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Single-cell dissection reveals promotive 
role of ENO1 in leukemia stem cell self-renewal 
and chemoresistance in acute myeloid leukemia
Yun Tian1,2,3†, Jiafan Guo2,4†, Lipeng Mao3†, Zhixi Chen1,2†, Xingwei Zhang2,4, Yangqiu Li1,2*, Yikai Zhang1,2,5*, 
Xianfeng Zha4* and Oscar Junhong Luo3*   

Abstract 

Background Quiescent self-renewal of leukemia stem cells (LSCs) and resistance to conventional chemotherapy are 
the main factors leading to relapse of acute myeloid leukemia (AML). Alpha-enolase (ENO1), a key glycolytic enzyme, 
has been shown to regulate embryonic stem cell differentiation and promote self-renewal and malignant phenotypes 
in various cancer stem cells. Here, we sought to test whether and how ENO1 influences LSCs renewal and chemore-
sistance within the context of AML.

Methods We analyzed single-cell RNA sequencing data from bone marrow samples of 8 relapsed/refractory AML 
patients and 4 healthy controls using bioinformatics and machine learning algorithms. In addition, we compared 
ENO1 expression levels in the AML cohort with those in 37 control subjects and conducted survival analyses to corre-
late ENO1 expression with clinical outcomes. Furthermore, we performed functional studies involving ENO1 knock-
down and inhibition in AML cell line.

Results We used machine learning to model and infer malignant cells in AML, finding more primitive malignant 
cells in the non-response (NR) group. The differentiation capacity of LSCs and progenitor malignant cells exhibited 
an inverse correlation with glycolysis levels. Trajectory analysis indicated delayed myeloid cell differentiation in NR 
group, with high ENO1-expressing LSCs at the initial stages of differentiation being preserved post-treatment. Simulta-
neously, ENO1 and stemness-related genes were upregulated and co-expressed in malignant cells during early differ-
entiation. ENO1 level in our AML cohort was significantly higher than the controls, with higher levels in NR compared 
to those in complete remission. Knockdown of ENO1 in AML cell line resulted in the activation of LSCs, promoting cell 
differentiation and apoptosis, and inhibited proliferation. ENO1 inhibitor can impede the proliferation of AML cells. 
Furthermore, survival analyses associated higher ENO1 expression with poorer outcome in AML patients.
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Introduction
Acute Myeloid Leukemia (AML) is the most com-
mon acute leukemia in adults, characterized by abnor-
mal proliferation of leukemic blasts and differentiation 
arrest [1, 2]. Despite the development of various targeted 
therapies, the treatment of most AML patients, exclud-
ing those with acute promyelocytic leukemia, largely 
relies on the standard ‘7 + 3’ chemotherapy regimen and 
hematopoietic stem cell transplantation (HSCT) [3, 4]. 
However, treatment outcomes for AML remain unsatis-
factory, with a significant number of patients experienc-
ing chemotherapy resistance and relapse after remission 
[2, 5]. The primary cause of AML refractoriness and 
relapse is the leukemia stem cells (LSCs), which possess 
long-term self-renewal capability [6, 7]. Conventional 
therapies can destroy the bulk of leukemic blasts but fail 
to eradicate LSCs, which can alter their state during dor-
mancy and reinitiate malignancy [8, 9]. To date, cell sur-
face proteins are most commonly used to identify stem 
cells, often through flow cytometry or related methods. 
The primary marker used for identifying and enriching 
LSCs is  CD34+CD38−, the same as for hematopoietic 
stem cells (HSCs) [10]. Several other markers, including 
CD99, TIM3, GPR65, CD82, and CD9, are upregulated 
in LSCs compared to normal HSCs [11–14]. However, 
in the complex context of cancer, surface marker expres-
sion can vary between patients and even within the same 
patient during pathogenesis [15, 16]. Hence, LSCs are dif-
ficult to isolate due to their scarcity, significant similar-
ity to healthy HSCs, and phenotypic plasticity, resulting 
in the lack of universal surface markers for LSCs [8, 17]. 
Therefore, one of the critical issues in AML treatment is 
identifying and targeting key molecules that specifically 
regulate the self-renewal of AML LSCs.

Glycolysis represents a central metabolic pathway in all 
organisms, crucial for stem cell differentiation and cancer 
biology [18, 19]. Cancer cells, in particular, preferentially 
choose the relatively inefficient aerobic glycolysis path-
way (Warburg effect) over the energy-efficient oxidative 
phosphorylation (OXPHOS) pathway [20]. Embryonic 
pluripotent stem cells must utilize glycolysis to meet the 
demands of continuous self-renewal, providing building 
blocks for the biosynthesis of nucleotides, peptides, and 
lipids [21]. Although stemness requires glycolysis, lineage 
differentiation involves a shift towards OXPHOS [22]. 
Alpha-Enolase, or enolase 1 (ENO1), is a key enzyme 
in the glycolytic pathway, catalyzing the reversible 

interconversion between 2-phosphoglycerate (2-PG) and 
phosphoenolpyruvate (PEP) [21, 23]. In malignant cells, 
ENO1 is typically overexpressed and is a multifunctional 
protein with oncogenic properties, including accelerat-
ing glycolysis, promoting cancer cell proliferation, migra-
tion, invasion, drug resistance, and activating oncogenic 
signaling pathways [24–26]. Recent studies have identi-
fied high ENO1 expression in AML and myelodysplastic 
syndromes through bulk detection methods, recogniz-
ing it as a predictor of poor prognosis [27–30]. Despite 
extensive research on the role of ENO1 in solid tumors 
and its emerging relevance in leukemia, the mechanisms 
through which ENO1 leads to unfavorable outcomes in 
AML remain unclear.

Single-cell RNA sequencing (scRNA-seq) technol-
ogy is a powerful approach for cancer research, playing 
a crucial role in uncovering tumor heterogeneity, deep-
ening the understanding of tumor biology, and guiding 
personalized therapies. scRNA-seq combined with chro-
mosomal copy number variations (CNVs) analysis meth-
ods (e.g., CopyKAT and IfCNV) [31, 32], and/or tumor 
marker gene expression have been used extensively for 
identifying tumor cells [33]. However, compared to solid 
tumors, CNVs is less frequent in AML, and constructing 
classifiers based on marker genes to identify leukemia 
cells may lead to significant errors, as AML cell diversity 
partly reflects a re-interpretation of myeloid development 
[34–36]. This complexity makes it difficult to accurately 
distinguish LSCs from normal HSCs. Therefore, accu-
rately inferring AML tumor cells using scRNA-seq data 
remains a significant challenge. To this end, we innova-
tively combined scRNA-seq data with machine learning 
techniques to model and infer malignant cell populations 
in AML.

To test whether and how ENO1 influences AML 
patients, it is imperative to delve into specific cell types 
affected by ENO1 and explore its precise mechanisms in 
the pathophysiology of AML during disease progression. 
Such investigations will provide deeper insights and the-
oretical foundations for developing more effective treat-
ment strategies. Our findings revealed that ENO1 plays a 
critical role in maintaining the self-renewal and survival 
of AML stem cells. Additionally, our data suggest that 
ENO1 levels could serve as a peripheral biomarker for 
monitoring AML status in clinical settings, providing a 
straightforward method to track disease progression and 
response to treatment. Collectively, these observations 

Conclusions Our findings underscore the critical role of ENO1 as a plausible driver of LSC self-renewal, a potential 
target for AML target therapy and a biomarker for AML prognosis.
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strongly support the development of ENO1 inhibitors as 
a novel therapeutic strategy to target the self-renewal of 
LSCs in AML patients.

