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SUMMARY

Deregulated lipid metabolism contributes to leukemogenesis and the progression of acute myeloid leukemia 

(AML). By analyzing large-scale CRISPR-Cas9 screening data, we identified acyl-CoA synthetase long-chain 

family member 4 (ACSL4) as a selective vulnerability in lysine methyltransferase 2A-rearranged (KMT2Ar) 

AML. Functional validation using CRISPR interference and short hairpin RNA knockdown confirmed that 

ACSL4 loss impairs the growth of KMT2Ar but not non-KMT2Ar AML cells. ACSL4 knockdown reduced 

colony formation in cells derived from patients with KMT2Ar AML and murine MLL-AF9 cells and delayed leu

kemia onset in vivo in MLL-AF9 mice. A multi-omics approach, including transcriptomics, proteomics, and 

lipidomics, revealed depletion of polyunsaturated lipid species and compensatory activation of lipid meta

bolic pathways upon ACSL4 loss. Supplementation with exogenous polyunsaturated fatty acids (PUFAs) 

rescued the growth defect, linking ACSL4 dependency to defective PUFA utilization. Finally, we generated 

a KMT2Ar-ACSL4 dependency signature (KRADS12) that correlates with KMT2Ar status and predicts poor 

survival in patients with AML.

INTRODUCTION

Acute myeloid leukemia (AML) is a heterogeneous disease of the 

hematopoietic system characterized by the clonal expansion of 

undifferentiated myeloid progenitor cells.1 While standard ther

apy regimens have remained largely unchanged in recent de

cades, new, more personalized treatment options have been 

introduced in the clinic, showing promising results.2,3 However, 

the success of these treatment strategies depends on identifying 

appropriate biomarkers and achieving optimal molecular 
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Figure 1. Functional genomics identifies ACSL4 as a potential target in KMT2Ar AML 

(A) Analysis of the DepMap’s public genome-scale CRISPR-Cas9 23Q4 (Chronos) essentiality screen dataset comparing the ACSL4-dependency of AML cell 

lines (n = 24) to cancer cell lines of other entities (n = 1076). Dashed and dotted lines indicate median and quartiles, respectively. p value was calculated based on a 

two-tailed Mann-Whitney test. 

(B) Correlative analysis of ACSL4 expression and dependency score of the annotated AML cell lines in the DepMap essentiality screen dataset. A threshold 

of − 0.5 was used to divide AML cell lines into ACSL4-dependent (n = 10) and ACSL4-independent (n = 14) groups. The calculated Pearson correlation coefficient 

was r = 0.1214. 

(legend continued on next page) 
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subtype stratification. Approximately 50% of patients with AML 

carry chromosomal aberrations such as inversions or transloca

tions.4 One of the most common chromosomal rearrangements 

in AML involves the lysine methyltransferase 2A (KMT2A) gene, 

formerly known as mixed-lineage leukemia (MLL). Depending 

on the fusion partner, KMT2A rearranged (KMT2Ar) AML 

is considered an intermediate risk (t(9;11) (p21.3;q23.3)/ 

MLLT3::KMT2A) or adverse risk (t(v;11q23.3)/KMT2A rear

ranged) according to the European LeukemiaNet (ELN) risk clas

sification.5 KMT2Ar is found in 5%–10% of children and adults 

and 60%–70% of infants with acute leukemia.6,7 As a histone 

methyltransferase, KMT2A is involved in the epigenetic regula

tion of various target genes. Rearrangements of KMT2A induce 

aberrant expression of HOX genes, resulting in a blockade of he

matopoietic differentiation and leukemogenesis.8 As KMT2Ar 

AML is a heterogeneous disease, personalized treatment op

tions as well as novel therapeutic targets are of great need.

Fatty acid (FA) metabolism is a critical process for energy pro

duction in dividing AML cells.9,10 FAs are catabolized by a pro

cess called fatty acid oxidation (FAO), which is facilitated by 

multiple enzymes.11 Pharmacological inhibition of FAO has pre

viously been shown to induce apoptosis in AML cells.12 Before 

FAO takes place, free FAs must enter the mitochondrial matrix, 

which is enabled by an enzymatic activation. The family of 

long-chain acyl-CoA synthetases (ACSLs) catalyzes the activa

tion of long-chain FAs by converting free long-chain FAs (chain 

length of 8–22 carbons) into fatty acyl-CoA esters. Acyl-CoA syn

thetase long-chain family member 4 (ACSL4) is an isoenzyme of 

the ACSL family and prefers 20-carbon polyunsaturated fatty 

acids (PUFAs) as substrates.13 PUFAs are required for many bio

logical processes, such as energy production, biological mem

brane structure, and cell signaling pathways.14–16 However, a 

dysregulated expression of enzymes involved in PUFA meta

bolism is a common feature in different cancer entities.17–19

ACSL4 has been reported to either promote20,21 or suppress 

tumor growth22,23 in different solid cancers. In healthy hemato

poiesis, ACSL4 has been reported to be involved in maintaining 

hematopoietic stem and multipotent progenitor cells (HSPCs) 

during iron restriction.24 Altogether, different publications sug

gest that ACSL4 has a tumor-promoting or -suppressing role 

and a stem cell-maintaining function. However, the role of 

ACSL4 in AML warrants further investigation and could repre

sent a promising target for AML treatment.

In this study, we report ACSL4 as a selective dependency in 

KMT2Ar AML. ACSL4 knockdown impairs colony formation in 

human patient-derived AML models and primary murine cells 

and delays leukemia progression in a KMT2Ar mouse model. 

In a multi-omics analysis using transcriptomics, proteomics, 

and lipidomics, we demonstrate an upregulation of lipid meta

bolism pathways to compensate for ACSL4 loss exclusively in 

KMT2Ar AML. Notably, PUFAs supplementation rescues the 

growth defect caused by ACSL4 loss in KMT2Ar cells, confirm

ing its functional dependency. Lastly, we show that a high score 

of a 12-gene-containing KMT2Ar-ACSL4 dependency signature 

is a predictor for poor outcome in patients with AML.

RESULTS

Functional genomics identifies ACSL4 as a potential 

target in KMT2Ar AML

To investigate ACSL4 as a potential target in AML, we performed a 

comprehensive analysis using the DepMap public genome-scale 

CRISPR-Cas9 23Q4 (Chronos) essentiality screen dataset. Here, 

the dependency of a single cell line on the vast majority of known 

protein-coding genes has been assessed and is reflected by a 

distinct dependency score for each gene in more than 1,000 can

cer cell lines. A score of 0 indicates a non-essential gene, whereas 

a score of − 1 represents the median of all common essential 

genes.25 We evaluated this score for ACSL4 across all included 

cell lines and observed a significantly stronger effect in AML 

compared to cell lines from other cancer entities (Figure 1A). A 

further stratification within the AML subset revealed a distribution 

of cell lines with lower and higher dependency on ACSL4, with de

pendency score ranging from − 1.5 to +0.3. As a first step, we 

correlated ACSL4 dependency with ACSL4 expression and there

fore divided the AML cell lines into two groups: ACSL4-dependent 

(dependency score < − 0.5) and non-ACSL4-dependent (depen

dency score > − 0.5). Interestingly, ACSL4 expression did not 

correlate with ACSL4 dependency and consequently cannot pre

dict ACSL4 dependency (Figure 1B). To identify molecular differ

ences between ACSL4-dependent and non-dependent cell lines, 

we compared the mutational landscape between these two 

groups (Figure S1A; Table S1A). Here, we did not find a significant 

difference in the frequency of single gene mutations. Since single 

gene alterations are not as frequent in AML as in other cancer en

tities,4 we also considered differences in other genomic abnormal

ities as a possible explanation for the selective ACSL4 depen

dency in AML. Therefore, we analyzed DepMap’s Fusions Public 

23Q4 dataset and performed a statistical analysis of the most com

mon clinically relevant gene fusions in our selected AML cell lines 

(Figures 1C and 1D; Table S1B). Interestingly, we discovered a 

significantly higher prevalence of fusions involving the KMT2A 

gene in ACSL4-dependent cell lines compared to non-ACSL4- 

dependent cell lines (Figures 1D and S1B). Further, when defining 

KMT2Ar AML as a distinct disease group of cell lines, it exhibited 

the lowest ACSL4 dependency score compared to all other he

matopoietic and non-hematopoietic cancer entities (Figure 1E; 

Table S1C). In addition to the DepMap dataset, other published 

CRISPR genome-wide datasets reveal similar results: an 

increased dependency on ACSL4 in KMT2Ar AML cell lines or 

mouse models compared to KMT2A wild-type (WT) samples 

(Figure S1C).26,27 Gene set enrichment analysis (GSEA) of cell lines 

with high vs. low ACSL4 dependency further supported our find

ings, indicating upregulated MLL (KMT2A) gene signatures in 

(C) Oncoplot illustrating the most frequent AML-associated fusion genes in different AML cell lines. The cell lines are sorted by their ACSL4 dependency score. 

Orange-filled squares indicate a fusion of the indicated gene in the respective cell line. 

(D) Statistical analysis of gene fusions depicted in (C), comparing the frequency of fusions in ACSL4-dependent or independent AML cell lines. p value was 

calculated based on a Fisher’s exact test. 

(E) ACSL4 dependency of cell lines of different cancer entities analyzed using the DepMap’s essentiality screen dataset.
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Figure 2. ACSL4 knockdown reduces proliferation exclusively in KMT2Ar AML 

(A) Flow cytometry-based competition assay of CRISPRi-induced ACSL4 knockdown in KMT2Ar and non-KMT2Ar AML cell lines. The percentage of BFP+ cells 

represents the proportion of positively transduced cells harboring the sgRNA-BFP construct. 

