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Solubility based mechanistic profiling of
combinatorial drug therapy

Elham Gholizadeh1,13, Ehsan Zangene1,13, Uladzislau Vadadokhau1, Danilo Ritz 2,
Juho J. Miettinen 3, Rabah Soliymani 1, Marc Baumann1, MathiasWilhelm 4,5,
Esko Kankuri 6, Paul A. Haynes 7, Caroline A. Heckman 3,8,
Amir A. Saei 9,14 & Mohieddin Jafari 1,10,11,12,14

Acute myeloid leukemia (AML) remains challenging to treat due to extensive
genetic heterogeneity, high relapse rates, and treatment-related toxicity.
Althoughdrug combinations offer therapeutic promise, their selection is often
empirical. Here, we introduce Combinatorial Proteome Integral Solubility/
Stability Alteration analysis (CoPISA), a high-throughput proteomics workflow
that captures protein solubility/stability alterations uniquely induced by drug
combinations. We applied CoPISA to two rationally designed AML drug pairs,
LY3009120-sapanisertib (LS) and ruxolitinib-ulixertinib (RU), previously
identified as the most effective and least toxic combinations among many
candidates and validated in AML cell lines, patient-derived samples and zeb-
rafish xenograft models. We uncovered an emergent mechanism termed
“conjunctional targeting”, in which combinatorial drug action induces
combination-exclusive protein targets consistent with an AND-gate logic
model. LS-specific converged on SUMOylation, chromatin condensation, and
VEGF-linked adhesion, while RU-specific targets disrupted DNA-damage
checkpoints, mitochondrial bioenergetics, and RNA-splicing. Post-
translational modification analysis revealed combination-induced acetylation,
methylation, and phosphorylation of key AML proteins, including NPM1.
Network analysis demonstrated that a substantial fraction of AML-associated
proteins targeted by CoPISA are unique to combinations, including DNMT3A,
NPM1, and TP53. By uncovering a mechanistic layer beyond classical synergy,
CoPISA provides a robust framework for the precision-guided design of
combinatorial therapies in heterogeneous cancers.

Acute myeloid leukemia (AML) is an aggressive hematologic malig-
nancy characterizedby the clonal expansion of immaturemyeloid cells
in the bone marrow and peripheral blood, resulting in disrupted
hematopoiesis1. Due to the complexity of AML and the limited efficacy
of monotherapies, combination therapy has long been central to
treatment strategies2,3. This approach often demonstrates superior
efficacy compared to monotherapy, leveraging the synergistic or
additive effects of different agents to combat complex diseases4.

However, challenges such as resistance to these combinatorial therapy
regimes emphasize the need for further research to optimize treat-
ment strategies and improve patient outcomes. On the other hand,
most combinations to date have been derived empirically, with limited
mechanistic understanding of how multi-agent treatments interact
within the cellular proteome. This limitation is particularlyproblematic
in AML, where genetic and epigenetic heterogeneity fosters divergent
responses to therapy and promotes the rapid emergence of resistant
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clones5. Moreover, high toxicity associated with multi-drug regimens
restricts their broader clinical application and often necessitates dose
reductions that compromise efficacy6,7. Recent work from our group
addressed this challenge by systematically searching for rational AML
drug combinations using a patient-derived drug–response bipartite
network8. This approach integrates efficacy and toxicity measure-
ments and identified two particularly promising combinations,
LY3009120with sapanisertib (LS) and ruxolitinib with ulixertinib (RU),
as optimal pairs acrossAMLpatient samples, cell lines and xenografted
zebrafish9.

Proteomics-based approaches have recently emerged as promis-
ing tools for elucidating drug mechanisms of action at the systems
level. One such approach is the study of drug-induced shifts in protein
conformational solubility/stability, which can provide insights into the
potential protein targets and then the mechanisms of action of
therapeutics10,11. The thermal shift assays leverage the principle that
drug binding affects the solubility or thermodynamic stability of a
protein, allowing researchers to identify drug targets across the whole
cellular proteome12. In a similar vein, the PISA assay is a high-
throughput technique to monitor drug target engagement and has
been employed to decipher the targets of hundreds of drugs
recently12–14. However, these methods have been primarily applied to
single-agent treatments and fail to capture emergentmolecular effects
unique to drug combinations. To overcome this gap, we developed
CoPISA (Combinatorial Proteome Integral Solubility/Stability Altera-
tion analysis), a high-throughput proteomics workflow designed to
interrogate combination-specific solubility alterations in proteins.

In this work, we apply the CoPISA method to two recently iden-
tified drug combinations with demonstrated high efficacy and low
toxicity in AML patient samples, cell lines, and xenografted zebrafish
models8,9. This technique uses advanced proteomic tools to explore
both primary (using lysate sample) and secondary (using living sam-
ple) target effects, providing a comprehensive understanding of how
combinatorial therapies can modulate multiple signaling pathways to
overcome treatment resistance12,15. This research extends beyond tra-
ditional drug target identificationby examining how these interactions
impact cellular behavior at a systems level, thereby addressing current
limitations in understanding the mechanisms behind successful drug
combinations. Moreover, we introduce a molecular mechanism
termed ‘conjunctional targeting,’ where the combined action of drugs
produces biological responses that are unattainable by individual
compounds (more definition in the Results section). This perspective
transforms our understanding of drug interactions and paves the way
for more effective therapeutic strategies in AML and other complex
diseases.

Results
CoPISA Assay principal and Ab Initio Simulation
To investigate how combinatorial drug treatments affect protein
solubility,weused theCoPISAworkflow, anextension of the PISA assay
tailored for combinatorial therapies. In the CoPISA assay, we quantify
protein solubility/stability by measuring the total amount of each
protein, represented as the area under the melting curve of each
protein (Sm), enabling precise solubility/stability measurements with-
out the need for curve fitting. The CoPISA workflow involves treating
cells with each drug individually (e.g., A and B), as well as in combi-
nation (AB), alongside untreated controls. Lysates or living cells are
then subjected to thermal treatment across a temperature gradient to
assess shifts in the amount of soluble/stable proteins (Sm) under each
condition (Fig. 1). Relative changes in Sm compared to the control
(4Sm) provided quantitative insight into drug-induced effects on
protein solubility/stability. These shifts indicate either stabilization
(increased Sm) or destabilization (decreased Sm) of proteins. Note that
in the following, we used “solubility” shift instead of “solubility/stabi-
lity” to emphasize the change in the amount of soluble protein after

altering stability with increasing temperature in the presence and
absence of drugs.

