
Article Discovery Medicine 2026; 38(210): 2110–2131
https://doi.org/10.24976/Discov.Med.202638210.165

Copyright: © 2026 The Author(s). Published by Discovery Medicine. This is an open access article under the CC BY 4.0 license.
Note: Discovery Medicine stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.

RHBDF2 Is Correlated With Immune Infiltrates and
Shows Prognostic Association in Acute Myeloid
Leukemia
Qianni Jin1,2, Zhifang Xu1, Jianlan Li2, Yan Huang2, Huichao Wang1, Bianbian Qiao1,
Shuo Li1, Zhilei Jin1, Yaofang Zhang1, Fanggang Ren1, Huijuan Hao1, Hongwei Wang1,3,*
1Key Laboratory of Molecular Diagnosis and Treatment of Hematological Diseases of Shanxi Province, Institute of Hematology, The Second Hospital
of Shanxi Medical University, 030001 Taiyuan, Shanxi, China
2Department of Internal Medicine Laboratory, The Second Hospital of Shanxi Medical University, 030001 Taiyuan, Shanxi, China
3College of Basic Medical Sciences, Shanxi University of Chinese Medicine, 030600 Jinzhong, Shanxi, China
*Correspondence: wanghw68@hotmail.com (Hongwei Wang)
Submitted: 1 March 2026 Revised: 14 May 2026 Accepted: 21 May 2026 Published: 23 July 2026

Background: Acute myeloid leukemia (AML) is a heterogeneous disease with a complex immunosuppression microenvironment,
necessitating the identification of preferable biomarkers to enhance the efficacy of immunotherapy. Rhomboid 5 homolog 2
(RHBDF2), through its interaction with A Disintegrin And Metalloprotease 17 (ADAM17), has been implicated in immune re-
sponses and tumor progression; however, its role in AML remains insufficiently investigated.
Methods: This investigation delineated the expression profile of RHBDF2 and its correlation with the clinical features of AML
using The Cancer Genome Atlas (TCGA, n = 150 AML patients) and Genotype-Tissue Expression (GTEx, n = 337 non-malignant
control individuals) databases. The RNA and protein expression levels of RHBDF2 were validated in a single-center clinical co-
hort (105 bone marrow fluid samples and 125 bone marrow biopsy specimens) via quantitative reverse-transcription polymerase
chain reaction (qRT-PCR) and immunohistochemistry (IHC). To elucidate the correlation between RHBDF2 and the complex
immune regulatory microenvironment of AML, we performed functional enrichment analyses (Gene Ontology [GO] and Ky-
oto Encyclopedia of Genes and Genomes [KEGG]), Gene Set Variation Analysis (GSVA), immune cell infiltration analysis, and
single-cell sequencing t-distributed stochastic neighbor embedding (t-SNE) clustering. Furthermore, we assessed the prognostic
value of RHBDF2 using Kaplan-Meier survival analysis, Cox regression, and a prognostic nomogram model.
Results: Our findings indicated that RHBDF2 was upregulated in AML compared to non-malignant control samples. Moreover,
RHBDF2 expression was associated with immune infiltration and exhibited a positive correlation with several immunological
checkpoints including T-cell Immunoglobulin and Mucin-domain containing molecule 3 (TIM3), Programmed Cell Death 1 Lig-
and 2 (PD-L2), and Herpesvirus Entry Mediator (HVEM), with significant enrichment in the monocytes of AML patients. Mul-
tivariate Cox regression analysis revealed that elevated RHBDF2 shows a marginally significant association with overall survival
(OS) in AML patients (adjusted Hazard Ratio [HR] = 1.01, 95% Confidence Interval [CI] 1.00–1.02, p = 0.048). Kaplan-Meier
analysis showed that high RHBDF2 expression was associated with significantly shorter OS (HR = 1.87, 95% CI 1.22–2.86, p =
0.004). The constructed nomogram model exhibited preliminary prognostic stratification capacity for OS, with time-dependent
receiver operating characteristic (ROC) curve analysis yielding area under the curve (AUC) values of 75.2, 80.1, and 95.3 for
1-year, 3-year, and 5-year OS, respectively, with a concordance index (C-index) of 0.76.
Conclusion: These correlative findings support that RHBDF2 may be associated with prognosis in AML but requires further
validation, offering insights for prognosis prediction and the development of innovative immunotherapy strategies for AML.
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Introduction

Acute myeloid leukemia (AML) is characterized by
complex genetic mutations and cytogenetic abnormalities,
constituting an aggressive malignancy distinguished by sig-
nificant heterogeneity, variable prognosis, and high fatality
rates [1]. Current therapeutic interventions for AML are
insufficient, with traditional chemotherapy regimens and

hematopoietic stem cell transplantation having contributed
modestly to enhanced patient survival over past decades [2].
Advances in targeted therapies, including fms-like tyrosine
kinase 3 (FLT3) inhibitors and isocitrate dehydrogenase 1
and 2 (IDH1/IDH2) inhibitors, have introduced personal-
ized treatment modalities for AML, contributing to pro-
longed survival to a certain extent [3]. However, existing
therapeutic strategies still fall short of achieving satisfac-
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tory outcomes. Due to primary resistance to initial treat-
ment, therapy-related toxicity, and disease relapse, approx-
imately 70% of adult AML patients in high-income coun-
tries do not survive [4,5]. Thus, there is an urgent need
to develop breakthrough curative approaches to further im-
prove treatment efficacy for AML patients.

The employment of immunotherapy has revolution-
ized the treatment of various cancers [6]. Immunothera-
peutic strategies, particularly the employment of antibodies
against inhibitory immune checkpoints and chimeric anti-
gen receptor (CAR) T-cell therapy, have yielded substan-
tial advancements in cancer care [7,8]. Regrettably, trials
pertaining to T-cell-based immunotherapy in adult AML
have yielded underwhelming outcomes [9,10]. The malig-
nant cells of AML afflict T-cell and NK-cell functionality
through the presentation of inhibitory ligands, they sidestep
immune surveillance through down-modulating MHC-I/II
molecules, they forestall phagocyte-mediated elimination
by presenting CD47, and they drive myeloid-derived sup-
pressor cell (MDSC) differentiation through the release of
soluble factors like arginase, indoleamine 2,3-dioxygenase
(IDO and NOS), thereby inducing immune escape [11].
In conclusion, the distinct immunosuppressive milieu and
T-cell exhaustion markedly impair the efficacy of AML
immunotherapy [12]. On the other hand, existing im-
mune checkpoint inhibitors (ICIs) present significant clin-
ical challenges in terms of toxicity and efficacy. Hence,
a comprehensive characterization of the immunosuppres-
sive mechanisms in AML, the identification of interven-
tion targets to “warm” immunologically cold tumors, and
the discovery of novel immune checkpoints are quintessen-
tial for the progression of AML diagnosis, prognostic strat-
ification, monitoring of minimal residual disease (MRD),
prediction of treatment response, and targeted drug devel-
opment.

Rhomboid 5 Homolog 2 (RHBDF2), also known as
iRhom2, is an inactive member of the rhomboid protein
family [13]. It acts as an essential regulatory chaperone for
A Disintegrin And Metalloprotease 17 (ADAM17), a key
sheddase that mediates the cleavage and release of multiple
inflammatory cytokines, chemokines, and immune check-
point ligands, including TNF-α, EGFR, IL-6, and Notch
signaling pathways [14–16]. Critically, RHBDF2 is pre-
dominantly expressed in myeloid lineage cells, including
monocytes, macrophages, and myeloid-derived suppressor
cells (MDSCs), and has been identified as a master regula-
tor of myeloid cell activation and inflammatory responses
in multiple immune-related diseases [13,17–20]. In the tu-
mormicroenvironment, RHBDF2 has been shown tomodu-
late the immunosuppressive phenotype of tumor-associated
macrophages (TAMs) and MDSCs in solid tumors, and is
correlated with immune evasion and poor prognosis in hep-
atocellular carcinoma and lung cancer [21–24]. Given that
myeloid cell-mediated immunosuppression is a core mech-
anism of immune evasion and immunotherapy resistance

in AML, we hypothesize that RHBDF2 may play a role in
AML progression by modulating the myeloid cell compart-
ment and potentially immunosuppressive bone marrow mi-
croenvironment. However, until now, the expression, prog-
nostic value, and immune correlation of RHBDF2 in AML
have remained elusive.

This research investigates RHBDF2 expression in
AML patients and non-malignant control individuals by uti-
lizing TCGA and GTEx databases, further examining its
relationship with clinical features, immune cell infiltration,
and patient prognosis. Quantitative PCR and immunohis-
tochemistry were utilized to evaluate RHBDF2 expression
in the bone marrow of AML patients across various dis-
ease states. In addition, single-cell sequencing technology
was employed to delineate RHBDF2 expression distribu-
tion across AML cell subpopulations, providing prelimi-
nary correlative evidence and a testable hypothesis for fu-
ture functional studies exploring the potential of RHBDF2
as an immunotherapeutic target in AML.

Methods

Database
In this research, the raw RNA sequencing data and

corresponding clinical features of AML patients were re-
trieved from the The Cancer Genome Atlas (TCGA)-
LAML cohort via the UCSC Xena Browser (https://xena
browser.net/), a public functional genomics explorer that
allows standardized access and exploration of TCGA and
GTEx genomic and phenotypic datasets. The gene expres-
sion matrix was in the format of Transcripts Per Million
(TPM) normalized counts, generated from the STAR align-
ment pipeline. For non-malignant control samples, whole
bonemarrowRNA-seq data from non-malignant control in-
dividuals were retrieved from the GTEx database via the
UCSC Xena Browser, with the same TPM normalized ex-
pression matrix format to ensure data consistency between
the two cohorts. The preprocessing pipeline for the TCGA
and GTEx datasets was as follows: (1) Uniform gene ID
conversion: ENSEMBL gene IDs were converted to offi-
cial HUGO gene symbols using the org.Hs.eg.db R pack-
age, with the probe with the highest average expression
value retained for genes with multiple corresponding EN-
SEMBL IDs; (2) Log2 transformation: log2(TPM+1) trans-
formation was applied to all expression values to reduce the
impact of extreme expression outliers; (3) Low-expression
gene filtering: genes detected in fewer than 10% of the total
sampleswere filtered out to reduce statistical noise in down-
stream analysis; (4) Batch effect correction: the ComBat-
seq function from the sva R package was used to correct
for technical batch effects between the TCGA and GTEx
datasets, to eliminate non-biological technical variation be-
tween the two cohorts. Notably, both the TCGAAML sam-
ples andGTEx non-malignant control sampleswere derived
from whole bone marrow tissue, ensuring consistent tissue
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origin between the two cohorts for differential expression
analysis.

