related genes affect AML.

The ceRNA network mechanism significantly contributes to the classification and prognosis of tumor risk and promotes tumor
occurrence and development. Despite the fact that miRNA, circRNA, and IncRNA are all implicated in the pathogenesis of AML,
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Fig. 6. The ceRNA screening. (a) ceRNA network diagram; (b) functional enrichment column diagram of target genes; and (c-d) target gene
enrichment network diagram in the ceRNA network. The color on the left represents the enrichment pathway, and the color on the right represents
the P-value size.

comprehensive analyses of the ceRNA network of circRNA-IncRNA-miRNA-mRNA in AML prognosis continue to be scantly published
[19,20]. LncRNA expression is an important predictive indicator in the biological and pathological process of AML [4,18]. Some
studies have used the tumor immune microenvironment classification to determine the extent of cellular infiltration in AML immune
microenvironment and developed prognostic models based on this information, but these efforts have been limited by only involving
cell components without considering genes [21]. This study developed and validated a differential immune-related IncRNAs-based
prognostic model. The results of the verification indicate a positive correlation between the manifestation of biomarkers and the
prognosis of the patient. Its significance lies in the fact that it may reveal whether the patient’s present treatment regimen is associated
with an improved prognosis. A study [21] devised the TIME classification to assess the extent of cell infiltration and developed and
validated prognostic models in response to the identification of numerous cellular components in the immune microenvironment of
AML. This was, nevertheless, restricted in scope by its focus solely on cellular components and its failure to account for the influence of
heredity.developed and validated prognostic models utilizing the TIME classification to assess the extent of cell infiltration. This was,
nevertheless, restricted in scope by its focus solely on cellular components and its failure to account for the influence of heredity. Zhong
et al. [22] created a m6A-related IncRNA risk model for independent prediction of OS in AML patients, correlated with clinicopath-
ological features and immune infiltration, suggesting that IncRNAs evaluated with this methodology could predict outcomes and
develop immunotherapies for AML patients. The tiny number of IncRNAs they initially retrieved led to unrepresentative conclusions.
Instead, we selected immune-related IncRNAs for modeling and identified their associations with tumor immune infiltration to
improve AML patients’ prognosis and immunotherapy response, demonstrating the importance of IncRNAs in assessing tumor immune
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infiltration. As shown by the validation set and all samples, high-risk patients had substantially shorter OS than low-risk individuals.
The risk and calibration curves confirmed the ability to effectively predict survival outcomes. The combination of risk scores and
clinicopathological variables provide individualized, effective patient outcome monitoring. Our model’s predictive performance better
reflects AML patients” OS, which facilitates identifying immune regulation prospects and therapeutic targets.

Through an exhaustive search of TCGA and GEO databases, we identified five of the twelve IncRNAs screened in this investigation
that had previously been documented in the context of blood diseases: LINC02595, HCP5, AC092718.4, C1RL-AS1, and STARD4-AS1.
HCP5, which is positively correlated with a bleak prognosis and is significantly expressed in AML, has been implicated in the path-
ogenesis of the disease. It is anticipated to pave the way for a novel approach to targeted therapy of AML.

The IncRNA STARD4-AS1, which is implicated in the JAK/STAT cascade, has been identified in patients with myelodysplastic
syndrome [23]. While MHC_class_I, AC008770.3, and parainflammation are associated with the prognosis of malignant tumors, he-
matological diseases have not yet been the subject of research in this area [24,25]. Confirming the use of the remaining seven IncRNAs
in hematological diseases is necessary for the development of novel approaches to AML therapy. Inferring the characteristics from the
most significant positive and negative correlations between the HCP5 gene and MHC _class I cells and the AC008770.3 gene and
parainflammation cells, respectively, this study analyzed the correlation between the aforementioned immune cells and characteristic
genes. HCP5 and AC008770.3 genes potentially regulate the progression of AML mediated by immune cells. Gradually elucidating the
functions and mechanisms of the an increasing number of biomarkers identified in AML will facilitate a more comprehensive analysis
of the immune microenvironment characteristics of AML patients and offer novel avenues for the development and implementation of
therapeutic strategies.