Protein classes in CoPISA represent patterns of solubility-based
candidate targets under specific experimental conditions (tempera-
ture range, drug concentrations, treatment time, and cell lines). These
patterns do not imply definitive absence or presence of drug-target
interactions, as thermal stability can be influenced by multiple factors
beyond direct binding. To reduce confounding effects from PTMs and
protein-protein interactions, all comparisons were made against
untreated controls. Thus, the classification should be interpreted as a
descriptive framework for solubility-based responses rather than a
mechanistic assignment. Based on this, there are eight classes,
revealing distinct impacts on protein solubility. The four trivial classes
of proteins according to drug-target interactions can be hypothesized
as follows: A (protein targeted by drug A), B (protein targeted by drug
B), A∩B (protein targeted by both drug A and drug B), A∪B (protein
not targeted by any drug) when using two drugs or compounds for
treatment. Inone class, someproteins are unaffectedby all treatments,
showing no changes in solubility compared to the control. Two classes
involve independent inhibition (A or B), where treatment with either
drugAor drugB alone leads to specific alterations in solubility profiles,
indicating individual effects onprotein solubility. Theseproteins could
suggest a classical synergy mechanism in combinations by targeting
two proteins from different or identical biochemical pathways. A∩B
represents proteins targeted by both drug A and drug B, where com-
bined treatment results in a distinct solubility shift, potentially indi-
cating cooperative or enhanced binding effects. These proteins
could highlight synergistic interactions where the combined action of
both drugs leads to a stronger impact on solubility than either
drug alone.

As a theoretical proof of principle, we conducted a simulation of
melting sigmoidal curves for 10,000 hypothetical proteins to explore
the possibility of all four classes. This preliminary computational
analysis involved randomly selecting melting temperatures Tm in the
range from 48 to 56 °C using error (erf) and square root (sqrt) func-
tions. Examples of thus-simulated melting curves are shown in Fig. 2,
illustrating the variation in thermal stability across the different pro-
tein classes. Our analysis suggests that all four expected classes of
targeting proteins for this two-drug combination are theoretically
possible, based on a normal distribution and hypothetical values for
the mean and variance (Fig. 2A). This finding supports the idea that
different classes of proteins couldbedifferentially affectedby thedrug
combination. In addition, we observed a similar pattern of these four
classes with slightly distinct distribution based on the mean and var-
iance values extracted from a proof-of-principle Thermal Proteome
Profiling (TPP) published study16 (Fig. 2B), further validating the
robustness of our theoretical model and aligning with previously
observed experimental data.

However, in the CoPISA workflow, we also consider the treatment
of the combination (AB) in addition to the individual drugs. This
introduces a unique condition where certain proteins are exclusively
targeted by the combination treatment (AB), requiring the simulta-
neous presence of both drugs to induce significant shifts in solubility.
We refer to this phenomenon as conjunctional targeting (i.e., conjunc-
tional inhibition), defined here as combination-specific thermal solu-
bility/stability alteration, rather than a direct indication of functional
activation or inhibition. In the specific context of this study, as all
compounds are kinase inhibitors, we occasionally use the term con-
junctional inhibition as a practical descriptor; however, CoPISA itself
reports only solubility/stability changes and does not distinguish
whether these shifts correspond to functional activation or inhibition
of the affected proteins. This combinatorial effect can be framed
within logical gate theory17, suggesting a gate mechanism; both drugs
mustbe present to induce inhibition sufficiently. This pattern indicates
that these proteins may possess multiple binding sites or complex
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allosteric regulationmodulated only by both drugs, providing insights
into the underlyingmechanisms of this drug combination. Conversely,
if a protein is targeted in the presence of A, B, or A∩B, it aligns with a
gate model, representing an overlap of effects across treatments. This
mechanism offers an additional explanation for synergy in drug
combinations, where the effects are enhanced when used in tandem
compared to monotherapy.

Ultimately, we identified eight classes of proteins. Four of these
classes demonstrate shared protein targets across all drug treatments
(ABt∩At, At∩Bt, At∩Bt∩ABt, ABt∩Bt), while two classes show indivi-
dual protein targets specific to drug A or B treatments. One class,
termed conjunctional targeting, is uniquely targeted by the combina-
tion treatment (AB), and the remaining class consists of proteins that
are not targeted by any treatment.
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Fig. 1 | CoPISA workflow and possible states for target discovery in combina-
torial therapy. A Schematic overview of the CoPISAmethod applied to both intact
cells and lysates. Cells are treated with Drug A, Drug B, or their combination (AB)
and control, followed by heat treatment across a temperature gradient (48–59 °C).
Soluble proteins are isolated post-ultracentrifugation and analyzed by LC-MS, with
subsequent downstream analyses. B Comparison of the PISA concept of integral
analysis with the concept of sigmoidal curve fitting when using two drugs. In the
PISA workflow, protein solubility shifts are measured based on the area under the
curve (4Sm) rather than using the median of the fitted sigmoidal curve of dena-
turedprotein (4Tm) at several temperaturepoints. The area under the curve for the
first drug (light blue curve, S1m) and the second drug (red curve, S2m) is used to
calculate 4Sm within the temperature range of 48–59 °C. The same way is used to
measure the area under the curve for the combination treatment. C Theoretical

illustration of the CoPISA concept. This panel illustrates comparisons across mul-
tiple single treatments, including drug A, drug B, and combination AB, and various
intersections of solubility-candidated targets (i.e., At ,Bt ,ABt ) of these three treat-
ments compared to control (e.g., ABt∩At, At∩ Bt, At∩Bt∩ABt, ABt∩ Bt). It further
highlights a scenario in which no target can be identified for the complement of the
union of multiple treatments At ∪Bt ∪ABt� �C

. D Mapping of drug inhibition
models to logical gate analogies: Independent inhibition, where drugs A and B act
separately on targetsW and X, respectively, corresponds to an independent action;
conjunctional targeting, where drugs A and B jointly affect a single target Y, aligns
with the logical gate; and competitive, uncompetitive, or non-competitive inhibition,
representingmechanisms that are eithermutually exclusive or involve overlapping
inhibition effects, correspond to the logical gate.
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Global CoPISA Profiling and Intersectional Target Analysis in
AML Cell Lines
We applied the CoPISA workflow to four AML cell lines, MOLM-13,
MOLM-16, SKM, and NOMO-1, to examine how each single agent
(LY3009120, sapanisertib, ruxolitinib, and ulixertinib) and its corre-
sponding combination (LS and RU) reshape the soluble proteome.
Both lysates (capturing direct, primary binding events) and intact cells
(capturing the net effect of primary and secondary interactions) were
analyzed.