Methods
Clinical sample collection
Peripheral blood from 28 newly diagnosed patients with 
AML and 37 healthy individuals were collected for quan-
titative reverse transcription polymerase chain reaction 
(qRT-PCR) [37]. Samples were obtained in The Hematol-
ogy Department, First Affiliated Hospital of Jinan Uni-
versity. Ethical approval was obtained from the Ethics 
Committee of the School of Medicine of Jinan University, 
and informed consent was provided by the patients and 
healthy donors.

Cell culture and treatment
AML cell line MOLM-13 was cultured in RPMI 1640 
(Gibco) containing 10% fetal bovine serum (Zeta life) at 
37 °C in a 5%  CO2 atmosphere. Cells were passaged at a 
1:3 ratio to ensure they were in the logarithmic growth 
phase. MOLM-13 cells were treated with different con-
centrations of AP3-III-a4 (0  μM, 0.625  μM, 1.25  μM, 
2.5  μM, 5  μM and 10  μM) for different periods of time 
(0 h, 24 h, 48 h, 72 h and 96 h), and cell proliferation was 
detected by cell counting kit-8 (CCK8).

Construction of ENO1 knockdown cell line
The ENO1 short hairpin RNA (shRNA) expression 
vectors were constructed and packaged as lentivirus 
(Miaoling Biology, Wuhan, China). MOLM-13 cells in 
logarithmic growth phase were used and infected with 
the lentivirus for 12 h, and then replaced with new com-
plete medium for a further 48  h. After 48  h, positive 
clones were screened with puromycin (2  μg/mL). The 
ENO1 knockdown efficiency was verified by western 
blotting (WB) and qRT-PCR [37, 38]. The cell prolifera-
tion differences were determined by CCK8.

RNA extraction, qRT‑PCR, and bulk RNA‑seq
Total RNA extraction and cDNA synthesis were per-
formed as previously described [39]. The oligonucleo-
tide sequences of ENO1 were ENO1-F 5’-GCC GTG AAC 
GAG AAG TCC TG-3’ and ENO1-R 5’-AGG TAT CTT 
CAG TCT CCC CCG-3’. ACTB (β-actin) was employed 
as the control gene, with the oligonucleotide sequences 
ACTB-F 5’-TTG TTA CAG GAA GTC CCT TGCC-3’ and 
ACTB-R 5’-ATG CTA TCA CCT CCC CTG TGTG-3’. RNA 
quality and concentration were assessed using NanoDrop 
2000 and Agilent 2100 Bioanalyzer [40]. We conducted 
bulk RNA-seq on MOLM-13 cells before and after sta-
ble knockdown of ENO1, with repeated experiments and 
triplicate samples to minimize errors. The extraction and 

detection of RNA-seq in the samples were performed by 
Wuhan Metware Biotechnology Co., Ltd. (Wuhan, China; 
www. metwa re. cn). Data analysis was conducted using 
the STAR aligner and DESeq2 for differential expression 
analysis.

CCK8 assay for cell proliferation
The cells were seeded in 96-well plates at a density of 
4000 cells per well with the addition of various concen-
trations of AP3-III-a4 (0 μM, 0.625 μM, 1.25 μM, 2.5 μM, 
5  μM and 10  μM), and incubated for 0, 24, 48, 72, and 
96  h. At each time point, 10 µL of CCK-8 reagent was 
added. Cells were incubated for 2  h at 37  °C. Absorb-
ance was measured at 450 nm using a microplate reader. 
Each group had three replicates, and experiments were 
repeated three times.

Western blotting
The ENO1 stable knockdown cells were collected, total 
protein was extracted from cells and quantified using a 
BCA protein assay kit (Hangzhou Fude Biological tech-
nology Co., Ltd.). Thirty micrograms of protein were 
separated by SDS-PAGE and transferred to PVDF mem-
branes [41]. Membranes were blocked with 5% non-fat 
milk for 1  h. Primary antibodies against ENO1 (1:1000, 
Proteintech) and β-actin (1:5000, Proteintech) were incu-
bated overnight. The next day, HRP-conjugated second-
ary antibodies (1:10000, Proteintech) were incubated 
for 1  h. ECL chemiluminescent reagent was used for 
detection, and images were captured using a gel imaging 
system.

scRNA‑seq data download and processing
We downloaded two sets of scRNA-seq data from the 
GEO database: GSE223844 (comprising data from 8 
relapsed/refractory (R/R) AML patients) and GSE116256 
(comprising healthy controls (HCs) and predictive data) 
[1, 42]. Eight AML patients were either in relapsed or 
refractory states. All scRNA-seq data were obtained 
from adult (≥ 18 years old) bone marrow (BM) samples. 
All patients were being treated with the same regimen, 
consisting of decitabine (20  mg/m2 on days 1–5) and 
ipilimumab (3–10  mg/m2 on day 1) [42]. Among them, 
three patients have achieved complete remission (CR) 
after treatment, while five patients are classified as non-
response (NR). The clinical characteristics of the patients 
and information on HCs are provided in Supplementary 
Table S1. The downloaded data were first imported into 
the R environment and processed using the Seurat pack-
age (version 4.1.0) [43]. Initial processing steps included 
creating Seurat objects from the expression matrices, 
quality control to filter out low-quality cells and genes 
(with criteria of 200–4000 genes per cell and less than 

http://www.metware.cn
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5% mitochondrial gene content per cell), data normali-
zation using the LogNormalize method, and selecting 
and scaling the top 2000 variable genes. To integrate 
data from different sources, we employed the Harmony 
method within Seurat for batch effect correction and 
data integration (Harmony version 0.1.0). Specifically, 
the GSE223844 and GSE116256 datasets were merged 
to create a unified Seurat object, followed by batch effect 
correction using Harmony (version 0.1.0), which itera-
tively reconciles differences across batches in the latent 
space [44]. Subsequently, dimensionality reduction was 
performed using Principal Component Analysis (PCA), 
selecting the top 20 principal components for further 
analysis. Clustering analysis was conducted, and non-lin-
ear dimensionality reduction techniques such as UMAP 
were applied to visualize the distribution of different 
cell populations. Cell types were annotated using known 
marker genes.

Pseudotime analysis
To investigate the cell differentiation trajectory, we per-
formed pseudotime analysis using both Monocle (ver-
sion 2.22.0) and Monocle3 (version 1.3.5). For Monocle, 
the specific steps involved converting Seurat objects into 
Monocle objects while retaining highly variable genes 
and cell annotation information [45]. Trajectory infer-
ence was conducted using Monocle’s DDRTree method 
for dimensionality reduction and trajectory inference, 
resulting in the visualization of cell differentiation trajec-
tories. We analyzed the differentiation dynamics along 
the pseudotime trajectory for both normal and malignant 
cells, comparing gene expression levels under different 
patient conditions. Additionally, heatmaps were gener-
ated to visualize the expression patterns of key genes 
across the pseudotime trajectory, providing a compre-
hensive view of gene expression dynamics during cell 
differentiation. In addition, we also utilized Monocle3 
for pseudotime analysis [46]. The steps for Monocle3 
are similar, involving the conversion of Seurat objects 
into Monocle3’s specialized objects, retention of highly 
variable genes and cell annotation information, and tra-
jectory inference using Monocle3’s methods. Monocle3 
provides advanced features for trajectory analysis, such 
as improved dimensionality reduction algorithms and 
enhanced visualization capabilities.

Machine learning analysis
To develop a classifier capable of accurately identifying 
malignant cells based on transcriptional features, we uti-
lized supervised machine learning methods, specifically 
employing the XGBoost algorithm [47]. The classifier 
was trained on scRNA-seq data with malignant markers 
(GSE116256) and its performance was validated using 

receiver operating characteristic (ROC) analysis, with the 
area under the curve (AUC) being calculated to quan-
tify the classifier’s accuracy. Following validation, the 
classifier was applied to the GSE223844 dataset to iden-
tify malignant cells among HCs, CR patients, and NR 
patients.

