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Elucidating AML ribosome
biogenesis reshaping prognostic
assessment and immune
microenvironment integrated
single-cell and bulk RNA analysis
Xiaohe Chen1†, Aimei Feng2†, Fan Chen1, Jue Zeng1

and Ming Chen1*

1Department of Blood Transfusion, The Third Af�liated Hospital of Wenzhou Medical University,
Rui’an, China, 2Department of Hematology, The Third Af�liated Hospital of Wenzhou Medical
University, Rui’an, China
Background: Acute Myeloid Leukemia (AML) is an aggressive hematologic
malignancy with signi�cant clinical challenges due to its heterogeneity and
high relapse rate. Dysregulated ribosome biogenesis is a recognized driver of
tumorigenesis and therapy resistance, but its comprehensive impact on AML
prognosis and the immune microenvironment remains to be fully elucidated.
Methods: We constructed an AML single-cell atlas and quanti�ed ribosome
biogenesis activity. A prognostic ribosome biogenesis signature (RBS) was
developed through integrated machine learning and interpreted using the
SHapley Additive exPlanations (SHAP) framework. We evaluated the RBS
associations with prognosis, tumor immune microenvironment, immunotherapy
response, and drug sensitivity. Key �ndings were validated by qPCR, Western blot,
and molecular docking.
Results: Single-cell analysis revealed signi�cantly elevated ribosome biogenesis
activity scores (RAS, a composite metric quantifying cellular ribosome synthesis
capacity) in AML stem and progenitor cells. The RBS model, established using a
Random Survival Forest algorithm, demonstrated robust prognostic power. SHAP
interpretation identi�ed EXOSC2 as the top predictor. Low-RBS patients
displayed an immune-activated microenvironment and heightened
immunotherapy response. Molecular docking indicated high-af�nity binding of
ouabain and digoxin to EXOSC2.
Conclusion: Our study delineates the critical role of ribosome biogenesis in AML
progression and establishes an interpretable RBS prognostic signature. This tool
effectively assesses immunotherapy responsiveness and reveals novel targeting
opportunities, providing valuable insights for clinical decision-making to improve
AML outcomes.
KEYWORDS

acute myeloid leukemia, ribosome biogenesis, single-cell RNA sequencing, machine
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1 Introduction

Acute Myeloid Leukemia (AML), an aggressive hematologic
malignancy arising from hematopoietic stem/progenitor cells,
manifests through differentiation arrest, aberrant proliferation,
and dysregulated apoptosis in myeloid precursors (1, 2). This
disease affects over 200,000 individuals globally each year, while
maintaining an overall 5-year survival rate below 30%. Particularly
adverse outcomes occur in elderly patients and those with high-risk
genetic alterations such as FLT3-ITD and TP53 mutations (3–5).
Current therapeutic advances—including targeted therapies (e.g.,
IDH inhibitors, BCL-2 antagonists) and immunotherapy—have not
overcome limitations of standard intensive chemotherapy
(anthracycline/cytarabine regimens) followed by allogeneic stem
cell transplantation. Key challenges persist in treatment resistance/
relapse driven by tumor heterogeneity, therapy-related toxicity, and
immune evasion mediated by dysregulated microenvironmental
interactions. Consequently, primary resistance affects 30%-40% of
patients, and complete remission rates fall below 30% in high-risk
subtypes (6–8). Our understanding of AML pathogenesis demands
deeper insights into epigenetic regulat ion, metabolic
reprogramming, and tumor-microenvironment crosstalk to enable
next-generation therapies.