(legend continued on next page) 

4 Cell Reports 45, 117010, March 24, 2026 

Article
ll

OPEN ACCESS



ACSL4-dependent compared to non-dependent cell lines 

(Figure S1D; Table S1D). Taken together, specifically KMT2Ar 

AML cell lines demonstrate a higher ACSL4 dependency than 

non-KMT2Ar AML cell lines.

ACSL4 knockdown reduces proliferation exclusively in 

KMT2Ar AML

We next investigated the functional significance of ACSL4 in 

KMT2Ar and non-KMT2Ar AML. Here, we utilized two cell lines 

representative of KMT2Ar AML (THP1 and NOMO1) and two cell 

lines representative of non-KMT2Ar AML (K562 and MOLM16), 

all four stably expressing dCas9-KRAB. We induced a CRISPR 

interference (CRISPRi)-based knockdown by transducing the cells 

with ACSL4-targeting or non-targeting single guide RNAs 

(sgRNAs), each co-expressing blue fluorescent protein (BFP). As 

a readout, we performed a flow cytometry-based competition 

assay, where the BFP signal represented the positively transduced 

cell population. The KMT2Ar cell lines revealed a decreased per

centage of BFP+ cells over time when transduced with the 

ACSL4-targeting sgRNAs, whereas the percentage of BFP+ cells 

in the non-KMT2Ar cell lines remained constant over time 

(Figure 2A). To validate and extend these findings, we performed 

RNAi-based knockdowns across a broader panel of AML cell lines. 

Consistent with the CRISPRi results, ACSL4 silencing by short 

hairpin RNAs (shRNAs) conferred a growth disadvantage in the 

KMT2Ar cell lines THP1, NOMO1, and MV4-11, but caused only 

a moderate reduction in non-KMT2Ar U937 cells with one of the 

two shRNAs and did not alter growth in non-KMT2Ar K562 cells 

(Figure 2B). Given that THP1 and NOMO1 cells harbor 

KMT2A::MLLT3 rearrangements, whereas MV4-11 cells carry a 

KMT2A::AFF1 fusion, the observed ACSL4 dependency does 

not appear to be restricted to a single KMT2Ar subtype. Knock

down efficiency was confirmed by qPCR and western blot 

(Figures S2A–S2C).

To investigate the mechanism underlying the growth disad

vantage observed in the competition assays upon ACSL4 

knockdown, we next analyzed cell cycle distribution and 

apoptosis. In the KMT2Ar cell lines THP1, NOMO1, and MV4- 

11, ACSL4 knockdown, particularly with shRNA#1, led to an 

accumulation of cells in the G0/G1 phase of the cell cycle and 

a marked increase in apoptotic cells. In contrast, the non- 

KMT2Ar cell lines U937 and K562 showed no detectable 

changes in cell cycle distribution and apoptosis (Figures 2C 

and 2D). These results indicate that the reduced growth of 

KMT2Ar AML cells following ACSL4 depletion is associated 

with G0/G1 arrest and enhanced apoptosis.

ACSL4 depletion impairs ex vivo growth and in vivo 

leukemic expansion in KMT2Ar AML models

To further validate ACSL4 dependency and explore its functional 

significance in human patient-derived AML models, we per

formed colony-forming unit (CFU) assays. Two patient-derived 

xenograft (PDX) samples from individuals with KMT2Ar AML car

rying distinct fusions PDX-388 (KMT2A::MLLT4) and PDX-393 

(KMT2A::MLLT10), as well as a PDX sample from an individual 

with non-KMT2Ar AML (PDX-002) and peripheral blood mononu

clear cells (PBMCs) from a healthy donor, were transduced with 

two independent ACSL4-targeting shRNAs or a scramble con

trol. Transduction efficiency, as determined by red fluorescent 

protein (RFP) positivity, was approximately 60%–80% for PDX 

cells and ∼30% for PBMCs, respectively, before plating. 

ACSL4 knockdown efficiency of RFP+ purified cells was 

confirmed by qPCR (Figure S3A). The cells were plated in semi

solid methylcellulose medium without antibiotic selection to 

assess clonogenic potential independent of selection pressure 

and to perform RFP+ vs. RFP− growth competition. After 

2 weeks in semisolid culture, both KMT2Ar PDX samples ex

hibited a significantly lower number compared to the scramble 

control. In contrast, ACSL4 knockdown in the non-KMT2Ar 

PDX or healthy PBMCs did not affect colony formation 

(Figures 3A, S3B, and S3C). Moreover, flow cytometric analysis 

of CFU-derived cells after 2 weeks revealed a decrease in RFP+ 

cells specifically in the KMT2Ar models, indicating that ACSL4- 

depleted (RFP+) leukemic cells exhibited a growth disadvantage 

compared to ACSL4 WT RFP− cells (Figure 3B).

To extend these findings to an experimental mouse model of 

KMT2Ar AML, we next used the MLL-AF9 system, expressing 

the human fusion protein KMT2A::MLLT3 in murine Cd45+ leuko

cytes.28 We designed shRNAs targeting murine Acsl4 and stably 

transduced previously isolated Ly5.2 MLL-AF9 cells. For our 

ex vivo approach, we assessed the CFU capacity of MLL-AF9- 

Acsl4 knockdown and scramble control cells within a semisolid 

medium assay. Here, we observed a significantly decreased col

ony number in Acsl4 knockdown MLL-AF9 cells compared to the 

scramble control. Interestingly, in healthy bone marrow mononu

clear cells (BMMCs), Acsl4 knockdown with shRNA#1 led to an 

increase in colony formation, whereas shRNA#3 had little or no 

effect (Figures 3C, S3D, and S3E).

Next, for our in vivo approach, we transduced MLL-AF9 cells 

with either an Acsl4 shRNA or a scramble control and trans

planted the cells into Ly5.1 recipient mice (Figure 3D). As the 

maximum achievable transduction efficacy was around 60%– 

80% at the time of transplantation, we performed two comple

mentary experimental approaches. First, we conducted an in vivo 

competition assay to track the contribution of RFP+ cells to leu

kemia development, similar to the previously mentioned CFU 

in vitro approach. Three weeks after transplantation, we per

formed peripheral blood analysis and compared the percentage 

of RFP+ cells to the initial transduction efficiency. We detected a 

significant decrease in RFP+ cells in the Acsl4 knockdown group 

compared to the scramble control group, indicating a growth 

disadvantage and/or impaired engraftment of Acsl4 knockdown 

(B) Flow cytometry-based competition assay of RNAi-induced ACSL4 knockdown in KMT2Ar and non-KMT2Ar AML cell lines. The percentage of RFP+ cells 

represents the proportion of positively transduced cells harboring the shRNA-RFP construct. 

(C) Flow cytometry-based cell cycle analysis of KMT2Ar (THP1, NOMO1, and MV4-11) and non-KMT2Ar (K562 and U937) cells at 18 days post-transduction with 

shRNA against ACSL4 or scramble control. Data represent the mean ± SD of three biological replicates. 

(D) Percentage of Annexin V+ cells by flow cytometry in KMT2Ar (THP1, NOMO1, and MV4-11) and non-KMT2Ar (K562 and U939) cells at 18 days post-transduction 

with shRNA against ACSL4 or scramble control. p value calculation based on a two-tailed Student’s t test. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
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Figure 3. Knockdown of ACSL4 impairs colony formation and leukemia progression in patient-derived and primary murine KMT2Ar AML 

models 

(A) Quantification of colonies formed by AML PDX cells and healthy PBMCs seeded in methylcellulose (1 × 104 cells per well) for 14 days following ACSL4 

knockdown compared to the scramble control. Data represent the mean ± SD of three biological replicates. p value calculation based on a two-tailed Stu

dent’s t test. *p < 0.05, **p < 0.01, and ****p < 0.0001. 

(B) Flow cytometric quantification of the percentage of RFP+ cells seeded in CFU assays after 14 days. 

(legend continued on next page) 
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cells in vivo (Figure 3E). Second, we assessed whether this 

reduction in RFP+ cells translated into differences in overall sur

vival. Although non-transduced (RFP− ) cells progressively 

outgrow the RFP+ knockdown cells in the Acsl4 shRNA group 

and likely limit the detectable survival benefit, we found that 

mice receiving Acsl4 knockdown MLL-AF9 cells showed a 

modest but reproducible extension in survival compared to con

trols across two independent transplantation experiments 

(Figure 3F).

Collectively, these findings demonstrate that ACSL4 supports 

the ex vivo growth and in vivo expansion of KMT2Ar AML, and its 

depletion suppresses leukemic proliferation while sparing 

normal hematopoietic cells.

Disruption of ACSL4 induces an upregulation of lipid 

metabolism pathways in KMT2Ar AML cells

We next investigated the consequences of ACSL4 disruption 

on transcriptional changes and protein abundance using a 

multi-omics approach. Here, we introduced a CRISPRi-based 

ACSL4 knockdown into NOMO1 dCas9-KRAB and K562 

dCas9-KRAB cells, representing KMT2Ar and KMT2A WT cell 

lines, respectively, and isolated total RNA and protein for subse

quent RNA sequencing (RNA-seq) and liquid chromatography- 

tandem mass spectrometry-based proteomics analysis 

(Figure 4A). We performed a differential gene expression (DGE) 

analysis on the transcriptomic data to identify up- and downre

gulated transcripts in both cell lines (Figure 4B; Tables S2A 

and S2B). In addition, we analyzed the proteome data to identify 

significantly up- and downregulated proteins (Figure 4C; 

Tables S3A and S3B). Next, we performed GSEA, which re

vealed an upregulation of pathways involved in lipid metabolism 

upon ACSL4 knockdown at both the transcriptomic and the pro

teomic level in NOMO1 cells. Interestingly, we observed a down

regulation of the same pathways in the KMT2A WT cell line K562 

in both transcriptomics and proteomics data (Figure 4D). 