In addition, AC008770.3 showed the strongest negative association with parainflammation in this study. Although MHC class I,
parainflammation, and AC008770.3 are related to the prognosis of malignancies, there lacks relevant reports in the field of hematology
[24,25]. Several other IncRNAs have previously been described in malignant diseases. Patients with myelodysplastic syndrome exhibit
elevated levels of STARD4-AS1, which is implicated in the JAK/STAT cascade response [23]. LINC02595 is identified as an oncogene in
colorectal cancer, which may exerts its effect on the NF-xB signaling pathway [26]. Chen et al. [27] discovered that knockdown of
AC092718.4 by siRNA substantially inhibited tumor cell proliferation and accelerated cell apoptosis, indicating its potential as a lung
adenocarcinoma biomarker. CIRL-AS1 was reported associated with tumor necrosis factor, tightly associated with the regulation of
tumor immune therapy, and could serve as an independent prognostic biomarker in glioblastoma multiforme [28]. Further research is
required to confirm the roles of these IncRNAs in hematological disorders for gaining new insights into the development of innovative
AML treatments. This will assist describe the AML immune microenvironment and provide new opportunities for medication selection
and implementation.

Due to the scarcity of AML treatment options, researchers have combined ex vivo drug sensitivity with genomics, transcriptomics,
and clinical annotation for large cohorts of AML patients to uncover functional genomic correlations, making transcriptomic profiling-
based genetic marker identification a promising approach for tracking cancer prognosis [29]. The majority of individuals with AML
have resistance to conventional chemotherapy; combination therapy with targeted molecular inhibitors seems promising. In this study,
we utilized LASSO Cox regression analysis to inform the development of an immune microenvironment-related risk model comprising
12 immune-related IncRNAs. In addition, risk curves and calibration curves validated its predictive capability with regard to patient
outcomes. The integration of risk scores and clinicopathological factors presents the potential for individualized prognostic monitoring
applications. In contrast to previously documented models, our model exhibits superior predictive performance in discerning the OS of
AML patients, elucidating potential immune regulation prospects, and facilitating the identification of druggable targets in AML
patients.

High- and low-risk patients showed substantial variations in PD-1 and PD-L1 expression. Thus, individuals with poor response to
inhibitors targeting PD-1 and PD-L1 may benefit from drugs that block PD-L2, CTLA4, CD80, and CD86. From this perspective,
pertinent characteristics of immune checkpoints may indicate AML patients’ immune status and highlight potential immunothera-
peutic implications, although the underlying mechanisms require further investigation.

In addition, the drug sensitivity analysis showed risk group variations in bleomycin and paclitaxel IC50s. Current research focuses
on the relationship and mechanism between IncRNAs and tumor immune microenvironment, aiming to explore the potential appli-
cation and prospect of drug metabolism pathway in it [30]. Multiple mechanisms allow bleomycin and paclitaxel to achieve thera-
peutic objectives by inducing cell necrosis or apoptosis in AML, raising the possibility that they could be candidates for AML [31,32];
nevertheless, numerous concerns remain about the efficacy, safety, and relevance to patient prognosis.

LncRNA exerts the role of ceRNA by inhibiting its miRNA target genes [26]. The ceRNA network’s function in clarifying the
pathophysiology and prognosis of AML has attracted considerable attention, thanks to its widespread existence in the
post-transcriptional modulation of gene expression [11]. The ceRNA network mechanism promotes tumorigenesis and progression,
and contributes to tumor risk classification and prognosis. AML pathogenesis involves miRNAs, circRNAs, and IncRNAs, but
comprehensive analysis of circRNA-IncRNA-miRNA-mRNA ceRNA network in AML prognosis is rarely reported [11,33]. Herein, our
ceRNA network with IncRNAs as the centre indicated that immune-related IncRNAs may be involved in the regulation of protein
phosphorylation, cancer-related pathways, MAPK signaling pathway, hormone response, as well as miRNA regulation in tumors.

Nevertheless, this study has certain limitations. Firstly, the range of treatment medicines is rather limited, making it impossible to
compare treatment results and choose more appropriate chemotherapy drugs. Furthermore, it is imperative to identify the composition
of immune cells (MHC_class_I and parainflammation) and assess the levels of specific genes (HCP5 and AC008770.3) chosen by this
model when samples from AML patients become accessible. Subsequently, correlation analysis and validation should be performed.
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4. Conclusion

In this study, we built a IncRNA-miRNA-mRNA ceRNA network by searching various databases, and found that IncRNAs are closely
linked to the immune microenvironment of AML patients, and that specific IncRNAs have the potential to predict poor prognosis in
patients with varying risks. The identified genes HCP5 and AC008770.3 could play essential roles in controlling immune cell-mediated
AML development. We hope that this study’s findings will help narrow down on potential prognostic biomarkers that influence risk
prediction in the immune microenvironment of AML tumors, thoroughly examine the features of AML patients’ immune environments,
and develop a prognostic risk model based on the pertinent markers. This will assist the clinic in identifying potential targets and fresh
avenues for investigation for the treatment and early detection of AML.