Volcano plots (Fig. 3A–D) illustrate a striking yet therapy-specific
redistribution of protein solubility. In the living cell condition (Fig. 3A),
treatment with ruxolitinib, ulixertinib, and the RU combination resul-
ted in 334, 393, and 553 significantly altered proteins, respectively. In
the lysate (Fig. 3B), treatment with ruxolitinib, ulixertinib, and the RU
combination yielded 350, 479, and 146 significantly altered proteins,
respectively. Corresponding to intact or living cells (Fig. 3C), treat-
ments with LY3009120, sapanisertib, and the LS combination yielded
349, 293, and 308 significantly altered proteins, respectively. The cell
lysates treated with LY3009120, sapanisertib, and the LS combination
resulted in 270, 141, and 215 significantly altered proteins, respectively
(Fig. 3D, Source Data File). These findings highlight that, while indivi-
dual treatments tend to produce extensive alterations in protein
solubility, the combination treatment exhibits amore selective pattern
of solubility changes, particularly under the lysate condition. Toge-
ther, these observations underscore the differential impact of single
and combined treatments on protein solubility, with notable differ-
ences between lysate and living cell conditions that may inform the
distinct mechanistic effects of combinatorial therapies on protein
dynamics.

To ensure the robustness of the significance cutoff and to effec-
tively control the false discovery rate (FDR) for solubility shifts, a
comprehensive permutation analysis of protein Sm values was con-
ducted. The analysis demonstrated that, on average, the FDR across all
twelve comparison analyses was maintained at 5.25% for 12000 per-
mutations, ensuring the reliability of the identified significant solubi-
lity shifts. Taken together, these data show that each regimen reshapes
the AML proteome in a unique and context-dependent manner.

To determine how consistently the two drug pairs engage their
intracellular targets, we compared proteins whose solubility was sig-
nificantly altered in lysate-based (primary targets) and intact-cell (pri-
mary + secondary targets) CoPISA experiments (Fig. 4). Across all
treatments, the living-cell fractions yielded more hits than lysate
samples, as expected from themetabolic activity of intact cells and the
capture of both primary and secondary protein targets. Notably, the
LY3009120–sapanisertib (LS) combination shifted the solubility of 177
proteins in living cells but only 147 in lysate; ruxolitinib–ulixertinib
(RU) affected 414 and 89 proteins, respectively. These partially

overlapping target sets point to distinct intracellular consequences of
the two regimens.

Importantly, there are some proteins that are targeted only in
single treatment, not in combination, suggesting that certain drug-
specific interactions may be masked or modulated during co-treat-
ment, potentially reflecting competitive binding, pathway redun-
dancy, or negative crosstalk that diminishes individual drug effects
when used in combination.

In Fig. 4, the CoPISA approach was used to compare drug-
dependent target engagement between living cells and cell lysates.
Each Venn diagram shows the distribution of targets unique to living
cells, unique to lysates, and shared between both. While most targets
were condition-specific, a notable number of overlapping proteins,
particularly in the Ruxolitinib (25), Ulixertinib (43), and combination
treatments (13 each), serve as a strong validation of the CoPISA
method across these distinct experimental conditions. These shared
targets reflect consistent drug-protein interactions detectable in both
intact and lysed cellular environments, supporting the robustness of
CoPISA in mapping solubility shifts associated with drug binding.

In samples treated with LY3009120, 20 proteins with significant
solubility shifts are consistently detected in both living cells and cell
lysate samples (Fig. 4). Among these, PTPN11, encoding the SHP2
phosphatase frequently mutated in myeloid malignancies, suggests
inhibition of RAS/MAPK pathway signaling critical for leukemic cell
maintenance18. In sapanisertib-treated samples, 10 proteins are shared
between lysate and intact cell conditions. Notably, S100A8, a calcium-
binding protein implicated in inflammatory signaling and leukemo-
genesis, suggests a role for sapanisertib inmodulating immune-related
pathways19. Other intersected proteins, such as UCHL1 and TPM1,
suggest modulation of protein turnover and cytoskeletal dynamics,
respectively, which may influence AML cell viability20,21. Under the
combination-treated samples, 13 proteins are shared in lysed and
intact samples, while under the AND gate, seven proteins are targeted
in samples treated with the combination of LS in both living cell and
lysate samples. Among these, ICAM3, an adhesion molecule, suggests
effects on leukemic cell adhesion and trafficking within the bone
marrow niche22. Collectively, these findings support the hypothesis
that the LS combination elicits conjunctional targeting through com-
binatorial targeting of signaling, adhesion, and trafficking
mechanisms.

In the ruxolitinib-treated samples, 25 proteins are targeted in both
living cell and lysate samples (Fig. 4). Of particular note, ABL1, a non-
receptor tyrosine kinase, plays critical roles in leukemogenesis and
resistance to therapy, suggesting that ruxolitinib may suppress onco-
genic kinase signaling in AML23. Similarly, in ulixertinib-treated sam-
ples, 45 proteins were shared between lysate and living cell conditions.
The detection of MAPK3 (ERK1), a central node in the MAPK pathway,
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underscores inhibition of proliferative signaling cascades by
ulixertinib24. Under the combination treatment, 13 proteins are shared
in lysate and intact samples, and four proteins are specific to the
combination and are not targeted in single treatment. TTC19, a mito-
chondrial protein involved in respiratory chain complex III assembly,
suggests that RU combinatorial therapy may compromise mitochon-
drial bioenergetics, leading to enhanced apoptotic priming of AML
cells25. These conjunctional targets reinforce the concept that RU
combinatorial therapy reprograms key cellular processes to induce
synthetic lethality in leukemic cells.

Taken together, these updated intersectional analyses provide
deeper insight into how single and combination treatments differen-
tially engage cellular targets in AML, with the AND-gate proteins
emerging as critical effectors of combinatorial synergy. These findings
highlight therapeutic vulnerabilities that could inform the rational
design of precision-guided combinatorial regimens.

To further investigate the association patterns in protein solubi-
lity alterations induced by combination treatments, we generated fold
change-fold change (FCFC) plots (Fig. 5). These plots compare the
solubility alterations in proteins for each combination treatment
relative to the effects observed with the individual drugs alone. Spe-
cifically, the FC-FC analysis examines (1) combination vs. drug 1 (e.g.,
LS combination vs. LY3009120 alone) and (2) combination vs. drug 2

(e.g., LS combination vs. sapanisertib alone). Notably, we observed
multiple concordant proteins shared between the volcano plots and
different FC–FC plots (Fig. 5). For example, SMC1A, a cohesin complex
component involved in chromatin organization and cell-cycle control,
was consistently identified as a common target, appearing as a sig-
nificant hit in the LS volcano plots (Fig. 3). Interestingly, only 0.84% of
protein alterations exhibit inconsistent directional changes, where
stabilization or destabilization patterns differ between combination
and single-drug treatments. This finding highlights a strong alignment
between the solubility alteration patterns induced by the combination
treatments and those observed for individual drugs, particularly from
a stabilization perspective. These results reinforce the idea that com-
bination treatments largely maintain the stabilization directionality of
the single drugs, providing further evidence of their targeted and
coordinated action on protein solubility.