Furthermore, we uncovered additional pathways enriched in 

KMT2Ar cells following ACSL4 depletion, including TNFα/NF- 

κB and mTORC1 signaling (Figure S4A). Together, these findings 

indicate that ACSL4 loss reprograms both lipid metabolic and in

flammatory signaling networks.

Next, we integrated the transcriptomic and proteomic data 

and generated overlaps of cell line-specific up- and downregu

lated transcripts and proteins. We identified 12 overlaps of upre

gulated transcripts and proteins in NOMO1 cells (Figure 4E), 

while there were no overlaps of upregulated transcripts and pro

teins in K562 cells and only a few overlaps of downregulated 

transcripts and proteins in both cell lines (Figures S4B and 

S4C). The 12 genes found in NOMO1 cells after ACSL4 knock

down were used to generate a KMT2A-rearranged ACSL4-de

pendency signature (KRADS12) (Figures 4F, S4D, and S4E). To 

gain further insights into KRADS12-specific signaling pathways, 

we performed a functional enrichment analysis of the KRADS12 

genes using g:profiler29 and discovered that KRADS12 genes 

are predominantly involved in lipid metabolic pathways 

(Figure 4G). Taken together, our findings suggest that the knock

down of ACSL4 induces an upregulation of lipid metabolism 

exclusively in KMT2Ar cells.

ACSL4 knockdown selectively alters lipid composition in 

ACSL4-dependent AML cells, and PUFA 

supplementation rescues growth defects in KMT2Ar 

models

Our transcriptomics and proteomics analyses revealed an upre

gulation of lipid metabolism pathways upon ACSL4 knockdown 

in the KMT2Ar AML cell line NOMO1. Therefore, to further assess 

the changes in the lipid composition upon ACSL4 knockdown, 

we performed an untargeted lipidome analysis comparing 

ACSL4 knockdown to control cells in both NOMO1 and K562 

cells (Figure S5A; Tables S4A and S4B). We observed significant 

systematic changes in cellular lipid composition upon ACSL4 

knockdown in NOMO1 cells but rather mild changes in K562 

cells (Figures 5A and 5B). An analysis of differential lipid concen

trations comparing ACSL4 knockdown to control cells revealed 

a significant downregulation of 113 lipids in NOMO1 cells, while 

in K562 cells, only 2 lipids were downregulated (Figure 5C; 

Tables S4C and S4D). Next, we were interested in deregulated 

lipid classes upon ACSL4 knockdown and detected a significant 

downregulation of ceramide (Cer), glycosylated ceramide 

(Hex2Cer), lysoalkylphosphatidylcholine (O-LPC), phosphatidyl

choline (PC), phosphatidylserine (PS), and triacylglycerol (TG) 

lipids in NOMO1 compared to K562 cells (Figure S5B). Since 

ACSL4 activates PUFAs, we analyzed whether the strongly 

downregulated lipid classes PC and TG show differences in un

saturated FA composition. Indeed, PCs with 3, 4, 5, 6, 7, 9, and 

10 double bonds were significantly downregulated upon ACSL4 

knockdown in NOMO1 cells compared to K562 cells. Interest

ingly, fully saturated PCs were also downregulated in NOMO1 

compared to K562 cells upon ACSL4 knockdown (Figure 5D). 

We observed similar findings in TG lipids. However, saturated 

TGs were not deregulated in NOMO1 compared to K562 cells 

upon ACSL4 knockdown (Figure 5E). In NOMO1 cells, ACSL4 

knockdown led to a marked reduction in TGs and other lipid clas

ses containing PUFAs, whereas K562 cells showed a slight in

crease in PUFA-containing lipids under the same conditions 

(Figure 5F). Collectively, the knockdown of ACSL4 in KMT2Ar 

AML induces a strong downregulation of lipids, especially those 

with multiple double bonds. In contrast, the knockdown of 

ACSL4 in KMT2A WT AML has only mild effects on lipid 

(C) Quantification of counted colonies of MLL-AF9 expressing cells or healthy BMMCs, seeded in methylcellulose for 10 days (5 × 103 cells per well). Data 

represent the mean ± SD of three biological replicates. p value calculation based on a two-tailed Student’s t test. **p < 0.01 and ***p < 0.001. 

(D) Graphical workflow overview of the generation of Acsl4-knockdown MLL-AF9 cells followed by transplantation into Ly5.1 mice. 

(E) Peripheral blood analysis 3 weeks post-transplantation of Ly5.1 mice transplanted with either scramble or Acsl4 shRNA-transduced MLL-AF9 cells from two 

pooled independent experiments. p value calculation based on two-tailed Student’s t test (***p < 0.001, n = 9 animals per group). 

(F) Survival curve of Ly5.1 mice transplanted with MLL-AF9 cells transduced with either scramble or Acsl4 shRNA, compiled from two independent experiments. 

In the first experiment, each group included 5 animals, and in the second, each group included 4 animals (total n = 18). Statistical significance was assessed by the 

log rank (Mantel-Cox) test.
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Figure 4. Disruption of ACSL4 induces an upregulation of lipid metabolism pathways in KMT2Ar AML cells 

(A) Graphical workflow overview of the generation of ACSL4-knockdown cell lines used for transcriptomics and proteomics. 

(B) Volcano plots of differently expressed genes from RNA-seq analysis of NOMO1 dCas9-KRAB and K562 dCas9-KRAB cells expressing a non-targeting sgRNA 

or ACSL4 sgRNA (n = 3 per group). Threshold of significantly depleted/enriched transcripts: p value < 0.05 and log fold change (LFC) </> 0.5. 

(legend continued on next page) 
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composition. These findings further support our transcriptomics 

and proteomics results, where we observed an upregulation of 

lipid metabolism pathways in NOMO1 but not K562 cells upon 

ACSL4 knockdown.

To determine whether the growth defect induced by ACSL4 

knockdown could be reversed, we performed rescue experiments 

using FA supplementation. Lipidomic profiling revealed a selective 

depletion of long-chain polyunsaturated lipid species (C20–C22) in 

NOMO1 but not in K562 cells following ACSL4 knockdown. These 

depleted species included docosahexaenoic acid (DHA; 22:6), ei

cosapentaenoic acid (EPA; 20:5), arachidonic acid (AA; 20:4), 

adrenic acid (AdA; 22:4), and docosapentaenoic acid (DPA; 

22:5). Consistent with previous reports identifying AA, EPA, DHA, 

and AdA as preferred ACSL4 substrates,30 we formulated a 

defined cocktail containing these five PUFAs to restore the 

affected lipid pools. Following ACSL4 knockdown, the culture me

dium was supplemented with this PUFA cocktail throughout the 

experiment. Interestingly, FA supplementation rescued the growth 

disadvantage of ACSL4-silenced cells in both KMT2Ar models 

(Figure 5G). These findings indicate that the dependency on 

ACSL4 in KMT2Ar AML cells arises from impaired activation and 

incorporation of PUFAs into membrane phospholipids and that 

this metabolic vulnerability can be overcome by exogenous 

PUFA supply.

A high KRADS12 score is a predictor of poor outcome in 

patients with AML

Finally, we employed the KRADS12 signature to generate the 

KRADS12 score and evaluated the impact of the KRADS12 

score on important clinical patient features using the two inde

pendent publicly available AML cohorts from the ‘‘The Cancer 

Genome Atlas’’ (TCGA)-LAML4 (Figure 6A; Table S5A) and the 

Beat AML study.31 For TCGA cohort, patients were divided 

into KRADS12high and KRADS12low groups using the median 

score as a cutoff, whereas for Beat AML, we compared 

the highest and lowest quartiles. In both cohorts, patients with 

KRADS12high score had significantly shorter overall survival 

than patients with KRADS12low score (TCGA n = 173, p = 

0.011; Beat AML n = 649, p = 0.041 (Figure 6B). As a proof of 

concept, we stratified patients with AML from the Beat AML 

cohort into a KMT2Ar or a KMT2A WT group. As expected, the 

KMT2Ar downstream effector HOXA9, whose overexpression 

correlates with poor prognosis,32–34 is significantly higher ex

pressed in patients with KMT2Ar than in those with KMT2A WT 

(Figure 6C). In addition, patients harboring a KMT2Ar have a 

significantly higher KRADS12 score, compared to patients with 

KMT2A WT (Figure 6D). Finally, to understand the molecular dif

ferences between patients with KRADS12high and KRADS12low, 

we performed GSEA on the patient gene expression dataset of 

the TCGA-LAML cohort (Table S5B). Here, we identified various 

pathways associated with lipid metabolism as the top-enriched 

pathways, comparing patients with KRADS12high to 

KRADS12low. Further, KMT2A (MLL) signatures were among 

the top upregulated signatures in patients with KRADS12high, 

supporting our previous findings (Figure 6E). In addition, patients 

with KRADS12high exhibited consistent enrichment of hallmarks 

related to JAK-STAT, TNFα-NF-κB, and MTORC1 signaling, 

similar to our transcriptomics data from KMT2Ar cells 

(Figures S4A and S6). Conversely, the cell cycle-related 

MYC_TARGETS signature was enriched in patients with 

KRADS12low, indicating reduced MYC transcriptional activity in 

cases with KRADS12high (Figure S6). This pattern aligns with 

the G0/G1 arrest observed upon ACSL4 knockdown. Altogether, 

the KRADS12 score predicts patient outcome and correlates 

with an altered lipid metabolism, reduced proliferation, 

apoptosis, and inflammatory pathway activation characteristic 

of ACSL4-dependent KMT2Ar AML.