Within eukaryotic cells, ribosome biogenesis (RiboSis)
constitutes a fundamental process initiated by RNA Pol I/III-
mediated rRNA transcription in the nucleolus. This multistep
pathway involves pre-rRNA splicing, chemical modi�cations
(including pseudouridylation), stepwise assembly with ~79
ribosomal proteins (RPs), and nuclear export to generate functional
cytoplasmic ribosomes (9–12). Over 200 assembly factors orchestrate
this cascade, critically controlling cell proliferation and homeostasis
(13). The emergent “Oncoribosome” concept underscores tumor-
associated heterogeneity in ribosome composition and function (14,
15). Onco-ribosomes can originate from diverse alterations, including
somatic mutations in ribosomal proteins (RPs) such as RPL10 and
RPS15, which rewire the translatome to overexpress key oncogenes,
or from disrupted rRNA modi�cations like the loss of conserved
m�acp�Y . In contrast to the uniform �delity of normal ribosomes,
this reprogramming enables selective translation of speci�c mRNA
subsets, thereby activating tumorigenic pathways (16, 17).
Dysregulated RiboSis—linked to malignancy and therapy resistance
—fuels oncogenesis by compromising translation �delity, inducing
genomic instability, and activating pro-survival pathways, thereby
establishing its therapeutic relevance (18–20). In AML speci�cally,
ribosomes function dually as disease drivers and therapeutic targets:
For instance, FBL-mediated rRNA 2’-O-methylation reprograms
translation to favor amino acid transporter synthesis, elevating
intracellular amino acid levels to drive leukemia stem cell (LSC)
self-renewal (21). Contrastingly, KMT2D loss ampli�es RiboSis via
mTOR activation, simultaneously promoting leukemogenesis and
sensitizing cells to RNA Pol I inhibitors like CX-5461 (22). Moreover,
induced RiboSis defects (achieved through eIF6 overexpression)
selectively eradicate leukemia cells, inhibit proliferation, and extend
survival independently of p53 (23). Nevertheless, RiboSis impacts on
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the AML immune microenvironment, therapy resistance, and clinical
outcomes remain incompletely de�ned. Notably, studies of
ribosomopathies—inherited disorders of ribosome biogenesis with
high AML risk—suggest that ribosomal defects can impair immune
cell function, fostering a permissive microenvironment for
leukemogenesis (24). This underscores the need to evaluate RiboSis
in AML not only within leukemic blasts but also in the context of
immune surveillance.

Technological innovations in single-cell RNA sequencing
(scRNA-seq) have revolutionized AML research by resolving its
inherent complexity (25). This approach provides high-resolution
mapping of cellular heterogeneity, facilitating identi�cation of key
leukemia stem cell (LSC) subpopulations, their differentiation
trajectories, and dynamic tumor microenvironment composition
(26). Decoding these elements proves essential for discovering novel
biomarkers, assessing patient status, predicting prognosis/therapy
response, and elucidating AML pathogenesis, resistance
mechanisms, and personalized therapeutic strategies (27, 28).

Our study extends previous �ndings that identi�ed individual
ribosome biogenesis factors like NCL as prognostic markers in
AML through bulk analyses (29). However, we signi�cantly advance
this �eld by employing single-cell RNA sequencing, which allows us
to precisely de�ne ribosome biogenesis dysregulation speci�cally
within hematopoietic stem and progenitor cells—the cellular
compartments driving the disease. In contrast to single-gene
biomarkers, we further integrated this knowledge to develop a
novel, multi-gene ribosome biogenesis signature (RBS) using
machine learning for robust prognostic strati�cation.
2 Methods

2.1 Data acquisition

AML single-cell RNA sequencing (scRNA-seq) data were obtained
from the Zenodo database (https://doi.org/10.5281/zenodo.3345981)
(30), comprising nine samples (5 AML bone marrow aspirates and 4
healthy donor [HD] controls). For independent single-cell
validation, we utilized the ‘AML_GSE116256’ dataset from the
Tumor Immune Single-cell Hub 2 (TISCH2) database (http://
tisch.compbio.cn/home/) (31). This dataset pro�les bone marrow
samples from 16 adult patients with de novoAML. We included all
16 patients from this study in our analysis to ensure a
comprehensive validation cohort that captures the cellular
heterogeneity of AML. Bulk RNA-seq data and clinical
information were downloaded from the GEO database. To ensure
platform consistency and optimal genomic coverage for pro�ling
ribosome biogenesis genes, we extracted data speci�cally from the
GPL570 platform (Affymetrix U133 Plus 2.0 Array) for both the
GSE37642 and GSE12417 series. Raw CEL �les were processed
using the Robust Multiarray Averaging (RMA) algorithm, and after
selecting samples with available overall survival (OS) data, we
obtained 136 patients from GSE37642 and 79 from GSE12417.
These datasets were merged and batch-corrected using the ComBat
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function from the sva R package (v3.52.0) (Supplementary Figure
S1), resulting in a combined cohort of 21,873 genes across 215
samples. For independent validation, we utilized the BeatAML
program (https://biodev.github.io/BeatAML2/) (32) (439 patients
after excluding non-AML malignancies), the TCGA_LAML dataset
(https://portal.gdc.cancer.gov/) (132 patients with OS), and the
OHSU AML cohort (Cancer Cell 2022, https://www.cbioportal.
org/study/summary?id=aml_ohsu_2022) (513 subjects with
survival and mutational data). These RNA-seq cohorts were
analyzed using their provided TPM values without additional
normalization. A RiboSis gene set of 331 genes was curated from
the Molecular Signatures Database (MSigDB) Gene Ontology (GO)
term and published characterization by Nerurkar et al.
(Supplementary Table 1) (12, 33). Among these, 287 genes
showed detectable expression in the merged bulk RNA-seq dataset.
2.2 Single-cell data processing and
annotation