5. Materials and methods
5.1. Data acquisition and collection

AML RNA-seq expression level data and clinical information in TCGA were downloaded from the UCSC Xena (https://xena.ucsc.
edu/) database. Sample with missing clinical information was removed during analysis. ImmPort (https://www.immport.org/home)
was used to retrieve the immune-related gene set.

6. Screening of immune-related IncRNAs

In the first step, we selected common IncRNAs and conducted Pearson correlation analysis in TCGA and ImmPort dataset, and
differentially expressed immune-related IncRNAs were screened by the standard correlation coefficient |r|>0.6 and P < 0.001, with
816 required IncRNAs acquired. A functional analysis of differentially expressed IncRNAs was performed using the LncSEA database.

6.1. Survival analysis and clinicopathological characteristics analysis

Data from patient samples was randomly split into training and validation sets on a 7:3 ratio to examine the association between
differentially expressed immune-related IncRNAs and patient survival. Following univariate Cox proportional hazard regression (to
eliminate genes with P < 0.05) and LASSO analysis, a prognostic model comprised of 12 IncRNAs was derived. Kaplan-Meier estimator
was applied to draw survival curves for each IncRNA or between high- and low-risk groups, using SURVIVAL from the R package. Next,
univariate and multivariate independent prognostic analysis, as well as the ROC curve analysis, were used to assess the predictive
accuracy and reliability of the risk model. The log-rank P-value and hazard ratio (HR) with 95% CI were analyzed.

Additionally, column line graphs from clinical data were created by the R package “rms” to investigate the prognosis of clinico-
pathological characteristics and risk models. The contribution of each variable to patient survival was then determined by incorpo-
rating clinicopathological variables into a Cox independent prognostic analysis.

6.2. Functional enrichment analysis

A list of DEGs between low- and high-expression groups was created using the “limma” package of R (version 3.52.2), employing
Fold Change >1.5 and P < 0.05 as criteria. In addition, GO and KEGG pathway enrichment analysis of DEGs were carried out using the
R package “clusterProfiler” (version 4.0.5). The enrichment of DEGs pathways was investigated using the online tool Metascape
(http://metascape.org/), along with the R software.

7. Associations of IncRNAs with immune cell tumor infiltration

Through ssGSEA in the “GSVA” R package, which reliably retrieves immune-related gene sets for individual sample [22], a violin
diagram depicting the differences between high- and low-risk groups of tumor-infiltrating immune cells was generated. Pearson
correlation analysis was utilized to investigate the associations between the IncRNAs employed in the model and various subsets of the
immune cells.
7.1. Analysis of immune checkpoints and drug sensitivity in subgroups

In distinct risk groups of TCGA-PRAD patients, differences in the expression of immune checkpoint genes were analyzed. Six
commonly reported immune checkpoints were chosen, including PD-1, PD-L1, PD-L2, CTLA4, CD80, and CD86 [7]. For drug sensi-
tivity analysis, IC50 of six common chemotherapeutic agents—bleomycin, camptothecin, cisplatin, docetaxel, paclitaxel, and vin-
blastine—was calculated by pRRophetic package and compared between high- and low-risk groups.

7.2. Key ceRNA networks mining

Since IncRNAs can regulate the expression of downstream mRNAs via miRNAs, the MiRcode (http://mircode.org/) and miRWalk
(http://mirwalk.umm.uni-heidelberg.de/) databases were applied to predict the miRNAs interacting with immune-related IncRNAs
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and their target genes. Using Cytoscape version 3.9.2 software, we then merged the results from TargetScan, miRDB, and miRTarBase
provided by miRWalk and maintained the target regulatory pairs that appeared in all three databases simultaneously.

7.3. Statistics analysis

Statistical analyses were conducted through R software (version 4.1.2). Wilcox test was employed to evaluate tumor-infiltrating
immune cells in high- and low-risk groups. Differences in survival between high- and low-risk groups of AML patients were repre-
sented in Kaplan-Meier curves. The Pearson correlation analysis was conducted to calculate correlation coefficients. The threshold for
statistical significance was set at P < 0.05.
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