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The HNRNPC/CELF2 signaling 
pathway drives glycolytic reprogramming 
and mitochondrial dysfunction in drug‑resistant 
acute myeloid leukemia
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Abstract 

Background  Acute myeloid leukemia (AML) is an aggressive cancer with high treatment resistance, often leading 
to poor patient outcomes. Metabolic reprogramming plays a critical role in AML progression, influencing drug resist-
ance (DR) and tumor survival. This study investigates the HNRNPC/CELF2 signaling pathway and its impact on AML 
cell metabolism and DR.

Results  The study identified that HNRNPC regulates the expression of CELF2 through m6 A modification. In drug-
resistant AML cells, increased HNRNPC expression and decreased CELF2 expression were associated with upregu-
lated glycolysis, enhanced glucose consumption, lactate production, and mitochondrial dysfunction. Knockdown 
of HNRNPC reduced glycolysis and cell invasion, while CELF2 knockdown reversed these effects. Conversely, HNRNPC 
overexpression enhanced glycolysis and cell migration, which were counteracted by CELF2 overexpression.

Conclusions  The HNRNPC/CELF2 axis plays a pivotal role in metabolic reprogramming, driving AML progression 
and chemotherapy resistance. Targeting this pathway may offer new therapeutic strategies to overcome resistance 
and improve treatment outcomes in AML patients.

Keywords  Acute myeloid leukemia, Heterogeneous nuclear ribonucleoprotein C, CUGBP elav-like family member 2, 
Glucose metabolism reprogramming, Drug resistance, Cell migration

Introduction
Acute myeloid leukemia (AML) is a malignant tumor 
originating from abnormal proliferation of hematopoietic 
stem cells in the bone marrow [1, 2]. The prognosis for 

AML patients remains poor due to treatment resistance 
and disease progression [3, 4]. Therefore, gaining a deep 
understanding of the molecular mechanisms of AML is 
crucial for improving patients’survival rates and treat-
ment outcomes. The pathogenesis of AML is not fully 
understood, but studies have suggested that aberrant 
gene expression and activation of abnormal signaling 
pathways within cells may be involved in the develop-
ment and progression of AML [5–7].

HNRNPC and CELF2 are both RNA-binding pro-
teins that have been identified as key genes in AML cells 
[8]. While HNRNPC plays a significant role in various 
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cancers, its role in AML remains unclear [9–11]. CELF2 
is a transcription factor involved in selective splicing 
and gene expression regulation in cells [8]. HNRNPC 
regulates the selective splicing of CELF2 through m6 A 
modification, thereby further influencing the biological 
characteristics of AML cells [10, 12, 13].

The research has discovered that HNRNPC promotes 
the proliferation, migration, and infiltration of AML cells 
by inhibiting CELF2 [8]. In addition, HNRNPC also regu-
lates the glycolytic reprogramming of AML cells, affect-
ing the expression of glycolysis-related genes and cellular 
energy metabolism [14–17]. This research further reveals 
the crucial role of the HNRNPC/CELF2 signaling path-
way in AML, providing a new perspective for under-
standing the development mechanisms of AML.

Treatment resistance is one of the main challenges in 
current AML therapy [18]. The research has found that 
glycolysis plays an important role in tumor progression 
and resistance [19, 20]. The findings of this study provide 
new targets for the development of therapeutic strategies 
based on HNRNPC or CELF2, which could potentially 
improve existing AML treatment methods. Additionally, 
studying the role of the glycolytic pathway in AML drug 
resistance (DR) may offer new treatment approaches to 
overcome resistance.

In conclusion, this study aims to provide new insights 
into addressing treatment resistance in AML by elu-
cidating the roles of the HNRNPC/CELF2 signaling 
pathway in tumor progression and glycolytic reprogram-
ming. The scientific and clinical significance of these 
research findings is essential for improving the progno-
sis of AML patients. This discovery lays the foundation 
for future development of therapeutic strategies target-
ing HNRNPC or CELF2, offering the potential for more 
effective treatment options for AML patients, as well as 
providing insights for the study of other leukemias and 
tumors. By gaining a deep understanding of the molec-
ular mechanisms of AML and treatment resistance, 
new approaches and methods for personalized preci-
sion therapy can be developed, ultimately improving 
patients’quality of life and long-term survival rates.

Results
Leukemia biomarkers are significantly elevated 
in drug‑resistant AML mice compared to non‑resistant 
micel
AML is a prevalent and highly deadly type of acute leu-
kemia in adults. Its biological features are primarily 
characterized by the invasive proliferation of primitive, 
immature white blood cells (blast cells) in the bone mar-
row, peripheral blood, and other tissues, accompanied by 
hindered cell differentiation and dysregulated apoptosis 
[21]. Refractory AML, a more challenging type of AML 

for treatment, poses a significant challenge in the field 
of hematological malignancies due to its resistance to 
chemotherapy, severe treatment complications, and high 
relapse rate [22].

In this study, we initially subjected mice to sublethal 
whole-body irradiation (450 cGy) to suppress their bone 
marrow hematopoietic function [22]. Subsequently, we 
established an AML mouse model by tail vein injection of 
C1498 AML cells expressing ZsGreen1 fluorescent pro-
tein (Figure S1 A), which possesses low immunogenic-
ity in vivo [23]. On the 14 th day of the experiment, we 
observed a significant decrease in body weight in the 
AML group compared to the control group (Figure S1B). 
By analyzing peripheral blood leukocyte (WBC), red 
blood cell (RBC), and platelet (PLT) counts, we found a 
significant increase in WBC count and a decrease in RBC 
and PLT counts in AML mice (Figure S1 C).

On the 14 th day, we administered intraperitoneal Cyt-
arabine (dose: 3  mg/kg/day). After a week of treatment, 
we observed treatment effects in most mice, with an 
increase in body weight, a decrease in peripheral blood 
leukocyte count, and an increase in RBC and PLT counts 
(Figure S1D-F). However, after two additional weeks of 
continued treatment, we noticed a sustained weight loss 
in a minority of mice. Consequently, we reexamined the 
peripheral blood of mice in the weight loss group (n = 6) 
and weight gain group (n = 10), revealing a continued 
increase in WBC count and a decrease in RBC and PLT 
counts in AML mice with weight loss (Figure S1G-I). 
Therefore, we defined the weight loss group as the drug-
resistant group (DR) and the weight gain group as the 
drug sensitive group (DS) and six animals were assigned 
to each group for further experiments.

Furthermore, we assessed the expression of leukemia 
cell markers CD11b, CD41a, and Ter119 in isolated bone 
marrow cells from AML mice using flow cytometry and 
immunofluorescence staining. We also analyzed their 
mean fluorescence intensity (MFI). The results showed 
significantly higher expression levels of leukemia markers 
in the drug-resistant group compared to the drug-sensi-
tive group (Figure S1 J).

Consequently, we successfully identified drug-resistant 
mice and drug-sensitive mice.

Increased interaction strength among bone marrow 
immune cells in drug‑resistant AML mice compared 
to non‑resistant mice
To determine the heterogeneity of DR and DS mouse 
bone marrow cells in AML, we performed single-cell 
transcriptome sequencing (scRNA-seq) analysis on DR 
and DS mouse bone marrow cells. The data was inte-
grated using the Seurat package. Most cells had nFea-
ture_RNA < 5000, nCount_RNA < 20000, and percent.mt 
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< 20% (Figure S2 A). After filtering low-quality cells based 
on these criteria, we obtained an expression matrix con-
taining 14,432 genes and 55,719 cells. Analysis showed a 
correlation coefficient of − 0.08 between nCount_RNA 
and percent. Mt, and a correlation coefficient of 0.95 
between nCount_RNA and nFeature_RNA (Figure S2B), 
indicating the filtered cell data was of good quality for 
further analysis.

Next, we selected 2000 highly variable genes based 
on expression variance (Figure S2 C). The cell cycle was 
calculated using the CellCycleScoring function (Figure 
S2D), and the data was normalized. PCA was then used 
for linear dimensionality reduction (Figure S2E), and the 
distribution of cells on PC_1 and PC_2 was visualized 
(Figure S2 F). The results revealed the presence of batch 
effects between samples.

To eliminate batch effects and improve the accuracy of 
cell clustering, we performed batch correction using the 
harmony package (Figure S3 A). Additionally, we sorted 
the principal components (PCs) based on their standard 
deviation using the ElbowPlot (Figure S3B). The results 
of batch correction showed effective removal of batch 
effects (Figure S3 C).

Subsequently, we performed non-linear dimensional-
ity reduction using the UMAP algorithm on the top 20 
principal components and visualized the clustering at dif-
ferent resolutions using the cluster package (Figure S4). 
Based on the UMAP clustering analysis, we identified 26 
cell clusters (Figure S3D–E).

First, we annotated 8 cell types based on marker genes 
(Figure S3 F; Fig.  1A). To better extract AML cells, we 
inferred the large-scale chromosome copy number vari-
ations (CNVs) in the remaining cells (16 clusters) using 
the InferCNV tool (Fig. 1B). Using T cells, macrophages, 
fibroblasts, cDC cells, plasma cells, monocytes, and B 
cells as reference cells, we found that Cluster 1, 3, 6, 11, 
and 13 exhibited higher variability compared to other 
cells (Fig. 1C). Therefore, we defined Cluster 1, 3, 6, 11, 
and 13 in the rest of the myeloid cells as AML cells and 
further annotated the remaining cells as GMPs (granulo-
cyte–macrophage progenitors), CMPs (common myeloid 
progenitors), and granulocytes based on marker genes 
(Fig.  1D–F). We further analyzed the proportion of re-
annotated cells in each sample (Fig.  1G) and found a 

significant increase in AML cells in the DR group, while 
immune cells, such as T cells, increased significantly in 
the non-resistant group (Figure S3G).

To investigate the pathway activities between different 
cell types, we utilized the"CellChat"package developed in 
R. The analysis showed significant differences in cell–cell 
communication activity between the DR and DS groups. 
Specifically, the communication intensity between cells 
in the DR group was relatively higher (Fig. 1H). In the DR 
group, the interaction strength between AML cells and 
macrophages, as well as T cells, was higher compared to 
the DS group (Figure S5 A).

Furthermore, comparing the total number and inten-
sity of signaling pathway interactions between the DS and 
DR groups, we found that although the DR group had a 
lower number of interactions, the intensity of interac-
tions was higher (Figure S5B). Additionally, we observed 
a notable increase in the number and intensity of interac-
tions between AML cells and macrophages, monocytes, 
and other cells in the DR group (Figure S5 C).