Moreover, the mRNA expression profile of RHBDF2
in pan-cancer and AML FAB subtypes was visualized
using the Gene Expression Profiling Interactive Analy-
sis (GEPIA) database (http://gepia.cancer-pku.cn) and the
University of Alabama at Birmingham Cancer data anal-
ysis Portal (UALCAN) database (http://ualcan.path.uab.
edu/index.html), both of which are based on the same
TCGA and GTEx datasets and were used solely for sup-
plementary visualization, not independent validation. Ad-
ditionally, two independent AML datasets (GSE12417 and
GSE71014) were obtained from the Gene Expression Om-
nibus (GEO) database to corroborate the primary findings
from the TCGA analysis (as illustrated in Supplementary
Figs. 1,2). The raw gene expression matrix was down-
loaded, and probe IDs were converted to official HUGO
gene symbols using the corresponding platform annotation
file. For multiple probes mapping to the same gene sym-
bol, the probe with the highest average expression value
across all samples was selected as the representative for
that gene. The expression matrix was then normalized us-
ing the quantile normalization method, and log2 transfor-
mation was performed for all expression values. Batch ef-
fects within each dataset were corrected using the ComBat
function from the sva R package. Low-expression genes
(detected in <10% of total samples) were filtered out prior
to downstream analysis. These two datasets were exter-
nal validation cohort to validate the prognostic and immune
correlation findings from the TCGA discovery cohort (as
illustrated in Supplementary Fig. 1). The GEO exter-
nal validation cohorts utilized microarray platforms, which
differ from the RNA-seq platform used for the TCGA dis-
covery cohort. These platform differences may introduce
technical variation that could affect the generalizability of
our findings. The single-cell RNA sequencing data uti-
lized in this study were derived from two independent pub-
lic datasets: GSE116256 and GSE289435. GSE116256
dataset contains bone marrow scRNA-seq data from 15 pa-
tients with newly diagnosed de novo AML (non-APL) and
5 non-malignant control individuals. The data were gen-
erated using the 10x Genomics Chromium platform, with
a total of 38,910 high-quality cells included after quality
control filtering. This dataset was used as the primary dis-
covery cohort for cell type clustering, annotation, and anal-
ysis of RHBDF2 expression distribution across different
cell populations in AML.GSE289435 dataset contains bone
marrow scRNA-seq data from 7 patients with newly diag-
nosed de novo AML. The data were generated using the 10x
Genomics Chromium platform, with a total of 22,648 high-
quality cells included after quality control filtering. This
dataset was used as an external validation cohort to confirm
the cell type distribution pattern of RHBDF2 expression ob-
served in the GSE116256 dataset.

Differentially Expressed Gene (DEG) Analysis
This study extracted RNA-seq data of AML and nor-

mal volunteers from the TCGA andGTEx databases for sta-
tistical analysis of differentially expressed genes (DEGs).
For gene annotation conversion, ENSEMBL gene IDs from
the TCGA and GTEx datasets were mapped to official
HUGO gene symbols using the org.Hs.eg.db R package. In
cases where multiple ENSEMBL IDs corresponded to the
same official gene symbol, we retained the ENSEMBL ID
with the highest average expression value across all samples
as the representative for that gene, and removed all other
redundant ENSEMBL IDs for the same gene. This strat-
egy ensures that each gene symbol is represented by a sin-
gle expression value in the final matrix, avoiding duplicate
gene entries in downstream differential expression analysis.
Prior to differential expression analysis, we performed pre-
filtering of low-expression genes to reduce statistical noise.
Genes that were detected (expression value >0) in fewer
than 10% of the total samples in the analysis cohort were
filtered out and excluded from downstream DEG analysis.

Two independent differential expression analyses
were performed in this study, with consistent screening
thresholds: Initial DEG screening between AML and non-
malignant control samples: The screening criteria were set
as raw Fold Change (FC) >2 or raw FC <0.5 (equivalent
to |log2FC|>1), and FDR<0.05 [25]. Here, raw FC refers
to the original fold change calculated based on untrans-
formed linear-scale TPM expression values, and log2FC is
the value obtained by log2 transformation of the raw FC.
The limma-voom pipeline was used for differential expres-
sion analysis based on the log2(TPM+1) transformed ex-
pression matrix, and the reported raw FC values were gen-
erated by inverse transformation of the model-estimated
log2FC values to maintain the linear-scale biological in-
terpretation of fold change. DEG screening between the
high and low RHBDF2 expression groups (per the median
RHBDF2 expression value) in the TCGAAML cohort: The
screening criteria were set as raw FC >2 or raw FC <0.5,
and FDR <0.05.

The Benjamini-Hochberg (BH) method was used for
FDR correction (multiple testing correction) for all differ-
ential expression analyses, to strictly control the false dis-
covery rate of DEG identification. The pheatmap R pack-
age was used to generate heatmaps for visualization of the
identified DEGs. Given the sample size imbalance between
the TCGA AML cohort (n = 150) and GTEx control cohort
(n = 337), we performed a sensitivity analysis by randomly
downsampling the GTEx cohort to match the AML cohort
size for 100 iterations. However, we emphasize that the pri-
mary limitation of this comparison is the fundamental dif-
ference in cellular composition between leukemic and non-
malignant bone marrow, which cannot be fully addressed
by downsampling.
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Functional Enrichment Analysis
This study utilized the ClusteProfiler package [26] in

R to conduct a systematic analysis of the obtained differen-
tially expressed genes (DEGs) from two dimensions: Gene
Ontology (GO) function and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathways. The GO analysis cov-
ered three major functional annotations: Cellular Compo-
nent (CC), Molecular Function (MF), and Biological Pro-
cess (BP), while the KEGG analysis focused on reveal-
ing the enrichment of related pathways. The significance
threshold for enriched terms was set as adjusted p-value <
0.05, with the Benjamini-Hochberg (BH) method used for
multiple testing correction (FDR correction) to control for
false positive results from multiple comparisons.

Clinical Sample Collection
This study was approved by the Ethics Committee of

the Second Hospital of Shanxi Medical University (Ethics
Approval No.2023-YX-255), and all subjects signed writ-
ten informed consent before sample collection, in accor-
dance with the Declaration of Helsinki.

A total of 306 clinical bone marrow fluid samples and
bone marrow biopsy samples were collected from the cen-
ter, including AML patients at different disease stages and
non-malignant controls.

Inclusion criteria for AML patients: (1) De novoAML
diagnosed per the 2016 NCCN AML Guidelines (2nd Edi-
tion); (2) Aged 18–75 years; (3) Complete clinical and
follow-up data available.

Exclusion criteria for AML patients: (1)
Secondary/therapy-related AML, or AML transformed
from MDS/MPN; (2) Concurrent malignancies; (3) Se-
vere autoimmune disease or active infection; (4) Prior
anti-tumor treatment before sampling.

A total of 139 fresh bone marrow fluid samples
(for qRT-PCR: 63 pAML, 26 CR-AML, 16 rAML, 34
non-malignant controls) and 167 FFPE bone marrow
biopsy specimens (for IHC: 91 pAML, 25 CR-AML, 9
rAML, 42 non-malignant controls) were collected. All
pAML samples were obtained at initial diagnosis pre-
treatment; CR-AML samples at morphological remission
post-consolidation chemotherapy; rAML samples at hema-
tological relapse pre-salvage treatment. There was partial
samples overlap between the two cohorts: 42 of the 63
pAML patients in the qRT-PCR cohort had matched FFPE
specimens in the IHC cohort, and all other samples were
from independent patients.

Non-malignant controls included patients with iron-
deficiency anemia (IDA) and megaloblastic anemia (MA),
with no hematopoietic malignant clones, concurrent ma-
lignancies, autoimmune diseases or active infection. For
the qRT-PCR cohort, controls consisted of 21 IDA and 13
MA patients; for the IHC cohort, controls consisted of 25
IDA and 17 MA patients The control cohort was age- and
gender-frequency matched with the AML cohort, and all

samples were processed with the same standardized proce-
dure as AML samples to minimize technical bias. Our non-
malignant control group consisted of patients with IDA and
MA, whose bone marrow microenvironment differs from
that of healthy individuals. This may introduce biological
confounding factors that could affect gene expression and
immune-related analyses.

Fresh bone marrow samples were stored in RNAlater
at –80 °C for RNA extraction, and FFPE specimens were
fixed in 10% neutral buffered formalin for subsequent IHC
staining.