Single-cell RNA-seq data from both the primary and independent
validation (GSE116256) datasets were processed using Seurat (v5.0.1)
in R (v4.4.1) under a uni�ed analytical work�ow. Brie�y, quality
control was performed by �ltering out genes detected in fewer than
3 cells. Cells were retained if they expressed between 200 and 6,000
genes, with dataset-speci�c �lters further applied: the primary cohort
excluded cells with >20% mitochondrial gene content or >100,000 total
UMIs, and doublets were removed using DoubletFinder (v2.0.4),
yielding 101,077 high-quality cells; the GSE116256 validation set
excluded cells with mitochondrial content >10%, resulting in 30,659
high-quality cells for subsequent analysis.

The data from each dataset were then independently subjected
to log-normalization, identi�cation of highly variable genes, and
dimensionality reduction via principal component analysis (PCA).
Batch effects across samples were corrected using the RunHarmony
function from the harmony R package (v1.2.1) with parameters
group.by.vars = “orig.ident” and theta = 2. Cell clustering was
performed using a graph-based algorithm, with resolutions set at
0.2 for the primary cohort and 0.5 for the validation set. Cell types
in the primary cohort were annotated using canonical markers from
an established AML scRNA atlas (34) and the CellMarker 2.0
database, while annotations for the GSE116256 dataset were
cross-referenced with the TISCH2 database and marker genes.
2.3 Identi� cation of cluster marker genes
and pathway enrichment

Differentially expressed genes (DEGs) speci�c to each cell cluster
were identi�ed using FindAllMarkers in Seurat, with parameters:
only.pos = TRUE (retain upregulated genes), min.pct = 0.25
(minimum expression fraction 25%), and logfc.threshold = 0.25
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(absolute log-fold change >0.25). Gene Ontology Biological Process
(GO-BP) and KEGG pathway enrichment analyses were performed
on these DEGs using enrichCluster from clusterGVis (v0.1.2), with
gene ID conversion facilitated by org.Hs.eg.db (v3.20.0). The top 5
enriched terms per pathway were extracted for visualization.
2.4 RiboSis activity scoring

Single-cell RiboSis activity scores (RAS) were computed using
the “singscore,” “ssgsea,” and “viper” algorithms from the irGSEA
package (v3.3.2). The scores from each algorithm were Z-score
normalized and integrated via weighted principal component
analysis (WPCA), with weights automatically derived from their
variance contributions. The �rst principal component (PC1),
explaining >70% of the total variance, was de�ned as the
composite RAS. Based on the composite RAS (PC1) values, all
cells (or samples) were classi�ed into high- and low-RAS groups
using the median value as the cutoff. The corresponding cell-level
grouping results are provided in Supplementary Materials.
2.5 Copy number variation analysis

Clonal chromosomal copy number alterations in HSCs, GMPs,
and MEPs were analyzed using InferCNV (v1.22.0) and CopyKAT
(v1.1.0). For InferCNV, T/NK cells from the same AML samples
were used as the reference to identify large-scale CNVs.