In subsequent analysis, we focused on the AML 
cell population and performed re-annotation. Using 
the"Monocle2"package, we conducted pseudotime analy-
sis to reveal the migration trajectory of cells and the com-
position of different clusters in pseudotime (Figure S5D). 
Combining the UMAP plot and pseudotime analysis, we 
classified AML cells into three different differentiation 
stages, namely Stage 1–3 (Figure S5E–F). By calculating 
the proportions of cells in three stages in both groups, we 
found a significantly higher proportion of cells in Stage 3 
in the DR group compared to the DS group (Figure S5G-
H), which may reflect the differentiation characteristics 
of AML cells during the development of DR.

Based on the above research, we successfully identi-
fied 11 cell types in the scRNA-seq dataset and found 
increased interaction intensity between AML cells and 
various immune cells in the DR group.

iTRAQ analysis reveals differentially expressed proteins 
in AML cells primarily enriched in redox processes, redox 
coenzyme metabolism, and glycolysis
Through scRNA-seq analysis, we uncovered significant 
connections between AML cells and immune cells such 
as macrophages and T cells. To further identify key genes 

(See figure on next page.)
Fig. 1  Single-cell transcriptome sequencing reveals microscale changes in cell populations in bone marrow tissue. A Schematic diagram 
of the single-cell transcriptome sequencing process; B Visualization of cell annotation results based on UMAP clustering; C InferCNV analysis 
displaying copy number variation and deletions, with T cells, macrophages, fibroblasts, cDC cells, plasma cells, monocytes, and B cells as reference 
cells; D UMAP plot showing the expression of GMP, CMP, and granulocyte marker genes; E Heatmap of the top three correlated genes in each 
annotated AML cell; F UMAP visualization of annotated AML cells; G Cell proportions of the 11 cell types in each sample; H Cell communication 
network in the samples, with line thickness representing pathway numbers on the left and interaction strength on the right
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Fig. 1  (See legend on previous page.)
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regulating AML cells, we employed isobaric tags for rela-
tive and absolute quantification (iTRAQ) technology 
combined with mass spectrometry analysis to perform 
quantitative analysis on the proteome of drug-resistant 
(DR) and drug-sensitive (DS) bone marrow samples. 
Principal component analysis (PCA) revealed distinct dif-
ferences in protein expression profiles among the differ-
ent groups (Fig. 2A). Further analysis indicated that the 
expression patterns of proteins with different molecular 
weights were similar between the two groups (Fig.  2B). 
We detected a total of 2,756 proteins in the bone mar-
row tissue, with more than 50% of these proteins having 
a sequence coverage exceeding 10% (Fig. 2C). Moreover, 
more than half of the proteins covered three or more 
peptide segments, further validating the high quality and 
reliability of the identified proteins (Fig. 2D).

In the DS and DR groups, a total of 205 differentially 
expressed proteins (DEPs) were identified, with 116 
proteins upregulated and 89 proteins downregulated 
(Fig. 2E). We also performed cluster analysis on the top 
50 ranked DEPs to better understand the differences in 
their expression patterns (Fig. 2F).

Functional enrichment analysis of the differentially 
expressed proteins using Gene Ontology (GO) revealed 
their involvement in important biological processes 
such as oxidative-reduction processes, oxidative-reduc-
tion coenzyme metabolic processes, and glucose cata-
bolic processes. These proteins were found to function 
in molecular compartments such as cytosol, extracel-
lular vesicles, and lysosomes. Significant changes were 
observed in the activity of oxidative-reduction enzymes 
and their roles as aldehyde or hydroxyl donors (Fig. 2G).

By conducting KEGG pathway enrichment analysis, we 
identified significant alterations in pathways such as the 
PI3 K-Akt signaling pathway, AML, glycolysis/gluconeo-
genesis, and the PD-L1 expression and PD- 1 checkpoint 
pathways in tumors (Fig. 2H).

Using the iTRAQ technology, we conducted a compre-
hensive quantitative analysis of the proteome in drug-
resistant and drug-sensitive bone marrow samples. The 
discovery of differentially expressed proteins and the 
functional enrichment analysis sheds further light on the 
critical roles of these proteins in oxidative-reduction pro-
cesses, oxidative-reduction coenzyme metabolism, and 
glucose catabolic processes.

HNRNPC‑mediated m6 A modification suppresses CELF2 
splicing and causes DR in AML cells
In order to accurately identify key genes regulating DR in 
AML cells, we first performed differential gene analysis 
on a scRNA-seq dataset of AML cell populations. The 
analysis revealed a total of 488 differentially expressed 
genes (DEGs), with 206 genes significantly upregulated 

and 282 genes significantly downregulated (Fig. 3A). Sub-
sequently, we compared these DEGs with differentially 
expressed proteins (DEPs) identified through proteomic 
methods and found 18 intersecting genes using a Venn 
diagram visualization (Fig.  3B). We further conducted 
a protein–protein interaction (PPI) network analy-
sis of these 18 intersecting genes using the String data-
base (https://​cn.​string-​db.​org/). Based on our previous 
research associating HNRNPC with AML progression 
(client-associated order SE- 23–016), we noticed an inter-
action between HNRNPC and CELF2 and FUS (Fig. 3C).

Building on this analysis, we examined the expression 
levels of HNRNPC, CELF2, and FUS in both the scRNA-
seq dataset and the proteomic dataset. Our results 
revealed inconsistent expression trends for FUS in the 
two datasets (Fig.  3D, E). Furthermore, we performed 
pseudo-time analysis on AML cells from the drug-resist-
ant group (DR group) and observed that Stage 3 cells 
were more concentrated in the later stages of analysis 
(Fig.  3F). Upon further examination of the expression 
fluctuations of HNRNPC and CELF2 genes, we discov-
ered that CELF2 expression initially increased and then 
decreased, whereas HNRNPC expression followed the 
opposite trend, decreasing initially and then increasing 
(Fig. 3G).

Previous studies have shown that HNRNPC promotes 
tumor cell proliferation and migration, facilitating the 
progression of various cancers [9, 24] as well as the pro-
liferation of chronic lymphocytic leukemia cells [25]. On 
the other hand, CELF2 has been found to suppress tumor 
growth in AML [26, 27].

Currently, HNRNPC is known as a splicing inhibitor 
that suppresses alternative splicing events by recognizing 
and binding to splicing silencer sequences on pre-mRNA 
[28]. The M6a2 target database (http://​rm2ta​rget.​cance​
romics.​org/#/​home) validated CELF2 as a substrate for 
HNRNPC in the THP1 cell line (Figure S6 A).

Based on these findings, we hypothesize that in AML 
cells, HNRNPC may inhibit CELF2 splicing through m6 
A modification, thereby leading to DR.

HNRNPC reduces the expression of CELF2 via m6 
A modification
Next, we will further investigate HNRNPC’s role in the 
m6 A modification of CELF2. Initially, we knocked 
down HNRNPC in KG- 1 and OCI-AML- 5 cell lines 
and verified the knockdown efficiency using RT-qPCR. 
We selected the most efficient sh-HNRNPC- 1 for fur-
ther experiments (Figure S7 A). We also overexpressed 
HNRNPC in human AML cells, KG- 1 and OCI-AML- 
5, and confirmed the overexpression using RT-qPCR 
(Figure S7B). Following the knockdown of HNRNPC, 
there was a significant increase in the expression level of 

https://cn.string-db.org/
http://rm2target.canceromics.org/#/home
http://rm2target.canceromics.org/#/home
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Fig. 2  Molecular features of AML DR explored through proteomics. A Principal Component Analysis (PCA) showing the DS group (n = 3) 
and DR group (n = 3); B Box plots displaying reliable protein expression in the DS group (n = 3) and DR group (n = 3); C Distribution of sequence 
coverage of 2756 proteins; D Distribution of unique peptide counts for 2756 proteins; E Volcano plot showing significantly upregulated (red) 
and downregulated (blue) proteins, with no difference (gray) between the DS group (n = 3) and DR group (n = 3); F Heatmap of the top 50 
significantly different proteins in the DS group (n = 3) and DR group (n = 3); G, H Functional enrichment analysis of significantly different proteins 
using GO G and KEGG H 
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CELF2, whereas the overexpression of HNRNPC led to a 
significant decrease in CELF2 expression (Fig. 4A).

To investigate the potential mechanism by which 
HNRNPC mediates selective splicing of CELF2, we 
first predicted the binding of HNRNPC to the chr10: 
11019141–11019176 region of CELF2 using the m6a2 
target database (Fig.  4B; Figure S6B). Through MeRIP-
qPCR, we found that the m6 A antibody significantly 
enriched CELF2 compared to the IgG antibody (Fig. 4C).

To measure the m6 A modification level, we performed 
m6 A dot blot analysis on AML cells. The results showed 
that knockdown of HNRNPC led to a significant decrease 
in m6 A modification in AML cells, while overexpression 
of HNRNPC resulted in a significant increase in m6 A 
modification (Fig. 4D).

Furthermore, to validate the relationship between m6 
A modification and CELF2 mRNA expression, we con-
structed wild-type (WT) vectors containing the pre-
dicted m6 A sequence (WT-CELF2) and corresponding 
mutant (MUT) vectors (MUT-CELF2) (Fig.  4E). Sub-
sequently, we generated respective luciferase reporter 
vectors and performed dual luciferase reporter gene 
experiments. The results revealed that overexpression 
of HNRNPC significantly reduced the luciferase activ-
ity of CELF2-WT, while there was no significant change 
in luciferase activity for MUT-CELF2. Knockdown of 
HNRNPC resulted in a significant increase in luciferase 
activity of CELF2-WT (Fig. 4F).

Half-life experiments showed that knocking down 
HNRNPC significantly prolonged the half-life of CELF2, 
whereas overexpression of HNRNPC significantly 
reduced the half-life of CELF2 (Fig. 4G).

In conclusion, HNRNPC can reduce the expression of 
CELF2 through m6 A modification.

HNRNPC promotes AML cell proliferation and migration 
by regulating CELF2 expression through m6 A modification
Based on the bioinformatics analysis and in  vitro cell 
mechanism verification mentioned above, it is indicated 
that HNRNPC may decrease the expression of CELF2 
through m6 A modification, thereby regulating tumor 
cell proliferation and migration in AML cells. To fur-
ther investigate whether HNRNPC decreases CELF2 

expression through m6 A modification in AML cells, thus 
regulating tumor cell proliferation and migration, in this 
study, we first cultured KG- 1 and OCI-AML- 5 AML 
cell lines in a continuous 0.5 µg/mL cytarabine solu-
tion for one month to induce DR (Figure S8 A). The cell 
viability assay confirmed that each drug-resistant clone 
exhibited significant resistance to Cytarabine compared 
to the parental cells (Figure S8B). Using RT-qPCR, we 
detected the expression levels of HNRNPC in the estab-
lished drug-resistant cell lines, and the results showed a 
significant increase in the expression levels of HNRNPC 
in drug-resistant AML cells, while CELF2 expression was 
significantly decreased (Figure S8 C).