Quantitative Reverse-Transcription Polymerase
Chain Reaction (qRT-PCR)

Total RNAwas extracted from bone marrow mononu-
clear cells using the Trizol reagent (Invitrogen, Carlsbad,
CA, USA) following the manufacturer’s standard protocol.
RNA concentration and purity were assessed using the Nan-
oDrop One spectrophotometer (Thermo Fisher Scientific,
Waltham, MA, USA), with only RNA samples with an OD
260/280 ratio of 1.8–2.1 used for subsequent experiments.
For cDNA synthesis, 1 µg of total RNA was reverse tran-
scribed into cDNA using the HiScript III 1st Strand cDNA
Synthesis Kit (Vazyme Biotech, Nanjing, China) following
the manufacturer’s instructions.

qRT-PCR was performed using the SYBR Green I
fluorescent dye method on the ABI 7500 Real-time PCR
System (Thermo Fisher Scientific, Waltham, MA, USA).
The 20 µL reaction system contained: 2 µL cDNA template
(100 ng/µL), 10 µL 2× ChamQ Universal SYBR qPCR
Master Mix (Vazyme Biotech, Nanjing, China), 0.4 µL for-
ward primer (10 µM), 0.4 µL reverse primer (10 µM), and
7.2 µL RNase-free ddH2O. The thermal cycling parameters
were as follows: 95 °C for 5 minutes of pre-denaturation;
followed by 40 cycles of 95 °C for 10 seconds and 60 °C
for 30 seconds. After amplification, melting curve analysis
was performed to verify the specificity of the amplification
product, with the following program: 95 °C for 15 seconds,
60 °C for 1 minute, and 95 °C for 15 seconds. Each patient
sample was analyzed with three technical replicates; in-
dependent patient samples served as biological replicates.
The relative mRNA expression levels of RHBDF2 were
calculated by the 2−∆∆Ct method, with the GAPDH
gene used as the endogenous reference for normaliza-
tion. The primer sequences were as follows: RHBDF2
Forward Primer: 5′-GCCCGATGACATCACTAA-
3′; RHBDF2 Reverse Primer: 5′-
TGAAAGACCACAGACACGA-3′; GAPDH Forward
Primer: 5′-GAAGGTGAAGGTCGGAGTC-3′; GAPDH
Reverse Primer: 5′-GAAGATGGTGATGGGATTTC-3′.
Statistical analyses and visualization of qRT-PCR results
were performed in GraphPad Prism 8.3.0 (San Diego,
California, USA). Normality of continuous variables was
tested using the Shapiro-Wilk test, and homogeneity of
variance was tested using Levene’s test. The Student’s
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t-test was used only when both assumptions were satisfied;
otherwise, the non-parametric Mann-Whitney U test was
employed to test the significance of the difference between
two independent groups. One-way ANOVA followed by
Tukey’s HSD post-hoc test was used to test the significance
of the difference between more than two groups.

Immunohistochemistry (IHC) Staining and
Hematoxylin and Eosin (HE) Staining

This study utilized immunohistochemical staining for
histological analysis. All FFPE bone marrow biopsy spec-
imens underwent decalcification prior to sectioning, using
a 10% ethylenediaminetetraacetic acid (EDTA) decalcifi-
cation buffer (pH 8.0) at room temperature for 24 hours,
with gentle agitation. After decalcification, the specimens
were rinsed with running tap water for 2 hours, followed by
standard dehydration, paraffin embedding, and sectioning
(4 µm thickness). For antigen retrieval, dewaxed and re-
hydrated tissue sections were immersed in 10 mM sodium
citrate buffer (pH 6.0), and subjected to high-temperature
high-pressure antigen retrieval for 15 minutes (121 °C,
100 kPa). After heating, the sections were allowed to
cool naturally to room temperature for 30 minutes, fol-
lowed by rinsing with phosphate-buffered saline (PBS).
Subsequently, the sections were treated with 3% hydro-
gen peroxide, blocked, and incubated overnight at 4 °C
with a rabbit anti-human RHBDF2 polyclonal primary an-
tibody (Proteintech Group, Inc., Wuhan, China, Catalog
No.: 23181-1-AP) diluted at a ratio of 1:500. After wash-
ing, the sections were incubated with a horseradish per-
oxidase (HRP)-conjugated goat anti-rabbit IgG (H+L) sec-
ondary antibody (Proteintech Group, Inc., Wuhan, China,
Catalog No.: RGAR001) at 37 °C for 30 minutes, followed
by washing to remove non-specific binders. Staining was
visualized using 3,3’-diaminobenzidine (DAB) and coun-
terstained with hematoxylin. All IHC staining results were
independently evaluated by two qualified clinical pathol-
ogists who were blinded to the patient clinical data. The
Immunoreactive Score (IRS) system was used for semi-
quantitative evaluation of RHBDF2 staining, which com-
bines the staining intensity and the proportion of positive
cells. The staining intensity was scored as follows: 0 =
no staining, 1 = weak staining (light yellow), 2 = moder-
ate staining (brown), 3 = strong staining (dark brown). The
proportion of positive cells was scored as follows: 0 = 0%
positive cells, 1 = 1–25% positive cells, 2 = 26–50% posi-
tive cells, 3 = 51–75% positive cells, 4 = 76–100% positive
cells. The final IRS score was calculated by multiplying
the staining intensity score by the positive cell proportion
score, with a possible range of 0 to 12. Positive RHBDF2
staining was defined as brown-yellow signal localized to
the cytoplasm and cell membrane of bone marrow cells.
The cutoff value for positive expression was set as an IRS
score≥3. For negative controls, the primary RHBDF2 anti-
body was replaced with PBS, with all other staining proce-

dures identical to the experimental slides. In cases of scor-
ing discrepancies between the two pathologists, a third se-
nior hematopathologist was consulted to reach a consensus
score [27]. Additionally, dewaxed tissue sections were sub-
jected to hematoxylin-eosin staining, followed by standard
dehydration and mounting procedures.

Gene Set Variation Analysis (GSVA)
The immune-related gene sets used for GSVA anal-

ysis were retrieved from the AmiGO2 portal (http://amig
o.geneontology.org/amigo), specifically the Gene Ontol-
ogy (GO) biological process term “immune system pro-
cess” (GO:0002376). The selection criteria for the gene set
were: (1) human protein-coding genes with well-annotated
immune-related functions; (2) genes with detectable ex-
pression in the TCGA AML cohort. A total of 2483
immune-related genes were included in the final gene set.
GSVA enrichment scores were calculated using the GSVA
R package with default parameters, using the Gaussian ker-
nel model for continuous expression data. The input matrix
was the log2(TPM + 1) transformed, batch-corrected gene
expression matrix from the TCGA AML cohort, with low-
expression genes (detected in<10%of samples) filtered out
prior to analysis, as described in the preprocessing pipeline.
Pearson correlation analysis was used to assess the corre-
lation between RHBDF2 expression and GSVA enrichment
scores, as both variables were continuous and conformed to
a normal distribution (verified via the Shapiro-Wilk normal-
ity test). The Benjamini-Hochberg (BH) method was ap-
plied for multiple testing correction of all correlation anal-
yses, with adjusted p-value < 0.05 set as the threshold for
statistical significance.

Immune Cell Infiltration Analysis
Immune cell infiltration analysis was performed us-

ing the CIBERSORT algorithm, which estimates the rela-
tive abundance of 22 human immune cell types from gene
expression profiles [28]. The input data for CIBERSORT
was the TPM-normalized gene expression matrix from the
TCGA AML cohort, with log2 transformation and low-
expression gene filtering performed as described in the pre-
processing pipeline. The LM22 signature matrix was used
as the reference for immune cell type deconvolution. Key
parameter settings for CIBERSORT were: 1000 permuta-
tions for statistical significance testing, and quantile nor-
malization disabled for RNA-seq data. A total of 136 sam-
ples with CIBERSORT output p < 0.05 were included in
downstream immune infiltration analysis. The Tumor Mi-
croenvironment (TME) scores, including immune score,
stromal score, ESTIMATE total score, and tumor purity,
were calculated for each sample using the ESTIMATE R
package, based on the TPM-normalized gene expression
matrix. The applicability of the ESTIMATE algorithm in
hematological malignancies (including AML) has been val-
idated in multiple published studies, as it can reliably es-
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timate the abundance of immune and stromal cells in the
bone marrow microenvironment. However, we acknowl-
edge the limitations of this method: it is a computational
inference method based on bulk RNA-seq data, and can-
not directly quantify the absolute number of immune cells,
with potential discrepancies compared to flow cytometry or
immunohistochemical validation. For comparisons of im-
mune cell abundance between the high and low RHBDF2
expression groups (per the median RHBDF2 expression
value), the Wilcoxon rank-sum test was used for pairwise
comparisons. The Benjamini-Hochberg (BH) method was
applied for multiple testing correction to account for mul-
tiple immune cell types being compared, with adjusted p-
value< 0.05 set as the threshold for statistical significance.

Single Cell Sequence Analysis and Cell Clustering
Single-cell RNA sequencing (scRNA-seq) analysis

was performed to characterize the expression distribution
of RHBDF2 across distinct cell types in the acute myeloid
leukemia (AML) bone marrow microenvironment, with all
analytical procedures conducted using the Seurat R package
(version 5.2.1) [29]; two public AML scRNA-seq datasets
generated via the 10x Genomics platform (GSE116256 and
GSE289435) were downloaded from the Gene Expression
Omnibus (GEO) database, and the two datasets were an-
alyzed independently without cross-dataset integration to
eliminate inter-study batch effects, with a standardized an-
alytical pipeline applied to each dataset separately. Strict
quality control filtering was first performed on the raw
gene-cell expression matrix of each dataset, where genes
detected in 3 or fewer cells were excluded from downstream
analysis, and cells were retained only if they met all pre-
defined high-quality criteria: a minimum of 200 detected
genes, total unique molecular identifier (UMI) counts rang-
ing from 200 to 7000, and a mitochondrial UMI proportion
not exceeding 20%. For each qualified dataset, indepen-
dent batch correction and normalization were performed us-
ing the SCTransform function in Seurat to mitigate techni-
cal variation between individual samples within the dataset;
following preprocessing and normalization, principal com-
ponent analysis (PCA) was conducted for linear dimension-
ality reduction, the number of significant principal compo-
nents (PCs) was determined via JackStraw test and Elbow-
Plot method with a threshold of JackStraw adjusted p-value
< 0.05, and the top 11 significant PCs were used for down-
stream cell clustering and non-linear dimensionality reduc-
tion for both datasets, with t-distributed stochastic neighbor
embedding (t-SNE) applied for 2-dimensional visualization
of single-cell transcriptome profiles. Cell clustering was
performed using the FindClusters function in Seurat with
the resolution parameter set to 0.8, and differentially ex-
pressed cluster-specific marker genes were identified us-
ing the FindAllMarkers function with the following pre-
defined parameters: test.use = “wilcox” (Wilcoxon rank-
sum test), only.pos = TRUE (only positive cluster-specific