The CopyKAT analysis was applied to achieve higher-
resolution detection of AML-speci�c alterations. Using T/NK cells
as diploid references, CopyKAT was run on unmodi�ed UMI
counts with default parameters to estimate genomic copy number
pro�les. Cells were classi�ed as aneuploid based on genome-wide
CNA patterns. Cluster-level consensus CNA pro�les were generated
by averaging the discrete copy number calls (� 1 for loss, +1 for gain,
0 for neutral) across all cells within the same cluster.
2.6 Functional and metabolic pathway
analysis of high/low RAS groups

HALLMARK pathway enrichment analysis between high/low
RAS groups used GSVA (v2.0.0). Pathway activity scores were
calculated via single-sample gene set enrichment analysis
(ssGSEA) with gene sets containing 10–500 genes (minSize=10,
maxSize=500), employing Gaussian kernel density estimation
(kcdf=“Gaussian”) and maximum difference standardization
(maxDiff=TRUE). Metabolic activity was assessed using AUCell
in scMetabolism (v0.2.1) to score KEGG metabolic pathways at
single-cell resolution, retaining raw expression matrices
(imputation=FALSE). Heatmaps visualized differential pathway
and metabolic activity patterns between groups.
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2.7 Cell communication analysis

CellChat (v2.1.2) analyzed differential interaction networks
between high/low RAS groups. Cell-cell communication events
were inferred through co-expression patterns of ligand-receptor
pairs in secreted signaling pathways. The netVisual_aggregate
function visualized global signal input/output strength, while
netVisual_bubble identi�ed signi�cantly differential ligand-
receptor interactions between groups (ligands: outgoing signals;
receptors: incoming signals).
2.8 Identi� cation of key ribosome
biogenesis-related genes and consensus
clustering

Forty RRGs signi�cantly associated with overall survival
(univariate Cox proportional hazards regression, p<0.05)
were identi�ed using the integrated bulk RNA-seq dataset.
Consensus clustering of the RRG co-expression network used
ConsensusClusterPlus (v1.68.0). The optimal cluster number
(k=2) was determined by evaluating cumulative distribution
function (CDF) curves from repeated subsampling and consensus
matrix heatmap analysis. Principal component analysis (PCA)
con�rmed signi�cant transcriptomic differences between subtypes.
Prognostic disparity was assessed using Kaplan-Meier survival
curves (survival v3.7-0) and log-rank tests.
2.9 Construction of RBS prognostic model
via integrated machine learning

To develop a robust ribosome biogenesis signature (RBS), we
integrated ten machine learning algorithms: Random Survival
Forest (RSF), Least Absolute Shrinkage and Selection Operator
(LASSO), Gradient Boosting Machine (GBM), Survival Support
Vector Machine (Survival-SVM), Supervised Principal
Components (SuperPC), Ridge Regression, Partial Least Squares
Regression for Cox (plsRcox), CoxBoost, Stepwise Cox, and Elastic
Net (Enet). The GSE37642 dataset served as the primary training
cohort. For model development and selection, we employed a
multi-step validation approach: both the GSE12417 dataset and a
merged cohort (GSE37642+GSE12417) functioned as internal
validation cohorts to evaluate 81 candidate models generated
through algorithmic combinations. The optimal model was
selected based on demonstrating the highest mean concordance
index (C-index) across these internal validation cohorts. The
BeatAML, TCGA_LAML and OHSU cohort was subsequently
used as a fully independent external validation cohort to provide
an unbiased assessment of the �nal model ’s prognostic
performance. Individualized risk scores were computed using the
coef�cients from the optimal model. For clinical strati�cation,
patients were classi�ed into high- and low-RBS subgroups using
the optimal riskScore cutoff, determined by maximizing the survival
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difference between groups through the “surv_cutpoint” function in
the R package survminer.
2.10 Prognostic validation and nomogram
construction

Kaplan-Meier analysis (survminer) compared overall survival
between high and low RBS subgroups using the log-rank test.
Predictive accuracy at 1, 3, and 5 years was quanti�ed using time-
dependent ROC curves (timeROC), reported as AUC. An
individualized nomogram integrated the RBS score with independent
prognostic factors (e.g., age) to predict survival. This model’s
performance was comprehensively evaluated: calibration curves
assessed the agreement between predicted and observed survival
probabilities; decision curve analysis (DCA) quanti�ed the clinical
net bene�t across different threshold probabilities; and multi-timepoint
ROC curves evaluated discriminative ability over time.
2.11 Explainable analysis based on the
SHAP model