We knocked down HNRNPC or CELF2 in drug-
resistant AML cells, and the results showed that down-
regulating HNRNPC decreased its expression while 
increasing CELF2 expression. Further knockdown of 
CELF2 reduced its expression (Figure S7 C). Overex-
pressing HNRNPC or CELF2 in non-drug-resistant AML 
cells, on the other hand, showed increased HNRNPC 
expression and decreased CELF2 expression. Re-intro-
ducing CELF2 after overexpression resulted in restored 
expression levels (Figure S7D).

We used CCK- 8 assays to verify the proliferation rates 
of cells in different treatment groups. The results showed 
that the proliferation capacity of the drug-resistant cells 
was significantly reduced when HNRNPC was knocked 
down. However, the subsequent knockdown of CELF2 
significantly increased the proliferation capacity. Con-
versely, overexpressing HNRNPC in non-drug-resistant 
cells significantly increased their proliferation capac-
ity. Additionally, overexpressing CELF2 resulted in a 
significant decrease in cell proliferation rate (Fig.  5A). 
Furthermore, we performed IC50 tests to measure the 
DR of each cell group to Cytarabine. The results showed 
that knocking down HNRNPC significantly reduced DR, 
while further knockdown of CELF2 increased DR. Con-
versely, overexpression of HNRNPC had the opposite 
effect, and overexpression of CELF2 resulted in reduced 
DR (Figure S8D).

Transwell assays were conducted to assess cell migra-
tion ability. The results showed that the knockdown of 
HNRNPC significantly reduced the migration capacity of 

(See figure on next page.)
Fig. 3  Molecular mechanisms of AML DR analyzed through integrated scRNA-seq and proteomics. A Volcano plot comparing differential gene 
expression of AML cell clusters in the scRNA-seq dataset between the DS group (n = 3) and DR group (n = 3), with red indicating significantly 
upregulated genes, blue indicating significantly downregulated genes and gray indicating non-significant genes; B Venn diagram showing 
the overlap of differentially expressed genes and differentially expressed proteins; C PPI network of 18 intersected genes predicted using 
the String website; D Violin plots showing the expression of CELF2, HNRNPC, and FUS in AML cells in the scRNA-seq dataset; E Box plots 
illustrating the expression of CELF2, HNRNPC, and FUS in the proteomics dataset; F Pseudotime analysis of the DR group; G Violin plots displaying 
the distribution of CELF2 and HNRNPC expression levels across cell types; the x-axis represents cell types, and the y-axis represents gene expression 
levels, with differences between two groups analyzed using t-tests. * indicates p < 0.05
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Fig. 3  (See legend on previous page.)
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drug-resistant cells, while the simultaneous knockdown 
of CELF2 significantly increased the migration of KG- 
1/DR cells. Overexpression of HNRNPC significantly 
increased the migration capacity of OCI-AML- 5/DR 
cells, while re-introducing CELF2 significantly decreased 
cell migration (Fig. 5B).

Flow cytometry was used to study cell apoptosis rates. 
The experimental results indicated that the knockdown 
of HNRNPC increased the apoptosis of drug-resistant 
cells, which could be reversed by sh-CELF2. Overexpres-
sion of HNRNPC significantly reduced cell apoptosis, but 
subsequent overexpression of CELF2 resulted in a signifi-
cant increase in apoptosis rates (Fig. 5C).

To better approximate the in  vivo environment, we 
constructed 3D cancer spheroids of AML cell lines. 
After 48 h of transfection, invasion of the spheroids 
was observed, and the results showed that the invasion 
ability of drug-resistant spheroids was higher than non-
drug-resistant spheroids. The invasive characteristics 
of drug-resistant sh-HNRNPC spheroids significantly 
decreased, but the simultaneous knockdown of CELF2 
significantly increased invasion. Compared to the con-
trol group, the non-drug-resistant oe-HNRNPC group 
showed a significant increase in invasion ability; however, 
invasion ability significantly decreased after overexpres-
sion of CELF2 (Fig. 5D).
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Fig. 4  Investigating the m6 A modification of CELF2 by HNRNPC. A RT-qPCR analysis of the effect of HNRNPC knockdown or overexpression 
on CELF2 expression levels; B Schematic diagram of the predicted binding region between HNRNPC and CELF2 using the m6a2 target database; C 
meRIP experiment to detect m6 A modification of CELF2; D m6 A levels in AML cells measured by m6 A dot blots; E Schematic diagram of CELF2 
binding region mutation sites; F Dual-luciferase reporter gene assay to measure luciferase activity in cells from different treatment groups; G 
Assessment of RNA(K) degradation rates in cells treated with streptomycin D in control, HNRNPC knockdown, or overexpressing cells. All cell 
experiments were repeated three times, and results are presented as mean ± standard deviation, with differences between two groups analyzed 
using t-tests. * indicates p < 0.05, ** indicates p < 0.01, *** indicates p < 0.001
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We stained viable cells with calcium green- 1 AM 
and dead cells with EthD- 1. Microscopic observa-
tion revealed that the majority of AML cells in the 
HNRNPC knockdown group underwent cell death, 
while simultaneous knockdown of CELF2 promoted 
cell survival. Most AML cells in the HNRNPC overex-
pression group remained alive, but cell death increased 
after overexpression of CELF2 (Fig. 5E).

Taken together, these experimental results demon-
strate that HNRNPC promotes AML cell prolifera-
tion and migration by suppressing CELF2 expression 
through m6 A modification.

Metabolomics analysis reveals glycolytic pathway as a key 
metabolic pathway in AML DR mechanism
The progression and development of tumors require 
cancer cells to undergo metabolic reprogramming [29]. 
Alterations in the energy metabolism of cancer cells can 
satisfy the need for rapid proliferation and adaptation to 
the tumor microenvironment [30]. Energy metabolism 
reprogramming is one of the hallmarks of cancer, with 
abnormal glucose metabolism and high dependence on 
glucose being typical features of tumor metabolism [31].

To identify metabolites influencing AML DR, we col-
lected six groups of KG- 1/DR cells and six groups of 
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Fig. 5  Role of HNRNPC in AML cell DR mechanisms. A CCK8 assay to detect tumor cell proliferation at different time points; B Transwell experiment 
to evaluate the migration ability of AML cells, bar = 10 μm, the right panel shows the statistical graph; C Flow cytometry analysis of tumor cell 
apoptosis, apoptotic cells are marked by red squares, the right panel shows the statistical graph; D Cell culture images captured in bright field 
mode under an inverted microscope, the invaded region is outlined by a white dashed line, bar = 2 μm, right panel shows the statistical graph 
of the invaded region; E Confocal microscopy images of viability determination in cancer spheroids, live cells stained with calcein-AM (green), dead 
cells stained with EthD- 1 (red), bar = 50 μm, right panel shows the statistical graph of live/dead cells in cancer spheroids. All cell experiments were 
repeated three times, and the values are presented as mean ± standard deviation. Asterisks denote statistical significance: *p < 0.05, **p < 0.01, 
***p < 0.001
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KG- 1 cells and performed a non-targeted metabolomic 
analysis using liquid chromatography-mass spectrometry 
(LC–MS). Multivariate analysis using principal compo-
nent analysis (PCA) and orthogonal partial least squares-
discriminant analysis (OPLS-DA) models was applied to 
visualize the changes in cell metabolism. Our experimen-
tal results demonstrated a clear separation of metabolite 
profiles between the resistant and non-resistant groups 
(Fig. 6A, B).

Differential metabolites were selected through mul-
tivariate analysis and t-test. A total of 35 differential 
metabolites were identified, with 18 upregulated and 17 
downregulated (Fig. 6C). Subsequently, hierarchical clus-
tering and Euclidean distance analysis were performed to 
cluster the differential metabolites, visualized through a 
hierarchical cluster heatmap (Fig. 6D).

Enrichment pathway network analysis revealed sig-
nificant involvement of metabolites in gluconeogenesis/
glycolysis metabolism (Fig. 6E, F). Functional enrichment 
analysis showed that, in the SMPDB database, differen-
tial metabolites were mainly enriched in pathways such 
as Gluconeogenesis, Glycolysis, and the Warburg Effect 
(Fig.  6G). In the KEGG database analysis, differential 
metabolites were mainly enriched in pathways such as 
Glycolysis/Gluconeogenesis, Pyruvate metabolism, and 
Inositol phosphate metabolism (Fig. 6H).

In our KEGG enrichment analysis of differentially 
expressed proteins, we also observed significant enrich-
ment in the Glycolysis/Gluconeogenesis pathway. 
Therefore, it is speculated that the glycolytic metabo-
lism pathway is involved in the formation of AML DR 
mechanism.

HNRNPC Reprograms cellular glucose metabolism 
by inhibiting CELF2 expression
Under conditions of sufficient oxygen, cancer cells 
often exhibit an abnormal glucose metabolism pattern, 
whereby they preferentially convert glucose into lactate 
through glycolysis, even in aerobic conditions. This par-
ticular metabolic pathway is known as aerobic glycolysis 
or the"Warburg effect"[32]. Furthermore, metabolic pro-
filing analysis, particularly using the SMPDB database, 
has shown significant enrichment of the Warburg effect 

pathway. Based on these observations, we hypothesized 
that the HNRNPC/CELF2 signaling pathway may con-
tribute to AML DR through the promotion of glycolysis.

To validate this hypothesis, we first examined the 
expression of glycolysis-related genes, such as GLUT1, 
HK2, LDHA, and PDK1, in AML cells using RT-qPCR 
and Western blot techniques [33]. The experimental 
results demonstrated that knocking down HNRNPC sig-
nificantly reduced the expression levels of these genes, 
whereas simultaneous knockdown of CELF2 increased 
their expression levels. Conversely, overexpression of 
HNRNPC significantly increased the expression of these 
glycolysis-related genes, which could be reversed by 
overexpressing CELF2 (Fig. 7A, B).

Mitochondria are essential organelles involved in glyc-
olysis [34]. We utilized JC- 1 dye, a lipophilic cationic dye 
specifically used to measure mitochondrial membrane 
potential (Δψm), to determine the mitochondrial mem-
brane potential in AML cells. The experimental results 
indicated that knocking down HNRNPC led to a signifi-
cant decrease in Δψm, while overexpression of HNRNPC 
resulted in a significant increase. Additionally, sh-CELF2 
or oe-CELF2 could respectively reverse these effects 
(Fig. 7C).

We also assessed the levels of total intracellular reac-
tive oxygen species (ROS) and mitochondrial ROS. ROS 
staining results revealed a significant decrease in ROS in 
the sh-HNRNPC cell group, whereas ROS levels signifi-
cantly increased in the oe-HNRNPC cell group (Fig. 7D). 
These data suggest that HNRNPC reprograms the energy 
metabolism of AML cells.

