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SUMMARY

Resistance to targeted therapies remains a major challenge in acute myeloid leukemia (AML). In FLT3-internal 
tandem duplication (FLT3-ITD) AML, FLT3 inhibitors such as quizartinib improve outcomes, but resistance 
limits long-term efficacy. While genetic resistance mechanisms are well characterized, the role of the bone 
marrow microenvironment remains unclear. We investigated how a pro-inflammatory microenvironment in-

fluences FLT3 inhibitor resistance and identified IFNγ as a key driver. IFNγ signaling activates STAT1, which 
in turn upregulates AXL, allowing leukemia cells to survive despite FLT3 inhibition. Knockdown, genomic de-

gron tagging, and overexpression cell models confirmed STAT1 and AXL roles as mediators of resistance. 
Finally, analysis of IFNγ signaling and resistance in patient-derived AML blasts revealed variable sensitivity, 
suggesting the presence of additional compensatory mechanisms. These findings reveal IFNγ signaling as a 
mechanism of resistance, highlighting a potential therapeutic vulnerability in FLT3-mutated AML.

INTRODUCTION

Acute myeloid leukemia (AML) is a heterogeneous malignancy, 

with ∼25% of cases harboring FLT3-internal tandem duplication 

(FLT3-ITD) mutations. 1–4 FLT3 mutations confer poor prognosis 

due to enhanced proliferation and relapse. 5 While inhibitors like 

quizartinib and gilteritinib show efficacy, resistance limits sur-

vival. 6,7 Beyond genetic causes, such as secondary FLT3 muta-

tions and RAS/MAPK pathway alterations, increasing evidence 

highlights the role of non-genetic resistance mechanisms driven 

by the microenvironment. 6,8,9

The bone marrow microenvironment shapes leukemia cell 

behavior and influences therapy response. 8 Pro-inflammatory 

microenvironments can promote AML progression and therapy 

resistance by providing pro-survival signals that enable leukemia 

cells to evade drug-induced apoptosis. 10–12 However, the role of 

pro-inflammatory signaling in FLT3 inhibitor resistance, particu-

larly in response to quizartinib, remains poorly understood. 

Non-genetic resistance mechanisms allow AML cells to 

persist despite FLT3 inhibition, often through adaptive cellular 

states that precede permanent resistance. One such adaptive 

state involves drug-tolerant persister (DTP), which can withstand 

drug exposure and serve as a reservoir from which fully 

resistant clones emerge. 13–15 Cytokine-mediated signaling,

such as STAT5 activation, has been implicated in promoting 

non-genetic resistance to quizartinib, enabling AML cells to 

bypass FLT3 inhibition through alternative survival pathways. 16 

Using IC 50 assays, genomic barcoding, genomic degron 

tagging, and longitudinal drug challenge assays, we identified 

IFNγ as a key driver of resistance, acting through STAT1-depen-

dent upregulation of AXL, a receptor tyrosine kinase (RTK). 16–19 

To assess clinical relevance, we investigated FLT3-mutated 

AML blasts from 20 patients under inflammatory conditions. 

These experiments revealed significant heterogeneity, suggest-

ing that while AXL plays a prominent role, additional compensa-

tory pathways may contribute to resistance in a patient-specific 

manner. Our findings highlight pro-inflammatory signaling’s role 

in FLT3 inhibitor resistance, offering insights for combination or 

precision therapies.

RESULTS

IFNγ induces resistance in AML cell lines exposed to 

FLT3-ITD AML-targeting therapeutics

To investigate the implications of non-genetic resistance 

in FLT3-ITD AML driven by the microenvironment, an IC 50 

assay was developed to map the response landscape across 

clinically approved chemotherapeutic drugs and FLT3-ITD
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AML-targeting small molecules under four primary microenvi-

ronmental cocktails: anti-inflammatory, growth and differentia-

tion, maintenance, and pro-inflammatory (Figures 1A and 1B). 

The degree of microenvironmental influence on drug response 

is quantified as the fold change in IC 50 . Figure 1B highlights 

the response landscape for the MV411 FLT3-ITD AML cell 

line (Figure S1A). The pro-inflammatory microenvironment 

consistently induced resistance across most drugs tested 

(Figure 1C), underscoring the critical role of pro-inflammatory 

signaling in FLT3-ITD AML. To pinpoint which component of 

the pro-inflammatory cocktail drive the resistance, we per-

formed IC 50 assays with individual components of the cocktail, 

focusing on quizartinib due to its clinical relevance and potency

as a FLT3 inhibitor. Assays were conducted on two FLT3-ITD 

AML cell lines, MV411 and MOLM13 (Figure 1D). IFNγ 
emerged as the dominant driver of resistance. To investigate 

potential synergistic effects of IFNγ with other components, we 

conducted additional assays combining IFNγ with exactly one 

other pro-inflammatory cocktail component (Figure S1B). Re-

sults confirmed that IFNγ is essential for the resistance response, 

with minimal contribution from other components. To evaluate 

the impact of different microenvironments on proliferation, we 

also quantified the relative proliferation capacity (Figures S1D 

and S1E). Lastly, we assessed the growth rate of MV411 cells 

across drug concentrations under control and IFNγ conditions 

(Figure 1E). Cells exposed to IFNγ exhibited significantly higher
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Figure 1. Impact of microenvironment on drug dose-response viability in FLT3-ITD AML cell lines

(A) Experimental workflow: cells were seeded in the PBS control or experimental condition for 24 h, followed by drug exposure at log-scale incremental con-

centrations. Viability was assessed after 48 h of drug exposure using CellTiter-Glo 2.0.

(B) Experimental conditions for the IC 50 assay, presented as cocktails of components representing distinct cellular microenvironments: anti-inflammatory, growth 

and differentiation, maintenance, and pro-inflammatory (top). The heatmap displays the IC 50 -fold change between the control and respective cocktails in MV411 

cells against drug or drug combinations (bottom). Drugs used are: (cytarabine: C), (midostaurin: M), (quizartinib: Q), and (venetoclax: V).