To further contextualize and validate the CoPISA findings, we
examined whether proteins significantly altered by drug treatments
corresponded to known targets of the respective agents (DrugBank
and TTD). Several expected primary targets were detected: PLAUR
for ruxolitinib, MAPK1 and MAPK3 for ulixertinib, and ARAF for
LY3009120. These results demonstrate that CoPISA can detect both
direct drug targets and proteins reflecting broader mechanistic
responses, supporting its specificity and utility for interrogating

C D

BA

Fig. 3 | Volcano plots reveal protein targets identified by the CoPISAmethod in
lysate and living cell treatments with drug combinations. Each panel is a
superimpositionof three comparisons between control and treatment groups, with
solubility shifts indicated by different colors: living cells (A) and lysate cell samples
(B) treated with ruxolitinib (3 uM) (red), ulixertinib (3 uM) (blue), and their com-
bination, RU (purple); and living cells (C) and lysate cell samples (D) treated with
LY3009120 (500nM) (red), sapanisertib (500nM) (blue), and their combination, LS
(purple). Dots with outlines represent proteins uniquely identified in the

corresponding treatment. Statistical significance was assessed using linear models
with empirical Bayes moderation implemented in the limma framework. For each
comparison, moderated two-sided t-tests were performed comparing treatment
versus control. Volcano plots are presented using log10-transformed P-values and
log2-transformed fold changes. To provide a reliable assessment of statistical sig-
nificance, we estimated false discovery rates using a permutation-based approach
(see “Methods”). Source data are provided as a Source Data File.
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single-agent and combination drug effects at a proteome-
wide scale.

Exploring drug-drug interactions through mass spectrometry
analysis
In the next phase, potential noncovalent interactions or unforeseen
reactions within the selected drug combinations were examined to
ensure that the observed effects on protein solubility were indepen-
dent and specific to each compound. Using LC-MS/MS analysis26, we
compared the spectral profiles of each drug alone with those of the
combined samples (Fig. 6). By analyzing theMS1 spectra and extracted
ion chromatograms (XICs) of each compound separately and in com-
bination, we assessed whether a new profile emerges from reacting or
interacting drug molecules.

TheXICs andMS1 spectraof the combineddrugs showednoother
peaks or mass shifts other than initial single-drug ion peaks, indicating
an absence of detectable interactions or reactions between the com-
pounds or their modification. In addition, cosine similarity analysis of
the whole MS1 spectra provided a comparative view of each drug
combination. This analysis confirmed that the effects observed on
protein targets were attributable to specificmechanisms of each drug,
rather than nonspecific interactions within the combinations. Each
compounddisplayed stable peak intensities and retention times across
conditions.

These findings support the hypothesis that the protein targets
identified for the LS and RU combinations arise from the concurrent,
yet independent, actions of each drug, rather than from non-specific
interactions between them. This reinforces the proposed “AND gate”
inhibition mechanism in combinatorial therapy, suggesting these
combinations achieve synergistic effects through coordinated drug
action and potential engagement of signaling pathways.

Mechanistic Insights into “AND” and “OR” Gate Targeting
Patterns
To gain deeper insight into the mechanisms underlying the drug
combinations, we performed comparative pathway enrichment ana-
lysis of proteins exhibiting significant solubility shifts in response to LS
and RU treatments. These analyses leveraged both lysate and intact

cell fractions to distinguish context-specific biological processes per-
turbed under combinatorial treatment. The framework of “AND” and
“OR” logic gates allowed us to differentiate between synergistic effects
of combinatorial therapies, i.e., independent or conjunctional target-
ing (Fig. 7, Source Data File). This systems-level approach uncovered
molecular signatures that converge on key vulnerabilities in AML
biology.

Within the “AND” gate, representing proteins selectively respon-
sive to the LS combination but not either single agent, significant
enrichment is observed in SUMOylation processes as primary targets
(Fig. 7A). This points to disruption of genome stability and transcrip-
tional control pathways, which are critical for leukemic maintenance
and progression27. Enrichment of mitotic phase processes, including
chromatin condensation and nuclear envelope dynamics, further
indicates interference with cell division fidelity, a hallmark vulner-
ability in rapidly proliferating AML cells28. Conversely, enrichment
analysis of proteins from living cell samples, which represents down-
stream pathways beside direct targets, highlights RNA processing and
immune function. These findings suggest that the combination treat-
ment predominantly interferes with transcriptional output and modi-
fies immune interactionswithin theAMLmicroenvironment29. Proteins
shared across lysate and living cell fractions under the “AND” gate
configuration reveal additional points of vulnerability. These include
activation of stress-responsive transcription, redox homeostasis,
metabolic rewiring, lipid signaling, and immune remodeling. Disrup-
tion of WNT signaling and CD209-mediated pathways further impli-
cates LS in undermining both developmental and innate immune axes,
processes increasingly linked to AML cell persistence and therapy
resistance30,31. These converging effects underscore a multi-axis
destabilization of AML cell resilience.

Further analysis of the “OR gate” under LS treatment reveals dis-
tinct yet interconnected patterns between lysate and living cells
(Fig. 7B). Lysate-specific proteins prominently involve mitogenic and
growth factor signaling cascades, particularly receptor tyrosine kinase-
driven (RTKs) pathways, emphasizing interference with key pro-
liferative and metabolic regulatory circuits. Targeting these pathways
is crucial, as RTK-driven signaling often sustains leukemic growth and
survival, making their inhibition a promising therapeutic approach in

Ruxolitinib - Ulixertinib Ly3009120 - Sapanisertib

Li
vi

ng
 C

el
l T

ar
ge

ts
C

el
lL

ys
at

e 
Ta

rg
et

s

35
21

147

12

217

20

74

0

50

100

150

200

In
te

rs
ec

tio
n 

si
ze

0100200
Set size

Sapanisertib

Combination

Ly3009120

group

553335
11222 22112002220

OR

1471474

AND

25

89

19 13
64

254

371

0

100

200

300

In
te

rs
ec

tio
n 

si
ze

0100200300400500
Set size group

998889

AND

552225 99119 133
6464

OR

Ruxolitinib

Ulixertinib

Combination

177

4349 39
55

212

146

0

50

100

150

200

In
te

rs
ec

tio
n 

si
ze

0100200300
Set size group

Ly3009120

Sapanisertib

Combination

4343434949 393939
5555

OR1777

AND

414

48 46 4562

178

238

0

100

200

300

400

In
te

rs
ec

tio
n 

si
ze

0200400
Set size group

4848 4646 45456262

414

AND

OR

Ruxolitinib

Combination

Ulixertinib

329 25020 325 30925

LY
30

09
12

0
Ly

30
09

12
0 

-

Living cell Cell lysate

283 13110

295 20213

Ru
x

U
lix

Living cell Cell lysate

Living cell Cell lysate

Living cell Cell lysate

Living cell Cell lysate

Living cell Cell lysate

436 35043

540 13313

Ru
x

Fig. 4 | Comparison of protein targets identified in lysates and living cells
across drug treatments. UpSet plots show the number of protein targets
identified in lysate and living cell samples following treatment with
LY3009120–sapanisertib and ruxolitinib–ulixertinib. Venn diagrams further illus-
trate the distribution of targets detected using the CoPISA method across both
sample types–living cells and lysates–after treatment with individual drugs and

their combinations. In each diagram, targets unique to living cells are shown in
blue, those unique to lysates in pink, and shared targets in the purple overlap
region. These visualizations provide insights into drug-dependent protein inter-
actions under different cellular conditions. Source data are provided as a Source
Data File.