Moreover, we evaluated mitochondrial quality using 
the MitoTracker staining technique. The data showed 
a significant increase in mitochondrial quality upon 
HNRNPC knockdown, whereas simultaneous knock-
down of CELF2 resulted in a significant decrease in 
mitochondrial quality. Conversely, overexpression of 
HNRNPC led to a decrease in mitochondrial quality, 
which was significantly increased upon CELF2 overex-
pression (Fig. 7E).

Furthermore, we measured the oxygen consumption 
rate (OCR) and extracellular acidification rate (ECAR) of 
AML cells in an activated state using the Seahorse device, 

Fig. 6  Metabolomic Analysis of drug-resistant and non-resistant cell groups. A, B Principal Component Analysis (PCA) plot A and Partial Least 
Squares Discriminant Analysis (PLS-DA) plot B of the drug-resistant group (n = 6) and non-resistant group (n = 6); C Volcano plot showing 
differentially expressed metabolites, red represents significantly upregulated metabolites, blue represents significantly downregulated metabolites, 
gray represents non-significant differential metabolites; D Heatmap visualization of significantly different metabolites; E, F Participation 
of differentially expressed metabolites in the glycolysis/gluconeogenesis pathway in enrichment pathway analysis, red indicates metabolites 
involved in the enrichment items; G, H Functional enrichment analysis of all differentially expressed metabolites using SMPDB G and KEGG 
H databases, P values in the metabolic pathways indicate the importance of metabolite enrichment

(See figure on next page.)
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Fig. 6  (See legend on previous page.)
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which reflects oxidative phosphorylation (OXPHOS) and 
aerobic glycolysis, respectively. The results demonstrated 
that knocking down HNRNPC decreased glycolysis in 
cells, which was reversed by sh-CELF2. Conversely, over-
expression of HNRNPC increased glycolysis, but this 
effect was significantly reduced upon on-CELF2 expres-
sion (Fig. 7F–G).

These experimental findings indicate that in AML 
cells, HNRNPC reprograms cellular glucose metabolism 
by suppressing CELF2 expression. This reprogramming 
manifests through increased expression of glycolysis-
related genes, modulation of mitochondrial function, and 
alterations in cellular energy metabolism.

HNRNPC promotes AML cell metabolic reprogramming 
by suppressing CELF2
In our in vitro experiments, we discovered that HNRNPC 
promotes metabolic reprogramming in AML cells by 
inhibiting CELF2, potentially accelerating AML progres-
sion. To validate this finding further, KG- 1 and KG- 1/
DR cell lines (after transfection) were transplanted sub-
cutaneously into nude mice to establish a tumor model. 
After 15 days of transplantation, Cytarabine treatment 
was initiated (dose: 3 mg/kg/d) (Fig. 8A).

Before drug treatment, the expression levels of 
HNRNPC and CELF2 were measured in tumor tissues 
of the resistant group and non-resistant group using RT-
qPCR and Western blot techniques. The results showed 
a significant increase in HNRNPC expression and a sig-
nificant decrease in CELF2 expression in group G3 com-
pared to group G1. Furthermore, CELF2 expression was 
significantly increased in group G5 compared to group 
G3. Within the resistant group, HNRNPC expression was 
significantly reduced in groups G3/DR and G4/DR com-
pared to groups G1/DR and G2/DR, while CELF2 expres-
sion was significantly increased. In group G5/DR, CELF2 
expression was significantly lower than in group G3/DR 
(Fig. 8B, C).

Bioluminescence imaging was used to observe tumor 
luminescence images at 15, 25, and 30 days after tumor 
cell injection and tumor size was calculated. The results 
indicated that Cytarabine treatment alone had mini-
mal therapeutic effect on the resistant mouse model. 

However, knocking down HNRNPC in the resistant 
group reduced tumor formation, while knocking down 
CELF2 significantly increased tumor growth. In the 
non-resistant group, overexpression of HNRNPC coun-
teracted the therapeutic effect of Cytarabine, whereas 
overexpression of CELF2 reversed this effect (Fig. 8D–F).

On day 30, tumor samples were analyzed (Fig.  8G), 
and the proliferative marker Ki67 in tumor tissues was 
studied using immunohistochemical techniques. The 
results showed that the knockdown of HNRNPC signifi-
cantly decreased Ki67 expression in the resistant group, 
which was subsequently increased after sh-CELF2 treat-
ment. In the non-resistant group, Cytarabine treatment 
alone reduced Ki67 expression, while overexpression of 
HNRNPC significantly increased Ki67 expression, which 
was counteracted by overexpression of CELF2.

These experimental results further confirm our hypoth-
esis that HNRNPC accelerates AML progression by sup-
pressing CELF2.

Discussion
The aim of this study was to investigate the role of the 
HNRNPC/CELF2 signaling pathway in AML and its 
impact on tumor progression, metabolic reprogramming, 
and DR. AML, as a malignant tumor, still faces many 
challenges in its treatment [5, 7, 35]. It has been found 
that tumor cells can adapt to adverse environments by 
altering metabolic pathways, and glucose metabolism 
reprogramming plays a crucial role in this adaptive pro-
cess [36–38].

In comparison with other studies, this research 
employed several omics analysis methods, including 
single-cell transcriptomics, iTRAQ labeling combined 
with mass spectrometry-based proteomics identifica-
tion, to validate the roles of HNRNPC and CELF2 in 
various aspects of cell migration, proliferation, and inva-
sion. These results enhance our understanding of the 
HNRNPC/CELF2 signaling pathway in AML and further 
elucidate its role in glucose metabolism reprogramming.

In this study, we found that HNRNPC influences the 
alternative splicing of CELF2 through m6 A modifica-
tion. We hypothesize that HNRNPC may act as an m6 
A reader, recognizing m6 A modification sites on CELF2 

(See figure on next page.)
Fig. 7  Impact of HNRNPC/CELF2 signaling pathway on AML cell glucose metabolism. A, B Expression levels of GLUT1, HK2, LDHA, and PDK1 in AML 
cells detected by RT-qPCR A and Western blot B; C Measurement of JC- 1 signals in cells using flow cytometry, calculation of the red/green signal 
ratio to determine mitochondrial potential; D Measurement and quantification of cellular ROS (green) and mtROS (red) in AML cells, statistical graph 
representation; E Quantification of mitochondrial morphology using MitoTracker staining (red), representation of statistical graph of mitochondrial 
length; F, G Minimum and maximum ECAR F and OCR G of AML cells. All cell experiments were repeated three times, and the values are presented 
as mean ± standard deviation. Asterisks denote statistical significance, with differences between two groups analyzed using t-tests. * indicates p < 
0.05, ** indicates p < 0.01
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and ultimately regulating CELF2 expression [39], thereby 
modulating the growth and invasion ability of AML cells. 
This finding is consistent with other research, emphasiz-
ing the importance of the HNRNPC/CELF2 signaling 
pathway in tumor development [40–43]. By extensively 
studying the impact of the HNRNPC/CELF2 signaling 
pathway on the biological behavior of AML cells, we have 
laid the foundation for further understanding its mecha-
nism of action.

Furthermore, this study revealed that HNRNPC signifi-
cantly regulates the metabolic reprogramming of AML 
cells by suppressing CELF2 expression. Increased expres-
sion of HNRNPC and decreased expression of CELF2 in 
drug-resistant AML cells led to a significant increase in 
the expression levels of glycolysis-related genes, glucose 
consumption, lactate production, and mitochondrial 
dysfunction. These findings align with the discoveries of 
other studies, further validating the crucial role of glu-
cose metabolism reprogramming in AML DR [44–47].

In conclusion, this study identified key genes, 
HNRNPC and CELF2, in AML cells through single-cell 
transcriptomics and proteomics identification. HNRNPC 
regulates CELF2 expression through m6 A modification, 
potentially playing a crucial role in AML DR (Fig. 9). The 
scientific and clinical value of this study lies in elucidating 
the importance of the HNRNPC/CELF2 signaling path-
way in AML, as well as its involvement in glucose metab-
olism reprogramming and DR. Experimental results from 
cell and animal models reveal that HNRNPC-induced 
metabolic reprogramming of AML cells by suppress-
ing CELF2 expression promotes DR and progression 
of AML. This finding offers new targets for AML treat-
ment and helps improve existing therapeutic approaches, 
particularly in addressing DR. The research findings also 
provide a foundation for further development of treat-
ment strategies based on these molecular targets.

Despite the consistent findings from both animal mod-
els and in  vitro cell experiments, this study has certain 
limitations. First, the sample size for the DR (n = 6) and 
DS (n = 10) groups is relatively small. While the results 
provide valuable insights, additional biological replicates 
would strengthen statistical power and reproducibility. 
Second, although this study reveals the HNRNPC-CELF2 

regulatory mechanism in  vitro, its in  vivo function 
remains to be fully validated, which is crucial for estab-
lishing clinical relevance. Third, while our study explores 
the HNRNPC-CELF2 axis in AML, the broader molecu-
lar mechanisms underlying AML drug resistance and dis-
ease progression are not yet fully understood, indicating 
the need for further investigation. Additionally, this study 
does not cover all potential factors influencing AML 
drug resistance and progression, suggesting that other 
unknown mechanisms may also be involved.

For future research, expanding the sample size and 
incorporating clinical correlation data from AML 
patients will enhance the clinical applicability of these 
findings. Further in vivo studies validating the HNRNPC-
CELF2 axis would provide stronger evidence support-
ing its potential as a therapeutic target. Additionally, 
investigating the interaction between this pathway 
and other molecular signaling pathways or therapeutic 
approaches may lead to more effective AML treatment 
strategies. Future studies should also explore the role of 
the HNRNPC-CELF2 axis in other leukemia subtypes 
and malignancies, broadening its potential application 
in cancer research and treatment. In conclusion, this 
study provides critical insights into AML drug resist-
ance mechanisms and highlights a potential therapeutic 
target, offering guidance for future research and clinical 
treatment strategies.

Materials and methods
Cell culture
The AML cell lines C1498 (M5 - 1301, Sibas BioTech Co., 
Ltd., Guangzhou, China), KG- 1 (SNL- 180, Sunchon Bio, 
Wuhan, China), and OCI-AML- 5 (Chuanqiu Bio, Shang-
hai, China) were cultured in DMEM media (11965092, 
Gibco, USA) supplemented with 1% penicillin–strepto-
mycin (10378016, Invitrogen, USA) and 10% fetal bovine 
serum (FBS, Gibco, 10100147, Invitrogen, USA). The 
cells were incubated at 37 °C and 5% CO2 in a cell culture 
incubator. The growth media were changed every 3 days 
[48].