To enhance model interpretability, we employed the SHapley
Additive exPlanations (SHAP) framework for attribution analysis of
the optimal prognostic model. This model-agnostic approach,
grounded in Shapley value theory, quanti�es each feature’s
contribution to individual predictions. For each sample
prediction, the expected marginal contribution of a target feature
across all possible feature subsets (i.e., the SHAP value) was
calculated. We implemented approximate computation and
visualization using KernelSHAP (shapviz v0.9.3) with default
parameters. The analysis was performed independently for each
validation cohort using the training set as reference background.
2.12 Pathway activity and functional
enrichment analysis

Gene Set Variation Analysis (GSVA) and single-sample Gene
Set Enrichment Analysis (ssGSEA) quanti�ed pathway activity.
Conventional Gene Set Enrichment Analysis (GSEA) interpreted
biological functions using canonical gene sets from MsigDB. Core
tools included GSVA, clusterPro�ler, GSEABase, and gseaVis.
Heatmaps displayed subtype-speci�c pathway activity; ridge plots
characterized core pathway expression distributions. Permutation
tests (1,000 iterations) validated enrichment signi�cance.
2.13 Immune microenvironment pro� ling
and treatment response prediction

We employed IOBR (v0.99.8) to integrate eight deconvolution
algorithms (MCPcounter, EPIC, xCell, CIBERSORT, IPS,
frontiersin.org
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quanTIseq, ESTIMATE, TIMER) to quantitatively assess immune
cell in�ltration and microenvironment scores. Pearson/Spearman
correlation assessed the association between RBS risk scores and
immune checkpoint molecules, chemokines, and their receptors.
Treatment response indicators were computed using TIDE (http://
tide.dfci.harvard.edu/), focusing on four core immune evasion
indicators: Immune Exclusion score, M2 Tumor-Associated
Macrophages (TAM M2), Merck18 immune phenotype, and CD8
+ T cell activity. Boxplots visualized differences between high- and
low-risk groups.
2.14 Drug sensitivity analysis and small-
molecule drug screening

Drug sensitivity (IC50) for AML samples was predicted using
oncoPredict (v1.2) based on the GDSC database (https://
www.cancerrxgene.org/). Higher IC50 values indicate lower
sensitivity. To identify EXOSC2-targeting drugs, we screened
DSigDB via Enrichr (https://maayanlab.cloud/Enrichr/) applying
criteria: (1) adjusted P < 0.05; (2) odds ratio [OR] > 40; (3) explicit
inclusion of EXOSC2. Ouabain showed the most signi�cant
association in the HL60 downregulation group (adjusted P =
0.009, OR = 106.87). Digoxin had borderline signi�cance
(adjusted P = 0.051) but OR (43.44) exceeded the threshold, and
prior studies con�rmed its speci�c mechanism in AML (35). Based
on effect size and target speci�city evidence, both were selected
for docking.
2.15 Molecular docking model
construction

We retrieved the SDF structures of ouabain and digoxin from
PubChem. Their 3D structures were generated using ChemOf�ce
20.0. The EXOSC2 protein sequence (UniprotKB: Q13868) was
obtained from UniProt. Molecular docking was performed using
AutoDock Vina. Compound binding af�nity was assessed based on
calculated binding energies. Results were visualized using PyMOL
2.6.0 and Discovery Studio 2019.
2.16 Quantitative real-time PCR

This study was approved by the Ethics Committee of the Third
Af�liated Hospital of Wenzhou Medical University (Approval No.:
YJ2025005). Written informed consent was obtained from 8 AML
patients and 8 healthy controls. Bone marrow mononuclear cells
(BMMNCs) were isolated from fresh samples using Ficoll-Paque
PLUS density gradient centrifugation. Total RNA was extracted
with TRIzol reagent (Invitrogen) according to the manufacturer’s
protocol, and RNA quality was assessed by spectrophotometry.
cDNA was synthesized from 1 mg of total RNA using the
PrimeScript RT Reagent Kit (Takara). Expression levels of four
model genes were quanti�ed by qRT-PCR on an ABI Q6 Real-Time
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PCR System (Applied Biosystems) with Acro Biotech SYBR Green
kits. Relative gene expression was calculated using the 2^(–DDCT)
method, with GAPDH as the endogenous control. Primer
sequences are provided in Supplementary Table 2.
2.17 Western blotting