DISCUSSION

In this study, we identified the lipid metabolic enzyme ACSL4 

as a dependency of KMT2Ar AML. We demonstrated that the 

genetic perturbation of ACSL4 induces a growth arrest and 

apoptosis exclusively in KMT2Ar but not in non-KMT2Ar cell 

lines. This selective dependency was further validated in pa

tient-derived AML models, where ACSL4 silencing markedly 

reduced colony-forming capacity in two independent KMT2Ar 

AML PDX samples carrying distinct fusions but had no effect 

in non-KMT2Ar PDX or healthy PBMCs. Consistently, Acsl4 

knockdown also impaired leukemia maintenance in an MLL- 

AF9 mouse model, demonstrating a competitive disadvantage 

of Acsl4-deficient cells in vivo. Surprisingly, ACSL4 has been 

mostly described as an inducer of ferroptosis, thus having 

a rather tumor-suppressive function.35–37 Ferroptosis is a 

type of regulated cell death characterized by an iron-depen

dent lipid peroxidation of PUFAs in the cell membrane.38

Increased synthesis of PUFAs, which is facilitated by 

ACSL4, leads to increased ferroptosis.37 In our study, we 

observed a decreased proliferation upon ACSL4 knockdown, 

which is inconsistent with the previously reported role of 

ACSL4 as a ferroptosis inducer. Therefore, we hypothesize 

that the observed effects upon ACSL4 knockdown in our 

experimental setup are ferroptosis-independent. However, 

experiments testing specific ferroptosis markers are neces

sary to exclude ferroptosis as the underlying process of 

decreased proliferation.

(C) Volcano plots of differently expressed proteins from proteomics analysis of NOMO1 dCas9-KRAB and K562 dCas9-KRAB cells expressing a non-targeting 

sgRNA or ACSL4 sgRNA (n = 4 per group). Threshold of significantly enriched/depleted proteins: p value < 0.05. 

(D) GSEA analysis of the RNA-seq and proteomics data comparing the non-targeting sgRNA to the ACSL4 sgRNA in NOMO1 and K562 cells. Bubble color 

represents the adjusted p value (false discovery rate q value), the bubble size represents the number of genes per gene set. 

(E) Venn diagram of upregulated transcripts and proteins in NOMO1 cells. Overlapping 12 genes were used to generate a KMT2Ar ACSL4-dependency signature. 

(F) Heatmap of 12 overlapping genes and proteins in (E), which were used to generate the KRADS12 signature. Data represent RNA-seq data. Color indicates the 

LFC of transcript expression. 

(G) Functional enrichment analysis of the KRADS12 genes by g:profiler indicates an association with various lipid metabolism pathways. Right: illustration of the 

KRADS12 genes included in each annotated pathway.
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Figure 5. ACSL4 knockdown alters lipid composition, and PUFA supplementation rescues growth in KMT2Ar AML cells 

(A) Hierarchical clustering heatmap of lipids quantified in NOMO1 and K562 cells expressing dCas9-KRAB with either a non-targeting control (NTC) or an ACSL4- 

targeting sgRNA (n = 5 biological replicates per group). Comparisons were performed between ACSL4 knockdown and matched controls within each cell line. 

(legend continued on next page) 
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We performed a multi-omics approach, including transcrip

tomics, proteomics, and lipidomics, to uncover differences in 

ACSL4-dependent vs. non-dependent AML upon ACSL4 knock

down. Interestingly, this approach revealed a strong upregula

tion of pathways involved in lipid metabolism exclusively in 

KMT2Ar and ACSL4-dependent AML, whereas KMT2A WT cells 

showed a downregulation of the same pathways upon ACSL4 

knockdown. Among the most upregulated pathways in KMT2Ar 

AML were ‘‘FA metabolism’’ and ‘‘cholesterol metabolism.’’ In 

addition, pathways associated with ACSL4 inhibition in this 

AML subtype highlighted ‘‘omega-9 FA synthesis,’’ ‘‘cholesterol 

biosynthesis,’’ and ‘‘peroxisome proliferator-activated receptor 

(PPAR) signaling pathway’’ as the most enriched pathways. 

The upregulation of these cellular cascades may result from 

the activation of alternative pathways to produce sufficient 

amounts of activated FAs as a form of intracellular compensa

tion. Interestingly, our lipidomics data reveal a decreased abun

dance of many lipids upon ACSL4 knockdown in NOMO1 cells, 

especially of those with polyunsaturated acyl chains. This obser

vation could indicate that the upregulation of lipid metabolic 

pathways is insufficient to compensate for ACSL4 disruption in 

NOMO1 cells, thus not being sufficient as a compensatory 

mechanism to keep KMT2Ar AML aggressiveness. Consistent 

with this, supplementation with exogenous PUFAs rescued the 

growth defect, confirming that impaired PUFA activation, rather 

than global lipid depletion, underlies the ACSL4 dependency in 

KMT2Ar AML.

Within our work, we defined a gene expression signature that 

is closely associated with the ACSL4 knockdown in KMT2Ar 

AML, which we named KRADS12. Gene signatures have a 

strong potential to serve as prognostic and predictive tools in 

AML, and various examples for individual cell types or bio

markers have been proposed.39–41 A key member within the 

KRADS12 signature is ACSL3, an isoenzyme of the ACSL family 

that prefers monounsaturated fatty acids as substrates. The 

transcriptional activator PPARδ interacts with the PPAR 

response element within the ACSL3 promoter, thereby upregu

lating ACSL3 transcription.42 Substrates for the PPARs include 

various FAs, and it has been reported that PPARs could serve 

as sensors of FA levels.43 Thus, we speculate that the upregula

tion of PPARs upon ACSL4 knockdown could serve as a 

compensatory mechanism to induce an upregulation of 

ACSL3, substituting ACSL4. Increased levels of PPARδ have 

also been reported in the context of chronic lymphocytic leuke

mia (CLL), where it protected CLL cells by upregulating antioxi

dant genes and increasing energy production through different 

metabolic processes.44 These findings highlight the involvement 

of lipid metabolic processes in leukemogenesis and are consis

tent with our findings. In the BEAT AML cohort, the KRADS12 

score showed a less pronounced prognostic effect than in 

TCGA, likely reflecting the cohort’s greater biological and clinical 

heterogeneity, including differences in treatment, disease stage, 

and sample composition. Still, patients in the highest KRADS12 

quartile showed the poorest survival, indicating that KRADS12 is 

a valuable biomarker for identifying KMT2Ar with distinct meta

bolic dependencies.

Besides ACSL4, other enzymes involved in fatty acid meta

bolism have been reported as tumor promoters in a plethora of 

leukemia subtypes, such as very long chain acyl-CoA dehydro

genase (VLCAD) and FA desaturase 1 (FADS1) in AML9,18 and 

very long chain FA elongase 1 (ELOVL1) in infant MLL-AF4- 

driven acute lymphoblastic leukemia (ALL).45 Taken together, 

our and other studies suggest that FA metabolism is essential 

for leukemia cells and that enzymes involved in FA metabolism 

provide promising targets for anti-leukemic treatment.

In this study, we identified ACSL4 as a vulnerability specif

ically in KMT2Ar AML. Although the precise molecular mecha

nisms underlying this unique ACSL4 dependency in KMT2Ar 

AML remain to be elucidated, our findings suggest a distinctive 

reliance on exogenous and/or ACSL4-activated PUFAs in this 

aggressive leukemia subtype. Our GSEA analysis upon 

ACSL4 knockdown revealed enrichment of lipid metabolism- 

related (cholesterol homeostasis and FA metabolism) and cyto

kine signaling pathways (TNFα/NF-κB and mTORC1) specif

ically in KMT2Ar cells. Consistent with these findings, other 

studies have also reported a specific dependency of KMT2Ar 

AML on FA metabolism: the consumption of a high-fat diet in 

a KMT2Ar knockin mouse model accelerated the risk of devel

oping AML by activating FLT3 and the JAK/STAT signaling 

pathway.46 Additionally, the pharmacological inhibition of 

JMJD1C, an epigenetic regulator of various lipid metabolic en

zymes, selectively induced apoptosis in KMT2Ar AML cell 

lines.47 Notably, both NF-κB and mTORC1 pathways have 

been implicated in maintaining leukemic self-renewal and 

(B) Principal component analysis (PCA) scores plot of lipids quantified in NOMO1 and K562 cells expressing dCas9-KRAB and a non-targeting or ACSL4-tar

geting sgRNA (n = 5 replicates per group). 

(C) Volcano plots of differentially abundant lipids in NOMO1 dCas9-KRAB and K562 dCas9-KRAB cells expressing a non-targeting sgRNA or ACSL4 sgRNA (n = 5 

per group). Threshold of significantly depleted/enriched lipids: p value < 0.05 and LFC </> 1. Lipid classes are depicted in different colors (cholesteryl esters [CE], 

ceramides [Cer], diglyceride [DG], ganglioside GM3 [GM3], doubly hexosylated ceramide [Hex2Cer], lysophosphatidylcholine [LPC], lysoalkylphosphati

dylcholine [O-LPC], lysophosphatidylethanolamine [LPE], lysoalkenylphosphatidylethanolamine [P-LPE], phosphatidylcholine [PC], phosphatidylethanolamine 

[PE], phosphatidylglycerol [PG], phosphatidylinositol [PI], phosphatidylserine [PS], sphingomyelin [SM], and triacylglycerol [TG]. 