To induce DR, the KG- 1 and OCI-AML- 5 cell lines 
were exposed to a concentration of 0.5 µg/mL cytarabine 

Fig. 8  Validation of the role of HNRNPC/CELF2 signaling pathway in AML tumor progression. A Illustration of tumor formation in nude mice; B, C 
Expression levels of HNRNPC and CELF2 in tumor tissue detected by RT-qPCR (B) and Western blot (C); D In vivo imaging of mice using near-infrared 
imaging technique after subcutaneous injection of AML cells, the right panel semi-quantitatively displays the signal of AML cells in the tumor; E 
Relative changes in tumor volume for each group of mice; F Illustration of subcutaneous tumors in each group of mice; G Expression levels of Ki67 
in tumor tissue detected by immunohistochemistry, representation of statistical graph of positive cells. Each group of mice had 6 individuals, 
and the values are presented as mean ± standard deviation. Asterisks denote statistical significance, with differences between two groups analyzed 
using t-tests. * indicates p < 0.05, **indicates p < 0.01, *** indicates p < 0.001

(See figure on next page.)
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(147 - 94- 4, Shanghai Nuojie Chemical Technology Co., 
Ltd., Shanghai, China) for one month [49].

Construction of AML drug‑resistant mouse model
Female C57BL/6 J mice at 4  weeks old and female 
BALB/c-nu mice at 6  weeks old were purchased from 
our Animal Experimental Center. All animal experiments 
were conducted following our institution’s"Guidelines for 
the Care and Use of Laboratory Animals".

The C1498 cell line (M5 - 1301, Sibas BioTech Co., 
Ltd., Guangzhou, China) was electroporated with pLVX-
mCMV-ZsGreen1-Puro (HG-VMH1097, IbiVet Biotech-
nology, Changsha, China) to produce a stable fluorescent 
protein-expressing C1498 sub-clone [50]. Firstly, we 
administered sublethal whole-body irradiation (450 
cGy) to the 4-week-old female C57BL/6 J mice to sup-
press their bone marrow hematopoietic function. Then, 
we established the AML mouse model by injecting 105 
C1498 AML cells expressing ZsGreen1 fluorescent pro-
tein via tail vein injection. Starting from day 14, each 

mouse was treated with Cytarabine (3 mg/kg/d) by intra-
peritoneal injection to treat AML. The mice were moni-
tored for survival or euthanized whenever they showed 
signs of distress (e.g., isolated in a cage corner, slow 
movement, and dull fur). After 35 days of modeling, mice 
were euthanized by cervical dislocation under deep anes-
thesia using isoflurane (R510-22 - 10, Revoth, Shenzhen, 
China) [22].

Hematological analysis
Peripheral blood samples were collected from the mice 
and analyzed for red blood cell count (RBC), white blood 
cell count (WBC), and platelet count (PLT) using a Vit-
ros5.1 FS automated biochemical analyzer (Ortho Clini-
cal Diagnostics, USA) [51].

Flow cytometry
Bone marrow tissue cells were collected and sorted using 
anti-CD11b (BDB561690, BD Bioscience, USA), anti-
CD41a (11–0411- 82, Thermo Fisher, USA), anti-Ter119 

Fig. 9  Molecular mechanism diagram illustrating how HNRNPC affects CELF2 selective splicing by m6 A methylation, promoting AML glycolytic 
reprogramming-induced DR
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(ab93586, Abcam, UK), anti-PD-L1 (569074, BD Biosci-
ence, USA), and anti-CTLA- 4 (12–1529- 42, Thermo 
Fisher, USA) antibodies. After thorough mixing, the cells 
were incubated at 4 °C in the dark for 30 min. Then, 2 mL 
of PBS solution (P4417, Sigma-Aldrich, USA) was added, 
and the mixture was centrifuged at 4  °C, 1500 × g for 
10 min. After discarding the supernatant, the cells were 
fixed with a 2% paraformaldehyde (30525 - 89- 4, Sigma-
Aldrich, USA)/PBS solution, placed at 4  °C in the dark, 
and analyzed using a FACS Aria II flow cytometer (BD 
Bioscience, USA) within 24 h [52].

Cell apoptosis was assessed using the Annexin V-FITC 
apoptosis detection kit (APOAF- 20 TST, Sigma-Aldrich, 
USA) via flow cytometry according to the manufacturer’s 
instructions. The cells were plated at a density of 4 × 105 
cells per well in a 6-well plate and allowed to attach over-
night. Subsequently, the cells were treated with different 
concentrations of Cytarabine (0.125, 0.25, 0.5 μg/mL) 
for 48 h. After drug treatment, the cells were incubated 
with 200 μL binding buffer, stained with Annexin V-FITC 
in the dark for 20 min, and then analyzed using a FACS 
Aria II flow cytometer [53]. Cells in the upper right quad-
rant with the Annexin V + PI + phenotype represented 
late apoptosis cells, while cells with the Annexin V + PI- 
phenotype in the lower right quadrant represented early 
apoptosis cells. Cells in the upper left quadrant with the 
Annexin V- PI + phenotype represented necrotic cells, 
and cells in the lower left quadrant with the Annexin V- 
PI- phenotype represented viable cells [54].

JC- 1 staining: AML cells were cultured in high glucose 
RPMI- 1640 medium (R8758, Sigma-Aldrich, USA, 4.5 
g/L glucose) and analyzed using the JC- 1 mitochondrial 
membrane potential assay kit (C2006, Beyotime, Shang-
hai, China) via flow cytometry after 24 h of culture. The 
ratio of JC- 1 red to JC- 1 green was used to indicate the 
Δψm of the cells [55].

Immunofluorescence staining
Cells or tissues were washed with cold PBS and fixed 
with 4% paraformaldehyde (P885233, Macklin, USA) for 
15–30 min. Subsequently, they were treated with 0.1% 
Triton (L885651, Macklin, USA) for 15 min. After two 
washes with PBS, cells or tissues were incubated with PBS 
containing 15% FBS at 5  °C overnight. They were then 
stained with antibodies against CD11b (MA1 - 80091, 
Thermo Fisher, USA; 1:50) for rats, CD41a (ab134131, 
Abcam, UK; 1:100) for rabbits, Ter119 (14–5921- 82, 
Thermo Fisher, USA; 1:100) for rats, PD-L1 (14–5983- 
82, Thermo Fisher, USA; 1:100) for mice, or CTLA- 4 
(711564, Thermo Fisher, USA; 1:100) overnight at 4  °C. 
After washing three times with TBST (1% Tween- 20 in 
TBS), the cells were incubated with secondary antibod-
ies: goat anti-rabbit Alexa Fluor® 647 (A- 21245, Thermo 

Fisher, USA), goat anti-rat Alexa Fluor® 647 (A- 21247, 
Thermo Fisher, USA), goat anti-mouse Alexa Fluor Plus 
488 (A32723, Thermo Fisher, USA), or monkey anti-
rabbit Alexa Fluor® 555 (A- 31572, Thermo Fisher, USA) 
for 2 h at room temperature. Subsequently, the cells were 
counterstained with DAPI (D1306, Thermo Fisher, USA) 
and observed under a fluorescence microscope (Zeiss 
Observer Z1, Germany). Target regions were selected 
in the images for fluorescence intensity measurement. 
Image processing and quantification were performed 
using ImageJ to determine the number of positive cells 
[56].

scRNA‑seq
The bone marrow tissues of AML mice were collected 
and processed into single-cell suspension using trypsin 
(9002 - 07- 7, Sigma-Aldrich, USA). Individual cells were 
captured using the C1 single-cell auto-preparation sys-
tem (Fluidigm, Inc., South San Francisco, CA, USA). 
After cell capture, the cells were lysed within the chip 
to release mRNA, which was then reverse-transcribed 
into cDNA. The lysed and reverse-transcribed cDNA 
was pre-amplified in a microfluidic chip for subsequent 
sequencing. The amplified cDNA was used for library 
construction and subjected to single-cell sequencing on 
the HiSeq 4000 Illumina platform (parameters: paired-
end reads, read length 2 × 75 bp, approximately 20,000 
reads per cell) [57].

The data were analyzed using the"Seurat"package in R 
software. Quality control was performed using the cri-
teria of 200 < nFeature_RNA < 5000 percent.mt < 20, fol-
lowed by the selection of the top 2000 genes with high 
expression variability [58].

Data analysis was performed using the"Seurat"package 
in R. For quality control, cells were selected based on 
the criteria 200 < nFeature_RNA < 5000 and percent.
mt < 20, ensuring that low-quality or dead cells (such as 
those with high mitochondrial gene expression, e.g., over 
20%) were excluded from the analysis [58]. The data was 
then normalized using the"NormalizeData"function in 
the Seurat package with log-normalization, where gene 
expression data for each cell was normalized according 
to the total count and log-transformed. The parameters 
set were: normalization.method =’LogNormalize’, scale.
factor = 10000. After normalization, the top 2000 highly 
variable genes were selected using the “FindVariableFea-
tures” function to ensure high-quality input for down-
stream analyses [58].

To reduce the dimensionality of the scRNA-Seq data-
set, principal component analysis (PCA) was performed 
on the top 2000 highly variable genes using the “Run-
PCA” function in Seurat. The first 20 principal compo-
nents were selected for downstream analysis using the 
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Elbowplot function. Cell subpopulations were identified 
using the “FindClusters” function with the default reso-
lution (res = 1), ensuring that the clustering was reason-
able for distinguishing different cell types. Nonlinear 
dimensionality reduction was performed using t-SNE, 
with parameters set to “dims = 1:20” to ensure accurate 
dimensionality reduction. Marker genes for various cell 
subpopulations were identified using Seurat, and cells 
were annotated using the"Singel R"package [59].

Cell communication analysis was performed using 
the"CellChat"package in R, which inferred ligand-
receptor interactions based on default param-
eters. Cell trajectory analysis was performed using 
the"Monocle2"package.

DEGs in the scRNA-Seq dataset were identified using 
the"Limma"package in R, with criteria of |logFC|> 0.5 
and p < 0.05, followed by multiple comparison correction 
(Benjamini-Hochberg) [60].

The"inferCNV"package in R was used to assess copy 
number variation (CNV) in individual cells. This tool 
infers CNV instability in tumor scRNA-Seq data by 
comparing gene expression levels between normal and 
malignant cells, using granulocytes, fibroblasts, T cells, 
endothelial cells, and B cells as reference populations 
[61].

Gene ontology (GO) functional and Kyoto Encyclope-
dia of Genes and Genomes (KEGG) pathway enrichment 
analyses of co-expressed genes were performed using 
the"clusterProfiler"package in R, with a default p-value 
threshold (p < 0.05) and visualization using the ggplot2 
package [62].

iTRAQ labeling combined with mass spectrometry analysis
Mouse bone marrow tissues from the drug-resistant and 
non-resistant groups were collected. Protein extraction 
was performed by adding an appropriate amount of SDT 
lysis buffer (ED- 8452, ECOTOP, Guangzhou, China), fol-
lowed by protein quantification using the BCA method 
(23227, Thermo Fisher, USA).