Bone marrow samples were lysed in red blood cell lysis buffer (6
volumes). After centrifugation (800 × g, 10 min), the pellet was
resuspended and lysed in RIPA buffer with protease/phosphatase
inhibitors. Protein concentration was determined (Omni-Easy™

BCA Protein Assay Kit, Epizyme Biotech, Cat# ZJ102). Protein
samples were mixed with loading buffer, denatured, and separated
via SDS-PAGE. Proteins were transferred to PVDF membrane (wet
transfer). The membrane was blocked (5% non-fat dry milk in
TBST, 1 h, RT), incubated with primary antibodies (Proteintech)
overnight (4°C), washed, incubated with HRP-conjugated
secondary antibodies (2 h, RT), washed again, and developed
using ECL substrate (Vazyme Biotech, Cat# E422-02). Signals
were detected using a chemiluminescence imaging system. Band
intensities were quanti�ed using ImageJ.
2.18 Statistical analysis

Statistical analyses used R (v4.4.1). Spearman rank correlation
assessed associations between continuous variables. Survival
differences (high/low-risk groups) were analyzed using Kaplan-
Meier curves (log-rank test). Group comparisons used Student’s
t-test, Wilcoxon rank-sum test (two groups), ANOVA, or Kruskal-
Wallis test (multiple groups), based on distribution. Univariate and
multivariate Cox proportional hazards regression evaluated
associations between risk score, clinical features, and overall
survival (OS), reporting hazard ratios (HR) with 95% con�dence
intervals (CI). The Benjamini-Hochberg (BH) method controlled
the false discovery rate. Statistical signi�cance was de�ned as two-
tailed P < 0.05 (q-value after correction).
3 Results

3.1 scRNA-seq analysis of AML

Figure 1 illustrates the study work�ow, generated using Biogdp
(https://biogdp.com/) (36). Our analysis encompassed two distinct
cohorts: a primary discovery cohort of 101,077 high-quality cells
from Zenodo and an independent validation cohort of 30,659 cells
from the GSE116256 dataset. Batch effects across nine samples in
the discovery cohort were corrected using Harmony. Following
UMAP dimensionality reduction and Leiden clustering, 15 distinct
cell clusters were identi�ed in the primary dataset (Figure 2A).
These clusters were annotated into 10 cell types using canonical
markers, including hematopoietic stem cells (HSC; HOXA9,
CD34), granulocyte-macrophage progenitors (GMP; MPO, CTSG,
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AZU1), malignant cells, and other major immune/hematopoietic
lineages (Figure 2B). In the validation set, cell types were directly
visualized and annotated based on canonical markers, resulting in
13 annotated cell types as shown in the UMAP plot (Supplementary
Figure S2A). A bubble plot visualizes marker gene expression across
AML cell types in the primary cohort (Figure 2C), while a heatmap
Frontiers in Immunology 06
displays the top 3 differentially expressed genes among the 13 cell
types in the validation set (Supplementary Figure S2B). Cell type
distribution differed signi�cantly between AML and normal
samples (Figures 2D, E). GO and KEGG enrichment analysis of
differentially expressed genes elucidated core biological functions of
subpopulations (Figure 2F, Supplementary Table 3).
FIGURE 1

Flowchart of the research.
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3.2 Characterization of RRGs in scRNA-seq
data

We �rst quanti�ed the ribosome biogenesis activity at single-
cell resolution using a Ribosome biogenesis Activity Score (RAS), a
composite metric derived from the expression of 331 RRGs (see
Methods). For subsequent comparative analyses, cells were
strati�ed into high- and low-RAS groups based on the median
RAS value, a threshold that ensures balanced group sizes for robust
Frontiers in Immunology 07
downstream comparisons. Analysis of 83,665 AML cells revealed
signi�cantly elevated RAS in HSCs, GMPs, and MEPs (Figure 3A).
High- and low-RAS subpopulations showed distinct spatial
segregation by UMAP (Figure 3B), validated by RO/e ratio
(Figure 3C). InferCNV revealed increased genomic instability in
HSCs/GMPs/MEPs compared to T/NK cells (Figure 3D), which was
further supported by copyKAT analysis identifying recurrent
deletions in high-risk chromosomal regions including del(5q) and
-7/del(7q), but not chromosome 17 (Supplementary Figures S3A–
FIGURE 2