(D) Total number of unsaturated bonds in PC lipids comparing NOMO1 dCas9-KRAB and K562 dCas9-KRAB cells upon ACSL4 knockdown. y axis represents 

log2 fold change (FC) of the differential analysis of lipid abundance. 

(E) Total number of unsaturated bonds in TG lipids comparing NOMO1 dCas9-KRAB and K562 dCas9-KRAB cells upon ACSL4 knockdown. y axis represents 

log2FC of the differential analysis of lipid abundance. 

(F) Linear regression analysis of the number of total unsaturated bonds among all lipids upon ACSL4 knockdown in NOMO1 dCas9-KRAB and K562 dCas9-KRAB 

cells. y axis represents log2FC of the differential analysis of lipid abundance. 

(G) Rescue experiment in THP1 and NOMO1 (KMT2Ar) AML cells. Following ACSL4 or scramble knockdown, cells were supplemented with a cocktail of selected 

PUFAs (DHA, EPA, AA, AdA, and DPA), and the percentage of RFP+ cells was measured by flow cytometry in a competition assay over time. p value calculation 

based on a two-tailed Student’s t test. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
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Figure 6. A high KRADS12 score is a predictor of poor outcome in patients with AML 

(A) Heatmap of patients with LAML in TCGA cohort and the expression of all KRADS12 genes per patient ordered according to increased expression of the 

KRADS12 signature from left (KRADS12low) to right (KRADS12high). 

(B) Analysis of the impact of the KRADS12 score on patient survival within the TCGA-LAML cohort and Beat AML cohort. Patients in TCGA-LAML were stratified 

into KRADS12low and KRADS12high groups based on the median KRADS12 score, whereas in the Beat AML cohort, patients in the lowest and highest quartiles 

were compared. p value calculation based on Gehan-Breslow-Wilcoxon test. 

(C and D) Comparison of HOXA9 gene expression (C) and KRADS12 score (D) between patients with KMT2A WT (n = 525) and KMT2Ar (n = 45) AML in the Beat 

AML cohort. p value calculation based on a two-tailed Mann-Whitney test. 

(E) GSEA comparing people with LAML from TCGA cohort with KRADShigh (n = 86) vs. KRADS12low (n = 87). The bubble color represents the p value, and the 

bubble size indicates the number of genes per gene set.
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stress resilience downstream of KMT2A fusion proteins,48–50

suggesting that ACSL4 loss may elicit compensatory activation 

of lipid and inflammatory signaling exclusively in KMT2Ar AML. 

These findings indicate a mechanistic link between ACSL4- 

dependent lipid metabolism and KMT2A-driven transcriptional 

programs.

Further studies are needed to prove ACSL4 as a therapeutic 

target in KMT2Ar AML, for instance, by pharmacological inhibi

tion of the enzymatic activity of ACSL4. Interestingly, there are 

preclinical compounds available that interfere with the ACSL4 

cascade. For instance, the pan-ACSL inhibitor triacsin C has 

been reported to reduce the growth of non-small-cell lung can

cer in combination with chemotherapy.51 In addition, the inhib

itor PRGL493 is highly specific for ACSL4 and showed anti-pro

liferative effects in breast and prostate cancer cell lines and 

animal models.20 Exploiting FA metabolism targets as treat

ment strategies for AML has been shown to be very effective 

in previous studies: venetoclax with azacytidine (ven/aza)-resis

tant leukemic stem cells (LSCs) of patients with AML have an 

increased expression of PUFAs and increased metabolites 

involved in FA transport into the mitochondria. Inhibition 

of the enzyme very-long-chain acyl-CoA dehydrogenase 

(ACADVL) restored the ven/aza sensitivity of LSCs.52 Further

more, the rate-limiting enzyme for de novo FA synthesis, 

ACACA, is overexpressed in IDH1-mutated AML, and a lipid- 

free diet in IDH1-mutant AMLs transplanted into NSG mice 

showed a significantly decreased engraftment compared to 

the normal diet control group.53 Overall, biomarkers to predict 

response to FA metabolism-targeting therapy, as well as selec

tive inhibitors with high specificity, are highly needed to exploit 

FA metabolism as a potential therapeutic strategy in AML. In 

conclusion, we present in this study the FA metabolism gene 

ACSL4 as a selective therapeutic target in the aggressive 

KMT2Ar AML subtype.

Limitations of the study

While our study provides comprehensive functional and multi- 

omics evidence identifying ACSL4 as a selective metabolic 

vulnerability in KMT2Ar-AML, several limitations should be 

acknowledged. The mechanistic insights, although supported 

by integrated transcriptomic, proteomic, and lipidomic ana

lyses, were derived from a limited number of representative 

models and may not fully capture the genetic and metabolic 

heterogeneity across distinct KMT2Ar AML subtypes or co- 

occurring mutations. Similarly, the KRADS12 signature was 

derived primarily from transcriptomic and proteomic data of 

the NOMO1 cell line, which, while representative of KMT2Ar 

AML, may not fully capture the biological diversity of patient- 

derived leukemias. Finally, although we observed ferroptosis- 

independent effects upon ACSL4 loss, we did not directly 

assess ferroptosis markers or reactive oxygen species levels, 

which limits the definitive conclusions about the mode of cell 

death. Future investigations should delineate the molecular 

mechanisms by which ACSL4 regulates lipid metabolism in 

KMT2Ar leukemia, explore combinatorial therapeutic strategies 

targeting this metabolic axis, and validate the KRADS12 signa

ture as a predictive biomarker in clinically annotated patient 

cohorts.
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Bio-Rad Cat# 1725272

BCA Protein Quantification Kit Thermo Fisher Scientific Cat# 23227
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cycles) v3

Illumina Cat# 20046812

QubitTM dsDNA BR Assaykit Thermo Fisher Scientific Cat# Q32851

RevertAid First Strand cDNA Synthesis Kit Life Technologies Cat# K1622

RNase-Free DNase Set Qiagen Cat# 79256
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Zymoclean Gel DNA Recovery Kit Zymo Research Cat# D4001
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ZymoPURE Plasmid Miniprep Kit Zymo Research Cat# D4210
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Deposited data

DepMap Public 23Q4 dataset Arafeh et al.55 https://depmap.org/portal

UniProt human reference proteome (March 

2023 release)

The UniProt Consortium et al.56 https://www.uniprot.org/

LIPID MAPS database Fahy et al.57 https://www.lipidmaps.org/

TCGA-LAML RNA expression data The Cancer Genome Atlas Research 

Network et al.58

https://portal.gdc.cancer.gov/

Beat AML RNA expression data Tyner et al.59 https://www.vizome.org/aml

GRCh38.p14_genomic Guo et al.60 https://www.ncbi.nlm.nih.gov/grc/human/ 

data.

RNA sequencing data Gene Expression Omnibus (GEO) GEO: GSE274462

Mass spectrometry proteomics data ProteomeXchange Consortium (PRIDE) PRIDE: PXD072756

Processed transcriptomic data This paper Table S2

Processed proteomic data This paper Table S3

Processed lipidomic data This paper Table S4

Experimental models: Cell lines

THP1 DSMZ ACC 16; RRID: CVCL_0006

NOMO1 DSMZ ACC 542; RRID: CVCL_1609

K562 DSMZ ACC 10; RRID: CVCL_0004

MOLM16 DSMZ ACC 777; RRID: CVCL_2120

MV4-11 DSMZ ACC 102; RRID: CVCL_0064

U937 DSMZ ACC 5; RRID: CVCL_0007

HEK293T DSMZ ACC 635; RRID: CVCL_0063

Experimental models: Organisms/strains

Ly5.2 (CD45.2+) Jackson Laboratory #000664

Ly5.1 (CD45.1+) Jackson Laboratory #002014

Oligonucleotides

sgRNAs This Paper STAR Methods: CRISPR interference

shRNAs This Paper STAR Methods: RNA interference

Primers This Paper STAR Methods: RNA isolation, cDNA 

synthesis and quantitative real-time PCR 

(qPCR)

Recombinant DNA

psPAX2 Gift from Didier Trono Addgene#12260

pMD2G.VSV.G Gift from Didier Trono Addgene#12259

pMSCV MLL-AF9-IRES-GFP Gift from Daisuke Nakada Addgene # 71443

pCL-Eco Gift from Inder Verma Addgene # 12371

pLV hUbC-dCas9 KRAB-T2A-GFP Gift from Charles Gersbach Addgene #67620

BFP-tagged pCRISPRia-v2 Gift from Jonathan Weissman Addgene #84832

RFP-tagged pRSI12-U6-(sh)-UbiC- 

TagRFP-2A-Puro

Cellecta, Mountain View, CA, USA NA

Software and algorithms

GSEA_4.3.3 Subramanian et al.61 https://www.gsea-msigdb.org/gsea

CFX Maestro 2.3 Bio-Rad NA

STAR 2.7.9a Dobin et al.62 https://github.com/alexdobin/STAR

FACS Diva 8.0.2 and 8.0.1 BD Biosciences NA

FlowJo v10.10.0 FlowJo https://www.flowjo.com

GraphPad Prism V10.1.2 GraphPad Software http://www.graphpad.com/

ImageJ NIH https://imagej.nih.gov/ij/
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Animal studies

LKS cells were sorted from Ly5.2+ WT C57BL/6 mice of both sexes (randomly selected) and transduced with MLL-AF9 retrovirus. 