For each sample, 30 μL of the protein solution was 
taken and subjected to protein digestion into peptides 
using the Filter-Assisted Sample Preparation (FASP) 
method. The peptides were then desalted using a C18 
Cartridge (WAT051910, Waters, USA), concentrated by 
vacuum centrifugation, and resuspended in 40 μL of the 
dissolution buffer (GS1422, Beijing Bioauotec Co., Ltd., 
Beijing, China). The resuspended peptides were meas-
ured at 280 nm using ultraviolet light. Subsequently, 100 
μg of peptides from each sample were labeled according 
to the instructions of the iTRAQ labeling kit (4352135, 
Sigma Aldrich, USA).

The iTRAQ-labeled peptides were fractionated using 
an AKTA Purifier 100 (GE, Sweden) with Strong Cation 

Exchange (SCX) chromatography. Peptides were recon-
stituted, acidified, and separated using Solution A (10 
mM KH2PO4 in 25% acetonitrile, pH 3.0) and Solution 
B (500 mM KCl, 10 mM KH2PO4 in 25% acetonitrile, 
pH 3.0). After freeze-drying, the peptides were desalted 
using a C18 Cartridge.

Each sample was separated using the Easy nLC sys-
tem (Alliance HPLC, Waters, USA) with a nanoflow rate. 
Solution A was 0.1% formic acid in water, while Solu-
tion B was 0.1% formic acid in acetonitrile (acetonitrile 
concentration of 84%). The chromatography column 
was equilibrated with 95% Solution A, and the samples 
were loaded onto the trapping column (nanofiber C18, 
Thermo Fisher, USA) via an autosampler. Separation was 
performed using an analytical column (C18-A2, Thermo 
Fisher, USA) at a flow rate of 300 nL/min. After chroma-
tographic separation, the samples were analyzed using a 
Q-Exactive mass spectrometer (Q Exactive™ Orbitrap, 
Thermo Fisher, USA) [63].

Differential expression of proteins (DEPs)
DEPs was analyzed using iTRAQ mass spectrometry data 
and statistical methods. Specifically, t-tests (Student’s 
t-test) were used to compare protein expression data 
between the DR and DS groups, with a p-value < 0.05 set 
as the threshold for significance. To reduce false positive 
results, we applied the Benjamini–Hochberg method for 
multiple hypothesis testing correction, controlling the 
false discovery rate (FDR), with FDR < 0.05 as the crite-
rion for selecting DEPs. The final screening criteria for 
DEPs were p-value < 0.05 and |logFC|> 0.5.

Lentivirus
The plasmid vector pCMV6-AC-GFP (LM- 2069, LMAI 
Bio, Shanghai, China) was used to construct overexpress-
ing plasmids for HNRNPC and CELF2, which were car-
ried out by Shenggongshengsheng Biology (Shanghai, 
China). The plasmid pLKO.1-puro (QYV0024, Beijing 
Qiyan Biotechnology Co., Ltd.) was used to construct 
human HNRNPC-shRNA (sequence 1, 5’− 3’: GCG​CTT​
GTC​TAA​GAT​CAA​ATT; sequence 2, 5’− 3’: GCC​TTC​
GTT​CAG​TAT​GTT​AAT) and human CELF2-shRNA 
(sequence 1, 5’− 3’: GCT​CAC​TTT​CTC​ATT​AAG​ATA; 
sequence 2, 5’− 3’: CGC​AGA​GTA​AAG​GTT​GTT​GTT). 
The sh-NC (sequence 5’− 3’: GCA​ACA​AGA​TGA​AGA​
GCA​CCAA) was purchased from Thermo Fisher (USA). 
The lentiviral constructs oe-HNRNPC, HNRNPC-
shRNA (oe-HNRNPC-LTEP-s, hereafter referred to 
as oe-HNRNPC; HNRNPC-shRNA-LTEP-s, hereafter 
referred to as sh-HNRNPC), oe-CELF2, CELF2-shRNA 
(oe-CELF2-LTEP-s, hereafter referred to as oe-CELF2; 
CELF2-shRNA-LTEP-s, hereafter referred to as sh-
CELF2), and control lentivirus (oe-NC-LTEP-s, hereafter 
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referred to as oe-NC; sh-NC-LTEP-s, hereafter referred 
to as sh-NC) were constructed based on the HEK293 T 
cell line (CBP60661, Nanjing Kaibai Biotechnology Co., 
Ltd., Jiangsu, China). The plasmids and lentivirus pack-
aging were provided by Shenggongshengsheng Biotech-
nology. The constructed plasmids containing a single 
luciferase reporter gene (or-NC-luc, oe-HNRNPC-luc, 
oe-CELF2-luc, sh-NC-luc, sh-HNRNPC-luc, and sh-
CELF2-luc) were co-transfected with auxiliary plasmids 
using Lipofectamine 2000 reagent (11668030, Thermo 
Fisher, USA) into HEK293 T cells. After verification, 
amplification, and purification, packaged lentivirus was 
obtained. For lentivirus-mediated cell transfection, 5 × 
106 cells were seeded in a 6-well plate. When the cell 
density reached 70–90%, the medium containing an 
appropriate amount of packaged lentivirus (MOI = 10, 
working titer approximately 5 × 106 TU/mL) and 5  μg/
mL polybrene (TR- 1003, Merck, USA) was added for 
transfection. After 4 h of transfection, an equal amount 
of medium was added to dilute polybrene. Fresh medium 
was replaced after 24 h of transfection, and the transfec-
tion effect was observed by the luciferase reporter gene 
after 48 h. To obtain stable cell lines, resistance screening 
was performed using 10 μg/mL puromycin (A1113803, 
Gibco, Grand Island, NY, USA) until the cells no longer 
died in the puromycin-containing medium. The overex-
pression and knockdown efficiencies were confirmed by 
RT-qPCR [64]. Cell grouping was as follows: Resistant 
group: sh-NC + sh-NC (control group), sh-HNRNPC 
+ sh-NC (transfected with sh-HNRNPC and sh-NC), sh-
HNRNPC + sh-CELF2 (transfected with sh-HNRNPC 
and sh-CELF2). Non-resistant group: oe-NC + oe-NC 
(control group), oe-HNRNPC + oe-NC (transfected with 
oe-HNRNPC and oe-NC), oe-HNRNPC + oe-CELF2 
(transfected with oe-HNRNPC and oe-CELF2).

RT‑qPCR
The total RNA from cells or tissues was extracted using 
Trizol reagent (10296010, Invitrogen, Thermo Fisher, 
USA). RNA quality and concentration were assessed 
using a UV–visible spectrophotometer (ND- 1000, Nan-
odrop, Thermo Fisher, USA). Reverse transcription was 
performed using the PrimeScript™ RT-qPCR kit (RR086 
A, TaKaRa, Mountain View, CA, USA). Real-time quan-
titative reverse transcription polymerase chain reaction 
(RT-qPCR) was carried out on a LightCycler 480 system 
(Roche Diagnostics, Pleasanton, CA, USA) using SYBR 
Premix Ex TaqTM (DRR820 A, TaKaRa). β-Actin or 
GAPDH was used as the endogenous control for mRNA 
amplification. The primer sequences were designed and 
provided by Shanghai Universal Biotech Co., Ltd. The 
primer sequences can be found in Table  S1. The 2−ΔΔCt 
method was used to determine the fold change in target 

gene expression between the experimental and control 
groups, where ΔΔCt = ΔCt experimental group—ΔCt 
control group, and ΔCt is calculated as the difference 
between the Ct values of the target gene and endogenous 
control gene [65].

MeRIP‑qPCR analysis
HNRNPC antibody (PA5 - 22280, 1:50, Thermo Fisher, 
USA) was used to immunoprecipitate CELF2 in AML 
cells, and the m6 A levels of CELF2 were assessed using 
the MeRIP m6 A kit (GS-ET- 001, Haihe Xi Bio-tech Co., 
Ltd., Shanghai, China). Methylation-RNA immunopre-
cipitation (MeRIP) analysis was performed according to 
the kit’s instructions, followed by RNA extraction and 
RT-qPCR analysis of CELF2 expression [66].

M6 A dot blot analysis
Cellular RNA samples were denatured under vacuum 
conditions and then bound to nitrocellulose membranes 
(7182 - 004, Cytiva, Shanghai, China). After UV cross-
linking, the membrane was stained with methyl blue to 
check for RNA loading. To detect the level of m6 A, the 
membrane was incubated with an anti-m6 A antibody 
(ab314476, 1:1000, Abcam, UK) overnight at 4  ℃, fol-
lowed by incubation with HRP-conjugated rabbit IgG 
(ab172730, Abcam, UK) for 60 min at 20 ℃. The blot 
was analyzed using an ECL kit (A38554, Thermo Fisher, 
USA), and the spots were measured using a chemilumi-
nescence system (Bio-Rad Laboratories, Hercules, CA, 
USA) [67].

Dual‑luciferase reporter gene assay
The M6a2 target database (http://​rm2ta​rget.​cance​romics.​
org/#/​home) predicted that HNRNPC would bind to the 
CELF2 region. CELF2-WT and CELF2-MUT plasmids 
were constructed separately and co-transfected with 
sh-HNRNPC, oe-HNRNPC, and a negative control into 
AML cells. After 48 h of transfection, the cells were lysed, 
and the supernatant was collected following centrifuga-
tion at 13,000 g for 1 min. The Dual-Luciferase Reporter 
Gene Assay Kit (ab287865, Abcam, UK) was then used to 
measure luciferase activity. Each cell sample was mixed 
with 100 μL of firefly luciferase working solution to meas-
ure firefly luciferase (FI/Rely luciferase) and 100 μL of sea 
kidney luciferase working solution to measure sea kidney 
luciferase (Renilla luciferase). The luc2 signal represents 
firefly luciferase reaction intensity, hRluc-neo represents 
the reference sea kidney luciferase reaction intensity, and 
the ratio luc2/hRluc-neo was calculated from the two 
groups of data [68].

http://rm2target.canceromics.org/#/home
http://rm2target.canceromics.org/#/home
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RNA half‑life experiment
Cells were treated with streptomycin D (50–76- 0, Sigma 
Aldrich, USA) at a concentration of 5 μg/mL. After incu-
bation for 0, 4, 8, and 12 h, the cells were collected, and 
RNA was extracted for RT-qPCR analysis. The degrada-
tion rate of RNA was estimated using the formula Nt/
N0 = e−kt (where t is the transcription inhibition time, Nt 
and N0 represent the RNA expression levels at time t and 
time 0, respectively) [69].