Regulatory proteins analysis
To identify and analyze key regulatory proteins involved 
in the regulation of gene expression in malignant cells, 
we employed the VIPER (Virtual Inference of Protein-
Activity by Enriched Regulon analysis) algorithm [48]. 
VIPER is a powerful computational approach that infers 
the activity of regulatory proteins, from gene expression 
data by analyzing ‘regulons’—groups of target genes reg-
ulated by the same regulatory proteins. By assessing the 
coordinated expression changes in these target genes, 
VIPER infers the activity levels of the regulatory proteins, 
providing insights into the regulatory mechanisms driv-
ing malignancy. This approach was used to compare and 
validate the inferred regulatory protein activities between 
normal and malignant cells. Additionally, heatmaps were 
generated to cluster the related regulatory proteins in 
CR and NR groups, visualizing the differential regulatory 
profiles associated with distinct patient outcomes.

Network construction
To construct a gene regulatory network (GRN) for dif-
ferentially expressed genes (DEGs) and identify central 
regulator protein (such as ENO1, SREBF1, and TCF4), we 
utilized VIPER and Cytoscape [49]. The regulatory model 
is based on the ARACNe-inferred interactome, provided 
in the build-in function of the VIPER R package. These 
inferred interactions and activities were then visualized 
and analyzed using Cytoscape, a platform for network 
analysis and visualization.

Gene ontology enrichment analysis and pathway scoring
To analyze the biological processes enriched in DEGs, we 
used the clusterProfiler package [50]. This tool allows for 
systematic analysis of gene ontology (GO) terms to deter-
mine significantly overrepresented biological processes, 
molecular functions, and cellular components in DEGs. 
Additionally, we employed Gene Set Variation Analysis 
(GSVA) for GO enrichment analysis to assess the bio-
logical processes enriched in DEGs [51]. This approach 
enables us to comprehensively understand the functional 
impact of DEGs through the enrichment of gene sets. 
Furthermore, we used Seurat AddModuleScore function 
to score cells based on specific gene sets. This method 
allows us to quantify the activity of particular pathways 
or gene sets within individual cells, providing deeper 
insights into the functional implications of DEGs.
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Bulk RNA‑seq analysis
For the upstream analysis of bulk RNA-seq data, we first 
used Cutadapt to trim low-quality bases and adapter 
sequences from the raw sequencing reads. The trimmed 
reads were then aligned to the reference genome (hg38) 
using aligner HISAT2. Transcript assembly and quantifi-
cation were performed using featureCounts to generate 
raw count data. Finally, the raw count data were normal-
ized, and differential expression analysis was conducted 
using DESeq2 to identify DEGs between the knockdown 
and control groups [52]. Heatmaps were generated using 
pheatmap, and clustering of the data was performed 
using mfuzz [53].

Bulk RNA‑seq stemness scoring
To assess the changes in stemness following ENO1 
knockdown in leukemia, we performed RNA-seq on 
ENO1 knockdown leukemia cell lines. For LSC scoring, 
we downloaded gene sets from Dick et  al. article, spe-
cifically dataset GSE153917, which includes differentially 
expressed genes between Long-Term Hematopoietic 
Stem Cell (LT-HSC) activated and quiescent states [54]. 
Using GSVA, we scored the enrichment of these LSC 
gene sets in the RNA-seq data. GSVA is a non-paramet-
ric, unsupervised method that estimates the variation 
in pathway activity over a sample population, providing 
insights into the functional impact of ENO1 knockdown 
on LSC-related pathways.

Survival curve analysis
We used the GEPIA tool to obtain gene expression and 
survival data for AML patients from the TCGA database 
[55]. In the ‘Survival Analysis’ module of GEPIA, target 
gene lists (e.g., ENO1, etc.) were used as input, group 
parameters (50% cutoff) were set, AML patient cohorts 
were selected, and survival types (e.g., Overall Survival) 
were chosen. GEPIA generated Kaplan–Meier survival 

curves and used Log-rank tests to evaluate the relation-
ship between the expression levels of these genes and 
patient prognosis. Additionally, we constructed an inter-
nal database cohort, including AML patient data from 
our clinical center. Using the same analytical methods, we 
evaluated the relationship between target gene expres-
sion levels and patient prognosis in our internal cohort.

Statistical methods
All statistical analyses were performed using R (version 
4.1.0) and GraphPad Prism 9.0 software, including t-test, 
Fisher’s exact test, Wilcoxon rank-sum test, Chi-square 
test, Kruskal–Wallis test, Kaplan–Meier survival curves, 
and the Log-rank test. All significance levels were indi-
cated by P-values, with P-values < 0.05 considered statis-
tically significant (****P-value < 0.0001, ***P-value < 0.001, 
**P-value < 0.01, *P-value < 0.05, ns: not significant).

Results
Cellular heterogeneity among R/R AMLs
To elucidate the cellular composition and functional 
characteristics of AML and to understand the mecha-
nisms leading to poor prognosis, we analyzed scRNA-seq 
data of BM samples from 8 R/R AML patients and 4 HCs 
(Supplementary Table S1). Among all R/R AML patients 
treated with the same protocol (decitabine combined 
with ipilimumab), three achieved CR (CR group) while 
five were classified as NR group (see Methods Section 
for details). The analyzed scRNA-seq datasets consisted 
of 27,754 and 24,325 cells from pre-treatment R/R AML 
patients and HCs, respectively (Fig.  1A; Supplementary 
Fig. 1A).

We identified a variety of cell types based on charac-
teristic cell markers, including hematopoietic stem cells/
multipotent progenitors (HSC/MPPs), granulocyte-
monocyte progenitors (GMPs), megakaryocyte-erythroid 
progenitors (MEPs), eosinophil, basophil, and mast cell 

(See figure on next page.)
Fig. 1 Single-cell transcriptomic profiling elucidates the cellular heterogeneity of R/R AML patients. A UMAP visualization of scRNA-seq data 
of BM samples from AML patients and HCs. Each dot represents a single cell, colored by cell cluster. The clusters include hematopoietic stem 
cells/multipotent progenitors (HSC/MPPs), granulocyte-monocyte progenitors (GMPs), megakaryocyte-erythroid progenitors (MEPs), eosinophil, 
basophil, and mast cell progenitors (EBMs), erythrocytes (early, mid, and late Erys), monocytes, B cells, T cells, natural killer (NK) cells, conventional 
dendritic cells (cDCs), and plasmacytoid dendritic cells (pDCs). B Dot plot of average gene expression for cell type-specific genes. The average 
expression of selected marker genes is shown across different cell types. The color intensity represents the average expression level, and the size 
of the dot indicates the percentage of cells expressing the gene. All samples are used in cluster annotation based on cell types corresponding to A. 
C Proportion of distinct cell types in AML and healthy controls (HCs) samples. Bar plots display the proportion of each cell type in AML (purple) 
and HCs (blue) samples, highlighting the differences in cell type distribution. D Stacked bar plots displaying the composition of cell types in AML 
and HCs samples, with each color representing a different cell type, depicting the distribution within each sample type. E. UMAP visualization 
of cells from AML patients. The cells were categorized by patients with complete remission (CR) and non-response (NR) after chemotherapy. 
Cells from CR patients are highlighted in pink (top panel), while cells from NR patients are highlighted in purple (bottom panel), depicting 
the distribution and clustering of cells based on treatment response. F. Cell absolute counts (top panel) and relative abundances (bottom panel) 
of all cell types in AML patients. Different colors represent CR (pink) and NR (purple) samples. The bars in the bottom panel represent log2 odds 
ratios (Fisher exact test, P-value after Bonferroni correction; n.s., not significant; ***P < .0001)
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Fig. 1 (See legend on previous page.)
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progenitors (EBMs), erythrocytes (early, mid, and late 
Erys), monocytes, B cells, T cells, natural killer (NK) cells, 
conventional dendritic cells (cDCs), and plasmacytoid 
dendritic cells (pDCs) (Fig. 1A, B). The HSC/MPPs cells 
exhibited high expression of CD34, PROM1, SPINK2, 
and EGFL7. Precursor cells GMPs and MEPs expressed 
CD34 to varying degrees but were distinguished by their 
lineage-specific marker genes: MPO, ELANE, CTSG, 
AZU1 for GMPs, and NFE2, KIT, GATA2, GATA1 for 
MEPs. EBMs specifically exhibited high expression of 
HDC and MS4A2. Erythrocytes were classified into 
early, mid, and late stages, based on differential expres-
sion levels of BLVRB, GYPB, SLC4A1, and HBB. Myeloid 
cell populations were identified based on their specific 
markers, including monocytes (LYZ, VCAN, FCN1, and 
CD14), cDCs (CST3 and CD1C), and pDCs (IRF8 and 
JCHAIN). Additionally, three major lineages populations 
were recognized based on gene expression patterns: T 
cells (CD3D, CD3G, IL7R, and TCF7), B cells (CD79A, 
MS4A1, and IGKC), and NK cells (KLRB1, KLRD1, and 
GZMB). Additionally, the expression levels of lineage-
specific marker genes, such as CD38, AZU1, HDC, HBB, 
CST3, CD3G, KLRD1, and CD79A, were consistent with 
the UMAP clustering data, validating our cell type anno-
tations (Fig. 1B; Supplementary Fig. 1B).