markers were considered), min.pct = 0.25 (the gene must
be detected in at least 25% of cells in the target cluster),
and logfc.threshold = 0.25 (minimum log2 fold change of
0.25 between the target cluster and all other cells), with raw
p-values corrected for multiple testing using the Benjamini-
Hochberg (BH) method and an adjusted p-value < 0.05 set
as the threshold for statistically significant marker genes.
Cell type annotationwas performed via a two-step approach
to ensure high classification accuracy: initial automated cell
type assignment was conducted using the SingleR R pack-
age by matching the gene expression profiles of query cells
to a reference hematopoietic cell dataset, followed by man-
ual refinement, validation, and supplementation of the ini-
tial annotations through cross-referencing with canonical
cell type marker genes from published AML scRNA-seq
studies, including the following validated markers: CD14,
CD68, CSF1R, CD163 for monocytes; MPO, ELANE,
PRTN3, CTSG for granulocyte-macrophage progenitors
(GMP); MPO, AZU1, PRTN3 for pro-myelocytes; CD34,
GATA2, PROM1 for common myeloid progenitors (CMP);
HBB, HBA1, GYPA for erythroblasts; CD3D, CD3E,
CD8A, CD4 for T cells; CD19, CD79A,MS4A1 for B cells;
CD34, CD38, PROM1, HOXA9 for hematopoietic stem
and progenitor cells (HSPC); and GATA1, KLF1, TAL1 for
megakaryocyte-erythrocyte progenitors (MEP). After com-
pletion of cell type annotation, the expression distribution
of RHBDF2 across all annotated cell types was visualized
and systematically analyzed.

Prognostic Model Generation and Prediction
This study established a predictivemodel for individu-

alized assessment of overall survival (OS) in AML patients.
OS was defined as the time from the initial diagnosis of
AML to the date of all-cause death. The start time point
for OS calculation was the date of AML diagnosis, and the
cutoff date for follow-up was the latest available follow-up
time point provided in the public TCGA and GEO datasets.
Patients who were alive at the follow-up cutoff date, or who
were lost to follow-up before the cutoff date, were censored
in the survival analysis. Variables with p< 0.10 in univari-
ate Cox regression analysis were entered into the multivari-
ate Cox regression model. Clinically relevant factors (age,
gender, ELN 2022 risk category) were also considered, pro-
vided no collinearity (variance inflation factor, VIF <2.5).
Collinearity was assessed using the variance inflation fac-
tor (VIF) calculated with the car R package. The final mul-
tivariate model included RHBDF2 (continuous), age (con-
tinuous), gender, ELN 2022 risk category, and white blood
cell (WBC) count (continuous). The proportional hazards
assumption was verified using the Schoenfeld residual test.
Utilizing the Free Statistics analysis platform, the model
was constructed by integrating all independent prognostic
factors identified in the multivariate Cox regression anal-
ysis: RHBDF2 expression, age, ELN 2022 risk category,
and WBC count at diagnosis. To evaluate predictive per-
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formance, calibration curves were plotted to compare pre-
dicted probabilities with observed outcomes, where the 45◦
diagonal line represented ideal calibration. Additionally,
the model’s discriminative ability was assessed by calculat-
ing the concordance index (C-index). Time-dependent Re-
ceiver Operating Characteristic (ROC) curve analysis was
performed using the timeROC R package, to evaluate the
predictive performance of the nomogram model for OS at
1 year, 3 years, and 5 years after diagnosis. The reported
Area Under the Curve (AUC) values are the bias-corrected
AUC values, calculated via 1000 iterations of bootstrap re-
sampling, to adjust for optimism bias in model performance
estimation. AML patients were uniformly stratified into
high and low RHBDF2 expression groups using the me-
dian RHBDF2 expression value of the corresponding co-
hort: samples above the median were classified as the high
expression group, and those below or equal to the median
as the low expression group. Kaplan-Meier survival curves
were generated to illustrate OS differences between the two
groups, while the log-rank test assessed the correlation be-
tween expression levels and survival time alongside its sta-
tistical significance.

Statistical Analysis
All statistical analyses were performed using R Sta-

tistical Software (Version 4.2.2, http://www.R-project.org,
The R Foundation) and Free Statistics analysis platform
(Version 2.0, Beijing, China, http://www.clinicalscientists
.cn/freestatistics). FreeStatistics is a software package with
intuitive graphical user interfaces (GUI written in Python)
for common analyses and data visualization, using R as its
underlying statistical engine. A two-sided p-value < 0.05
was considered statistically significant for all analyses. For
subgroup analyses comparing high and low RHBDF2 ex-
pression groups, samples were uniformly stratified using
the median RHBDF2 expression value of the correspond-
ing cohort: samples above the median were classified as
the high expression group, and those below or equal to
the median as the low expression group. To ensure result
comparability across different technical platforms (TCGA
RNA-seq, GEO microarray, single-cell RNA-seq), consis-
tent preprocessing steps were performed for all datasets in-
dependently, including uniform gene ID conversion, log2
transformation of expression values, low-expression gene
filtering, and batch effect correction using the ComBat-
seq/ComBat method; all downstream analyses (differen-
tial expression analysis, survival analysis, correlation anal-
ysis) were conducted using consistent statistical methods
and thresholds across datasets to avoid cross-platform batch
effects. Specific statistical methods for each analysis type
were as follows: differential expression analysis between
two groups was performed via the limma-voom pipeline,
with the Benjamini-Hochberg (BH) method for multiple
testing correction and significance thresholds set as FDR
<0.05 and |log2FC| >1; GO and KEGG functional en-

richment analyses were conducted using the hypergeomet-
ric test, with BH correction and adjusted p-value < 0.05
as the threshold for significant enrichment; Pearson cor-
relation analysis was used for normally distributed contin-
uous variables, while Spearman rank correlation analysis
was applied for non-normally distributed variables, with
BH correction for multiple correlation analyses and ad-
justed p-value < 0.05 as the significance threshold; sur-
vival analysis included Kaplan-Meier survival curves (with
log-rank test for significance) to compare overall survival
(OS) between high and low RHBDF2 expression groups,
as well as univariate and multivariate Cox proportional haz-
ards regression analyses to calculate hazard ratios (HR) and
95% confidence intervals (CI), with the Schoenfeld resid-
ual test verifying the proportional hazards assumption (p
> 0.05 indicating satisfaction); multi-group comparisons
used one-way analysis of variance (ANOVA) followed by
Tukey’s HSD post-hoc test for normally distributed contin-
uous variables with homogeneous variance, and Kruskal-
Wallis H test followed by Dunn’s post-hoc test with BH
correction for non-normally distributed or heteroscedastic
variables; two-group comparisons employed independent
samples Student’s t-test for normally distributed continu-
ous variables, Wilcoxon rank-sum test for non-normally
distributed continuous variables, and chi-square test or
Fisher’s exact test for categorical variables as appropri-
ate; normality of continuous variables was tested via the
Shapiro-Wilk test, and homogeneity of variance between
groups via Levene’s test; data description followed standard
conventions: normally distributed continuous variables as
mean ± standard deviation (SD), non-normally distributed
continuous variables as median (interquartile range, IQR),
and categorical variables as frequency (percentage, %); the
BH method was uniformly applied for multiple testing cor-
rection in all analyses involving multiple comparisons to
control the false discovery rate.

Results

Expression of RHBDF2 Is Elevated in AML Patients
and Associated With Immune-Related Pathways and
Overall Survival (The Screening Process Of
RHBDF2)

To ascertain the transcriptomic variations between
AML patients and non-malignant control individuals and to
pinpoint key regulatory elements involved in AML progres-
sion, we initiated our investigation by retrieving transcrip-
tomic sequencing data and clinical characteristics from the
TCGA database for 150 AML patients’ bone marrow sam-
ples. Furthermore, transcriptomic sequencing data from
337 non-malignant control individuals were sourced from
the GTEx database for comparative analysis. We amal-
gamated and batch-normalized the two datasets, resulting
in the identification of 2680 differentially expressed genes
(DEGs) based on the criteria of |logFC| (log2 fold-change)
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>1 and FDR<0.05, and depicted these genes in a heatmap
(Fig. 1B). These DEGs underwent further enrichment anal-
yses through GO (Fig. 1C,D) and KEGG (Fig. 1E,F), rep-
resented using bubble plots (Fig. 1C,E), chord plots, and
cluster plots (Fig. 1D,F). The prominent biological pro-
cesses that were enriched included those involving immune
response-regulating signaling and leukocyte-mediated im-
munity. The foremost cellular components were identified
as secretory granule lumen and cytoplasmic vesicle lumen,
with the main molecular functions being immune receptor
activity and antioxidant activity. The principal pathways
were those involving hematopoietic cell lineage and tran-
scriptional misregulation in cancer. These observations in-
fer that the DEGs between AML and non-malignant con-
trol individuals could potentially play pivotal roles in im-
mune response and regulation. We then screened the top
10 immune-related biological process (BP) gene sets from
the GO enrichment analysis of AML vs. control DEGs,
which were all associated with immune response regula-
tion and leukocyte-mediated immunity. All genes within
these 10 BP gene sets were extracted, and after removing
duplicate genes, a total of 248 immune-related genes were
obtained. Concurrently, we excluded 56 genes with low or
uniform expression across all samples from the initial 2680
DEGs, isolating 2624 genes. These genes were segregated
into high- and low-expression groups based on median
expression and underwent high-throughput Kaplan-Meier
survival analysis for OS. The Benjamini-Hochberg (BH)
method was applied for multiple testing correction during
this screening step, with FDR <0.05 set as the threshold
for significant prognostic association. This analysis led to
the identification of 581 genes with a significant association
with OS (adjusted p < 0.05). The intersection of these 581
survival-related genes and the 248 immune-related genes
resulted in 54 candidate genes. A further filtering for uni-
variate Cox regression p-value< 0.01 reduced this number
to 20 candidate genes. From these 20 candidates, we per-
formed a comprehensive literature review and applied three
additional selection criteria: (1) the gene has been reported
in multiple solid tumors; (2) no published studies exist on
its role in any hematological malignancies; and (3) it is as-
sociated with adverse prognosis in cancer. Through this rig-
orous screening, we selected RHBDF2 for further investi-
gation. RHBDF2, which exhibited significantly higher ex-
pression in TCGAAML bonemarrow samples compared to
GTEx non-malignant bone marrow controls (consistent tis-
sue origin), was correlated with both immune-related path-
ways and patient survival, and had previously been unre-
ported in acute leukemia. This observational finding forms
the basis of the current correlative study, with no functional
validation of mechanisms. The screening process is out-
lined in a flowchart (Fig. 1A).