Integrated analysis of AML scRNA-seq data (A) Application of dimensionality reduction and clustering to cells from 5 AML and 4 HD resolved 15 cell
clusters. (B) The UMAP visualization depicts 10 annotated cell types. (C) The bubble plot displays canonical marker genes for 10 cell subtypes. (D)
Cell proportion plot across 9 samples. (E) Cell proportion plot: AML vs. HD. (F) The heatmap visualizes top DEGs across cell subtypes with parallel
enrichment analysis for GO-BP and KEGG.
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C). These �ndings align with malignant progenitor expansion in
AML and reinforce the association between RAS signaling and
leukemic stemness. GSVA using HALLMARK gene sets
demonstrated widespread pathway activation (50 pathways, e.g.,
G2M_CHECKPOINT, DNA_REPAIR, MYC_TARGETS) in high-
RAS cells (Figure 3E). Conversely, low-RAS monocytes/
macrophages/neutrophils showed limited pathway activation (e.g.,
in�ammation), with downregulation in other subtypes.Metabolic
scoring identi�ed signi�cant activation of 15 core pathways
(including glycolysis, oxidative phosphorylation, purine
metabolism) in high-RAS (HSCs/GMPs/MEPs) subpopulations
(Figure 3F). This coordinated activation supports proliferation via
ATP synthesis (Warburg effect) and provides nucleotide
precursors/DNA replication support. Glutathione and cytochrome
P450 pathway activation further suggests chemoresistance
mechanisms via ROS scavenging/drug metabolism. In the
validation cohort, elevated activity scores were predominantly
observed in progenitor, precursor, and malignant cell populations
(Supplementary Figure S2C). Cells were clearly segregated into
high- and low-RAS subgroups by UMAP (Supplementary Figure
S2D), and high-RAS malignant and progenitor cells exhibited
consistent enrichment of proliferation-related pathways (e.g.,
E2F_TARGETS, G2M_CHECKPOINT) and key oncogenic
programs (e.g., MYC_TARGETS_V1, MYC_TARGETS_V2)
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(Supplementary Figure S2E). Metabolic analysis further con�rmed
the skewed pro�le of high-RAS subsets toward energy production
and biomass synthesis (e.g., glycolysis, oxidative phosphorylation),
contrasting with the structural maintenance and specialized
functional pro�les seen in low-RAS cells (Supplementary Figure
S2F). Collectively, high RAS correlates with key AML malignant
features—increased genomic instability, accelerated cell cycle,
and chemoresistance—implying a potential driving role in
AML progression.
3.3 Differential cell-cell communication
patterns between high and low RAS
sample groups

CellChat analysis comparing high- and low-RAS sample groups
revealed distinct cellular interaction networks, identifying 779 and
532 signi�cant ligand-receptor interactions in the low- and high-
activity groups, respectively (Figure 4A, Supplementary Table 4).
This �nding was further supported by analysis using cell-based
strati�cation, which identi�ed 259 and 355 interactions in the
respective groups and similarly highlighted hematopoietic stem
cells (HSCs) and granulocyte-macrophage progenitors (GMPs) as
key mediators (Supplementary Figures S4A, B). Differential
FIGURE 3

Pro�ling RiboSis-related genes in AML scRNA-seq. (A) Bubble plot comparing RiboSis activity scores across 10 cell subtypes using three algorithms.
(B) The UMAP plot displays cell distribution in high and low RiboSis activity groups. (C) Tissue preference assessment of high/low RiboSis activity
groups using the Ro/e index. (D) Copy number variation (CNV) inference in progenitor cells (HSCs/GMPs/MEPs) using T/NK cells as reference:
Columns denote chromatin regions, rows represent cells. (E) The heatmap shows HALLMARK pathway scores (z-scores) across cell subpopulations
in different RiboSis activity groups (red: high scores, blue: low scores). (F) Metabolic pathway scores across cell subpopulations by RiboSis activity
group.
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