(C) IC 50 fits for the pro-inflammatory cocktail, with fold changes displayed for each fit plot.

(D) IC 50 fits for individual components of the pro-inflammatory cocktail in both MV411 and MOLM13 cell lines.

(E) Normalized growth rates of MV411 cells measured between 24 and 72 h post-drug exposure at the specified dosages under control and IFNγ conditions. 

Statistical significance for the IC 50 ratios and normalized growth rates was determined using an independent samples t test, where p < 0.05 (*), p < 0.01 (**), 

p < 0.001 (***), and n.s. = not significant. Error bars represent the mean ± standard deviation from triplicate experiments.
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growth rates at effective drug doses compared to control, further 

validating the critical role of IFNγ in mediating resistance.

Microenvironmental IFNγ reprograms AML populations 

toward a resistant state

To assess whether the IFNγ-induced shift in IC 50 contributes to 

microenvironment-driven resistance, we employed a genomic 

barcoding strategy to track clonal selection in conjunction with 

a drug-pulse challenge cycles assay designed to mimic in vivo 

drug bioavailability, a model previously shown to promote the 

emergence of resistant clones. 20–23 We hypothesized that the 

IC 50 shift under IFNγ would indicate that a greater proportion

of the IFNγ-exposed population would withstand drug challenge 

relative to the PBS-treated population. To test this, we exposed 

genomically barcoded cells to repeated drug treatment cycles, 

beginning with 5-h pulses until growth rates returned to baseline 

(∼2.5 weeks), followed by 16-h pulses until baseline was 

restored again (∼3.4 weeks) (Figures 2A and 2B). The normalized 

growth rate during recovery was used to assess susceptibility 

versus resistance through two metrics: the area under the curve 

(AUC) of the growth rate over time, where a larger AUC indicated 

greater resistance, and the slope at the inflection point, 

representing the challenge experienced by the cell population. 

A steeper slope reflected faster recovery and lower challenge,
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Figure 2. IFNγ shifts cells to a drug resistance state and maintains population diversity in MV411 cells during sequential quizartinib drug 

challenge cycles

(A) Hypothesis and experimental approach: using genomic barcoding, we tested whether IFNγ shifts cells to a drug-resistant state during challenge cycles,

leading to less selection and greater diversity compared to the PBS control.

(B) Drug challenge assay workflow: the assay consists of 15 challenge cycles split into two phases, 5-h drug pulses for cycles 1–7 and 16-h pulses for cycles 8–15. 

Growth rate extrapolations over the challenge cycles were used to calculate the area under the curve (AUC), which is directly proportional to resistance. The 

cumulative AUC highlights the inflection point in the challenge cycles, with the slope at the inflection point inversely proportional to the degree of challenge (see 

materials and methods).

(C) Normalized growth rate of MV411 cells across quizartinib (Q) challenge cycles for PBS and IFNγ conditions with data smoothed using a locally weighted 

smoothing function. Each curve represents a replicate experiment.

(D and E) Cumulative AUC for the two sequential phases of quizartinib challenge cycles, with the slope at the inflection point quantified. Error bars represent the 

mean ± standard deviation from triplicate experiments.

(F) Barcode frequency in log scale for MV411 cells pre- and post-15 cycles of quizartinib challenge under PBS control and IFNγ conditions.

(G) Shannon Index of barcode diversity in the two conditions, with error bars represent the bootstrap estimate of standard error.

(H) Post-challenge workflow: after 15 drug challenge cycles, cells were maintained in control media for seven days, followed by IC 50 assays (I) and RNA

sequencing with gene ontology (GO) analysis (J). Statistical significance for IC 50 ratios and challenge metrics was assessed using independent samples t test,

where p < 0.05 (*), p < 0.01 (**), p < 0.001 (***), and n.s. = not significant.
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while a shallower slope indicated greater challenge and 

prolonged adaptation. Under PBS control conditions, the popu-

lation displayed a clear decline in growth rate with increasing cu-

mulative challenge cycles (Figure 2C). This effect was abolished 

under IFNγ conditions. In both 5- and 16-h challenge cycles, the 

AUC was higher for cells exposed to IFNγ, indicating greater 

resistance. Additionally, the slope at the inflection point was 

steeper under IFNγ conditions, suggesting that cells in this con-

dition experienced less challenge compared to the PBS control 

(Figures 2D and 2E). After 15 challenge cycles, clonal population 

diversity was assessed by sequencing genomic barcodes and 

comparing them to the pre-challenge population. Accounting 

for a 25% random barcode dropout based on previous reports, 

barcode depletion was higher under PBS control conditions 

(51%) compared to IFNγ conditions (39%) (Figure 2F). 24,25 This 

finding was corroborated by the Shannon diversity index, which 

demonstrated greater diversity in the IFNγ condition (Figure 2G). 

To determine whether the acquired resistance in IFNγ-treated 

cells depended on IFNγ, cells were maintained in drug-free con-

trol media for 7 days to eliminate exogenous signals. Notably, we 

found that the resistance levels (IC 50 ) between the two condi-

tions were comparable after this seven-day washout, suggesting 

that the acquired resistance was independent of sustained IFNγ 
exposure. This suggests that IFNγ enabled more cells within the 

population to acquire resistance—a novel observation not previ-

ously reported (Figures 2H and 2I). Finally, transcriptional 

profiling revealed distinct differences between the two condi-

tions. Cells exposed to IFNγ displayed a transcriptional profile 

resembling a 24-h IFNγ exposure (Figures 2J and S2A–S2F). 