There were significant differences in cell composition 
between R/R AML patients and HCs. Specifically, in 
AML patients, primitive and myeloid cells constitute on 
average 67.2%, with HSC/MPPs and GMPs comprising 
20.9% and 10.4%, respectively. In contrast, HCs are pri-
marily composed of monocytes (40.0%), with HSC/MPPs 
and GMPs accounting for 1.8% and 4.8%, respectively 
(Fig.  1C,D; Supplementary Fig.  2A). The cellular com-
position varies significantly among R/R AML patients, 

which may impact treatment outcomes. All cell types 
were present in both CR and NR patients, but there were 
significant differences in their abundance between the 
two groups (Fig. 1E, F; Supplementary Fig. 2B). Progeni-
tor cells (such as HSC/MPPs, GMPs, MEPs, EBMs, Early 
Erys) and more mature myeloid cells (monocytes and 
cDCs) were enriched in NR patients, whereas samples 
from CR patients were enriched in late-stage erythroid 
cells, lymphoid cells (B, T, NK), and pDCs. The obser-
vation that R/R AML patients possess a higher propor-
tion of primitive or progenitor cells, particularly those in 
the NR group, strongly suggests a potential association 
between cell composition and treatment response.

Negative correlation between glycolysis and cell 
differentiation in HSC/MPPs and GMPs of R/R AML
According to the scRNA-seq characterization, the major-
ity of AML BM samples consisted of primitive and mye-
loid progenitor cells, particularly in patients from the 
NR group. Accurately distinguishing between normal 
and malignant cells is of great importance for a deeper 
understanding of the pathogenesis of AML and guiding 
treatment strategies [36]. However, because leukemia 
cells in AML resemble normal myeloid development and 
exhibit fewer CNVs mutations, methods used to infer 
tumor cells in solid tumors are not well-suited for hema-
tologic malignancies [34–36].We employed a supervised 
machine learning approach to develop a classifier that 
inferred malignant cells from scRNA-seq data by learn-
ing from previously validated AML cell profiles [1]. The 
performance of the classifier was validated using ROC 
analysis, yielding an AUC of 0.99, indicating high accu-
racy and robustness (Fig. 2A; Supplementary Fig. 3A).

Fig. 2 Identification of malignant cells and comparison with normal hematopoietic cell lineages. A UMAP plots illustrating the distribution 
of malignant cells (red) and normal cells (gray) across different sample types (HC, CR, and NR). B Statistical comparison between malignant 
cells and normal cells. The top panel shows the absolute cell counts for cell types predicted to have more than 20% malignant cells, compared 
to the normal group. The bottom panel shows the relative abundances. Different colors represent the malignant cell (pink) and control (purple) 
groups. The bar plots in the bottom panel depict the log2 odds ratios (Fisher exact test, P-value after Bonferroni correction; n.s., not significant; 
***P < .0001) for the different cell types. C Heatmap showing the scaled expression levels of upregulated genes in malignant cells compared 
to the normal group. The genes are grouped by their functional categories, including cell stemness related, glycolysis, myeloid maturation, 
and erythroid related. D Radar plot showing the Gene Set Variation Analysis (GSVA) scores for selected signal pathways, including stem cell 
proliferation, differentiation, migration, maintenance of stemness, glycolysis, and oxidative phosphorylation, in normal and malignant HSC/MPPs 
cells. The plot illustrates the differential enrichment of these stem cell-related pathways between the HSC/MPP-normal and HSC/MPP-malignant 
cell states. E Radar plot showing the GSVA scores for selected signaling pathways, including myeloid cell proliferation, differentiation, activation, 
leukemia suppressor signaling, glycolysis, and oxidative phosphorylation, in the two cell states of normal and malignant GMPs cells. The plot 
illustrates the differential enrichment of these myeloid-related pathways between the GMP-normal and GMP-malignant cell states. F Inferred 
activated (red) and repressed (blue) regulatory proteins in malignant cells compared to control group. The arrows indicate the distribution 
of activated (red) and repressed (blue) targets for different regulatory proteins, with their positions sorted based on the differential expression 
between malignant group and the control group (leftmost: most upregulated in malignant cells, rightmost: most downregulated in malignant 
cells). The P-values are shown on the left side of each row. G Gene regulatory network (GRN) visualization of differentially active regulatory proteins 
(ENO1, TCF4, ID1, and SREBF1) and their target differentially expressed genes (DEGs) in malignant cells

(See figure on next page.)
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Our analysis showed that the malignant cells by our 
model, were predominantly composed of primitive pro-
genitor cells or myeloid cells (12,267 cells), with a very 
small number of predicted mid-to-late-stage eryth-
rocytes (3 cells) and a few T, B, and NK cells (32 cells 
combined). Further analysis comparing malignant cells 
(malignant group) with normal hematopoietic lineages 
cells (normal group) revealed that malignant group pre-
dominantly consisted of highly proliferative HSC/MPPs 
and GMPs populations. In contrast, the normal group 
exhibited a preference towards more mature myeloid 
cells such as monocytes, cDCs, pDCs, and early erythro-
cytes (Fig. 2B; Supplementary Fig. 3B).

To further elucidate gene-level changes, we screened 
for the DEGs between the malignant and normal groups 
(Supplementary Table  S2). The results showed that, 
consistent with the cell composition, stemness-related 
genes were significantly enriched in malignant cells (e.g., 
CD34, PROM1, CD164 and SPINK2) (Fig.  2C) [56–58]. 
Notably, genes considered as LSCs markers, such as 
CD9, CD82, and CDK6, were upregulated in malignant 
cells, especially in the NR group [13, 14, 59]. Addition-
ally, genes related to immune cell exhaustion such as 
TOX [60], as well as CDK6, KIT, and NPM1, which were 
involved in cell proliferation and differentiation, were 
upregulated in malignant cells and were often associated 
with poor prognosis in AML patients [61–63]. Further-
more, glycolysis-related genes such as ENO1, LDHB, and 
LDHA were upregulated in malignant cells, potentially 
associated with the malignant cells’ reprogramming of 
metabolic pathways to meet the demands of rapid pro-
liferation and to gain advantages through the accumula-
tion of metabolic products [18, 64]. Conversely, myeloid 
genes regulating inflammation and immune response, 
such as S100A12, S100A8, S100A9, CTSD, FCN1, and 
CD36, were downregulated in the malignant cells [65]. 
In the CR group, the normal cells primarily consisted of 
erythrocytes, with upregulation of hemoglobin (HBB) 
and mitochondrial hemesynthesis genes (SLC25A37 and 
SLC25A39) [66].