Article https://doi.org/10.1038/s41467-026-70394-3

Nature Communications |         (2026) 17:2744 6

www.nature.com/naturecommunications


Combination

Ru
xo

lit
in

ib

Pearson association = 89.06%

Combination

Ul
ix

er
tin

ib

Pearson association = 90.2%

Combination

Ru
xo

lit
in

ib

Pearson association = 94.2%

Combination

Ul
ix

er
tin

ib

Pearson association = 97.35%

Lysate taLL rgets Living Cell targets

Combination

Sa
pa

ni
se

rt
ib

Pearson association = 95.52%

Living Cell targets

Combination

LY
30

09
12

0

Pearson association = 94.26%

Combination

Pearson association = 97%

Combination

Pearson association = 96.97%

Cell Lysate taLL rgets

Sa
pa

ni
se

rt
ib

LY
30

09
12

0

Fig. 5 | Pairwise fold change comparisons of treatment conditions based on
significant protein targets. The FC-FC plots display common protein target IDs
with fold change values for each treatment relative to control samples. These plots
are presented separately for cell lysate (red frame left panels) and living cells (dark

blue frame right panels), with distinct panels for each combination. Dot color
represents p-values ranging from 0.05 to 0, with lighter shades indicating higher
p-values and darker brown indicating lower p-values. Source data are provided as a
Source Data File.

Article https://doi.org/10.1038/s41467-026-70394-3

Nature Communications |         (2026) 17:2744 7

www.nature.com/naturecommunications


AML32. In contrast, living cell-specific pathways are heavily enriched in
translation and protein homeostasis mechanisms, implicating sig-
nificant disruptions to ribosome assembly, protein synthesis, and
mRNA surveillance. This reflects suppression of biosynthetic output
and stress-induced translational reprogramming, which AML cells rely
on to sustain high proliferative demands and evade treatment stress33.
Importantly, shared targets between both fractions, although fewer in
number, converge on critical biosynthetic processes, including phos-
pholipid metabolism and RNA splicing. These pathways govern
membrane integrity and transcriptome regulation, and their coordi-
nated disruption may destabilize intracellular architecture and gene
expression fidelity. Altogether, the OR-gate analysis reveals how LS
imposes widespreadmolecular pressure by targeting essential survival
signaling, metabolic infrastructure, and RNA regulatory mechanisms,

driving cumulative cellular stress that likely exceeds the adaptive
capacity of AML cells.

In parallel, the RU combination demonstrates complementary
mechanistic patterns (Fig. 7C). The “AND” gate analysis for RU identi-
fies lysate-specific enrichment in transcriptional regulation, cell cycle
control, apoptosis, and epigenetic modulation, which reflect primary
disruption of proliferative signaling and tumor suppressor networks
frequently dysregulated in AML34. Living cell-specific pathways
emphasize translation control and protein homeostasis, indicating
significant disruptions to ribosome assembly, protein synthesis, and
mRNA surveillance, pathways crucial for maintaining the high bio-
synthetic and metabolic demands of AML cells35. Shared targets in
both fractions consistently impact phospholipidmetabolism and RNA
splicing, underscoring a unified effect on fundamental biosynthetic

Fig. 6 | Mass spectrometry analysis of four individual compounds and their
combinations.Molecular structures of each compound are shown alongside their
MS1 spectra and total ion currents (TICs) for the combined drug samples. For each
drug combination, TIC plots are provided to display the corresponding

chromatographic profiles and detected mass-to-charge (m/z) values for each
compound. Pairwise cosine similarity of TICs between individual compounds and
their combinations is presented based on quantified MS peak intensities.
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processes fundamental for AML cell integrity and proliferation36.
These findings highlight the ability of RU to inhibit biosynthetic
machinery critical for AML cell survival and proliferation.

Similarly, OR-gate analysis of RU drug combination treatment
across lysate and intact cell fractions identifies extensive disruptions in
translational control and stress response pathways that are critically
relevant to AML pathobiology (Fig. 7D). Lysate samples emphasize
modulation of protein biosynthesis, amino acid metabolism, and
transcriptional regulation, core processes that are often upregulated
in AML to support unchecked proliferation and metabolic
adaptation31. In the intact cells, RU highlights interference with trans-
lation initiation and metabolic stress sensing, which are essential for
AML cells to withstand nutrient limitation and therapeutic pressure37.
Shared proteins underscore activation of innate immunity and redox
regulation, processes that are increasingly recognized for their role in
AML immune evasion and oxidative stress tolerance30. These con-
vergent mechanisms suggest that RU therapy disrupts not only

biosynthetic and metabolic robustness but also immunomodulatory
axes, delivering a comprehensive blockade of AML cellular resilience
and survival.

In conclusion, comparative “AND” and “OR” gate analyses high-
light how LS and RU combinations distinctly yet convergently target
AML vulnerabilities. LS primarily disrupts proliferative signaling and
metabolic regulation, with secondary effects on RNA processing and
immune modulation. Shared vulnerabilities under LS include phos-
pholipid metabolism, redox balance, and RNA splicing, collectively
destabilizing AML cell survival networks. Similarly, RU primarily
impairs translational control and stress response pathways, with sec-
ondary disruption of immune regulation and biosynthetic processes.
Shared targets for RU converge on phospholipidmetabolism and RNA
processing, undermining AML biosynthetic and adaptive capacity.
These findings illuminate critical molecular nodes and provide a
mechanistic rationale for designing combinatorial therapies to over-
come resistance and improve AML outcomes.