This suggests residual IFNγ-related signaling, potentially medi-

ated by chromatin remodeling or other adaptive mechanisms. 26 

These data suggest that while both PBS and IFNγ conditions ul-

timately achieve comparable resistance levels, IFNγ decreased 

the quizartinib selection pressure and shifted the population 

fitness toward a more drug resistant state.

STAT1 signaling drives IFNγ-induced resistance, with 

AXL as the key mediator

Having established that IFNγ induces resistance to quizartinib, we 

sought to investigate the underlying mechanism. Prior studies 

have demonstrated that STAT1, a transcription factor down-

stream of IFNy signaling, can contribute to the acquired resistance 

potentially by upregulation of other RTKs (Figure 3A). 27 To estab-

lish a causal link between IFNγ-STAT1 signaling and resistance, 

we engineered MV411 cell line with degron-tagged STAT1 

(Figure 3B). This enabled us to abolish STAT1 activity within hours, 

thus minimizing compensatory signaling seen with other methods, 

and directly assess its role in IFNγ-induced resistance. 28,29 The 

degron function was verified via western blot analysis using the 

degron degrader dTAG-13 (d13) (Figure 3C). Using this modified 

cell line, we conducted IC 50 assays under degraded STAT1 con-

ditions and observed that IFNγ-induced resistance was abolished 

(Figure 3D). Additionally, the growth rate across drug doses in 

STAT1-degraded cells aligned with that of the PBS control, con-

firming that STAT1 is a dominant driver of IFNγ-induced resis-

tance (Figure 3E).

Previous studies have suggested that AXL, an RTK upregulated 

in response to IFNγ, may function redundantly to enable cells to

bypass FLT3 inhibition. 16,30–32 To investigate AXL’s role in resis-

tance, we examined its two primary modes of activation: ligand-

dependent and ligand-independent mechanisms (Figure 3F). 17 

As a first step, we confirmed that IFNγ exposure led to AXL 

upregulation in MV411 and MOLM13 cells (Figure 3G). 

Additionally, we assessed AXL expression following treatment 

with the JAK1/2 inhibitor ruxolitinib and found that AXL expression 

was downregulated in its presence, further supporting a 

connection between JAK/STAT1 signaling and AXL regulation 

(Figure S3A). 33 We then performed IC 50 assays in the presence 

of bemcentinib, an AXL inhibitor, which abolished resistance un-

der IFNγ conditions (Figure 3H). 34 Similarly, shRNA-mediated 

AXL knockdown eliminated IFNγ-induced resistance, supporting 

AXL’s critical role. To test the ligand-dependent mechanism, we 

introduced AXL-Fc/soluble AXL (sAXL), which binds the AXL 

ligand GAS6, rendering it unable to bind endogenous AXL. 16 

Despite the addition of sAXL, IFNγ-induced resistance persisted. 

GAS6 knockdown via shRNA produced similar results, and a 

GAS6 ELISA performed on supernatants from control and 

IFNγ-exposed cells detected no GAS6 in either condition (data 

not shown). We then investigated the ligand-independent mecha-

nism of AXL activation. Overexpression of RTKs, including AXL, is 

known to trigger autophosphorylation and activation. 35,36 Indeed, 

AXL overexpression in our system resulted in a more pronounced 

shift in IC 50 compared to the wild-type (WT) cell line. These 

findings suggest that STAT1 signaling plays a critical role in 

IFNγ-induced resistance, with AXL likely acting through a ligand-

independent mechanism and serving as a key contributor.

Gilteritinib abolishes IFNγ-induced resistance, but 

introduces IFNγ-dependent selection of highly 

proliferative resistant clones

Having established AXL as a major contributor to IFNγ-induced 

resistance, we hypothesized that gilteritinib, a dual FLT3 and 

AXL inhibitor, would abolish the induced resistance and produce 

a selection profile in the drug-pulse challenge assay resembling 

the PBS control (Figure 4A). To test this, we expanded upon the 

screen in Figure 1 by performing IC 50 assays using gilteritinib 

and its combinations (Figure 4B). Consistent with prior observa-

tions, the pro-inflammatory cytokine cocktail induced gilteritinib 

resistance in MV411 cells (Figure S4A). However, when individual 

components were tested, including IFNγ, no significant shifts in 

IC 50 -fold change were observed in either MV411 or MOLM13 cells 

(Figure 4C). These findings suggest that resistance may be driven 

by parallel inflammatory pathways with potential crosstalk, acting 

independently of RTKs, as previously observed with quizartinib. 

We further examined the hypothesis using a drug challenge 

assay similar to the one used for quizartinib (Figure 2). While 

the PBS control condition displayed the expected decrease in 

growth rate with increasing challenge cycles, IFNγ-exposed cells 

did not align with the control as hypothesized (Figure 4D). 

Instead, there appeared to be a selection for highly proliferative 

cells during the 5-h pulse cycles. These selected cells demon-

strated increased resistance, indicated by a higher AUC and a 

lower degree of challenge, as reflected by the slope at the inflec-

tion point (Figures 4E–4G).

Genomic barcoding revealed interesting insights. Although the 

decrease in population growth rate suggests that gilteritinib
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broadly eliminated cells, the minimal barcode depletion indi-

cates a lack of preferential clonal selection. In contrast, the 

IFNγ condition exhibited substantial barcode depletion and a 

lower Shannon Index (Figures 4H and 4I), indicating a higher de-

gree of selection. This was further supported by the growth 

rate observed in the challenge assay, which reflected the selec-

tion of highly proliferative clones. To evaluate whether the magni-

tude of resistance differed post-challenge, both PBS control and

A F

H

G

B

C

D E

Figure 3. STAT1 signaling drives IFNγ-induced resistance via AXL expression and ligand-independent activation

(A) Schematic of the model linking IFNγ-induced STAT1 signaling to resistance via receptor tyrosine kinase (RTK) activation.

(B) CRISPR-Cas9 PAM-out Nickase strategy to introduce a homology-directed repair (HDR) cassette encoding an FKBP degron tag at the N-terminus of STAT1.