Correlation Between RHBDF2 Expression and the
Clinical-Pathological Attributes of AML

Then, Initial studies on the mRNA profile of RHBDF2
in human malignancies were conducted using the GEPIA
database, revealing that RHBDF2 exhibited increased ex-
pression in a majority of tumor types, including AML
(Fig. 2A,B p < 0.05). The present study primarily fo-
cus on elucidating the role of RHBDF2 in AML. Utiliz-
ing the TCGA dataset, we visualized the distribution of pa-
tient survival status, FAB classification, leukocyte count,
age, and ELN 2022 risk stratification across RHBDF2 ex-
pression levels (Fig. 2D). Formal statistical testing con-
firmed that high RHBDF2 expression was significantly as-
sociated with adverse clinicopathological features, as de-
tailed below and in Table 1. Subgroup analysis of these
samples was conducted. Notably, RHBDF2 overexpression
was predominantly observed in acute monocytic leukemia
(M5) as compared to M0, M2, and M3 subtypes (p < 0.01
for each comparison). No statistically significant differ-
ence was detected between M1 and M5 (p = 0.12) or be-
tween M4 and M5 (p = 0.07) (Fig. 2C). RHBDF2 was also
significantly more abundant in patients with a leukocyte
count of ≥9.5 × 109/L (Fig. 2F, p = 0.023) and in those
above the age of 65 years (Fig. 2G, p = 0.014). Moreover,
RHBDF2 expression was found to be higher in patients
with intermediate-risk compared to those with low-risk,
although no significant difference was detected between
high- and intermediate-risk patients (Fig. 2H, p = 0.028).
Additionally, RHBDF2 expression was notably higher in
deceased patients in comparison to their surviving coun-
terparts (Fig. 2I, p = 0.014). Consequently, we performed
a restricted cubic spline (RCS) Cox regression model to
assess the non-linear association between RHBDF2 ex-
pression and the hazard of death in AML patients. Re-
stricted cubic spline (RCS) Cox regression analysis showed
a non-significant nonlinear trend between RHBDF2 expres-
sion and the hazard of death (p for non-linearity = 0.091)
(Fig. 2E). The proportional hazards assumption of the Cox
model was verified using the Schoenfeld residual test, with
a global p-value of 0.32, indicating that the proportional
hazards assumption was satisfied. Compared to the low
RHBDF2 group, the highRHBDF2 expression group exhib-
ited a greater abundance of poor-prognosis genes, includ-
ing IDH1 (p < 0.001), TET2 (p < 0.01), and ZRSR2 (p <

0.001) (Fig. 2J,L,M), while the favorable-prognosis gene
NPM1 was predominantly observed in the low RHBDF2
group (Fig. 2K, p < 0.001).The baseline data analysis was
elucidated in Table 1. In summary, these findings suggest
that RHBDF2 expression is notably more abundant in AML
samples with increased malignancy and is a significant pre-
dictor of poorer prognosis.
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Fig. 1. Comparedwith non-malignant control individuals,RHBDF2was highly expressed inAMLpatients andwas closely related
to the immune response process. (A) The flowchart illustrated the screening process of RHBDF2. The AML samples were derived from
the bone marrow of newly diagnosed de novo AML patients in the TCGA-LAML cohort, and the non-malignant control samples were
derived from the whole bone marrow of non-malignant control individuals in the GTEx cohort. (B) Heatmap of the 2680 differentially
expressed genes (DEGs) between AML patients in the TCGA cohort and non-malignant control individuals in the GTEx cohort. Row-
wise Z-score transformation was applied to the expression values, with blue representing low expression and red representing high
expression. Hierarchical clustering was performed using the ward. D2 method for both rows and columns. (C,D) Gene ontology (GO)
functional enrichment analysis of DEGs between AML patients and non-malignant control individuals displayed with bubble plot (C),
cluster plot and chord plot (D). (E,F) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis of DEGs between AML
patients and non-malignant control individuals displayed with bubble plot (E), chord plot and cluster plot (F). Chord diagram clustered
by colors. The left semicircle in blue represented downregulated genes in AML (LogFC <0), while red represented upregulated genes
(LogFC >0). Darker red indicated higher LogFC values, and darker blue indicated lower LogFC values. The right semicircle features
bands of different colors represented various GO/KEGG terms, with connecting lines linking each gene to the GO/KEGG terms to
which it is related. In the cluster plot, the inner circles depict genes, with colors corresponding to the abundance fold-change observed
in the study, as per the heat map scale. The outer circles, in turn, denote different GO or KEGG enrichment categories. RHBDF2,
Rhomboid 5 Homolog 2; AML, Acute myeloid leukemia; TCGA, The Cancer Genome Atlas; LAML, Acute Myeloid Leukemia-like;
GTEx, Genotype-Tissue Expression.
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Fig. 2. The expression of RHBDF2 in AML and its correlation with clinicopathological characteristics. (A) The expression of
RHBDF2 in paired normal and pan-cancer samples using the GEPIA database. (B) The expression of RHBDF2 paired normal and AML
samples from GEPIA database. (C) The expression of RHBDF2 in AML based on French American British classifiation from UALCAN
database. M0 n = 16, M1 n = 42, M2 n = 39, M3 n = 16, M4 n = 35, M5 n = 18, M6 n = 2, M7 n = 3, The values displayed in the box plots
represent the median expression level of each subgroup, with p-values calculated via the Kruskal-Wallis H test. Pairwise comparisons
were performed using Dunn’s post-hoc test with Benjamini-Hochberg correction for multiple testing. (D) The Landscape of RHBDF2
related clinicopathological features of AML patients from TCGA database. (E) Association of RHBDF2mRNA expression with Hazard
Ratio (HR) for OS in AML patients from the TCGA database, analyzed using a restricted cubic spline (RCS) Cox regression model
with 3 knots. The shaded area represents the 95% confidence interval of the HR. The RCS analysis showed a non-significant nonlinear
trend between RHBDF2 expression and the hazard of death (p for non-linearity = 0.091). (F–I) RHBDF2 expression levels in subgroups
stratified by white blood cell count, age, ELN 2022 risk category, and survival status. Normality of gene expression data was tested using
the Shapiro-Wilk test, and the results showed that RHBDF2 expression data in all subgroups did not conform to normal distribution (all
p < 0.05). Therefore, the non-parametric Mann-Whitney U test was used for between-group comparisons. p < 0.05 was considered
statistically significant. For the multiple group expression comparisons in subfigures (H) p values were adjusted for multiple testing
using the Benjamini-Hochberg (BH) method, with adjusted p< 0.05 set as the threshold for statistical significance. (J–M) AML patients
were divided into high and low expression groups based on the median value of RHBDF2 expression in TCGA database. IDH1, TET2,
and ZRSR2 were significantly increased in the high-expression group, while NPM1 was significantly enriched in the low-expression
group. *p < 0.05, **p < 0.01, ***p < 0.001. GEPIA, Gene Expression Profiling Interactive Analysis; UALCAN, University of
Alabama at Birmingham Cancer data analysis Portal; ELN, European LeukemiaNet; IDH1, isocitrate dehydrogenase 1; TET2, Ten-
Eleven Translocation 2; ZRSR2, Zinc Finger CCCH-Type, RNA Binding Motif and Serine/Arginine Rich 2; NPM1, Nucleophosmin
1.
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Table 1. Baseline patient characteristics according to RHBDF2 expression level in AML patients from the TCGA database.
Variables Total (n = 150) RHBDF2 Low Exp

(n = 75)
RHBDF2 High Exp

(n = 75)
Statistical Test Test Statistic p value

Age, years, n (%) Chi-square test χ2 = 4.63 0.031
<65 106 (70.7) 59 (78.7) 47 (62.7)
≥65 44 (29.3) 16 (21.3) 28 (37.3)

Gender, n (%) Chi-square test χ2 = 0.03 0.870
Male 83 (55.3) 41 (54.7) 42 (56.0)
Female 67 (44.7) 34 (45.3) 33 (44.0)

Risk Category, n (%) Chi-square test χ2 = 7.23 0.014
Favorable 31 (20.7) 22 (29.3) 9 (12.0)
Intermediate 82 (54.7) 35 (46.7) 47 (62.7)
Poor 37 (24.7) 18 (24.0) 19 (25.3)

WBC, n (%) Chi-square test χ2 = 4.85 0.028
<9.5 × 109/L 55 (36.7) 34 (45.3) 21 (28.0)
≥9.5 × 109/L 95 (63.3) 41 (54.7) 54 (72.0)

Hb, g/L, Mean ± SD 9.5 ± 1.4 9.7 ± 1.3 9.3 ± 1.5 Independent samples t-test t = 1.81 0.072
PLT, ×109/L, Median (IQR) 45.5 (28.5, 86.0) 42.0 (24.0, 76.0) 57.0 (32.0, 89.0) Wilcoxon rank-sum test Z = –1.48 0.139
BM Blast, %, Median (IQR) 39.0 (8.2, 66.2) 41.0 (6.5, 73.0) 37.0 (10.0, 58.5) Wilcoxon rank-sum test Z = 0.59 0.550
Note: p-values for categorical variables were calculated using the chi-square test; for continuous variables, the Mann-Whitney U test was used.
RHBDF2, Rhomboid 5 Homolog 2; AML, Acute myeloid leukemia; TCGA, The Cancer Genome Atlas; WBC, white blood cell; SD, standard
deviation; PLT, Platelet Count; IQR, interquartile range; BM, Bone Marrow.