Fig. 7 | Bubble plots illustrating the top enriched Reactome pathways
(p.adj < 0.05) for each combination and gating logic.The top enriched pathways
are shown for LS and RU combinations, as well as AND- and OR-gate targets, in
these panels. Panel (A) shows the AND-gate (conjunction) results for LY3009120
and sapanisertib; panel (B) shows the OR-gate (disjunction) results for the same
combination. Panel (C) shows the AND-gate results for ruxolitinib and ulixertinib,
while panel (D) shows the OR-gate results for this combination. Within each panel,
bubbles at “IN” represent pathways unique to intact (live) samples, “EXT” indicates

pathways unique to extract (lysate) samples, and “IN_EXT” identifies pathways
common to both. Bubble size corresponds to gene ratio (pathway genes / total
tested), and color intensity reflects raw p-values (red = lower, blue = higher). Path-
way names are truncated for clarity. Pathway enrichment analysis was performed
using ReactomePA based on over-representation analysis. P-values were adjusted
for multiple testing using the Benjamini–Hochberg method, and pathways with
adjusted P < 0.05 were considered significant. Source data are provided as a
Source Data File.
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Roles of CoPISA-Identified Protein Targets in AML-Associated
Signaling Networks
We performed a comprehensive functional interaction network
analysis of AML-associated proteins to better understand the
mechanistic implications of the combinatorial therapies LY3009120-
sapanisertib (LS) and ruxolitinib-ulixertinib (RU). The AML-
associated network is constructed by integrating Reactome signal-
ing interaction data with high-confidence AML-associated genes
derived from DepMap38 and the mutation dataset of the FIMM-AML
cohort study (p < 0.001, high-impact variants)39. Directed shortest
paths connecting AML-associated protein pairs result in a robust
subnetwork containing interconnected components reflective of
critical AML biology.

To distinguish treatment-specific perturbations within the AML
network, we quantified the overlaps of AML subnetwork genes
modulated by each combinatorial regimen (Supplementary Fig. 1).
This comparative analysis reveals that LS treatment modulates a total
of 43 AML-associated genes, with 18 genes (42%) uniquely targeted by
this combination and not by either single drug. This relatively high
proportion of combination-specific targets underscores the synergis-
tic potential of LS to engage molecular vulnerabilities that remain
inaccessible to monotherapies. Similarly, RU treatment perturbs 49
AML-associated genes overall, of which 22 genes (45%) are distinct to
RU, further highlighting the capacity of this combination to reprogram
AML-specific networks in a manner that extends beyond the additive
effects of its individual components. These findings indicate that both
LS and RU elicit a substantial degree of unique network rewiring,
suggesting they engage complementary biological processes andmay
overcome redundant survival pathways exploited by leukemic cells
under single-agent treatment.

Building on this annotated, treatment-layered AML subnetwork,
we applied community detection, identifying 44 discrete clusters.
Seventeen clusters (i.e., C3, C4,C6, C8, C9, C11, C12, C14, C16, C19, C22,
C24, C28, C29, C32, C36, and C38), prioritized based on a size
threshold (≥ 15 genes) and overlap with CoPISA solubility shifts, were
annotated using Reactome over-representation analysis (FDR ≤0.05).
These clusters represent functional modules ranging from epigenetic
regulation to immune signaling, offering a systems-level view of
therapy-induced vulnerabilities (Fig. 8A, Source Data File).

The prioritized clusters highlight distinct processes significantly
enriched within the AML network context, reflecting both shared and
unique vulnerabilities to LS and RU treatment (Fig. 8B). A prominent
set of clusters (C32 and C29) highlights extracellular and micro-
environmental dependencies, including extensive enrichment for ECM
organization and remodeling, integrin-mediated adhesion, gap junc-
tion turnover, Rho GTPase–regulated cytoskeletal dynamics, and
VEGFA–VEGFR2 signaling. These pathways reflect key interactions
between leukemic blasts and the bone marrow niche, supporting
survival, migration, and metabolic stability, processes that are
increasingly recognized as critical mediators of therapy resistance in
AML (Fig. 8C, Source Data File)40.

A second major group of clusters (C28, C24, and C22) reveals
extensive enrichment of immune-modulatory and stress-adaptive
pathways. LS and RU targeted proteins affect BCR- and FcγR-
dependent signaling, DAP12-mediated phagocytosis, PD-1 checkpoint
signaling, TCR activation, and MHC class II antigen presentation,
reflecting the capacity of these combinations to perturb AML-driven
immune evasion41. Complementary enrichment of oxidative stress
adaptation (KEAP1–NFE2L2), neddylation, and other post-translational
modification systems underscores therapeutic disruption of AML’s
stress-buffering networks. These processes are crucial for leukemic
resistance to apoptosis and inflammatory stress, and their appearance
among the treatment-targeted proteins emphasizes LS and RU’s ability
to dismantle non-oncogene addiction programs central to AML sur-
vival (Fig. 8C, Source Data File)42.

The most prominent intracellular modules (C19, C16, C14, C12)
capture fundamental vulnerabilities in cell-cycle control, chroma-
tin regulation, TP53 signaling, and cell death pathways. Targeted
proteins within these clusters map to mitotic spindle assembly,
sister chromatid separation, and checkpoint control, as well as
epigenetic modifiers, chromatin organizing factors, and SUMOy-
lation pathways, all of which are recurrently altered in AML to
maintain high proliferative output and transcriptional plasticity.
C14 demonstrates strong enrichment for apoptosis, pyroptosis,
and regulated necrosis, indicating that LS and RU combinations
activate or expose cell death circuits typically suppressed in AML
blasts. Cluster C12 further highlights direct targeting of the PI3K/
AKT axis, PTEN regulation, and secondary messenger signaling,
supporting the known importance of PI3K/AKT-driven metabolic
and survival programs in AML and reinforcing the rational basis for
dual-pathway targeting.

Additional enriched clusters (C11, C9, C8) map to DNA damage
repair, G1/S and G2/M progression, replication stress response, Rho
GTPase cycling, and inflammatory signaling. Thesepathways represent
hallmark vulnerabilities of AML, which is characterized by high repli-
cation stress, checkpoint dysregulation, and aberrant cytoskeletal
organization43. Finally, developmental and oncogenic driver clusters
(C6, C4, C3) reveal targeted perturbation of HOX gene activation,
RUNX1- and E2F6-mediated transcription, centrosome maturation,
and core signaling circuits including FLT3, MAPK, interleukin, and
PI3K/AKT networks. These transcriptional programs form the back-
bone of AML stemness, differentiation blockade, and proliferative
signaling, and their appearance among the LS and RU targeted Reac-
tome terms underscores the combinations’ capacity to disrupt onco-
genic circuitry at multiple hierarchical levels. Together, the Reactome
enrichment patterns demonstrate that LS and RU combinations each
engage distinct AML vulnerabilities. The targeted proteins map to
microenvironmental adhesion and ECM remodeling, immune and
stress adaptation pathways, chromatin regulatory mechanisms, mito-
tic and checkpoint fidelity, PI3K/AKT survival signaling, and multiple
programmed cell-death routes. By converging on these modules,
manyofwhich arenot efficiently perturbedby single agents, LS andRU
achieve deeper and broader network disruption, supporting their
potential to overcome compensatory signaling and target core leu-
kemic dependencies.

To further focus the molecular effects of combination-specific
potential targets, we filtered enrichment terms in which there are
genes targeted by each combination. For the LS regimen, we isolated
13 genes exclusively modulated by LS, which are in multiple clusters
and involved in different Reactome pathways (Fig. 9A). Cluster 11
contributes the largest fractionof these LS-specific hits, encompassing
key chromatin and epigenetic regulators such asRBBP7, DNMT3A, and
RING1. These proteins are enriched in pathways including transcrip-
tional regulation by E2F6, epigenetic regulation of gene expression,
chromatin organization, SUMOylation of DNA methylation proteins,
and defective pyroptosis, highlighting LS’s capacity to perturb chro-
matin dynamics, transcriptional control, and cell death programs
central to AML survival.