TUNEL fluorescent staining
For apoptosis analysis, the TUNEL assay was performed 
following the manufacturer’s instructions (11684795910, 
Roche, USA). Briefly, cells were treated with proteinase 
K and 3% hydrogen peroxide, then incubated with the 
TUNEL reaction mixture at 37 °C under humid condi-
tions. Subsequently, cells were labeled with fluorescein-
dUTP and counterstained with methyl green. Untreated 
slices served as a negative control, and the target regions 
were selected in the images observed under a fluores-
cence microscope. ImageJ was used for image process-
ing and quantitative analysis to determine the number of 
positive cells [70].

CCK‑ 8 assay
AML cells in the logarithmic growth phase were seeded 
in a 96-well plate at a density of 5 × 103 cells per well. At 
0, 24, 48, 72, and 96 h, 10 μL of CCK- 8 reagent solution 
(C0038, Beyotime, Shanghai, China) was added to each 
well, followed by incubation in a humidified CO2 incuba-
tor at 37 °C. The absorbance of each well at 450 nm was 
measured using a Microplate Reader (abx700005, Beijing 
Qiwei Yicheng Technology Co., Ltd.) [71]. In the IC50 
assay, 1 × 104 AML cells were seeded in a 96-well plate 
and cultured in RPMI- 1640 complete medium. Differ-
ent concentrations of drugs were added according to the 
manufacturer’s instructions. Cell viability was assessed 
using the CCK- 8 assay, and the concentration of each 
drug that resulted in 50% growth inhibition (IC50) was 
estimated using relative survival curves [72].

Transwell assay
Cell culture was performed using Transwell polycar-
bonate membranes (CLS3422, Corning, USA). AML 
cell suspension was added to the upper chamber of the 
Transwell insert at a density of 2 × 104 cells per well in 
serum-free medium, while medium containing 10% fetal 
bovine serum was added to the lower chamber. After 24 
h of incubation, non-migrating cells in the upper cham-
ber were removed, and the cells that migrated through 
the pores were fixed and stained with 0.1% crystal violet 

(C0121, Beyotime, Shanghai, China). Eight random fields 
were observed under an inverted microscope (XDS- 900, 
Caikon, Shanghai, China) [73].

Multicellular spheroid (MCS) formation
A total of 1000 AML cells/spheroids were inoculated into 
35-well or 81-well agarose tubes (A6013, Sigma-Aldrich, 
USA), generated by 3D Petri dishes (Microtissues®, 
Microtissues Inc., RI, USA). One minute after cell seed-
ing, 1 mL (for 35-well) or 2 mL (for 81-well) of cell cul-
ture medium was added, and the cells were cultured at 37 
°C and 5% CO2 to form cancer cell spheroids.

To assess the invasive ability of AML cells in differ-
ent treatment groups, Type I collagen (CC050, Sigma-
Aldrich, USA) was added. First, collagen was neutralized 
to a pH of 7.0–8.0 and then filled into the agarose tubes. 
After incubation for 4 min, the agarose tube was inverted 
(including the co-culture with buried collagen) and fur-
ther incubated for 1  h. The tube was then flipped, and 
RPMI medium containing 5% FBS and 1% Pen/Strep was 
added. Invasion assays were performed for 2  days, and 
images were captured using an inverted microscope until 
viable cells were recovered from the collagen matrix.

After 24 h of co-culturing, the spheroids were washed, 
stained, and fixed using a viability/cytotoxicity assay kit 
(30002, Biotium, USA). Images were acquired through 
confocal microscopy, scanning from the top to the mid-
dle of the spheroid with 5 μm intervals using Z-stack and 
presented as maximum intensity projection. The surface 
display (2.5D) was obtained using Zeiss image processing 
software. Image J software was utilized to measure the 
total cell area for each dye in order to quantify live/dead 
cells.

LC–MS (liquid chromatography‑mass spectrometry) 
coupling method
Samples of drug-resistant and non-resistant cells were 
collected and transferred to 1.5 mL polypropylene 
tubes, with 300 μL of each sample. Then, 900 μL of an 
80% methanol solution (67 - 56- 1, Sigma-Aldrich, USA) 
mixed with 0.1% formic acid (64 - 18- 6, Sigma-Aldrich, 
USA) was added. The tubes were centrifuged at 12,000 
g for 10 min, and the supernatant was transferred to the 
vials of an autosampler.

Metabolomics analysis was conducted using the LC20 
ultra-high-performance liquid chromatography system 
(SHIMADZU, Japan) coupled with the Triple TOF- 6600 
mass spectrometer (AB Sciex, USA). Chromatographic 
separation was performed using a Waters ACQUITY 
UPLC HSS T3 C18 column (100 × 2.1 mm, 1.8 μm) at 
a column temperature of 40 °C and a flow rate of 0.4 
mL/min. The mobile phase consisted of an acetonitrile 
(75 - 05- 8, Sigma-Aldrich, USA) and a water solution 
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containing 0.1% formic acid. The gradient elution pro-
gram for mobile phase B was as follows: 5% from 0.0 to 
11.0 min, 90% from 11.0 to 12.0 min, and 5% from 12.1 
to 14 min. The eluent was directly introduced to the mass 
spectrometer without splitting [74].

Mass spectrometry in positive/negative ion modes was 
performed under the following conditions: ionization 
voltage of 5500 V, capillary temperature of 550 °C, nebu-
lizer gas flow rate of 50 psi, and auxiliary heating gas flow 
rate of 60 psi. The preprocessed data was analyzed using 
orthogonal partial least squares-discriminant analysis 
(OPLS-DA) and permutation testing (100 permutations) 
to prevent overfitting. Metabolites with a VIP score > 1 
and a P-value < 0.05 in the OPLS-DA model were iden-
tified as differential metabolites (DMs). Furthermore, 
combined with univariate analysis, metabolites with fold 
changes ≥ 2 and ≤ 0.5 and a Student’s t-test P-value < 0.05 
were selected as the final differential metabolites. Meta-
bolic pathways related to the identified metabolites were 
determined using MetaboAnalyst (version 5.0) [75].

Western blot
Total protein was extracted from cells and tissues using 
enhanced RIPA lysis buffer (AR0108, Wuhan Bode Com-
pany, Wuhan, China) containing proteinase inhibitors. 
The protein concentration was measured using a BCA 
protein quantification kit (AR1189, Wuhan Bode Com-
pany, Wuhan, China). Protein samples were separated by 
SDS-PAGE, followed by transfer onto a PVDF membrane. 
After blocking with 5% BSA (9048 - 46- 8, Sigma-Aldrich, 
USA) at room temperature for 1 h, the membranes were 
incubated overnight at 4  °C with the respective diluted 
primary antibodies (refer to Table  S2 for detailed infor-
mation on the primary antibodies). The membranes were 
then washed three times with PBST (5 min per wash) and 
incubated at room temperature for 1 h with either Anti-
Mouse-HRP secondary antibody (Cat # 7076, 1/5000; 
CST, USA) or Anti-Rabbit-HRP secondary antibody (Cat 
# 7074, 1/5000; CST, USA). The membranes were washed 
again with PBST (5 min per wash). After removing PBST, 
an appropriate amount of ECL working solution was 
added, and the membranes were incubated at room tem-
perature for 1 min. Excess ECL reagent was removed, and 
the membranes were sealed with plastic wrap, placed in 
a dark box, and exposed to X-ray film for 5–10 min for 
visualization and development. The bands in the Western 
blot images were quantified for grayscale using Image J 
analysis software, with β-Actin or GAPDH as the refer-
ence proteins [76, 77].

Detection of total ROS and mitochondrial ROS
To detect reactive oxygen species (ROS), we utilized the 
fluorescent dye 2’,7’-dichlorodihydrofluorescein diacetate 

(DCFDA) (HY-D0940, Abcam, UK), which enters cells 
and forms a green fluorescent compound, dichlorofluo-
rescein (DCF), upon interaction with ROS molecules. 
In brief, a methanol stock solution of DCFDA (10 mM) 
was prepared and further diluted with culture medium 
to obtain a working solution of 100 μM. AML cells (2 
× 104) were seeded on glass coverslips in a six-well plate 
overnight. The following day, cells were treated with 
H2O2 (200 μM) for 24 h. After treatment, coverslips were 
washed with cold Hank’s Balanced Salt Solution (HBSS) 
(H8264, Sigma Aldrich, USA) and incubated with 100 
μM of DCFDA at 37 °C for 30 min. Following a wash with 
1 × PBS, coverslips were mounted on slides. Images were 
analyzed using a multiphoton confocal microscope (A1R, 
Nikon, USA) with a × 100 objective and Nikon’s NIS Ele-
ment imaging software, while positive cells were counted 
using Image J analysis software.

For the evaluation of superoxide compounds (SOX) 
in mitochondria, we employed the red fluorescent com-
pound mito-SOX (M36008, Thermo Fisher, USA). AML 
cells (2 × 104) were seeded on glass coverslips in a six-
well plate overnight. The next day, cells were treated 
with H2O2 (200 μM) for 24 h. Subsequently, coverslips 
were washed with cold 1 × PBS and incubated with a 
working solution of 2 μM mito-SOX at 37 °C for 30 min. 
After washing with 1 × PBS, coverslips were mounted on 
slides. Images were analyzed using a multiphoton confo-
cal microscope with a × 100 objective, Nikon’s NIS Ele-
ment imaging software, and Image J analysis software for 
counting positive cells [78].

MitoTracker staining
MitoTracker (M7513, Thermo Fisher, USA) was utilized 
to label mitochondria in AML cells. AML cells were 
treated and co-incubated with MitoTracker (200 nM) 
at 37 °C for 45 min. The fluorescent signal was detected 
using confocal fluorescence microscopy [79].

Metabolic measurements
The Seahorse XFe96 Extracellular Flux Analyzer (Agilent 
Technologies) was employed for metabolic analysis. The 
extracellular acidification rate (ECAR) and oxygen con-
sumption rate (OCR) were calculated for each well. The 
following concentrations of injection compounds were 
used to induce XF glycolytic stress or XF cell Mito testing: 
10 mM glucose (50–99- 7, Sigma-Aldrich, USA), 2  μM 
oligomycin (1404 - 19- 9, Sigma-Aldrich, USA), 50 mM 
2-deoxy-d-glucose (2-DG) (154 - 17- 6, Sigma-Aldrich, 
USA), 1 μM carbonyl cyanide- 4-(trifluoromethoxy)phe-
nylhydrazone (FCCP) (370–86 - 5, Sigma-Aldrich, USA), 
and 0.5 μM rotenone (83 - 79- 4, Sigma-Aldrich, USA). 
The XF Glycolytic Stress or XF Cell Mito Test Kit was 
purchased from Agilent Technologies (USA) [80].
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Subcutaneous tumorigenesis in nude mice with AML cells
To establish an AML subcutaneous tumor model, AML-
Luc cells (2 × 106) labeled with luciferase enzyme (61970 
- 00- 1, Sigma-Aldrich, USA) were injected subcutane-
ously into the left abdominal region of 6-week-old female 
BALB/c-nu mice. A total volume of 200 μL AML-Luc 
cells was used. The tumor growth was visually observed, 
and 15 days after transplantation, treatment was initiated 
using Cytarabine (dose of 3  mg/kg/day) administered 
through tail vein injection until the mice were sacrificed 
[81, 82]. Live fluorescence imaging of the mice was per-
formed using the IVIS Lumina Series III in vivo imaging 
system (PerkinElmer, USA) at 15, 25, and 30 days post-
transplantation. Brief anesthesia was administered to the 
mice prior to imaging to ensure they remained still [83].