Next, we conducted GSVA enrichment analysis on the 
predominant clusters (HSC/MPPs and GMPs) identified 
as malignant group to compare their functional differ-
ences with the normal group (Supplementary Table S3). 
Compared to the HSC/MPPs in normal group (HSC/
MPP-normal), HSC/MPPs in the malignant group (HSC/
MPP-malignant) exhibited enhanced proliferative capac-
ity and weaker differentiation ability. They demonstrated 
increased migratory potential, including stronger hom-
ing ability to the BM, but weaker capability to maintain 
hematopoietic stem cell homeostasis. Consistent with 
this, HSC/MPP-malignant were enriched with genes 
related to glycolysis (ENO1, LDHA, LDHB), indicating 

heightened glycolytic activity while showing slightly 
OXPHOS capacity (Fig.  2D). Additionally, compared to 
GMPs cells in the normal group (GMP-normal), GMP 
cells in AML malignant cells group (GMP-malignant) 
showed enhanced proliferation and differentiation capa-
bilities, along with heightened activation of myeloid cells 
and production of leukemia inhibitory factors, suggesting 
an inflammatory state (Supplementary Table  S4). Con-
versely, the GMP-normal exhibited stronger glycolytic 
capacity compared to GMP-malignant, while OXPHOS 
functions were similar between the two groups (Fig. 2E). 
The significant variations in glycolytic function observed 
in HSC/MPPs and GMPs cells inversely correlated with 
their differentiation tendencies.

Finally, we conducted VIPER analysis to elucidate the 
key regulatory proteins in AML malignant cells that 
may promote malignant transformation and tumor pro-
gression by regulating specific transcriptional networks 
(Fig.  2F). The results showed that several key regula-
tory proteins were upregulated in malignant cells com-
pared to normal cells, such as HSF1 and ID1, which drive 
LSCs self-renewal [67, 68]; TCF4 and SMAD4, which are 
involved in malignant cells proliferation; RUNX3, which 
inhibits myeloid development and is associated with drug 
resistance [69, 70]; and ENO1 and SREBF1, which regu-
late proliferation and metabolism [25, 71]. These key reg-
ulators are often associated with poor prognosis (Fig. 2F; 
Supplementary Fig. 3C). To gain deeper insights into the 
molecular interactions in AML, we constructed a GRN 
of differentially expressed genes. Network analysis high-
lighted hub nodes such as ENO1, SREBF1, and TCF4, 
whose target genes tended to be upregulated in AML 
malignant cells, suggesting that the activation of these 
key regulators may lead to the activation of multiple 
aberrant signaling and metabolic pathways, thereby pro-
moting AML development and maintenance (Fig. 2G).

ENO1 involvement in differentiation blockage of malignant 
Cells
Given that one of the pathogenesis mechanisms of AML 
is the developmental arrest and abnormal proliferation of 
stem or progenitor cells in the BM, we performed pseu-
dotime analysis on the scRNA-seq data of HSC/MPPs, 
GMPs, monocytes, and DCs (cDCs and pDCs) cells to 
further explore the differentiation process involving nor-
mal and malignant myeloid cells. The results showed 
that although normal and malignant cells had similar 
developmental trajectory patterns, the differentiation 
boundaries of malignant cells were unclear and were sig-
nificantly delayed compared to normal cells (Fig. 3A, B, 
Supplementary Fig. 4A). Specifically, the pseudotime dis-
tribution of malignant cells was significantly more biased 



Page 10 of 19Tian et al. Stem Cell Research & Therapy          (2024) 15:347 

towards the early phase of the differentiation trajectory, 
than the normal cells (P-value < 2.2e−16) (Fig. 3B).

Next, we utilized the branching expression analy-
sis modeling (BEAM) method to further investigate the 
key genes that correlated the differentiation trajectory 
of normal and malignant cells. We found that ENO1 was 
co-expressed with cell stemness related genes (CD34, 
SPINK2 and PROM1) and LSCs specific genes (CD82 
and CD9) and was highly expressed in the pre-branch 
stage of the BEAM heatmap (Fig.  3C). The malignant 
cells were enriched for genes driving cells towards cell 
fate 1, whereas genes driving cells to fate 2 were mostly 
expressed in normal cells (Fig.  3C; Supplementary 
Fig.  4B). Further, we focused on examining the gene 
expression levels of ENO1 in different cell types within 
the pseudotime series, with particular emphasis on com-
paring patients in the CR and NR groups (Fig.  3D). We 
observed that NR patients exhibited significantly higher 
expression of ENO1 in the initial stage of the pseudo-
time, specifically in HSC/MPPs, compared to the CR 
group. Considering the co-expression of ENO1 with cell 
stemness related genes in the BEAM heatmap and its 
contrasting trends in glycolysis and cell differentiation 
in HSC/MPP-malignant (LSCs) and GMP-malignant 
cells, we hypothesized that ENO1 might be involved in 
the maintenance of cellular self-renewal, particularly in 
LSCs.

Comparison of ENO1 expression levels among differ-
ent cell types revealed predominant expression in hemat-
opoietic stem/progenitor cells (HSC/MPPs, GMPs), and 
myeloid lineage cells (monocytes, DCs) (Supplementary 
Fig.  4C). We then focused on the expression levels of 
ENO1 in HSC/MPPs, GMPs, monocytes and DCs under 
different conditions. In malignant cells, the expression 

levels of ENO1 in HSC/MPPs, GMPs, monocytes, and 
DCs were significantly higher than in normal cells 
(Fig. 3E). Monocytes from CR patients, which were fewer 
in number and mostly malignant, exhibited higher ENO1 
expression levels compared to NR patients (Figs. 2A and 
3F). However, ENO1 expression in HSC/MPPs, GMPs, 
and DCs was significantly lower in CR patients than in 
NR patients (Fig.  3F). Overall, the expression levels of 
ENO1 in NR patients were significantly higher than those 
in CR patients and HCs (P-value < 2.2e−16) (Fig.  3G). 
We then performed qRT-PCR analysis on peripheral 
blood samples from 28 newly diagnosed AML patients 
collected at our center, and compared to samples from 
38 healthy individuals. The results showed that ENO1 
expression levels were significantly higher in AML 
patients compared to HCs (P-value = 0.0001) (Fig.  3H 
left). Furthermore, based on treatment response, CR 
patients showed significantly lower ENO1 expression lev-
els compared to NR patients (P-value = 0.0006) (Fig. 3H 
right). More importantly, the 1-year survival rate of high 
ENO1 expression patients was only 10.0%, significantly 
lower than the 59.1% observed in the low expression 
group (P-value = 0.0038) (Fig. 3I; Supplementary Fig. 4D). 
Thus, these results collectively revealed that high ENO1 
expression is potentially associated with poor prognosis 
in AML patients, and high ENO1 expression in malignant 
cells may play a crucial role in blocking HSC/MPPs cell 
differentiation.