Cluster 16 contains additional LS-specific targets such as BRCA1,
ASH2L, and CNOT3, which are involved in TP53-regulated transcrip-
tion, chromatin modification, SUMOylation, and WNT signaling. This
combination of intracellular signaling and epigenetic modulation
suggests that LSmay compromise AML cell cycle regulation and stress
response pathways, thereby sensitizing cells to apoptosis.

Clusters 3, 8, and 9 highlight LS-specific engagement of signaling
and structural networks. In cluster 3, ARAF is implicated in MAPK1/
MAPK3 signaling, RAF/MAP kinase cascades, and broader diseases of
signal transduction. Hyperactivation ofMAPK1/MAPK3 is a hallmark of
AML, transmitting growth factor and cytokine cues to support leu-
kemic cell expansion and therapy resistance44, so targeting this protein
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is highly effective in AML treatment. Cluster 8 contains TPX2, a reg-
ulator of TP53 activity, indicating modulation of tumor suppressor
signaling. Cluster 9 genes like ABI1 are enriched for actin dynamics and
phagocytic cup formation, suggesting effects on cytoskeletal remo-
deling and microenvironmental interactions.

Clusters 14, 29, and 32 highlight LS-specific targeting of apoptosis
and extracellular matrix pathways. YWHAE, in cluster 14, modulates
intrinsic apoptosis pathways, while CTTN in cluster 29 influences RHO
GTPase signaling and cytoskeletal organization. Cluster 32 includes
THBS1 and ITGA5,which regulate extracellularmatrixorganization and

Fig. 8 | Functional interaction network of AML-associated genes revealing key
proteins and pathways targeted by LS and RU combinatorial therapies. A The
networkwas constructed by integrating Reactome signaling interactions with high-
confidence AML-associated genes derived from DepMap and the mutation data of
the FIMM-AML cohort study (p <0.001, high-impact variants). Directed shortest
paths between all AML-associated protein pairs were used to define an induced
subnetwork. Community detection using the Infomap algorithm identified 44
discrete clusters. Clusters with ≥ 15 genes overlapping CoPISA solubility shifts are
highlighted in color.BKeyAML-relatedproteins significantly alteredby LSorRU, as

detected by CoPISA solubility shifts, are highlighted, illustrating treatment-specific
perturbations across the network. Created in BioRender. Gholizadeh, E. (2026)
BioRender.com/mxrji5o (C) Each cluster is annotated via Reactome pathway
enrichment (p.adj < 0.05), highlighting distinct functionalmodules. For clarity, two
representative umbrella pathways per cluster are shown, capturing the dominant
biological themes. P-values were adjusted for multiple testing using the
Benjamini–Hochberg method. Pathways with adjusted P < 0.05 were considered
significant. Source data are provided as a Source Data File.
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integrin cell surface interactions, pointing to LS’s potential to disrupt
AML–microenvironment interactions that support leukemic cell sur-
vival and migration.

Together, these LS-exclusive proteins converge on multiple cri-
tical AML vulnerabilities: epigenetic regulation, TP53-dependent tran-
scriptional control, MAPK signaling, cytoskeletal dynamics, apoptosis,
and niche interactions. The Reactome pathway enrichment empha-
sizes the multifaceted nature of LS-specific network rewiring,
demonstrating the combination’s potential to engage non-overlapping
molecular dependencies that are not efficiently targeted by single-
agent therapies.

By filtering our prioritized clusters for those genes uniquely
modulated by RU, we isolated 16 RU-exclusive targets spanning mul-
tiple clusters (Fig. 9B), and these genes unmask combination-specific
mechanisms. Cluster 3 contributes the largest fraction of these RU-
specific hits, including CALM3, STAT5A, and HCK, which map to key
signal transduction and FLT3signaling pathways. These proteins
underscore RU’s selective perturbation of proliferative and cytokine-
driven signaling in AML, highlighting its ability to disrupt JAK/STAT
and MAPK-mediated survival circuits. Cluster 4 is represented by
CKAP5, emphasizes RU’s capacity to target mitotic fidelity, micro-
tubule organization, and centrosome-associated checkpoints critical
for AML cell proliferation.

Clusters 8 and9 includeCCNA2, BLM,TP53BP1, andCUL4B,which
converge onTP53-regulated transcription, cell-cycle checkpoints,DNA
repair, and SUMOylation pathways. These hits highlight RU’s ability to
modulate both the replication stress response and apoptotic signaling,
directly affecting AML cells’ capacity to tolerate DNA damage and
maintain checkpoint control.

Chromatin and epigenetic regulators are represented in Cluster 11
by EED and in Cluster 16 byHDAC2 andNPM1, reflecting enrichment in
PRC2-mediated histone methylation, chromatin organization, tran-
scriptional regulation by TP53, and SUMOylation. These perturbations
suggest RU selectively interferes with transcriptional and epigenetic
programs that sustain leukemic stemness and survival.

Cluster 22, represented by COPA, highlights vesicle transport and
Golgi-to-ER trafficking pathways, indicatingRU-mediateddisruption of
intracellular protein trafficking, a process increasingly recognized as
critical for stress adaptation in AML. Finally, Cluster 32 includes CTSD,
linked to extracellular matrix organization and collagen degradation,
revealing RU’s potential to modulate AML–niche interactions and
extracellular remodeling.

Collectively, these RU-specific targets reveal a coordinated dis-
ruption of signaling cascades, cell-cycle regulation, DNA damage
repair, chromatin and transcriptional control, and microenviron-
mental interactions. By converging on these vulnerabilities, RU
achieves selective perturbation of AMLnetworks that complement the
effects of other combinatorial treatments, supporting its potential to
overcome survival and compensatory signaling pathways in
leukemic cells.

This combination-focused view highlights how RU uniquely
undermines AML cell survival by derailing logistics, rewriting the epi-
genome, rewiring intercellular signaling, and collapsing mitotic
fidelity.

PTM Enrichment analysis of differentially soluble proteins
We were also interested in investigating the post-translational mod-
ification (PTM) status of protein targets in order to assess their potential
role in therapy response. To get an idea of what PTMs might be
potentially present on target proteins in extract and intact samples, we
utilized the PEIMAN2 R package45. Interestingly, significantly enriched
PTM terms were different between extract and intact samples (Sup-
plementary Figs. 2, 3). For example, phosphorylation of tyrosine, serine,
and threonine, together with acetylation of lysine, showed significant
enrichment in living cells. However, samples treatedwithdrugs after the
extraction of proteins showed significant enrichment in dimethylation
of arginine and acetylation of lysine, methionine, and alanine. These
observations imply that acetylation andmethylationmay be involved in
direct binding of drugs, while phosphorylation and acetylation are
signatures of the secondary cell response to the treatment.