Confirmation of Altered RHBDF2 Gene Expression
in AML

To further analyze the mRNA and protein expression
levels of RHBDF2 in AML patients, we gathered a dataset
comprising 306 bone marrow samples from the Second
Hospital of Shanxi Medical University. Among these, 139
bone marrow fluid samples were used for mRNA expres-
sion analysis, including 63 newly diagnosed AML (pAML)
cases, 26 patients in complete remission (CR-AML) cases,
16 relapsed (rAML) cases and 34 non-malignant control
individuals. Additionally, 167 bone marrow biopsy spec-
imens were subjected to protein expression analysis via im-
munohistochemistry, consisting of 91 pAML, 25 CR-AML,
9 rAML and 42 non-malignant control individuals.

Our immunohistochemistry (IHC) analysis showed
that RHBDF2 protein expression was significantly higher
in pAML compared to non-malignant controls (p< 0.0001)
and in pAML compared to CR-AML (p < 0.0001). rAML
samples showed higher expression than non-malignant con-
trols (p < 0.0001) and than CR-AML (p < 0.05). No sig-
nificant differencewas observed between pAML and rAML
(p = 0.67). The qRT-PCR results consistently showed that
RHBDF2 mRNA expression was significantly higher in
pAML compared to non-malignant controls (p < 0.001),
significantly lower in CR-AML compared to pAML (p
< 0.05), and significantly higher in rAML compared to
both non-malignant controls (p < 0.0001) and CR-AML
(p < 0.01) (Fig. 3A–C). These unpaired cross-sectional re-
sults indicate that RHBDF2 expression is associated with
AML disease status. Hematoxylin and eosin (H&E) stain-
ing was performed to assess the morphological structure of

the bone marrow biopsy specimens, confirm the presence
of leukemic blasts in AML samples, and verify the absence
of malignant infiltration in non-malignant control samples.
Representative H&E staining images are shown in Fig. 3A,
confirming the morphological diagnosis of AML and the
normal bone marrow structure in control samples.

Elevated RHBDF2 Expression Was Positively
Correlated With the Expression of Suppressive
Immune Checkpoints, and Showed a Significant
Asssociation With Inflammatory Dysregulation in
AML

Subsequently, we performed differential expression
analysis between the high and low RHBDF2 expression
groups (total n = 150, high n = 75, low n = 75, stratified
by median RHBDF2 expression) using TCGA AML RNA-
seq data. A total of 1709 statistically significant differen-
tially expressed genes (DEGs) were identified (|log2FC|
>1, FDR <0.05), including 1055 upregulated genes and
654 downregulated genes. A heatmap of the top 50 most
significantly upregulated and downregulated DEGs is pre-
sented in Fig. 4A. GO functional enrichment and KEGG
pathway analyses were performed on these 1709 DEGs
(Fig. 4C,D). The enriched biological processes were pri-
marily related to positive regulation of cytokine production
and negative regulation of immune system processes; en-
riched cellular components included the extracellular side
of the plasma membrane and secretory granule membrane;
enriched molecular functions included immune receptor ac-
tivity and inhibitory MHC class I receptor activity; signif-
icantly enriched KEGG pathways included osteoclast dif-
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Fig. 3. Validation of RHBDF2 expression in AML. (A,B) Immunohistochemical staining and hematoxylin and eosin staining of
RHBDF2 were performed in bone marrow biopsy of AML patients at initial diagnosis (pAML, n = 91), complete remission (CR-AML,
n = 25), relapse (rAML, n = 9) and non-malignant control individuals (n = 42). Representative images were shown. Scale bars: 100
µm (main image); 25 µm (magnified inset). The statistical results are presented in the Fig. 3B. (C) qRT-PCR were used to analyzed the
mRNA expression of RHBDF2 in different stage of AML patients (pAML, n = 63; CR-AML, n = 26; rAML, n = 16) and non-malignant
control individuals (n = 34). Data are presented as median (interquartile range, IQR). Statistical significance was determined using the
Kruskal-Wallis test followed by Dunn’s post-hoc test with Benjamini-Hochberg correction for multiple comparisons.
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ferentiation and cytokine-cytokine receptor interaction sig-
naling pathways. These correlative findings indicate that
RHBDF2 expression is associated with immune-related bi-
ological processes and pathways in AML. To validate these
conclusions, we assessed the impact of RHBDF2 activa-
tion on immune pathways and cytokine signatures. Gene
Set Variation Analysis (GSVA) was utilized to calculate en-
richment scores for immune processes. Correlation anal-
ysis between RHBDF2 expression and GSVA enrichment
scores revealed that RHBDF2 was significantly associated
with multiple immune-related processes (Fig. 4B). Full cor-
relation coefficients and adjusted p-values are provided
in Supplementary Table 1. Moreover, we investigated
the relationship between RHBDF2 and known suppressive
immune checkpoints (including CD200R1, CD40, CD48,
CD86, TIM-3, HHLA2, LAIR1, LGALS9, PD-L2, HVEM,
CD30, and TL1A) (Fig. 4E). The similar results were found
in GSE12417 and GSE71014 database (Supplementary
Fig. 1C,D). RHBDF2 showed significant positive corre-
lations with these immune checkpoints, and is associated
with the suppressed immune response against AML. Addi-
tionally, we selected seven immune system-related meta-
gene clusters as indicators of immune and inflammatory
status in AML, including hematopoietic cell kinase (HCK),
lymphocyte-specific kinase (LCK), major histocompatibil-
ity complex (MHC), signal transducer and activator of tran-
scription 1/2 (STAT1/2), interferon, and IgG3/4. These
metagene clusters are well-validated immune signatures in
published AML studies, with defined gene sets that reflect
the activity of specific immune and inflammatory pathways
in the tumor microenvironment. Correlation analysis re-
vealed that RHBDF2was significantly positively correlated
with all seven metagene clusters (Fig. 4F), indicating a ro-
bust positive association between RHBDF2 expression and
most inflammatory responses in AML. These correlative re-
sults show that RHBDF2 expression is positively correlated
with the expression of multiple suppressive immune check-
points in AML, and is associated with a potentially im-
munosuppressive bone marrow microenvironment in AML
patients. As this is an observational study, no causal rela-
tionships or functional mechanisms are inferred.

Elevated RHBDF2 Expression in AML Is in
Connection With a Heightened Infiltration of
Monocyte-Based Immune Cells

To further probe into the role of RHBDF2 within
the tumor’s immune microenvironment, we undertook an
assessment of the infiltrating immune cells in the AML
TME. Our initial examination of the TCGA database via
the CIBERSORT algorithm unveiled that monocytes exhib-
ited a negative correlation with11 different types of immune
cells, encompassing naive B cells, CD4+ memory resting T
cells, and CD8+ T cells (Fig. 5A). We conducted an analy-
sis of the tumormicroenvironment’s disparities between pa-
tients with high and low RHBDF2 expression utilizing the

ESTIMATE package to compute stromal scores, immune
scores, and ESTIMATE scores for every sample, in addi-
tion to determining tumor purity. As shown in Fig. 5B, the
high RHBDF2 expression group had significantly higher
stromal, immune, and ESTIMATE scores (all p < 0.001),
indicating a more abundant immune cell infiltration in the
bone marrowmicroenvironment of AML patients with high
RHBDF2 expression. This hypothesis was corroborated by
our analysis of the GSE12417 and GSE71014 datasets, as
evidenced in Supplementary Fig. 2A,B.

Analysis of immune cell composition (Fig. 5C) re-
vealed that monocytes were significantly more abundant
in the high RHBDF2 expression group (p < 0.001).
This observation was corroborated by our analysis of the
GSE12417 and GSE71014 datasets (Supplementary Fig.
2C,D). We conducted correlation analysis between the ex-
pression levels of target genes and immune cells, presented
in a lollipop plot (Fig. 5D). The findings revealed a posi-
tive correlation between RHBDF2 expression and the pres-
ence of monocytes, M1 macrophages, and Tregs, whereas
CD4 memory resting T cells, follicular helper T cells, rest-
ing mast cells, activated dendritic cells, plasma cells, ac-
tivated mast cells, and naive B cells exhibited an inverse
correlation with RHBDF2 expression. The corresponding
data from the GSE12417 and GSE71014 datasets can be
found in the Supplementary Fig. 2E–H. These findings
are based on computational deconvolution of bulk RNA-
seq data using the CIBERSORT algorithm, which provides
an inference of the relative abundance of immune cell sub-
sets in the AML bone marrow microenvironment. We ac-
knowledge that this in silico inference may have potential
discrepancies compared to the actual immune cell composi-
tion measured via direct experimental methods such as flow
cytometry or immunohistochemistry, and the results should
be interpreted with appropriate caution.