After 30 days of subcutaneous tumor growth, the mice 
were deeply anesthetized with isoflurane, and the tumor 
tissue was collected for measurement, RT-qPCR, West-
ern blot, and immunohistochemical experiments.

The animals were divided into different groups as fol-
lows: Group 1 (G1): oe-NC + oe-NC + DMSO (KG- 1 
cells transfected with negative control vector oe-NC, 
followed by subcutaneous injection and 15 days later, 
tail vein injection of DMSO as a control). Group 2 (G2): 
oe-NC + oe-NC + Cytarabine (KG- 1 cells transfected 
with negative control vector oe-NC, followed by sub-
cutaneous injection and 15 days later, tail vein injection 
of Cytarabine). Group 3 (G3): oe-HNRNPC + oe-NC 
+ DMSO (KG- 1 cells transfected with oe-HNRNPC and 
oe-NC, followed by subcutaneous injection and 15 days 
later, tail vein injection of DMSO). Group 4 (G4): oe-
HNRNPC + oe-NC + Cytarabine (KG- 1 cells transfected 
with oe-HNRNPC and oe-NC, followed by subcutaneous 
injection and 15 days later, tail vein injection of Cytara-
bine). Group 5 (G5): oe-HNRNPC + oe-CELF2 + Cyta-
rabine (KG- 1 cells transfected with oe-HNRNPC and 
oe-CELF2, followed by subcutaneous injection and 15 
days later, tail vein injection of Cytarabine).

Group 1/DR (G1/DR): sh-NC + sh-NC + DMSO (KG- 
1/DR cells transfected with negative control vector 
sh-NC, followed by subcutaneous injection and 15 days 
later, tail vein injection of DMSO as a control). Group 2/
DR (G2/DR): sh-NC + sh-NC + Cytarabine (KG- 1/DR 
cells transfected with negative control vector sh-NC, fol-
lowed by subcutaneous injection and 15 days later, tail 
vein injection of Cytarabine). Group 3/DR (G3/DR): sh-
HNRNPC + sh-NC + DMSO (KG- 1/DR cells transfected 
with sh-HNRNPC and sh-NC, followed by subcutaneous 
injection and 15 days later, tail vein injection of DMSO). 
Group 4/DR (G4/DR): sh-HNRNPC + sh-NC + Cytara-
bine (KG- 1/DR cells transfected with sh-HNRNPC and 
sh-NC, followed by subcutaneous injection and 15 days 
later, tail vein injection of Cytarabine). Group 5/DR (G5/

DR): sh-HNRNPC + sh-CELF2 + Cytarabine (KG- 1/DR 
cells transfected with sh-HNRNPC and sh-CELF2, fol-
lowed by subcutaneous injection and 15 days later, tail 
vein injection of Cytarabine).

Immunohistochemistry
The tissue or cells under investigation were fixed and 
embedded. The embedded tissue was then sectioned and 
subjected to dewaxing treatment, which removes the wax 
from the slides, making them hydrophilic and facilitating 
subsequent immunostaining procedures. The dewaxed 
tissue sections were treated with specific antibodies, 
including Ki67 antibody (SAB5700770, 1:200; Sigma 
Aldrich, USA), GLUT1 antibody (MA5 - 31960, 1:200; 
Thermo Fisher, USA), and HK2 antibody (PA5 - 29326, 
1:200; Thermo Fisher, USA). Anti-Rabbit-HRP second-
ary antibody (12–348, 1:1000; Sigma Aldrich, USA) was 
applied to the sections. The binding sites between the 
secondary antibody and the primary antibodies were 
visualized using a DAB staining solution (ab64238, 
Abcam, USA). The stained tissue sections were dewaxed, 
mounted on slides, and observed under a microscope to 
record the expression patterns. The criteria for evaluating 
staining results involved randomly selecting five regions 
of interest and counting the number of positively stained 
cells within each region [84].

Statistical analysis
Statistical analysis for this study was performed using 
GraphPad Prism (9.0) and R (4.3.0) software. Continuous 
data were presented as mean ± standard deviation (Mean 
± SD), and the unpaired t-test was employed to compare 
the two groups. One-way analysis of variance (ANOVA) 
was used for comparisons among multiple groups, with 
homogeneity of variances assessed using the Levene test. 
In cases of homogeneous variance, Dunnett’s t-test and 
LSD-t test were applied for pairwise comparisons. A sig-
nificance level of p < 0.05 was considered statistically sig-
nificant [85].

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s13578-​025-​01386-x.

Supplementary Material 1: Figure S1. Generating AML mouse model.
Schematic diagram of generating AML mouse model;Comparison of 
body weight difference between normal mice and AML mice, with a 
group size of 30 mice;Measurement of WBC, RBC, and PLT counts in 
peripheral blood of mice, with a group size of 30 mice;Statistical analysis 
of mouse body weights, with a group size of 25 mice;Measurement of 
WBC, RBC, and PLT counts in peripheral blood of mice, with a group 
size of 25 mice;Measurement of WBC, RBC, and PLTcounts in peripheral 
blood of mice, with a group size of 10 mice in the weight gain group 
and 6 mice in the weight loss group;Measurement of CD11b, CD41a, and 
Ter119 in mouse bone marrow using flow cytometry, with the number 
of mice being 6 in each group. The right panel shows the MFI statistical 
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graph:Immunofluorescence detection of CD11b, CD41a, and Ter119 
expression in mouse bone marrow, Bar = 50 μm. The right panel shows 
the positive cell statistical graph, with 6 mice in each group. Values are 
expressed as mean ± standard deviation, with differences between two 
groups analyzed using t-tests. * represents p < 0.05, ** represents p < 
0.01, and *** represents p < 0.001.

Supplementary Material 2: Figure S2. Quality control, filtering, and 
principal component analysis of scRNA-seq data.Violin plots displaying 
the number of genes, mRNA molecules, and mitochondrial gene per-
centagefor each cell in the scRNA-seq data;Scatter plots showing the 
correlation between filtered data nCount_RNA and percent. Mt, as well 
as nCount_RNA and nFeature_RNA;Variance analysis to select highly 
variable genes, where red represents the top 2000 highly variable 
genes, and black represents low variable genes. The top 10 gene names 
in highly variable genes are labeled:Cell cycle status of each cell in the 
scRNA-seq data, with S.Score representing S phase and G2M. Score 
representing G2M phase;Heatmap of the top 20 genes associated with 
PC_1—PC_6 in PCA, with yellow indicating upregulated expression 
and purple indicating downregulated expression;Distribution of cells 
before batch correction in PC_1 and PC_2, with each point represent-
ing a cell.

Supplementary Material 3: Figure S3. Clustering of scRNA-seq data 
cells.Diagram of the batch correction process using Harmony, with the 
x-axis representing the number of interactions;Distribution of standard 
deviations for PCs, where important PCs have a larger standard 
deviation;Distribution of cells after batch correction in PC_1 and PC_2, 
with each point representing a cell;UMAP visualization of clustering 
results, showing the aggregation and distribution of cells, with each 
color representing a cluster;Two-dimensional UMAP visualization of cell 
clusters from the DR and DS groups, with blue representing DR samples 
and red representing DS samples;UMAP visualization showing the 
expression of marker genes in each cell subgroup;T-test analysis of the 
difference in cell content between DS and DR groups, with P-values, 
with differences between two groups analyzed using t-tests. ** repre-
sents p < 0.01, and *** represents p < 0.001.

Supplementary Material 4: Figure S4. T-SNE clustering tree diagram for 
scRNA-seq data. The Clustree package displays the clustering results at 
different resolutions.

Supplementary Material 5: Figure S5. Cell communication and cell 
trajectory analysis in scRNA-seq dataset.Displaying cell-to-cell com-
munication separately;Comparing the total number and intensity 
of signaling interactions between the DS and DR groups;Circle 
plot showing the changes in cell communication in DR com-
pared to the DS group, with red indicating upregulation and blue 
indicating downregulation;Trajectory skeleton diagrams with 
pseudo-temporal coloring and cell type coloring, with each point 
representing a cell;UMAP plot showing cell clustering of AML cell 
populations;Heatmap of the top 5 correlated genes in three stages of 
cells;Cell proportion bar graph;T-test analysis of the difference in cell 
content between DS and DR groups, with P-values, with differences 
between two groups analyzed using t-tests. ** representing p < 0.01, 
and *** representing p < 0.001.

Supplementary Material 6: Figure S6. Validation of HNRNPC and CELF2 
relationship in the M6a2 target database.M6a2 target database valida-
tion of CELF2 as a substrate of HNRNPC in THP1 cell line;M6a2 target 
database prediction of HNRNPC binding to region chr10: 11019141–
11019176 of CELF2.

Supplementary Material 7: Figure S7. RT-PCR validation in AML cells.Vali-
dation of low-efficiency knockdown of HNRNPC in non-resistant AML 
cells;Validation of overexpression efficiency of HNRNPC in non-resistant 
AML cells;Expression levels of HNRNPC and CELF2 in drug-resistant 
AML cells;Expression levels of HNRNPC and CELF2 in non-resistant AML 
cells. All cell experiments were repeated three times, and values are 
expressed as mean ± standard deviation, with differences between two 
groups analyzed using t-tests. * represents p < 0.05, ** represents p < 
0.01, and *** represents p < 0.001.

Supplementary Material 8: Figure S8. Construction of drug-resistant cell 
lines and IC50 determination.Schematic diagram of drug-resistant cell 
line construction;Viability of drug-resistant cells and parental cells after 
48 h at specified doses measured using CCK- 8 assay and calculation of 
Cytarabine IC50;Expression levels of HNRNPC and CELF2 in non-resistant 
and drug-resistant AML cells;Viability of different groups of cells after 48 h 
at specified doses measured using CCK- 8 assay, and calculation of Cytara-
bine IC50. All cell experiments were repeated three times, and values are 
expressed as mean ± standard deviation, with differences between two 
groups analyzed using t-tests. * represents p < 0.05, ** represents p < 0.01, 
and *** represents p < 0.001.

Supplementary Material 9.
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