(C) Validation of STAT1 degradation using dTAG degrader (d13, 100 ng/mL) in WT and bulk sorted engineered MV411 (dTAG-STAT1-MV411) cells exposed to 

d13, IFNγ (10 ng/mL), or both for 24 h. WT-STAT1 and dTAG-STAT1 abundance were analyzed via Western blotting.

(D) IC 50 assay of homozygous dTAG-STAT1 edited MV411 treated with d13 (100 ng/mL) for 24 h under control or IFNγ conditions.

(E) Normalized growth rates of homozygous dTAG-STAT1 MV411 treated with d13 measured between 24 and 72 h post-drug exposure at specified dosages in 

control and IFNγ conditions.

(F) Schematic of AXL as a candidate RTK and its activation mechanisms: ligand-dependent and ligand-independent.

(G) Western blot and quantification of AXL expression in MOLM13 and MV411 cells after 24-h exposure to IFNγ, with experiments performed in triplicates.

(H) IC 50 assay results for MV411 cells modified with the following conditions (top to bottom): bemcentinib (61.8 nM) to inhibit AXL kinase activity, AXL knockdown 

via shRNA, addition of soluble AXL (sAXL, 2 μg/mL) to neutralize GAS6 ligand, GAS6 knockdown via shRNA, and AXL overexpression. Statistical significance for 

the IC 50 ratios and normalized growth rates was determined using an independent samples t test, where p < 0.05 (*), p < 0.01 (**), p < 0.001 (***), and n.s. = not 

significant. Error bars in all panels represent the mean ± standard deviation from triplicate experiments. IC 50 values are summarized in Data S1.
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IFNγ-exposed populations were maintained in control media for 

seven days following the 15 challenge cycles. Interestingly, the 

resistance magnitude between the two conditions differed, 

with IFNγ-exposed cells exhibiting a lower fold-change relative 

to WT (Figure 4J). This suggests that while the IFNγ condition dis-

played higher resistance during the assay, this resistance was 

dependent on continuous IFNγ exposure. Transcriptional 

profiling showed results like those observed in the quizartinib 

assay (Figure 2), suggesting that transcriptional changes may

play a more critical role in resistance under gilteritinib treatment 

compared to quizartinib (Figures 4K and S4B–S4G).

Translational relevance of IFNγ-induced resistance in 

FLT3-mutated AML patient blasts

To connect the mechanistic insights observed in cell lines to 

AML, we designed an experimental and analysis workflow to 

examine FLT3-mutated AML patient blasts. Bone marrow sam-

ples with high blast counts were cultured for 5–7 days in blast
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Figure 4. Gilteritinib reduces IFNγ-induced resistance in FLT3-ITD AML cells, but selects for highly proliferative clones

(A) Schematic of the signaling model hypothesizing that gilteritinib through dual inhibition of FLT3 and AXL, abolishes IFNγ-induced resistance.

(B) Heatmap showing IC 50 -fold change of gilteritinib and its combinations across different microenvironmental cocktails in MV411 cells.

(C) Gilteritinib (G) IC 50 fits for individual components of the pro-inflammatory cocktail in both MV411 and MOLM13 cell lines.

(D) Normalized growth rates of MV411 cells across gilteritinib challenge cycles under PBS and IFNγ conditions, with data smoothed using a locally weighted 

smoothing function. Each curve represents a replicate experiment.

(E–G) Cumulative AUC for the two sequential phases of gilteritinib challenge cycles, with slopes at the inflection point quantified. Error bars represent the mean ± 

standard deviation from triplicate experiments.

(H) Barcode frequency in log scale for MV411 cells before and after 15 cycles of gilteritinib challenge under PBS control and IFNγ conditions.

(I) Shannon index of barcode diversity between the conditions, with error bars representing the bootstrap estimate of standard error. After 15 challenge cycles,

cells were maintained in control media for seven days before IC 50 assays (J) and RNA sequencing with GO term analysis (K). Statistical significance for IC 50 ratios

and challenge metrics was assessed using independent sample t test, where p < 0.05 (*), p < 0.01 (**), p < 0.001 (***), and n.s. = not significant. Error bars in IC 50 

experiments indicate the mean ± standard deviation from three independent replicates.
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media to establish a uniform baseline, enabling more robust and 

controlled experiments (Figure 5A). We assessed multiple di-

mensions to characterize the patient blasts. We defined AML 

cell ontogeny using six key surface markers from a ten-marker 

panel in spectral flow cytometry, comparing them to healthy 

bone marrow to precisely determine their position along the dif-

ferentiation spectrum (Figure S7). The phosphorylation of STAT1 

(pSTAT1) in response to IFNγ was measured to evaluate activa-

tion of the IFNγ-STAT1 signaling cascade. pSTAT1 responses 

were also quantified using flow cytometry and analyzed with 

SARAR (Figure S8). 37 We also investigated the IC 50 shifts for 

both quizartinib and gilteritinib with and without IFNγ, as well 

as AXL expression in response to IFNγ (Figures S9–S11A). 

Figures 5B–5E display representative data of the analyses. The 

analysis was integrated into a summary map for each patient 

blast sample (B#), with quantitative measures presented as per-

centages, fold changes, or Z scores (Figure 5F).

We observed a positive correlation between pSTAT1 levels and 

AXL expression, highlighting the importance of IFNγ signaling in 

driving AXL expression (Figure 5G), particularly in monocyte-clas-

sified blasts (Figure S11B). This positive correlation was also 

associated with the proliferative capacity of the samples and their 

baseline gilteritinib IC 50 (Figure S11C). Stratifying blasts by base-

line gilteritinib IC 50 using z-scores revealed that samples in the 

high IC 50 group exhibited significantly lower AXL fold change in 

response to IFNγ compared to the low IC 50 group (Figure 5H). 