Analyses of Single-Cell Sequencing Data Suggested
That RHBDF2 Is Predominantly Expressed in the
Monocytic Lineage in AML Patients

By utilizing single-cell sequencing data obtained from
AML patients in the GSE116256 and GSE289435 datasets,
we applied the t-SNE algorithm for the clustering of cells
and to visually represent their similarities. Cells with
similar attributes were located closer in the t-SNE plot,
while cells with dissimilar attributes were positioned further
apart. Consequently, 12 (Fig. 6A) and18 (Fig. 6E) distinct
clusters were discerned through t-SNE, respectively. Each
cluster was annotated using the R package Single R. The12
clusters from the GSE116256 dataset were categorized
into 7 cell types: Monocyte, pro-Myelocyte, Granulocyte-
Macrophage Progenitor (GMP), T cells, B cells, Common
Myeloid Progenitor (CMP), and Erythroblast (Fig. 6B). In
contrast, the18 clusters from the GSE289435 dataset were
classified into 7 cell types: GMP, Monocyte, Bone Mar-
row Progenitors (BM&prog), also known as Hematopoi-
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Fig. 4. The correlation between RHBDF2 expression and immune infiltration and inflammatory activities in TCGA cohort. (A)
Heatmap showed the DEGs in AML patients between high and low RHBDF2 expression groups. (B) Heatmap showing the correlation
between RHBDF2 expression and GSVA enrichment scores for immune-related processes. Only correlations with adjusted p < 0.05
(Benjamini-Hochberg corrected) are displayed. Complete statistical data including Pearson correlation coefficients and exact adjusted p-
values are available in Supplementary Table 1. (C,D) Gene Ontology (GO) functional enrichment analysis (C) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway analysis (D) of DEGs between high and low RHBDF2 expression groups. Only statistically
significantly enriched pathways (adjusted p < 0.05, Benjamini-Hochberg corrected for multiple testing) are shown. The color gradient
represents the p-value of each pathway. All modifications ensure that the statistical significance of each presented pathway is clearly
and unambiguously demonstrated, and the rationale for our significance threshold and figure presentation is fully justified. (E) Pearson
correlation between RHBDF2 and inhibitory immune checkpoints. The Green represented a negative correlation while red represents a
positive correlation. (F) Correlation matrix of RHBDF2 and inflammatory-related metagenes. The bottom left showed the correlation
coefficient. The correlation coefficients were demonstrated as the proportion of the pie charts. The red parts represented a positive
correlation, while the green parts represented a negative correlation. All correlation analyses were performed using Pearson correla-
tion analysis, with p-values corrected for multiple testing using the Benjamini-Hochberg (BH) method. Adjusted p-value < 0.05 was
considered statistically significant. *p < 0.05, **p < 0.01, ****p < 0.0001.

etic Stem/Progenitor Cells (HSPC), Erythroblast, T cells,
B cells, and Megakaryocyte-Erythrocyte Progenitor (MEP)
(Fig. 6F).

We employed a dot plot to depict the expression of
RHBDF2 in each cell type. The findings from both datasets
indicated that RHBDF2 exhibited the highest expression
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Fig. 5. The correlation of immune cells infiltrated in TME and different immune profiles between RHBDF2 high and low ex-
pression groups in the TCGA dataset. (A) Diagram of correlations between the levels of various tumor infiltrated immune cells. (B)
Comparison of stromal score, immune score, and ESTIMATE score between RHBDF2 high and low expression groups. (C,D) Compari-
son of immune cell infiltration between high and low expression groups (C, box plot; D, lollipop diagram). *p< 0.05, **p< 0.01, ***p
< 0.001.

ratio and average level in monocytes (Fig. 6C,G). Scat-
ter plot analyses uncovered that RHBDF2 was predomi-
nantly present in Monocyte, GMP, and pro-myelocyte cells
(Fig. 6D,H).

Construction and Validation of a Nomogram
Integrating RHBDF2 Expression and
Clinicopathological Characteristics for Assessing
Predictive Modeling and Diagnostic Performance

Consequently, we remain curious as to whether
RHBDF2 might emerge as a potential prognostic indicator
for AML patients. A nomogram, developed by integrat-
ing outcomes from both univariate and multivariate Cox re-
gression analyses (as outlined in Table 2), visually mapped
the effects of RHBDF2 expression, gender, age, risk cat-
egory (extrapolated from ELN2022), and WBC counts on
the prognosis of overall survival (OS) in individuals with
AML. The binary WBC variable was not significant in uni-
variate analysis but became significant in multivariate anal-
ysis. This may be due to the adjustment for confounding

factors such as age and ELN risk category, which revealed
the independent prognostic effect of WBC count after con-
trolling for these variables. This was illustrated in Fig. 7A.
Moreover, Kaplan-Meier survival analysis was performed
on 140 AML patients with complete overall survival data
from the TCGA cohort (10 patients were excluded due to
missing survival information) showed that high RHBDF2
expression was associated with significantly shorter over-
all survival in AML patients as shown in Fig. 7B. We fur-
ther validated the prognostic value of RHBDF2 itself in two
independent GEO cohorts, with patients stratified into high
and lowRHBDF2 expression groups by cohort-specific me-
dian expression: ¬ GSE12417 cohort (total n = 79, high
expression group n = 40, low expression group n = 39); ­

GSE71014 cohort (total n = 104, high expression group n
= 52, low expression group n = 52). The adverse prognos-
tic effect of high RHBDF2 expression was substantiated in
both GEO cohorts. It should be noted that the constructed
prognostic nomogram model was only validated via inter-
nal bootstrap resampling in the TCGA cohort, and no ex-
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Fig. 6. Single-cell RNA sequence data analysis revealed that RHBDF2 is highly expressed in monocytes. (A,E) t-distributed
Stochastic Neighbor Embedding (t-SNE) algorithm was performed and cell clusters were classified based on the available significant
components from principal component analysis (PCA) in a public database GSE116256 (A) and GSE289435 (E). (B,F) different clusters
were annotated based on specific gene expression profiles and were assigned to seven categories. (C,G) The dot plot displayed the
expression levels of RHBDF2 in each cluster. The size of the dots represented the percentage of cells expressing RHBDF2 within
a cluster. The color of the dot encodes the average expression level across all cells within a cluster (blue denotes high expression).
(D,H) The scatter plot showed the expression of RHBDF2 in each cell cluster, where low expression was represented in green and high
expression in red.
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ternal validation of the entire nomogram model was per-
formed in the GEO cohorts (Supplementary Fig. 1A,B).
Notably, the nomogram showed time-dependent AUC val-
ues of 75.2, 80.1, and 95.3 for 1-year, 3-year, and 5-year
OS, respectively (as depicted in Fig. 7C,D), indicating the
potential predictive value of the model in the TCGA dis-
covery cohort. Notably, the high 5-year AUC value should
be interpreted with extreme caution due to the limited num-
ber of patients remaining at risk at 5 years in the TCGA
cohort, which may indicate model instability and potential
overfitting. The generalizability of the model requires fur-
ther validation in independent external AML cohorts. The
patients were subsequently divided into high- and low-risk
categories based on the median value of the risk score from
our nomogram. As the risk scores of the patients increased
in both categories, the number of fatalities also increased (as
depicted in Fig. 7E). Furthermore, the calibration curve, il-
lustrated in Fig. 7F–H, demonstrated a satisfactory concor-
dance between the predicted and observed probabilities of
1-year, 3-year, and 5-year OS, which was affirmed through
1000 cycles of bootstrap resampling. The nomogram un-
derwent further evaluation through DCA, which revealed
that it provided an enhanced net benefit across a wider spec-
trum of threshold probabilities for predicting the risk of OS.
As depicted in Fig. 7I–K, this analysis underscored the clin-
ical utility of the nomogram in predicting the OS of AML
patients.

Discussion

AML, a notably heterogeneous hematological malig-
nancy, has been witnessing an escalation in both incidence
and mortality rates globally [30]. Over the last decade,
the five-year survival rate for individuals diagnosed with
AML and treated with traditional chemotherapy and stem
cell transplantation has only been reported to be 29% [3].
Although novel targeted therapies and immunotherapeutic
strategies have provided patients with additional treatment
options and optimism, they also comewith their own unique
degrees of side effects and drug resistance. Presently, the
therapeutic approaches for AML have not yet fulfilled their
potential in achieving the desired outcomes. And there’s an
urgent need to explore new prognostic biomarkers for this
condition.

The iRhom2 protein, encoded by RHBDF2 and being
an inactive member of the rhomboid family, plays an im-
portant role in regulating an array of vital biological pro-
cesses, including those involving ADAM17 [15], TNF sig-
naling [16], and EGFR pathway activation [31]. In order
to gain a deeper understanding of RHBDF2’s role in AML,
including its expression level, prognostic relevance, under-
lying biological mechanisms, and its connection with tu-
mor immune cell infiltration, we undertook relevant anal-
yses. The screening rationale for RHBDF2 is as follows:
we first identified differentially expressed genes between

AML patient samples and non-malignant control samples
from the TCGA and GTEx databases. GO enrichment anal-
ysis showed that these DEGs were predominantly enriched
in immune-related signaling pathways. Meanwhile, high-
throughput Kaplan-Meier survival screening identified 581
genes significantly associated with AML patient overall
survival. The intersection of immune-related DEGs and
survival-related genes yielded 54 candidate genes, among
which RHBDF2 was selected for further analysis due to
its significant upregulation in AML, robust correlation with
immune signatures and patient survival, and the absence of
published studies investigating its role in AML.

We further verified the expression pattern of RHBDF2
using the GEPIA database and our single-center clinical
cohort. IHC staining and qRT-PCR results showed that
RHBDF2 expression was significantly lower in AML pa-
tients in complete remission compared to newly diagnosed
AML patients, and significantly higher in relapsed AML
patients compared to remission patients and non-malignant
controls. These findings are consistent with previous stud-
ies reporting that RHBDF2 is upregulated and associated
with poor prognosis inmultiple solid tumors, including hep-
atocellular carcinoma, lung cancer, and cervical cancer.