48 h after transduction, 1000 GFP+ MLL-AF9-infected cells were transplanted intravenously into Ly5.1+ WT recipient mice. After 

20 days (median survival), mice developed leukemia, and the BM was isolated and frozen for further use. Mice were maintained 

in the animal facility of the Institute of Molecular Genetics of the CAS. Mice were on a standard diet and a 12-h light–dark cycle 

with free access to food and water. The experiments were approved by the Ethical Committee of the Institute of Molecular Genetics 

of the CAS (Prague, Czech Republic) under approval number AVCR 4828/2025 PPZ.

Cell lines

Cell lines THP1, NOMO1, K562, MOLM16, MV4-11, U937, and HEK293T were obtained from DSMZ and continuously tested for my

coplasma and cross-contamination by Multiplex Cell Authentication (Multiplexion, Heidelberg, Germany). THP1, K562, and U937 

were cultured in RPMI medium supplemented with 10% fetal bovine serum (FBS) and 1% penicillin/streptomycin, NOMO1 and 

MOLM16 were cultured in RPMI medium supplemented with 20% FBS and 1% penicillin/streptomycin, MV4-11 cells were cultured 

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Rsubread 2.18.0 Liao et al.63 https://bioconductor.org/packages/ 

release/bioc/html/Rsubread.html

DESeq2 R package 1.20.0 Love et al.64 https://bioconductor.org/packages/ 

release/bioc/html/DESeq2.html

FastQC Babraham Bioinformatics http://www.bioinformatics.babraham.ac. 

uk/projects/fastqc

Trimmomatic Bolger et al.65 http://www.usadellab.org/cms/ 

?page=trimmomatic

Spectronaut (v17.1.221229.55965) Biognosys https://www.biognosys.com/products/ 

spectronaut

g:Profiler (functional enrichment) Kolberg et al.29 https://biit.cs.ut.ee/gprofiler/

molbiotools Multiple List Comparator MOLBIOTOOLS https://molbiotools.com/listcompare.php

Lipostar2 Molecular Discovery https://www.moldiscovery.com/lipostar- 

software/

MetaboAnalyst Chong et al.66 https://www.metaboanalyst.ca/

LipidSuite UNSW Sydney https://lipidsuite.com

cBioPortal Cerami et al.67 https://www.cbioportal.org/

R (v4.2.3) R Foundation https://www.r-project.org/

CRISPick Broad Institute https://portals.broadinstitute.org/gppx/ 

crispick

LIPID MAPS database Conroy et al.68 https://www.lipidmaps.org

Zotero 6.0.30 C+orporation for Digital Scholarship https://www.zotero.org

Other

VectorBuilder VectorBuilder Inc. https://vectorbuilder.com/

Polyvinylidene Fluoride (PVDF) membrane Bio-Rad Cat# 1620177

Qubit 2.0 Fluorometer Life Technologies Cat# Q32866

Fragment Analyzer 5200 Agilent Technologies Cat# M5310AA

AssayMAP Bravo platform Agilent Technologies Cat# G5542BA

Orbitrap Exploris 480 mass spectrometer Thermo Fisher Scientific Cat# STEM-LE-1631-LC

Ultimate 3000 UPLC system Thermo Fisher Scientific Cat# 701455

Acclaim PepMap300 C18 cartridge Thermo Fisher Scientific Cat# 164535

Vanquish Horizon UHPLC system Thermo Fisher Scientific Cat# IQLAAAGABHFAPUMZZZ

Accucore C30 column, 150 mm × 2.1 mm, 

2.6 μm

Thermo Fisher Scientific Cat# 27826-152130

Orbitrap Exploris 240 mass spectrometer 

with HESI source

Thermo Fisher Scientific Cat# IQLAAAGABHFAPUMZZZ
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in IMDM medium supplemented with 20% FBS and 1% penicillin/streptomycin, and HEK293T cells were cultured in DMEM supple

mented with 10% FBS and 1% penicillin/streptomycin.

Patient-derived xenograft (PDX)

PDX388 and PDX393 were obtained from external sources,54,69 while PDX-002 was established from a patient with AML for 

this study. PBMCs from healthy donors were isolated from apheresis material. All procedures involving human samples were 

conducted in accordance with institutional ethical guidelines and approved by the Ethics Committee of TU Dresden. For 

in vitro transduction, PDX cells were cultured in StemPro medium supplemented with 1% penicillin–streptomycin, 2mM 

L-glutamine, 100 ng/mL rh-SCF, 100 ng/mL rh-TPO, 50 ng/mL rh-FLT3L, 10 ng/mL rh-IL-6, and 10 ng/mL rh-IL-3. Following 

transduction, PDX cells were seeded for CFU assay in MethoCult H4230 (Stemcell Technologies, Vancouver, Canada) me

dium supplemented with 2mM L-glutamine, 100 ng/mL rh-SCF, 100 ng/mL rh-TPO, 50 ng/mL rh-FLT3L, 10 ng/mL rh-IL-6, 

and 10 ng/mL rh-IL-3.

METHOD DETAILS

Cancer dependency map (DepMap)

Analysis of CRISPR-Cas9-based dependency data was performed for ∼1100 pan-cancer cell lines, including 24 AML cell lines. For 

these AML cell lines, corresponding mRNA expression generated by RNA sequencing, somatic mutational profiles, and gene fusion 

data were analyzed using datasets by the DepMap Portal (version 23Q4).25 Raw data were downloaded and analyzed for each indi

cated cell line. Summarized data can be found in Table S1.

Gene Set Enrichment Analysis (GSEA) of DepMap data

Differentially expressed genes were calculated by comparing the median expression of log2-modified read counts between ACSL4- 

dependent (dependency score <-0.5, n = 10) and independent (dependency score >-0.5, n = 14) AML cell lines for all annotated 

genes. GSEA was performed using the GSEA_4.3.3 version according to the publisher’s instructions.61 The used cell line gene 

expression data can be found in Table S1.

sgRNA and shRNA cloning

ACSL4-targeting sgRNAs were cloned into the BFP-tagged pCRISPRia-v2 vector70 (Addgene #84832), while ACSL4-target

ing shRNAs were inserted into the RFP-tagged pRSI12-U6-(sh)-UbiC-TagRFP-2A-Puro vector (Cellecta, Mountain View, CA, 

USA). Complementary oligonucleotides containing the guide or hairpin sequences were synthesized, annealed, and ligated 

into the corresponding restriction-enzyme–digested vectors as previously described.71 The ligation mixtures were trans

formed into E. coli Top10 cells, and positive colonies were selected on ampicillin-containing LB agar. Plasmid DNA was pu

rified using a miniprep kit (Zymo Research, Irvine, CA, USA), and correct insert integration was verified by Sanger 

sequencing.

Production of lentiviral and retroviral particles

For Lentivirus production, packaging (psPAX2), envelope (pMD2G.VSV.G), and corresponding transfer plasmids were transfected 

into HEK293T cells using PEIpro transfection reagent (Polyplus, Illkirch, France) according to the manufacturer’s protocol. Harvested 

lentiviral particles and 8 μg/mL polybrene were used for the transduction of AML cell lines, PDXs, and PBMCs. The vector pMSCV 

MLL-AF9-IRES-GFP was used to produce retroviral particles.28 Retroviral supernatant and Lin-cKit+ Sca-1+ (LKS) transduction was 

performed as previously described.72 Briefly, HEK293T cells were transfected with 10 μg of pMSCV MLL-AF9-IRES-GFP, 10 μg of 

pCL-Eco Retroviral Packaging Vector using Lipofectamine 2000 (Thermo Fisher Scientific, Waltham, MA, USA). After 4 h, the medium 

was replaced with fresh DMEM plus 10% FBS. After 24 and 48 h, retroviral supernatant was harvested and filtered through a 0.45-μm 

filter. Filtered virus supernatant was concentrated 50-fold by Centricon Plus-70 Centrifugal Filter (Sigma Aldrich, St. Louis, MO, USA), 

resuspended, and used for the transduction of sorted LKS cells.

CRISPR interference

dCas9-KRAB-expressing AML cells were generated by lentiviral transduction with pLV hUbC-dCas9 KRAB-T2A-GFP, a kind gift 

from Charles Gersbach (Addgene #67620).73 Two sgRNAs targeting ACSL4, designed using CRISPick sgRNA designer from the 

Broad Institute,74,75 and one non-targeting control sgRNA (NTC) were cloned into a BFP-tagged pCRISPRia-v2 vector, a gift from 

Jonathan Weissman (Addgene #84832).70 sgRNAs were lentivirally transduced into dCas9-KRAB-expressing AML cells. Two 

days after transduction, the cells were separated into two fractions: one part was selected with 2 μg/mL puromycin for knockdown 

assessment, whereas the rest of the cells were cultured for the competition assay. Four sgRNAs were cloned into the backbone, and 

the knockdown was functionally tested. For further usage, the two sgRNAs with the highest knockdown capacity were selected. The 

following sgRNA sequences were used: ACSL4 sgRNA1: ACCGCGTGCCCGCTAGCGCT; ACSL4 sgRNA4: GCTTTCCGAGTG 

CCAGGCGC; NTC sgRNA: GCGATCTAATCGGAACTGTG.
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RNA interference

Four shRNAs targeting either human ACSL4 or murine Acsl4 were designed using VectorBuilder (https://vectorbuilder.com/), and 

one scramble control shRNA, were cloned into the RFP-tagged pRSI12-U6-(sh)-UbiC-TagRFP-2A-Puro vector (Cellecta, Mountain 

View, CA, USA). Two days after transduction, the cells were separated into two fractions: one part was selected with 2 μg/mL puro

mycin for knockdown assessment, whereas the rest of the cells were cultured for the competition assay. Four shRNAs targeting each 

human ACSL4 and murine Acsl4 were cloned into the backbone, and the knockdown was functionally tested. For further usage, the 

two shRNAs with the highest knockdown capacity were selected. The following shRNA sequences were used: ACSL4 shRNA1: 

GGCTCATGTGCTAGAACTGACAGCAGAGA; ACSL4 shRNA4: GGCATTCCTCCAAGTAGACCAACGCCTTC; Acsl4 shRNA1: 

GCCATGAAATTGGAGCGATTT; Acsl4 shRNA3: CCTAGTTCAGAAGTTTCTATA; scramble shRNA: CAACAAGATGAAGAGCACCAA.