High expression of ENO1 in LSCs contributes 
to self‑renewal and chemoresistance
Based on the critical role of ENO1 in HSC/MPPs, we 
further analyzed the HSC/MPP cells of AML patients 
and identified four distinct clusters, designated as HSC/

(See figure on next page.)
Fig. 3 ENO1 involvement in differentiation blockage of AML malignant Cells. A Cell fate trajectory analysis of the four major myeloid cell lineages, 
including HSC/MPPs, GMPs, monocytes, and DCs. Scatter plots show the distribution of these cell types in normal (left) and malignant (right) 
samples, where each dot represents a single cell colored by cell type. B Comparison of the myeloid differentiation pseudotime (calculated 
by Monocle) between malignant cells and normal cells using HSC/MPPs as the starting point. Box plot (top) and density plot (bottom) depicting 
the pseudotime distribution of myeloid differentiation in malignant cells (red) and the normal cells (blue). C BEAM heatmap visualization of gene 
expression levels, where the expression profiles are correlated with the pseudotime trajectory. Proportions of cells mapped to each trajectory 
branch from the normal and malignant groups are shown underneath the heatmap. D Density plot showing the distribution of cells highly 
expressing ENO1 across pseudotime for CR (left) and NR (right) patients, with cell types (HSC/MPPs, GMPs, Monocyte, and DCs) indicated by distinct 
colors. E & F Violin plots comparing the expression levels of ENO1 in different cell types (HSC/MPPs, GMPs, Monocyte, and DCs) between CR and NR 
conditions (E) and between malignant and the normal cells (F). For the embedded boxplots, the bottom and top of the box are located at the 25th 
and 75th percentiles, respectively. The bars represent values more than 1.5 times the interquartile range from the border of each box. The same 
applies to the rest of paper. The P-values were calculated using the Wilcoxon rank-sum test (two-sided; ****P < 0.0001, ***P < 0.001, **P < 0.01, 
*P < 0.05, ns: not significant). G. Violin plot showing the ENO1 expression levels in HC (blue), CR (pink), and NR (purple) groups. The bottom 
and top of the box are located at the 25th and 75th percentiles, respectively. The Kruskal–Wallis test (P < 2.2e-16) indicates a significant difference 
among the groups. H Beeswarm plots comparing the differences in ENO1 mRNA expression levels measured by qPCR between HCs and AML 
patients (left panel), as well as between CR and NR patients (right panel). The P-values from t-tests indicate that there are significant differences 
in both comparisons (P < 0.0001 and P = 0.0006). I Survival curves stratifying the AML patients into two groups based on the optimal cut-off value, 
showing that the high ENO1 expression group had significantly poorer prognosis compared to the low expression group (Log-rank test, P = 0.0038)
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MPP-1, HSC/MPP-2, HSC/MPP-3, and HSC/MPP-4 
(Fig.  4A). Through comparative analysis, we observed 
that HSC/MPP-1, HSC/MPP-2, and HSC/MPP-3 were 
predominantly composed of malignant cells, with the 
majority originating from patients in the NR group 
(Fig.  4B, C; Supplementary Fig.  5A, B). We then com-
pared the functional and regulatory characteristics of the 
four clusters by calculating DEGs and conducting func-
tional scoring (Supplementary Table  S5). The analyses 
indicated that HSC/MPP-1 upregulated several ENO1 
target genes, such as CD300A and TMSB10, exhibiting 
the highest stemness score; HSC/MPP-2 upregulated 
more chemotaxis-related genes like CXCL2, CXCL3, and 
CXCL8 [72], showing the highest chemotaxis and dif-
ferentiation scores; HSC/MPP-3 upregulated prolifera-
tion-related genes such as STMN1, TYMS, and CDCA7, 
displaying the highest proliferation score; the HSC/
MPP-4 cluster, primarily from the CR group, upregulated 
several long non-coding RNAs, such as SNHG29, GAS5, 
SNHG6, and SNHG5 (Fig. 4D, E).

Next, we inferred the differentiation order of the pre-
dominantly malignant cell clusters (HSC/MPP-1, HSC/
MPP-2, and HSC/MPP-3), and discovered that differen-
tiation initiated from the HSC/MPP-1 cluster and pro-
gressed towards HSC/MPP-2 and HSC/MPP-3 (Fig. 4F). 
Observing the expression of ENO1 within the HSC/
MPP clusters, we found the highest expression was in 
HSC/MPP-1, the cluster with the strongest stemness and 
mostly identified in the NR patients (Fig. 4G).

Subsequently, we examined the impact of treatment 
on HSC/MPP cells by integrating them before and after 
treatment and confirming their consistency with respect 
to upregulated gene expression (Fig. 4H; Supplementary 
Fig. 5C). Chemotherapy was more effective in eliminating 
rapidly proliferating cells, resulting in a significant reduc-
tion in the number of cells in the HSC/MPP-3 cluster, 
which exhibited the strongest proliferative capacity, as 
well as a notable decrease in the number of cells in the 

HSC/MPP-4 cluster derived from the CR group (Fig. 4H). 
On the other hand, there was a significant increase in the 
number of cells in the HSC/MPP-1 cluster, characterized 
by the highest expression levels of ENO1, and a marked 
elevation in ENO1 expression within the HSC/MPP-1 
cluster post-treatment (Fig. 4I, J).

Thus, these results collectively showed that the HSC/
MPP-1 cluster was composed entirely of cells from the 
NR group, and based on pseudotime inference, it was 
postulated to be the origin of malignant stem cells. After 
treatment, there was a significant increase in the number 
of cells in this cluster, coinciding with a notable increase 
in ENO1 expression levels, suggesting that this cluster 
continuously maintained self-renewal ability and poten-
tially contributed to chemoresistance.

Downregulating ENO1 reduces AML cell proliferation 
and induces differentiation
To further elucidate the functional role of ENO1 in AML, 
we constructed a stable knock-down cell line of ENO1 in 
MOLM-13 cells by lentivirus transduction. Both WB and 
qRT-PCR results indicated effective knockdown of ENO1 
expression in the MOLM-13 cell lines (Figs. 5A, B). The 
CCK-8 assay results showed a reduction in proliferation 
upon ENO1 knockdown, with shRNA2 exhibiting the 
most significant decrease (P-value < 0.0001) (Fig. 5C).

To investigate the regulatory effects of ENO1 knock-
down on MOLM-13 cells and the potential mechanism, 
transcriptome sequencing was performed on MOLM-
13 cells with stable ENO1 knockdown (ENO1_KD). The 
results revealed that, compared to the control group, a 
total of 482 differentially expressed genes were identi-
fied after ENO1_KD, with 127 genes upregulated and 355 
genes downregulated (|Log2FC|> 1 and P-value < 0.05) 
(Fig. 5D). We used GSVA to assesses the functional dif-
ferences of MOLM-13 cells after ENO1_KD (Supplemen-
tary Table S6). The results demonstrated the upregulated 
genes after ENO1_KD were enriched for GO terms 

Fig. 4 High expression of ENO1 promotes self-renewal and chemoresistance of LSCs. A UMAP plot showing the distribution of HSC/MPP 
subpopulations (HSC/MPP-1, HSC/MPP-2, HSC/MPP-3, HSC/MPP-4) in the dataset. Each subpopulation is color-coded as indicated. B UMAP plot 
showing the distribution of malignant cells (red) and normal cells (gray) among the HSC/MPP cells. C Bar plot showing the proportion of each 
HSC/MPP subpopulation in HC, CR, and NR. Each condition is color-coded as indicated. D Heatmap showing the expression levels of DEGs 
across HSC/MPP subpopulations. Each column represents a cell, and each row represents a gene. The color scale indicates relative expression 
levels. E. Violin plots comparing the stemness, differentiation, proliferation, and chemotaxis scores across HSC/MPP subpopulations (HSC/MPP-1, 
HSC/MPP-2, HSC/MPP-3 and HSC/MPP-4). F UMAP plots showing the cell fate trajectory of HSC/MPP-1, HSC/MPP-2, and HSC/MPP-3, primarily 
composed of malignant cells, with cell clusters information mapping (top) and pseudotime inferred by Monocle3 (bottom). G UMAP plots showing 
the expression levels of ENO1 in HSC/MPP split by different groups (HC, CR, and NR). Color intensity represents expression level, with deeper colors 
indicating higher expression levels. H UMAP plots showing the distribution of HSC/MPP subpopulations before and after treatment. Subpopulations 
are color-coded as indicated. I Bar chart showing the abundance of each HSC/MPP cell subtype before (purple) and after (yellow) treatment. J Violin 
plots comparing ENO1 expression levels in HSC/MPP subpopulations before (purple) and after (yellow) treatment. The P-values were calculated 
using the Wilcoxon rank-sum test (two-sided; ****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05, ns: not significant)

(See figure on next page.)
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associated with hematopoietic stem cell differentiation 
and myeloid cell apoptotic processes (Fig.  5E). In con-
trast, the downregulated genes in ENO1_KD were pri-
marily enriched for functions related to hematopoietic 
stem cell and myeloid progenitor cell proliferation. These 
findings suggest that ENO1_KD may promote LSCs dif-
ferentiation while inhibiting their proliferation.