This suggests that samples with higher resistance to gilteritinib 

may not rely on downstream IFNγ signaling for survival. In 

contrast, blasts with low baseline quizartinib IC 50 displayed a 

fold-change shift upon IFNγ exposure (Figure 5I). Conversely, 

the fold-change shift in gilteritinib IC 50 was inversely proportional 

to the baseline gilteritinib IC 50 (Figure S11D). These findings un-

derscore the heterogeneity of AML, even under tightly controlled 

experimental conditions. Nonetheless, the observed correlations 

emphasize key cellular mechanisms underlying resistance in spe-

cific patient samples, providing critical insight into potential thera-

peutic strategies.

DISCUSSION

The microenvironment plays a critical role in driving resistance to 

targeted therapies, yet its contribution to FLT3-ITD AML remains 

largely uncharacterized. 6,8,9 While studies on short-term micro-

environmental influences provide valuable insights into the cell’s 

response to drug, they fail to capture the long-term dynamics of 

resistance. 8 Understanding how resistance evolves over time is 

essential, as it reflects the selective pressures and adaptive 

changes that occur in physiological systems, including clinical 

settings.

Here, we demonstrate that IFNγ, a key inflammatory cytokine, 

induces resistance in short term FLT3 inhibitors in IC 50 assays. 

However, beyond this acute response, we uncover novel in-

sights into how resistance manifests over extended periods. 

Genomic barcoding and longitudinal drug challenge assays re-

vealed that IFNγ exposure increases the fraction of AML cells 

entering a quizartinib-resistant state, as shown by barcode di-

versity analysis. In contrast, under control conditions, the major-

ity of cells remain sensitive to quizartinib, with only a subset dis-

playing resistance. DTP cells, a subpopulation of cancer cells 

capable of surviving drug exposure, provide a reservoir from 

which resistant clones can emerge through genetic or non-ge-

netic mechanisms. 14,25,30 Our findings suggest that IFNγ in-

creases the pool of DTP cells, thereby heightening the likelihood 

of resistance development via either genetic evolution or adap-

tive mechanisms. 38,39

Transcriptional analysis of what may be classified as DTP cells 

post-drug challenge revealed persistent resistance even after 

IFNγ removal, indicating an adaptive rather than transient effect, 

potentially driven by epigenetic reprogramming or an autocrine 

process. 26,40 While the limited efficacy of AML therapies in vivo 

is often attributed to limited drug accessibility within bone 

marrow niches, our findings suggest that microenvironmental 

signaling reprograms leukemia cell responses to treatment, 

altering drug sensitivity and promoting persistence. 41,42 

Mechanistically, we identify the IFNγ-STAT1 axis as the pri-

mary driver of IFNγ-induced resistance. While previous studies 

have implicated AXL in FLT3 inhibitor resistance via its ligand 

GAS6 and cytokine-dependent STAT5 activation, our findings 

reveal a distinct, ligand-independent pathway. 16 Specifically, 

IFNγ-mediated STAT1 activation drives AXL upregulation, 

providing an alternative survival pathway. This is supported by 

both genetic and pharmacological interventions, which demon-

strate that both STAT1 degradation and AXL inhibition abolish 

IFNγ-induced resistance. These findings highlight how AML cells 

exploit inflammatory signaling pathways to activate alternative 

survival mechanisms, positioning AXL as a key mediator of resis-

tance in this context. Furthermore, AXL overexpression resulted 

in an even greater resistance shift, suggesting that AXL-driven 

resistance functions along a continuum rather than as a binary, 

switch-like mechanism. This observation is consistent with the 

ligand-independent dimerization model of RTK activation, where 

receptor overexpression increases random encounters, leading 

to activation and downstream signaling. 35,43,44 The presence of 

multiple mechanisms driving AXL upregulation and resistance 

underscores the multimodal complexity by which the microenvi-

ronment contributes to therapy resistance. While AXL appears to 

be a primary driver in this system, we speculate that other RTKs 

or combinations of RTKs could similarly contribute to resistance 

through cross-activation when overexpressed. Furthermore, the 

possibility that FLT3 inhibitors exhibit off-target effects on 

additional RTKs may further complicate the resistance land-

scape and should be considered when interpreting inhibitor 

responses. 28,29

Our findings also reveal an unexpected limitation of gilteritinib 

as a dual FLT3/AXL inhibitor. 42 While gilteritinib initially prevents 

IFNγ-induced resistance, prolonged drug exposure leads to the 

selection of highly proliferative resistant clones that exhibit a 

degree of dependence on IFNγ to maintain resistance. This sug-

gests that although AXL inhibition effectively counteracts acute 

IFNγ-driven resistance, additional mechanisms, beyond RTKs, 

contribute to long-term adaptation. 8 Notably, this observation 

was only detectable through our genomic barcoding and longitu-

dinal drug challenge assay, highlighting the importance of long-

term tracking in uncovering adaptive resistance dynamics. 

Expanding these observations to a translational context, we 

cultured AML patient blast samples and characterized both their
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Figure 5. Translational relevance of IFNγ-induced resistance in FLT3-mutated AML patient blasts

(A) Workflow of experimental design: patient blasts obtained from the VUMC Hematology Tissue Repository were cultured for 5–7 days in blast media. A subset of 

cells was stimulated with IFNγ and barcoded to be combined with control conditions, then analyzed via spectral flow cytometry to assess ontogeny and pSTAT1 

response. Additional cells were used for IC 50 assays with quizartinib and gilteritinib, proliferation capacity assessments, and AXL expression analysis (see 

materials and methods).

(B) Healthy donor bone marrow embedding of progenitors, dendritic cells, and monocytes (left). Representative patient blast projection onto the donor 

embedding to determine blast ontogeny (right).

(C) Representative histograms of biexponentially transformed pSTAT1 flow cytometry signals in control and 15-min IFNγ-stimulated conditions, shown across the 

total sample (composite) and ontogeny classifications.