Kaplan-Meier survival analysis showed that high
RHBDF2 expression was correlated with shorter over-
all survival in AML patients, which was further vali-
dated in two independent GEO cohorts (GSE12417 and
GSE71014). Multivariate Cox regression analysis, adjusted
for age, ELN 2022 risk category, and white blood cell
(WBC) count, revealed that continuous RHBDF2 expres-
sion was a marginally significant independent prognostic
factor for overall survival (OS) in AML patients. The bi-
nary RHBDF2 expression group (high vs. low, stratified by
median expression) showed a trend towards adverse prog-
nosis in the multivariate model, but did not reach statistical
significance. We further constructed a prognostic nomo-
gram integrating RHBDF2 and clinical prognostic factors,
with time-dependent AUC values of 75.2, 80.1, and 95.3
for 1-year, 3-year, and 5-year overall survival, respectively.
However, the high 5-year AUC should be interpreted with
caution due to the limited number of patients at risk at 5
years (n< 20), and potential overfitting cannot be excluded.
External validation in largermulti-center cohorts is required
before clinical application. These results suggest that the
nomogram has potential predictive value for AML patient
survival, and RHBDF2may be associated with prognosis in
AML, but requires further validation.

AML is an inflammation-associated hematologic ma-
lignancy, whose onset and progression are closely corre-
lated with immune cell infiltration in the bone marrow
microenvironment [2]. Immunotherapeutic strategies, in-
cluding allogeneic hematopoietic stem cell transplantation,
chimeric antigen receptor T cell (CAR-T) therapy, and
immune checkpoint inhibitors, have greatly advanced the
treatment of hematologic malignancies [12]. However, the
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Fig. 7. A prognostic predictive model of RHBDF2 in AML. (A) Nomogram for predicting the probability of 1-, 3-, 5-year OS for
AML. Each relevant patient value was aligned and plotted on its corresponding variable axis, alongside a point axis that quantified the
score for each variable. The cumulative score was pinpointed on the total axis, from which a line was drawn to determine the patient’s
1-, 3-, and 5-year survival rates. (B) Kaplan-Meier OS analysis of AML patients between high and low RHBDF2 expression groups. p
value was calculated using the log-rank test. (C) Time-dependent ROC curves for OS of the AML patients. The AUC was assessed at 1,
3 and 5 years. (D) Changes in AUC over time. (E) Relationship between the survival status and risk score rank. (F–H) Calibration curve
demonstrating the agreement between the predicted and observed probabilities of OS at 1 (F), 3 (G), and 5 (H) years. (I–K) Decision
curve analysis (DCA) for the predictive model and its validation at 1 (I), 3 (J), and 5 (K) years.

complex immune evasion mechanisms and highly hetero-
geneous immune microenvironment of AML leads to un-
satisfactory clinical outcomes of immunotherapy in AML
patients.

In this study, GSVA enrichment analysis showed that
RHBDF2 expression was positively correlated with multi-

ple immune-related biological processes in AML. GO and
KEGG enrichment analyses showed that DEGs between
high and low RHBDF2 expression groups were enriched
in immune receptor activity, cytokine signaling, and im-
mune system regulation-related pathways. We also found
that RHBDF2 expression was positively correlated with the
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Table 2. Univariable and Multivariable Cox analysis of putative prognostic parameters for overall survival (OS) in the AML
patients from the TCGA database (n = 150).

Variable
Univariate analysis Multivariate analysis

HR (95% CI) p value HR (95% CI) p value

RHBDF2 1.01 (1.00, 1.02) 0.010 1.01 (1.00, 1.02) 0.048
Binary variable

RHBDF2 Low Exp 1 (Ref) 1 (Ref)
RHBDF2 High Exp 1.87 (1.22, 2.86) 0.004 1.52 (0.98, 2.35) 0.063

Age (years) 1.04 (1.02, 1.05) <0.001 1.04 (1.02, 1.05) <0.001
Binary variable

Age <65 years 1 (Ref) 1 (Ref)
Age ≥65 years 3.29 (2.14, 5.06) <0.001 3.40 (2.12, 5.45) <0.001

Gender
Male 1 (Ref) 1 (Ref)
Female 0.99 (0.85, 1.20) 0.091 1.23 (0.80, 1.90) 0.350

Risk Category
Favorable 1 (Ref) 1 (Ref)
Intermediate 2.95 (1.50, 5.82) 0.002 2.24 (1.11, 4.52) 0.024
Poor 4.28 (2.01, 9.11) <0.001 2.97 (1.37, 6.43) 0.006
Trend.test 1.91 (1.38, 2.65) <0.001 1.62 (1.15, 2.28) 0.006

WBC count 1.01 (1.00, 1.01) 0.035 1.01 (1.00, 1.01) 0.019
Hb (g/L) 1.10 (0.95, 1.28) 0.201
PLT (×109/L) 1.00 (1.00, 1.00) 0.920
BM Blast 1.00 (1.00, 1.01) 0.464
Multivariate analysis was adjusted for age, gender, ELN 2022 risk category, and white
blood cell (WBC) count. Patients were stratified into high and low RHBDF2 expression
groups by the median RHBDF2 expression value (high n = 75, low n = 75). Hb, PLT,
and BM Blast were not included in the final multivariate model due to lack of univariate
significance (p > 0.1).

expression of multiple immune-regulatory molecules in-
cluding HVEM, TIM3, and CD86, which have been re-
ported to be associated with tumor immune evasion in AML
[32]. CIBERSORT deconvolution analysis showed that
RHBDF2 expression was significantly associated with the
abundance of monocytes, M1 macrophages, and regulatory
T cells in AML bone marrow. Single-cell sequencing anal-
ysis further confirmed that RHBDF2 was predominantly
enriched in monocytes from AML patients. These obser-
vations indicate that RHBDF2 upregulation is significantly
correlated with immune cell infiltration in the AML bone
marrow microenvironment, which is consistent with previ-
ous studies reporting the correlation between RHBDF2 ex-
pression and immune cell infiltration in hepatocellular car-
cinoma [21,33].

Myeloid-derived suppressor cells (MDSCs) con-
tribute to T cell tolerance via multiple mechanisms, includ-
ing the expression of VISTA, PD-L1, IDO1, and arginase,
alongwith the generation of reactive oxygen species (ROS),
peroxynitrite, and various cytokines (TGF-β and IL-10),
thereby facilitating AML immune evasion [34]. AML tu-
mor cells may also employ extracellular vesicles or other
mechanisms to endow monocytes with a suppressive phe-
notype characterized by CD14+HLA-DR- expression and

upregulateMDSC signature genes [35]. Our research found
that RHBDF2 is highly enriched in monocytes from AML
patients, and its expression is positively correlated with
immunosuppressive checkpoints and inflammatory signa-
tures. Based on the known function of RHBDF2 as a reg-
ulator of ADAM17 in myeloid cells, we propose an un-
validated hypothesis that RHBDF2 may modulate the im-
mune regulatory and potentially immunosuppressive states
of monocytes in AML via the ADAM17 pathway. This hy-
pothesis will be systematically tested in our ongoing in vitro
and in vivo functional studies, which are not presented in the
current manuscript.

Indeed, this observational, correlative study presents
certain inherent limitations. First, this is a hypothesis-
generating study based on bioinformatic analysis and clin-
ical sample expression validation, with no in vitro or in
vivo functional assays performed to validate the causal re-
lationship between RHBDF2 and AML immune dysregu-
lation. Mechanistic exploration of the association between
RHBDF2 and AML prognosis is still at an early stage.

Second, the prognostic nomogram model constructed
in this study was only validated via internal bootstrap re-
sampling (1000 iterations) in the TCGA AML cohort, with
no independent external validation performed using amulti-
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center clinical cohort. Although internal bootstrap vali-
dation confirmed the stability of the model, the general-
izability of the nomogram across different clinical demo-
graphics, ethnic groups, and treatment centers remains un-
proven. Third, the exceptionally high 5-year AUC value
of the model may also be partially attributed to the limited
number of patients with complete 5-year follow-up data in
the TCGA cohort, whichmay introduce a risk of overfitting.
Future large-scale, multi-center, prospective clinical stud-
ies are required to validate the clinical utility and generaliz-
ability of this prognostic model in real-world AML patient
populations. Fourth, the subgroup analysis of FAB clas-
sification subtypes included extremely small sample sizes
for certain rare subtypes (e.g., M6, M7), which limits the
statistical power of these subgroup analyses. The associa-
tion between RHBDF2 expression and FAB classification
should be interpreted with caution, and requires validation
in a larger cohort with sufficient sample sizes for all FAB
subtypes. Fifth, the most significant limitation of our differ-
ential expression analysis is the inherent difference in cellu-
lar composition between AML bone marrow (dominated by
blasts) and non-malignant bone marrow (composed of nor-
mal hematopoietic cells). This composition bias may affect
the interpretation of gene expression differences. Sixth, we
used the median RHBDF2 expression value as the cutoff
to stratify patients into high and low expression groups for
survival and correlation analyses. This median-based di-
chotomy method may lead to the loss of information from
the continuous variable, and may affect the stability of the
grouping results in different cohorts. Future studies should
explore the optimal cutoff value of RHBDF2 expression
through large-scale multi-center AML cohorts to improve
the robustness of the results.

Conclusion

This observational, correlative study demonstrates
that RHBDF2 is upregulated in newly diagnosed AML pa-
tients, with dynamic expression changes across different
disease states. High RHBDF2 expression is correlated with
adverse clinicopathological features and shorter overall sur-
vival in AML patients. Furthermore, RHBDF2 expression
is enriched in monocytes in the AML bone marrow mi-
croenvironment, and is positively correlated with immune
cell infiltration and the expression of multiple immunosup-
pressive checkpoints. In conclusion, RHBDF2 may be as-
sociated with prognosis in AML, but its clinical value as a
prognostic biomarker requires further validation. Our cor-
relative findings generate a testable hypothesis for future
functional studies to validate the role of RHBDF2 in AML
immune dysregulation.
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