The activation and quiescence states of LSCs are closely 
associated with the treatment of AML. It is generally 
believed that quiescent LSCs are more prone to immune 
evasion, chemotherapy resistance, and disease relapse, 
while activation LSCs tend to undergo cellular differen-
tiation. Thus, we assessed the quiescence and activation 
scores of MOLM-13 cells before and after ENO1_KD 
using a dataset (Supplementary Table  S7) [54]. ENO1_
KD disrupted the balance between LT-HSC activation 
and quiescence. Following knockdown, there was a sig-
nificant increase in the activation scores of LT-HSC, sug-
gesting that ENO1 may play a role in maintaining LSCs in 
a quiescent state (Fig. 5F).

Since ENO1 has been implicated in poor prognosis of 
AML, we further investigated the effects of ENO1 func-
tional inhibition on AML cell line. We treated MOLM-
13 cells with the ENO1 inhibitor AP3-III-a4. The results 
showed that AP3-III-a4 inhibited the proliferation of 
MOLM-13 cells in a time and dose dependent man-
ner (Fig. 5G). This finding suggests that targeting ENO1 
may represent a valid therapeutic strategy for eliminating 
LSCs and improving the treatment outcomes of AML.

Discussion
ENO1 has been shown to play a crucial role in the occur-
rence, development, and metastasis of numerous types of 
tumors, suggesting its potential as an oncogene [23, 25]. 
In the digestive system, overexpression of ENO1 has been 
associated with poor clinical outcomes in gastric cancer, 
hepatocellular carcinoma, pancreatic cancer, and colo-
rectal cancer [73–76]. In the respiratory system, ENO1 
promotes the self-renewal and malignant phenotype of 

lung cancer stem cells through the AMPK/mTOR path-
way [77]. Furthermore, the serum levels of anti-ENO1 
autoantibodies are related to the clinical staging of lung 
cancer, with significantly higher levels observed in Stage 
I and II patients compared to Stage III and IV patients 
(P-value < 0.01) [78]. Decreased serum ENO1 antibodies 
serve as markers for advanced breast cancer [79]. Fur-
thermore, inhibition of ENO1 has been found to sup-
press the proliferation of retinoblastoma [80]. In head 
and neck cancer, ENO1 expression stimulates cell trans-
formation, invasion, and tongue tumor formation [81]. In 
hematologic malignancies, compared to healthy controls, 
elevated expression of ENO1 and lower levels of circu-
lating anti-ENO1 autoantibodies have been observed in 
patients with myelodysplastic syndromes and AML [28, 
82]. However, the functional role and underlying mecha-
nisms of ENO1 in AML remain unclear. To gain a com-
prehensive understanding of the biological significance 
and clinical implications behind this phenomenon, it 
is essential to focus research efforts at the cellular level. 
In this study, we integrate single-cell data with machine 
learning techniques to model and infer malignant cell 
population in AML at a higher resolution. We found that 
ENO1 is involved in maintaining the self-renewal of LSCs 
and contributes to chemotherapy resistance. Knocking 
down ENO1 resulted in a decrease in LSCs proliferation 
and promoted differentiation.

LSCs play a major role in the initiation, progression, 
and relapse of AML [83, 84]. They possess the capac-
ity to initiate the disease, hence they are also referred to 
as "leukemia-initiating cells" (LICs) [85]. Additionally, 
LSCs can switch to a quiescent state to evade the effects 
of chemotherapy, which often renders them resistant to 
chemotherapeutics and may result in relapse [84–86]. 
Therefore, the quiescent state of LSCs makes the treat-
ment of AML particularly challenging. This means that 
targeted therapy for the quiescent state of LSCs may be 
a potential strategy to enhance the effectiveness of AML 
treatment and improve long-term survival rate of AML 

(See figure on next page.)
Fig. 5 Impact of ENO1 knockdown on leukemic cell survival and apoptosis. A Western blot results showing ENO1 protein levels in MOLM-13 cells 
transduced with control shRNA or three different ENO1-targeting shRNAs (shRNA1, shRNA2 and shRNA3). β-Actin served as a loading control. B Bar 
graph depicting the relative expression levels of ENO1 mRNA in MOLM-13 cells transducted with control shRNA or ENO1-targeting shRNAs (shRNA1, 
shRNA2 and shRNA3), measured by qPCR. ***P < 0.001. C Line graph showing the cellular viability of MOLM-13 cells transducted with control shRNA 
or ENO1-targeting shRNAs (shRNA1, shRNA2 and shRNA3) after 72 hours, as measured by OD450. Error bars in bar plots represent the means ± SE. 
P-values was calculated using Wilcoxon test (two-sided; ****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05, ns: not significant). D Line plot (left panel) 
and heatmap (right panel) showing the clustering of DEGs in MOLM-13 cells with ENO1 knockdown (ENO1_KD) compared to the control group, 
as analyzed by RNA-seq. Gene symbols of selected genes with significant alteration are shown. E Heatmap of GSVA scores of shared and specific GO 
terms enriched for ENO1_KD and control group. F Scatter plot showing the activation and quiescence scores of long-term hematopoietic stem cells 
(LT-HSCs) in the ENO1_KD group and control group. G Line graph illustrating the cellular viability of MOLM-13 cells after treatment with different 
concentrations of an ENO1-inhibitor (AP3-III-a4) for different time, as assessed by OD450. Statistical significance was determined by one-way ANOVA 
(****P < 0.0001)
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patients. Our results showed that in AML patients, the 
predominant cells are stem and progenitor cells, most 
of which are malignant cells, especially in NR patients. 
The abundance of these cells may influence the patients’ 

ability to respond to treatment. AML malignant cells 
upregulate stem cell-related genes such as CD34 and 
PROM1 [56–58], which are highly expressed in AML 
patients. Notably, LSCs marker genes such as CD9 and 

Fig. 5 (See legend on previous page.)
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CD82 are upregulated in malignant cells [13, 14], espe-
cially in the NR group, supporting the accuracy of our 
predictions. By comparing the dominant HSC/MPP and 
GMP cells in malignant cells with normal cells, we find 
that although HSC/MPP-malignant and GMP-malignant 
cells exhibit greater proliferative capacity, their differen-
tiation ability and glycolysis show an inverse relationship. 
Specifically, HSC/MPP-malignant cells have significantly 
weaker differentiation ability than HSC/MPP-normal 
cells, yet stronger glycolysis. Conversely, malignant 
GMP-malignant cells have stronger differentiation ability 
but weaker glycolytic function compared to GMP-nor-
mal cells. This indicates that glycolysis and related genes 
or products in its metabolic pathway play a regulatory 
role in cell differentiation.