(D) Representative IC 50 assay performed on patient blasts.

(E) Representative western blot analysis of AXL expression in patient blasts under control and IFNγ-exposed conditions for 24 h.

(F) Summary map of patient blasts integrating genetic profiles, percent blast ontogeny, z-scores of pSTAT1 SARA scores, IC 50 baseline and fold change under 

IFNγ for quizartinib and gilteritinib, proliferation capacity fold change, and Z scores of AXL baseline expression and 24-h fold change post-IFNγ exposure. 

(G–I) Correlation plots summarizing key relationships among quantified parameters. Outliers were removed using the interquartile range (IQR) method. Pearson 

correlation coefficients and p-values are indicated within the plot, and statistical significance was assessed using independent samples t test, where p < 0.05 (*), 

p < 0.01 (**), p < 0.001 (***), and n.s. = not significant. All quantified data points in this figure are summarized in Data S2.
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phenotypic and functional properties. The inherent heterogene-

ity of patient samples presents a challenge in identifying 

fundamental cellular mechanisms. To address this, we tightly 

controlled experimental conditions and minimized variables to 

ensure a robust analysis. Given the complexity of AML, it is 

critical to measure multimodal parameters to accurately charac-

terize blast behavior. In our experiments, we profiled the 

ontogeny of AML blasts while assessing key functional parame-

ters, including pSTAT1 response to IFNγ, shifts in IC 50 to FLT3 

inhibitors, and AXL protein expression levels. Despite patient-

to-patient variability, we identified trends supporting the 

IFNγ-STAT1 axis as a potential driver of resistance, mirroring 

our findings in cell line models. Specifically, we observed that 

certain blast samples exhibited drug resistance following IFNγ 
stimulation. Moreover, pSTAT1 response correlated with AXL 

expression, reinforcing the importance of STAT1 signaling in 

the regulation of resistance-associated pathways.

In conclusion, our study identifies IFNγ as a key driver of 

microenvironment-induced resistance in FLT3-mutated AML, 

mediated through STAT1-dependent AXL upregulation. These 

findings provide a mechanistic framework for understanding in-

flammatory signaling-driven resistance and offer potential thera-

peutic targets to enhance the efficacy of FLT3 inhibitors.

Limitations of the study

While this study provides mechanistic insights into IFNγ-driven 

resistance to FLT3 inhibitors in AML, several limitations should 

be acknowledged. First, the use of AML cell lines, while enabling 

controlled mechanistic dissection, inherently limits the scope of 

our findings due to their reduced microenvironmental complexity 

and clonal heterogeneity compared to primary patient samples. 

Second, although patient-derived blasts were incorporated to 

enhance translational relevance, these samples were cultured 

ex vivo under standardized conditions to achieve a uniform base-

line prior to perturbation assays. This approach, while necessary 

for robust comparative analysis, introduces an artificial microen-

vironment that may not fully recapitulate the complex in vivo 

bone marrow niche, including stromal interactions, hypoxia, 

and cytokine gradients that influence drug response and resis-

tance dynamics.

Third, while our data highlight the IFNγ-STAT1 axis as a domi-

nant pathway mediating resistance, it is possible that IFNγ 
signaling indirectly activates additional survival pathways or 

other RTKs not captured in this study. The potential contribution 

of other RTKs, such as MER or TYRO3, as well as non-canonical 

IFNγ-induced signaling cascades, may play supporting roles in 

mediating resistance and warrant further investigation. Addition-

ally, while our findings suggest that IFNγ acts in a paracrine-like 

manner within the microenvironment, the possibility of autocrine 

IFNγ signaling in AML blasts, particularly in highly inflamed 

niches, remains unexplored and could represent an additional 

layer of complexity in resistance mechanisms.

Lastly, while we employed genomic barcoding and longitudi-

nal drug challenge assays to model resistance dynamics, these 

in vitro systems cannot fully capture the evolutionary pressures 

and cellular interactions present in vivo, including immune-medi-

ated effects and pharmacokinetic factors influencing drug 

exposure. Despite these limitations, our integrative approach

combining systematic perturbation, longitudinal tracking, and 

patient-derived sample validation provides a robust framework 

for dissecting microenvironmental contributions to drug resis-

tance and identifies IFNγ-STAT1 signaling as a therapeutically 

relevant driver of resistance in FLT3-mutated AML.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Cell lines

MV411 (ATCC, CRL-9591) and MOLM13 (AddexBio, C0003003) AML cell lines were cultured in RPMI-1640 supplemented with 10% 

FBS and penicillin-streptomycin. HEK293T cells were cultured in DMEM supplemented with 10% FBS. Patient-derived AML blast 

cells were cultured as previously described, with a modification: TheraPEAK X-VIVO-10 Serum-Free Hematopoietic Cell Medium 

(Lonza, BP04-743Q) was supplemented with 10% Hyclone FBS (Cytiva, SH3091003HI), 1× (2 mM) GlutaMAX (Gibco), 25 ng/mL 

hTPO, 50 ng/mL hSCF, and 20 ng/mL hIL-3 (PeproTech). 50 All cells were maintained at 37 ◦ C with 5% CO 2 in a humidified incubator.

Human samples

AML patient blast samples were obtained from the Vanderbilt University Medical Center Hematology Tissue Repository, with deiden-

tified metadata in Data S2. All samples in the repository were enrolled via written informed consent for sample collection, and bone 

marrow aspirates were collected and processed by the Hematologic Tissue Repository at Vanderbilt University Medical Center 

(VUMC). Bone marrow mononuclear cells were cryopreserved and stored in liquid nitrogen until use. Deidentified data with limited 

demographic information was deposited in the repository metadata and used according to the protocol to access these samples 

approved by the local Institutional Review Board (#171654). All research on patient samples was conducted in accordance with 

the ethical standards of the institution and with the Declaration of Helsinki.