Flow cytometry-based competition assay

For flow cytometry analysis, cell lines were transduced with the respective sgRNAs or shRNAs. Four days post-transduction, cells 

were washed with PBS and measured with BD Fortessa cell analyzer (Becton Dickinson, Franklin Lakes, NJ, USA) to determine trans

duction efficiency, which also served as the day 0 baseline. Cells were reanalyzed every 7 days for growth assessment.

For the rescue experiment with polyunsaturated fatty acid (PUFA) supplementation, 4 × 105 cells were transduced with either a 

scramble control or two independent ACSL4-targeting shRNAs. Four days post-transduction, the percentage of RFP+ cells was 

measured (designated as day 0), and cells were subsequently treated with a defined PUFA cocktail containing docosahexaenoic 

acid (DHA, 22:6), eicosapentaenoic acid (EPA, 20:5), arachidonic acid (AA, 20:4), adrenic acid (AdA, 22:4), and docosapentaenoic 

acid (DPA, 22:5). PUFA concentrations were optimized based on prior XTT viability assays (THP1: DHA 25 μM, EPA 50 μM, AA 

50 μM, AdA 50 μM, DPA 50 μM) (NOMO1: DHA 100 μM, EPA 100 μM, AA 100 μM, AA 100 μM, AdA 100 μM, DPA 50 μM). Cells 

were maintained in PUFA-supplemented medium throughout the experiment. Growth rescue was assessed via a competition assay, 

monitoring the relative percentage of RFP+ cells over time.

Apoptosis and cell cycle analysis

Apoptosis assay was performed using Annexin V-APC Kit (BioLegend, San Diego, CA, USA) according to the manufacturer’s instruc

tions. Zombie Violet (BioLegend, San Diego, CA, USA) was used for live/dead cell discrimination. Cell cycle analysis was performed 

by incubating 5 × 105 cells with 5 μg/mL Hoechst-33342 for 60 min at 37◦C and subsequent flow cytometry analysis.

Colony-forming unit (CFU) assay

For the CFU assay in human cells, A total of 4 × 105 AML PDX cells or healthy PBMCs were transduced with two independent shRNAs 

targeting ACSL4 or a scramble control in StemPro medium supplemented with 1% penicillin–streptomycin, 2mM L-glutamine, 

100 ng/mL rh-SCF, 100 ng/mL rh-TPO, 50 ng/mL rh-FLT3L, 10 ng/mL rh-IL-6, 10 ng/mL rh-IL-3, and 8 μg/mL polybrene. After trans

duction, 1 × 104 cells were seeded per well in MethoCult H4230 (Stemcell Technologies, Vancouver, Canada) supplemented with 

2mM L-glutamine, 100 ng/mL rh-SCF, 100 ng/mL rh-TPO, 50 ng/mL rh-FLT3L, 10 ng/mL rh-IL-6, and 10 ng/mL rh-IL-3. Images 

were acquired 14 days after seeding.

For the CFU assay in murine cells, healthy bone marrow mononuclear cells (BMMCs) were isolated from the bone marrow of 

C57BL/6 mice and separated using Pancoll (PAN Biotech, Aidenbach, Germany). 3 × 105 healthy BMMCs or MLL-AF9 cells were 

transduced with either scramble shRNA, Acsl4 shRNA#1, or Acsl4 shRNA#3 in IMDM supplemented with 20% FBS, 1% peni

cillin/streptomycin, 10 ng/mL rm-GM-CSF, 10 ng/mL rh-IL-6, 10 ng/mL rm-IL-3, and 50 ng/mL rm-SCF and 8 μg/mL polybrene. Cells 

were selected in 1 μg/mL puromycin 4 days after transduction for 3 days. After selection, 5 × 103 cells were seeded per well in 

MethoCult M3231 (Stemcell Technologies, Vancouver, BC, Canada) supplemented with 10 ng/mL rm-GM-CSF, 10 ng/mL rh-IL-6, 

10 ng/mL rm-IL-3, and 50 ng/mL rm-SCF. Images were taken 10 days after seeding. All cytokines were purchased from Immunotools 

(Friesoythe, Germany).

MLL-AF9 cell transduction, transplantation, and peripheral blood analysis

On day 1, 3 × 105 MLL-AF9 Ly5.2+ BM cells were lentivirally transduced with Acsl4 shRNA#1 or scramble shRNA (RFP+) using a MOI 

of 0.6. Cells were then incubated overnight at 37◦C. On day 2, cells were washed and transplanted into non-irradiated Ly5.1 recipient 

mice. Each mouse received 5000 non-sorted cells. On day 3, the remaining cells were analyzed by flow cytometry, and the percent

age of GFP+ and RFP+ infected cells was determined. Three weeks after transplantation, blood analysis was performed by flow cy

tometry, and the percentage of RFP+ cells gated from the GFP+ MLL-AF9 cells was determined. For the peripheral blood analysis, 2 

experiments containing a total of 9 mice for each group were pooled. The transplanted mice were monitored closely for signs of 

leukemic progression. Upon leukemic development, mice were sacrificed, and the bone marrow and spleen were isolated and 

analyzed. Mouse survival was closely monitored (at least three times per week) during the entire experimental period.

Organ collection and flow cytometry analysis

Blood was isolated from the facial vein. Mice were sacrificed by cervical dislocation; the femur and tibia were isolated and crunched 

using a mortar and pestle to obtain cell suspensions. The spleen was isolated and was crunched using the piston of a syringe to 

obtain a cell suspension. The percentage of GFP+ and RFP+ cells was analyzed by flow cytometry.
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Protein isolation and western blot

Western blots were performed as previously described.76 Briefly, proteins were isolated by cell lysis in lysis buffer (150 mM NaCl, 

50 mM Tris-HCl, 1% NP-40, 0.5% Sodium deoxycholate, and 0.1% SDS). Protein concentration was measured using Bio-Rad Pro

tein Assay (Bio-Rad, Hercules, CA, USA). Denatured proteins were run on a Tris-Glycine SDS-Polyacrylamide gel according to the 

Bio-Rad protocol and transferred to PVDF membranes. Primary antibody incubation was performed at 4◦C overnight. The secondary 

antibody was incubated for 1h at room temperature. The following primary antibodies were used: Anti-ACSL4 (A-5) Mouse mAb (sc- 

271800, Santa Cruz Biotechnology, Dallas, TX, USA), anti-ACTB (4C2) Mouse mAb (VMA00048, Bio-Rad, Hercules, CA, USA). Rabbit 

Anti-Mouse-HRP (ab6728, Abcam, Cambridge, UK) served as a secondary antibody.

RNA isolation, cDNA synthesis, and quantitative real-time PCR (qPCR)

RNA was isolated using the RNAeasy mini kit (Qiagen, Hilden, Germany). Reverse transcription (RT) was performed with the 

RevertAid First Strand cDNA Synthesis Kit (Life Technologies, Carlsbad, CA, USA) according to the manufacturer’s instructions. 

For qPCR, SsoAdvanced# Universal SYBR® Green Super Mastermix (Bio-Rad, Hercules, CA, USA) was used. The following primers 

were included: ACSL4-for 5′- GCTATCTCCTCAGACACACCGA -3’; ACSL4-rev 5′- AGGTGCTCCAACTCTGCCAGTA -3’; Acsl4-for 

5′- CCACACTTATGGCCGCTGTT -3’; Acsl4-rev 5′- GGGCGTCATAGCCTTTCTTG -3’; ACTB-for 5′-CATTGCTGACAGGATGCA 

GAAGG-3’; ACTB-rev 5′-TGCTGGAAGGTGGACAGTGAGG-3’ (targeting human and murine ACTB/Actb).

Library preparation for RNA sequencing and data analysis

RNA libraries were prepared using the Illumina stranded mRNA Prep. Ligation Kit (Illumina, San Diego, CA, USA) according to the 

manufacturer’s instructions. Briefly, mRNA was purified from 500 ng total RNA using oligo(dT) beads, poly(A)+ RNA was fragmented 

to 150 bp and converted into cDNA, and cDNA fragments were end-repaired, adenylated on the 3′ end, adapter-ligated, and 

amplified with 12 cycles of PCR. The quantity of the final libraries was validated using the dsDNA Broad range kit with the Qubit 

2.0 Fluorometer (both Life Technologies, Carlsbad, CA, USA), and quality was validated using the NGS Fragment Kit (1-6000bp) 

on the Fragment Analyzer 5200 (both Agilent Technologies, Santa Clara, CA, USA). All barcoded libraries were pooled and 

sequenced 2 × 75bp paired-end on an Illumina NextSeq550 platform to obtain a minimum of 10 Mio reads per sample.