Our analysis revealed the upregulation of several 
key regulatory proteins in malignant cells. In addition 
to proteins associated with the self-renewal of LSCs 
(HSF1 and ID1) [67, 68] and the proliferation of leuke-
mia cells (TCF4 and SMAD4) [69, 70], ENO1 was found 
to be more active in malignant cells, with its regulated 
genes also upregulated in these cells. Pseudotime analy-
sis showed that ENO1 was co-expressed with stem cell-
related genes (CD34, PROM1) [56–58] and LSC-specific 
genes (CD9, CD82) [13, 14] and was present at the early 
differentiation stage. During the maturation of myeloid 
cells in pseudotime, there was a significant difference 
in ENO1 expression in HSC/MPPs between the NR and 
CR groups. Further analysis of the HSC/MPPs cluster 
revealed that the HSC/MPP-1 subtype, characterized 
by high ENO1 expression, originated solely from NR 
patients and was at an early differentiation stage. After 
treatment, the number of HSC/MPP-1 subtype cells 
significantly increased, with markedly elevated ENO1 
expression, whereas the number of the more proliferative 
HSC/MPP-3 subgroup and the HSC/MPP-4 subgroup 
primarily from CR patients significantly decreased. This 
indicates that the HSC/MPP-1 subtype with high ENO1 
expression maintains self-renewal during chemotherapy, 
potentially being a key factor in chemoresistance in NR 
patients.

High ENO1 expression in AML is not only associated 
with differentiation blockade but also with poor patient 
prognosis. The clinical samples at our center revealed 
that ENO1 expression was significantly higher in AML 
patients than in healthy, particularly in NR patients. 
Moreover, the AML patients with high ENO1 expression 
had significantly shorter survival times than those with 
low expression. This finding is consistent with recent 
results from Lincz et  al., who conducted an integrated 
analysis of nine online AML datasets (n = 1,419 patients) 
and found that high ENO1 expression predicts poor over-
all survival [28]. We further validated the critical role of 

ENO1 in AML cells. Knocking down the ENO1 gene sig-
nificantly reduced AML cell proliferation and promoted 
their differentiation. Further, after knocking down ENO1, 
AML cells were significantly enriched in genes related 
to HSC differentiation, myeloid cell differentiation, and 
apoptosis, tending to activate LT-HSC. The ENO1 inhibi-
tor treatment also significantly suppressed AML cell pro-
liferation. These results suggested that targeting ENO1 
may represent a potential therapeutic strategy to inhibit 
LSC self-renewal and improve the treatment outcomes of 
AML. While measuring ENO1 could be recommended as 
a biomarker for monitoring AML prognosis.

Our study has some limitations. Firstly, there is a 
need to enhance the depth of mechanism. Although our 
results indicate the involvement of ENO1 in regulating 
LSC function, the specific molecular mechanisms have 
not been thoroughly investigated. Future studies should 
integrate methods such as proteomics and metabo-
lomics, along with relevant experiments, to provide a 
deeper understanding of the molecular mechanisms by 
which ENO1 regulates AML development. Secondly, 
it is important to explore optimal drug combinations. 
Combining chemotherapy drugs with ENO1 inhibitors 
may contribute to more effective LSCs elimination and 
improving patient prognosis. Further research and clini-
cal trials are essential to investigate the synergistic effects 
of combining ENO1 inhibitors with conventional chemo-
therapy drugs, aiming to provide enhanced therapeutic 
outcomes for AML patients.

Conclusions
The present study highlights the significant role of ENO1 
in the proliferation, differentiation, and treatment resist-
ance of LSCs. Targeting ENO1 may represent a promising 
therapeutic strategy for eliminating LSCs and improving 
the clinical prognosis of AML patients.
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Supplemental Figure 1: UMAP visualization of scRNA-seq data of all 
samples for cell population distribution and marker gene projection. A. 
UMAP plots of scRNA-seq data from acute myeloid leukemia patients 
and healthy controls (HCs). Each panel represents a different sample, 
with dots colored by condition: HCs (blue), complete remission (CR, 
pink), and non-response (NR, purple). The UMAP projections show the 
distribution and clustering of cells, revealing distinctions between AML 
patients and HCs. B. Projection of expression of selected marker genes on 
UMAP plots. The color gradient indicates the gene expression intensity, 
highlighting the presence and distribution of specific cell populations 
within the UMAP space. Supplemental Figure 2: Analysis of cell type 
composition in AML patients and HCs. A. UMAP plots displaying the 
distribution of various cell types in AML (left) and HCs (right). Each cell 
type is color-coded as indicated in the legend. This visualization shows 
the distinct clustering patterns and differences in cellular composition 
between AML patients and healthy controls. B. Stacked bar plot showing 
the relative percentages of different cell types in each sample. The clusters 
include hematopoietic stem cells/multipotent progenitors (HSC/MPPs), 
granulocyte-monocyte progenitors (GMPs), megakaryocyte-erythroid 
progenitors (MEPs), eosinophil, basophil, and mast cell progenitors (EBMs), 
erythrocytes (early, mid, and later Erys), monocytes, B cells, T cells, natural 
killer (NK) cells, conventional dendritic cells (cDCs), and plasmacytoid 
dendritic cells (pDCs). The x-axis represents the individual samples, while 
the y-axis shows the cumulative proportion of the cell types. Supple-
mental Figure 3: Identification of malignant cells and their regulatory 
proteins in AML. A. Receiver operating characteristic (ROC) curve showing 
the performance of the classification model in distinguishing malignant 
cells from normal cells, with an area under the curve (AUC) of 0.99. B. Bar 
plot displaying the proportion of malignant cells (red) and normal cells 
(gray) in each cell type, highlighting the differences in the distribution of 
malignant and normal cells across different cell types. C. Kaplan-Meier 
survival curves for overall survival in AML patients stratified by gene 
expression levels. Kaplan-Meier plots showing the overall survival of AML 
patients with low (red) and high (blue) expression levels of the following 
genes: SREBF1, MYNN, RUNX3, ENO1, ZDHHC6, ZSCAN18, TCF4, HSF1, and 
ID1. Each plot provides the log-rank p-value and hazard ratio (HR) with 
95% confidence intervals. Supplemental Figure 4: ENO1 expression across 
different hematopoietic cell types. A. Visualization of the cell trajectory for 
the normal (left) and malignant (right) cells with pseudotime information 
mapping. Each point represents a single cell, with dark blue indicating the 
start of differentiation and light blue indicating the end of differentiation. 
B. Heatmap showing the average expression levels of the differentially 
expressed genes in normal and malignant cells. C. Violin plot illustrating 
the expression levels of ENO1 across different cell types, including HSC/
MPPs, GMPs, MEPs, EBMs, Early Erys, Mid Erys, Later Erys, Monocytes, 
cDCs, pDCs, B, T, and NK cells. The black diamonds represent the median 
expression levels for each cell type. D. ROC curve generated based on the 
ENO1 mRNA expression levels in AML patients to predict classification. The 

optimal cut-off value was determined to be 35.12 cycle, with an AUC of 
0.9182 (P = 0.0002), indicating good accuracy in distinguishing high ENO1 
expressers from low ENO1 expressers among the AML samples. Supple-
mental Figure 5: Analysis of hematopoietic stem cell and progenitor cells 
in different conditions. A. UMAP plots illustrating the distribution of HSC/
MPP subpopulationsin HC, CR, and NR. Each subpopulation is color-coded 
as indicated. B. Bar chart showing the proportions of each cell type in 
malignant cells (red) and normal cells (gray), highlighting the distribution 
differences of malignant and normal cells among HSC/MPP subpopula-
tions. C. Heatmap showing the expression levels of differentially expressed 
genes in HSC/MPP subpopulations from after treatment samples. Each 
column represents a cell, and each row represents a gene. The color scale 
indicates the relative expression levels.
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