METHOD DETAILS

IC 50 assay and analysis

As illustrated in Figure 1A, cell lines were seeded with designated microenvironment components (Table S1) or PBS control. Com-

ponents were used at a final concentration of 10 ng/mL.

On day 1, cells were transferred to 96-well plates containing drug(s) (Table S2) and incubated for 48 h.

On day 3, 25 μL from each well was mixed with 25 μL of CellTiter-Glo 2.0 reagent (Promega, G9241), agitated for 5 min, and incu-

bated for 5–10 min for signal stabilization before luminescence was measured using a GlowMax (Promega, Madison WI). 

Luminance data were analyzed in R using the ‘drc’ package, with code available in the ‘‘IC 50 Analysis’’ section of the accompanying 

GitHub repository. 46 Drug dose-response measurements were normalized to DMSO controls, and IC 50 values were determined using 

a four-parameter log-logistic model. Statistical significance was assessed using a t test to compare IC 50 ratios. Relative proliferation 

capacity was determined from the DMSO control viability measurements.

Growth rate experiments and extrapolation

Viability measurements from two time points were used to extrapolate growth rates. Growth rates were normalized to DMSO controls 

and analyzed in R. Detailed implementation code is available in the ‘‘Growth Rate’’ section of the accompanying GitHub repository.

Genomic barcoding and sequencing

The LARRY Barcode Version 1 library (Addgene, 140024) was expanded, packaged into lentivirus, and transduced into cell lines as 

previously described. 51 Briefly, the library was first expanded in DH10B cells cultured in sixty 10 cm Petri dishes. Plasmids were then 

purified using a standard Maxi prep kit. The purified library was subsequently used to generate lentivirus, as detailed in the lentivirus 

generation and transduction section. Library diversity was confirmed by Next-Generation Sequencing (NGS) (Figure S2B).

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Nextflow Di Tommaso et al. 26 https://www.nextflow.io/

nf-core Robinson et al. 25 https://nf-co.re/

edgeR Robinson et al. 48 https://bioconductor.org/packages/edgeR

Fiji Schindelin, J et al. 49 https://github.com/fiji

cyCombine Pedersen et al. 30 https://github.com/biosurf/cyCombine

Phenograph Levine et al. 37 https://github.com/JinmiaoChenLab/

Rphenograph

R (4.3.2) Posit PBC https://www.r-project.org

Python (3.9) Python Software Foundation www.python.org

SARAR This paper https://ferrell-lab.github.io/Khouqeer2025/; 

Archived at: https://doi.org/10.5281/ 

zenodo.14741394).
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To sequence barcodes, DNA was extracted using the DNeasy kit (Qiagen, 69504). The barcode region was amplified using LARRY 

primers, followed by a second PCR to add Illumina adapters (see Table S3 for primer sequences). and the samples were sequenced 

on an Illumina Nova X Plus (Illumina, San Diego, CA).

FASTQ files were processed using Python and the umi_tools package. 47 Detailed implementation code is available in the ‘‘Barcode 

Analysis’’ section of the accompanying GitHub repository, and FASTQ files have been deposited in Sequence Read Archive (SRA) 

(see resource availability).

Lentivirus generation and transduction

Lentiviral vectors were developed using pMD2.G and psPAX2, as previously described (Addgene, 12259, 12260). 52 Briefly, pMD2.G, 

psPAX2, the lenti plasmids, and FuGENE HD transfection reagent (Promega, E2311) were combined in Opti-MEM (ThermoFisher, 

31985062) at specified ratios (Table S4). After incubating for 20 min, the mixture was added dropwise to 10 cm dishes containing 

HEK293T cells at 50% confluency. The supernatant was collected over three days, pooled, and ultracentrifuged at 100,000 × g 

for 90 min. AML cell lines were transduced via spinfection (1200g for 90 min) using the concentrated lentivirus. Cells were expanded 

and GFP-sorted 5–7 days post-transduction.

Drug challenge cycles and dynamics analysis

Cells were seeded in 12-well plates at 0.5–1 million cells/mL in 2 mL of media and maintained at this density throughout the assay. For 

each challenge cycle, cells were treated with drug at the respective IC 50 concentrations (quizartinib: 3.77 nM; gilteritinib: 31.02 nM) 

and incubated for either 5 h or 16 h. The initial 5-h incubation period was determined empirically based on its ability to induce measur-

able cell death while maintaining viability. Once cells in the control condition exhibited resistance, indicated by recovery of growth 

rate to baseline levels, the incubation period was extended to 16 h to continue monitoring resistance dynamics. After drug incubation, 

the media was replaced, and a baseline viability measurement was recorded. A second viability measurement was taken 24 h later to 

assess growth recovery using CellTiter-Glo 2.0.

RNAseq and analysis

RNA was extracted using the RNeasy Mini Kit (Qiagen, 74104), and sequencing was performed at Mirxes. FASTQ files have been 

deposited in SRA (see resource availability). FASTQ files were processed and mapped using Nextflow and the nf-core/RNAseq 

default workflow. 53,54 Differential expression and Gene Ontology (GO) analysis was performed in R using the edgeR package. 48

STAT1 genomic editing via CRISPR/Cas9 nickases

A PAM-out nickase approach was used to introduce single-stranded cuts near the stop codon of the STAT1 gene. A cloning plasmid 

(IDT, pUCIDT-AMP) was modified to serve as the homology-directed repair (HDR) donor by incorporating the STAT1 sequence from 

the cut site to the stop codon, FKBP12 F36V degron tag, HA-tag, P2A, and mCherry sequences. These elements were flanked by a 5 ′ 

homology arm (200 bp) and a 3 ′ homology arm (450 bp). The HDR donor plasmid map is available on the accompanying Figshare. 