Quality control assessment of raw reads was performed using FastQC, followed by Trimmomatic trimming to remove low-quality 

sequences. The trimmed reads were then aligned to the reference genome using STAR version 2.7.9a. To facilitate the mapping pro

cess, a genome reference index was constructed using GRCh38.p14_genomic.gtf as the reference. Feature Counts were created by 

using Rsubread (2.18.0, https://bioconductor.org/packages/release/bioc/html/Rsubread.html), and differential expression analysis 

was performed using the DESeq2 R package (1.20.0, https://bioconductor.org/packages/release/bioc/html/DESeq2.html). DESeq2 

output data was filtered for genes with a sum of read counts >60. GSEA was performed using the GSEA_4.3.3 version according to 

the publisher’s instructions.61 Summarized data can be found in Table S2.

Proteomics

Whole-cell proteins were isolated by cell lysis in lysis buffer (RIPA Lysis and Extraction Buffer (Thermo Fisher Scientific, Waltham, MA, 

USA) supplemented with 10 mM NaF, 1 mM Na3VO4, 250 U/mL benzonase, 10 U/mL DNase I, protease, and phosphatase inhibi

tors). Protein concentration was measured using Pierce BCA Protein Assay-Kit (Thermo Fisher Scientific, Waltham, MA, USA). An 

amount of 10 μg of protein was digested (trypsin) using an AssayMAP Bravo liquid handling system (Agilent Technologies, Santa 

Clara, CA, USA) running the autoSP3 protocol according to Müller et al.77 The Liquid Chromatography with tandem mass spectrom

etry (LC-MS/MS) analysis was carried out on an Ultimate 3000 UPLC system (Thermo Fisher Scientific, Waltham, MA, USA) directly 

connected to an Orbitrap Exploris 480 mass spectrometer for a total of 120 min. Peptides were online desalted on a trapping car

tridge (Acclaim PepMap300 C18, 5 μm, 300Å wide pore; Thermo Fisher Scientific, Waltham, MA, USA) for 3 min using 30 μL/min 

flow of 0.05% TFA in water. The analytical multistep gradient (300 nL/min) was performed using a nanoEase MZ Peptide analytical 

column (300Å, 1.7 μm, 75 μm × 200 mm, Waters, Milford, MA, USA) using solvent A (0.1% formic acid in water) and solvent B (0.1% 

formic acid in acetonitrile). For 102 min, the concentration of B was linearly ramped from 4% to 30%, followed by a quick ramp to 

78%. After two minutes, the concentration of B was lowered to 2% and a 10-min equilibration step was appended. Eluting peptides 

were analyzed in the mass spectrometer using data-independent acquisition (DIA) mode. A full scan at 120k resolution (380–1400 

m/z, 300% AGC target, 45 ms maxIT) was followed by 47 windows of variable isolation width (400–1000 m/z, 1000% AGC target, 

30k resolution, 54 ms maxIT, centroid, 1 Da overlap) for fragment spectra acquisition. Collision energy was set at 28%. Each sample 

was followed by a wash run (40 min) to minimize carry-over between samples. Instrument performance throughout the course of the 

measurement was monitored by regular (approx. one per 48 h) injections of a standard sample and an in-house shiny application. All 

sample handling (sample preparation and LC-MS/MS analysis) has been performed in a block randomization order.78 Analysis of DIA 

RAW files was performed with Spectronaut (Biognosys, version 17.1.221229.55965) in directDIA+ (deep) library-free mode. Default 

settings were applied with the following adaptations. Within the Pulsar Search in Peptides, the Max Peptide Length was set to 35, in 

Result Filters, the Peptide Charge was enabled, and the Max Charge set to 6, and the Min Charge set to 2. Within DIA Analysis under 

Identification, the Precursor PEP Cutoff was set to 0.01, the Protein Qvalue Cutoff (Run) set to 0.01, and the Protein PEP Cutoff set to 

0.05. In Quantification, the Proteotypicity Filter was set to Only Protein Group Specific, the Cross-Run Normalization was disabled, 

the Quantification window was set to Not Synchronized, and the Major Group Quantity was set to Sum peptide quantity. The data was 
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searched against the human proteome from Uniprot (human reference database with one protein sequence per gene, containing 

20,591 unique entries from the first of March 2023) and the contaminants FASTA from MaxQuant (246 unique entries from 

twenty-second of December 2022). For subsequent analysis, proteins detected in only one out of the eight samples were excluded 

from analysis. Protein PG intensities were transformed (x+1) to perform a log fold change analysis and calculate the p-value with an 

unpaired, two-tailed Student’s t test. Summarized data can be found in Table S3. Up- and downregulated transcripts and proteins 

were compared using the multiple list comparator by molbiotools (https://molbiotools.com/listcompare.php), and functional enrich

ment analysis of overlapping genes was performed using g:Profiler.29

Lipidomics

For the lipidomic analysis, 2 × 106 cells from five replicates were extracted using chloroform-methanol-water-based liquid-liquid 

extraction.79 All extraction solvents contained 1 μg/mL butylated hydroxytoluene (BHT) and were pre-cooled on ice before use. 

Briefly, SPLASH LIPIDOMIX (Avanti Polar Lipids Inc, 3 μL) internal lipid standards were added to each sample, incubated on ice 

for 15 min, followed by the addition of methanol (300 μL) and chloroform (600 μL). Samples were vortexed, incubated at 4◦C for 

1h on a rotary shaker, and phase separation was induced by the addition of water (100 μL), followed by vortexing, incubation 

at 4◦C (10 min), and centrifugation (1000 × g, 10 min, 4◦C). The organic phase was collected and dried in a vacuum concentrator.

For LC-MS/MS analysis, lipids were resuspended in 50 μL of isopropanol, centrifuged, and 40 μL were transferred to glass vials. 

Lipids (1.5 and 3 μL for positive and negative ion mode analysis, respectively) were separated by reverse phase chromatography 

(Accucore C30 column; 150 mm × 2.1 mm 2.6 μM 150 Å, Thermo Fisher Scientific) using a Vanquish Horizon UHPLC system (Thermo 

Fisher Scientific) coupled on-line to an Orbitrap Exploris 240 mass spectrometer (Thermo Fisher Scientific) equipped with a HESI 

source. Lipids were separated at a flow rate of 0.3 mL/min (column temperature 50◦C) by a the following gradient: 0–5 min, 10 to 

12,5% B; 5–20 min, 12,5 to 80%; 20–24 min, 80 to 95%; 24–27 min, 95 to 100%; 27–32 min, isocratic 100%; 32–40 min, re-equil

ibration at 10% B. Eluent A was acetonitrile: water (50:50, v/v, both ULC/MS-CC/SFC grade, Biosolve-Chemicals) and Eluent B 

was 2-propanol:acetonitrile: water (85:10:5, v/v/v), both containing 5 mM ammonium formate (MS grade, Sigma-Aldrich) and 

0.1% formic acid (ULC/MS-CC/SFC grade, Biosolve-Chemicals). Full MS settings were the following: spray voltage – 3500 V, sheath 

gas – 40 arb units, aux gas – 10 arb units, sweep gas – 1 arb unit, ion transfer tube – 300◦C, vaporizer temperature – 370◦C, EASY-IC 

run-start, default charge state – 1, resolution at m/z 200–120.000, scan range – m/z 200–1200, normalized AGC target – 100%, 

maximum injection time – auto, RF lens – 35%. Data-dependent acquisition (DDA) was based on a cycle time (1.3 s) at a resolution 

of 30.000, isolation window – 1.2 m/z, normalized stepped collision energies – 17,27,37%, AGC target – 100%, maximum injection 

time – 54 ms.

Lipid identification was performed using Lipostar2.80 Features with isotopic pattern and MS/MS spectrum were matched against 

the LIPID MAPS database and selected based on automatic approval (3–4 stars). After manual approval based on the established 

LC-MS/MS lipid identification strategy,81 lipid identities and chromatographic peak areas were exported and used for further anal

ysis. Peak areas were normalized according to lipid standard abundances of the SPLASH LIPIDOMIX and cell count. Heatmap and 

scores plot were generated using MetaboAnalyst.82 Differential analysis comparing ACSL4 knockdown to the control was performed 

using the univariate analysis by Lipid Suite.83 Data on total unsaturated bonds of different lipid classes were also extracted from the 

LipidSuite analysis. Summarized data can be found in Table S4.

Analysis of external datasets

We analyzed mRNA expression from 173 patients with AML (TCGA-LAML) from the Cancer Genome Atlas (TCGA) database58 and 

649 patients diagnosed with AML from the Beat AML study.31 Raw data were downloaded using the cBioportal online tool (https:// 

www.cbioportal.org/) and further processed according to the median expression of the studied genes. GSEA was performed using 

the GSEA_4.3.3 version according to the publisher’s instructions.61 Summarized data can be found in Table S5.

QUANTIFICATION AND STATISTICAL ANALYSIS

We used the Wilcoxon rank sum test (also known as the Mann-Whitney U test) or the two-sided unpaired t test, respectively, to deter

mine the statistical significance of experimental results. The results were represented as the mean ± SD from at least three indepen

dent experiments unless otherwise stated. Statistical significance was assessed using the Log rank (Mantel–Cox) test for mouse ex

periments and the Gehan–Breslow–Wilcoxon test for survival data from patients with AML, depending on the distribution of survival 

events over time. Statistical tests were performed with GraphPad Prism version 10.1.2 or R version 4.2.3.
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