Electroporation components and protocols were followed as previously described. 55 A summary of the components is provided in 

Table S5. Briefly, a ribonucleoprotein (RNP) complex was assembled in a modified R buffer (250 mM sucrose, 1 mM MgCl 2 in PBS). 

MV411 cells were resuspend in 105 μL of R buffer. To the cell suspension, 12 μg of HDR plasmid concentrated in 2 μL and 1.9 μL of 

100 μM Alt-R HDR Enhance r V2 (IDT, 10007910) were added. The cells were then mixed with the RNP complex.

Electroporation was carried out using the NEON Electroporation System (ThermoFisher) with 100 μL tips and the following settings:

1 pulse at 1,350 V for 35 ms. After electroporation, cells were plated in a 6-well dish containing antibiotic-free media and expanded for 

one week. Enrichment for mCherry-positive cells was performed twice by FACS (Figure S3B). Cassette insertion was validated via 

HA-tag Western blot (Figure S3C). Phosphorylation of the modified STAT1 protein was validated by stimulating cells with IFNγ for 

15 min, followed by intracellular flow cytometry to measure phosphorylated STAT1 levels (Figure S3D). To isolate a homozygous edi-

ted clone, single-cell sorting was performed, and the resulting clones were screened using a 3-primer melt curve analysis system 

(Figures S3E–S3G).

Knockdown and inhibition of AXL and GAS6, and AXL overexpression

Knockdowns were performed using the Tet-pLKO-puro plasmid (Addgene, 21915). AXL and GAS6 shRNA sequences (Table S6) 

were cloned into the plasmid using the standardized pLKO plasmid cloning protocol. 56 An shRNA scramble control with the same 

shRNA system was performed (Addgene, 192076) (Figure S3H). Modified plasmids were used to generate lentiviral particles for 

cell transduction. Three days post-transduction, puromycin selection (0.5 μg/mL) was maintained for 5 days. Knockdown was 

induced with 2 μg/mL doxycycline. Knockdown efficiency was confirmed via Western blot.

AXL activity was inhibited using Bemcentinib (Selleckchem, S2841). A dose-response experiment (Figure S3I) determined 61.8 nM 

as the highest non-toxic dose. Soluble AXL (sAXL) (BioLegend, 790902) was added at the specified concentrations. 

Overexpression of AXL was achieved by packaging and transducing the pHAGE-AXL plasmid (Addgene, 116714).
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Western blot and analysis

Cells were lysed in RIPA buffer supplemented with a protease inhibitor cocktail (Roche, 11836170001). The lysates were boiled in 

Laemmli buffer containing dithiothreitol (DTT) for 10 min and loaded onto a 4–20% polyacrylamide gel (Bio-Rad, 4561094). Electro-

phoresis was performed in Tris-Glycine-SDS buffer.

Protein transfer was carried out using the Trans-Blot Turbo Transfer System (Bio-Rad) onto PVDF membranes. The membranes 

were blocked in 5% milk TBST for 24 h at 4 ◦ C with gentle rocking. Antibody details, including dilutions and incubation times, are sum-

marized in Table S7. Membranes were developed using Pierce ECL substrate (ThermoFisher, 32106). Protein band quantification 

was performed using Fiji. 49

AML patient blast functional analysis

AML patient blast samples were obtained from the Vanderbilt University Medical Center Hematology Tissue Repository, with repos-

itory numbers listed in Data S2. Samples were thawed, counted, and split among conditions as below.

One portion was split into two conditions: 1) PBS control and 2) IFNγ-stimulated for 15 min. After stimulation, cells were fixed in 

1.6% PFA and permeabilized in ice-cold methanol. Barcoding was performed using Pacific Orange (PO) (ThermoFisher, P30253) 

at two distinct concentrations (high: 100 ng/mL, low: 12 ng/mL). The barcoded cells were washed, pooled, and stained with an anti-

body cocktail (Table S7). Spectral flow cytometry was conducted using the Cytek Aurora (Cytek Biosciences, CA). FCS files are avail-

able on the accompanying Figshare.

FCS files were processed in R by gating blast cells based on forward and side scatter (Figure S5A) and subsetting them according 

to PO barcoding (Figure S5B). Healthy donor spectral flow datasets from Spasic et al. were normalized with AML FCS files using 

cyCombine. 45,57 (Figures S6A and S6B) The healthy donor normalized datasets were embedded in UMAP space to generate a refer-

ence embedding. Phenograph clustering was subsequently applied to identify relevant clusters. 37

The AML cells were projected into the UMAP space, and their UMAP coordinates were compared to the centroids of reference 

clusters (progenitors, monocytes, and dendritic clusters) using cosine similarity. Detailed implementation code for this analysis is 

available under the ‘‘Ontogeny’’ section in the accompanying Github repository.

To evaluate the perturbation of STAT1 phosphorylation in response to IFNγ, we developed SARAR, an R-based implementation of 

SARA (Statistical Analysis of Perturbation Response). 37 The detailed implementation code and a deployable R package are available 

under the ‘‘SARAR’’ section in the accompanying Github repository. A SARA score was generated for each blast by comparing con-

trol and stimulated conditions, and the scores were scaled to z-scores for interpretability.

The second portion of cells was used for IC 50 determination of quizartinib and gilteritinib under control and IFNγ conditions. Addi-

tionally, AXL expression was evaluated via Western blot

QUANTIFICATION AND STATISTICAL ANALYSIS

Drug dose-response measurements were normalized to DMSO controls, and IC 50 values were determined using a four-parameter 

log-logistic model. Statistical significance was assessed using a t test to compare IC 50 ratios. Relative proliferation capacity was 

determined from the DMSO control viability measurements. Statistical significance was determined based on the estimated p-values 

of the designated statistical test in each figure panel, where p < 0.05 (*), p < 0.01 (**), p < 0.001 (***), and n.s. = not significant. Sta-

tistical details are stated in each figure and figure legend.
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