Fig. 9 | Pathway enrichment for LS- and RU-specific AML genes. A LS-specific
genes: The Sankey plot (left) shows unique LS cluster genes (left nodes) and their
associated enriched pathways (right nodes), with flows colored by cluster

assignment. B RU-specific genes: The Sankey plot (left) shows unique RU cluster
genes (left nodes) and their associated enriched pathways (right nodes), with flows
colored by cluster assignment. Source data are provided as a Source Data File.
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To confirm the predictions of the PEIMAN2, we searched pro-
posed PTMs in the proteomics data. Collectively, among 1280 protein
targets after ruxolitinib, ulixertinib, andRU treatment in living cells, we
found phosphorylation of tyrosine on 10 proteins (Fig. 10A). On the
other hand, treatment with LS (either single drug or combination) in
living cells yielded 950proteins, amongwhich 42 carried various PTMs
(phosphorylation of serine and threonine, and acetylation of lysine)
(Fig. 10B). In the case of extract samples, treatment with RU and LS
showed 19 (975 in total) and 28 (626 in total) proteins with PTMs,
respectively, comprising acetylation on alanine, methionine, and
lysine, and dimethylation of arginine (Source Data File). Overall, this
data shows that there is an involvement of PTMs in a cell response to
the anti-AML treatment.

Next, we were interested in whether AML-related CoPISA protein
targets (Fig. 10) are post-translationally modified. PTMswere detected
onproteins acrossmultiple clusters inbothRUand LS treatments, with
some overlap and distinct patterns between the two. Under RU treat-
ment, DYNC1I1 (cytoplasmic dynein 1 intermediate chain 1) from C1
was acetylated on K42, a modification not previously reported. BLM
(RecQ-like DNA helicase BLM) and NPM1were alsomodified, with BLM
showing dimethylation and both BLMandNPM1 displaying acetylation
(Fig. 10C). In addition to acetylation and dimethylation, tyrosine
phosphorylation was observed; for example, GSK3A/B in C4 was
phosphorylated onY279, andMCM2 inC6 on Y137. PPIA in C8was also
acetylated on K155. Under LS treatment, the highest number of mod-
ified protein targets was found in C3. ASH2L was phosphorylated
simultaneously at T307, T310, and T311, while CBX3 showed phos-
phorylation at S95 and S176. H4C1 was acetylated at K9 and K13 on the
same peptide. In contrast, C6 included only one modified protein,
YWHAE, with N-acetylation on M1. In C7, CNOT3 was phosphorylated
on S299.

Surprisingly, several AML-related CoPISA protein targets that
were modified were exclusively targeted by combination treatment
(AND gate). For example, BLM and NPM1 proteins are involved in the
SUMOylation process as proteins that are SUMOylated and uniquely
targeted by RU and not by any single drug. Notably, protein BLM
included dimethylation (R483), which has not been reported before,
and acetylation (K484) simultaneously on the same peptide. Addi-
tionally, on both proteins, lysines are sites for acetylation as well as
SUMOylation (K484 in BLM and K267 in NPM1). Protein NPM1 is shown
to be retained in the nucleoplasm when acetylated, while its nucleolar
residency is prevented by SUMOylation46,47. It implies that different
modifications on the same site can trigger different outcomes for the
cell. BLM is a helicase that is involved in DNA replication and repair48.
While acetylation regulates the function of BLM in response to DNA
damage, SUMOylation is crucial for interaction with RAD51 protein in
homologous recombination repair, localization to PMLnuclear bodies,
and BLM turnover49,50. Thus, different functions and the localization of
the BLM protein can be triggered through the same modification site.

These findings highlight the complex interplay between identified
PTMs and AML-related protein function, suggesting that specific
modifications induced by RU and LS combination treatments may act
as key regulatory switches controlling protein localization, interac-
tions, and activity in leukemia cells.

Discussion
Combinatorial therapy has long been a cornerstone in oncology, par-
ticularly for aggressive malignancies like AML, due to its potential to
overcome resistance and improve patient outcomes51. The classical
rationale behind combinatorial regimens was to reduce the likelihood
of resistance by employing multiple agents with distinct mechanisms
of action, thus reducing the likelihoodof clonal escape52. This principle
has yielded durable responses in certain hematologic malignancies;
however, in AML, the substantial genetic and epigenetic heterogeneity
among patients continues to pose formidable challenges for

identifying effective andbroadly applicable combinations53.Moreover,
the frequent emergence of therapy-resistant clones and the dose-
limiting toxicities associated with multi-drug regimens have con-
strained their therapeutic window and limited their translational
success54. These obstacles underscore the urgent need for strategies
that rationally design and mechanistically dissect drug combinations
to maximize efficacy while minimizing toxicity.

In this study, we introduced the CoPISA workflow to unravel the
molecular underpinnings of combinatorial therapies in AML at a
proteome-wide scale. These combinations were chosen based onprior
computational and experimental work demonstrating that LS and RU
provide the strongest balance of efficacy and low toxicity compared to
first-line treatments. Specifically, a bipartite patient–drug network
model identified them as top candidates, and follow-up studies con-
firmed their superior activity in AML lines and zebrafish xenografts,
particularly in samples harboring high-risk mutations such as TP53,
MUC4, HLA-B, and FLT39. Unlike traditional methods that focus on
additive or synergistic effects of individual agents, CoPISA captures
drug-induced changes in protein solubility that specifically arise from
the combined action of drugs, providing mechanistic insights into
cellular responses unattainable bymonotherapies. Applying CoPISA to
two rationally designed AML drug pairs8, LY3009120-sapanisertib (LS)
and ruxolitinib-ulixertinib (RU), we observed that these combinations
elicit combinatorial effects on protein stability, indicative of complex
biological interactions rather than mere additive perturbations.

We propose that these unique solubility shifts likely arise from
network-level phenomena, including cascades of protein-protein
interactions, post-translational modifications (PTMs), and potential
changes in subcellular localization triggered by combined pathway
perturbations. To formalize this observation, we introduce the con-
cept of conjunctional targeting or inhibition, describing proteinswhose
solubility is significantly altered only under combination treatment
compared to single-drug conditions and control. This “AND-gate”-like
behavior represents a conceptual advance over traditional models of
synergy and aligns with emerging evidence that multi-agent therapies
can reprogram cellular networks in fundamentally distinct ways. We
view conjunctional targeting as a proof-of-principle approach that can
evolve into a powerful tool for rational drug combination design,
particularly when screening large candidate sets in a disease-specific
context. By leveraging solubility-based responses, CoPISA offers a
scalable strategy to prioritize synergistic drug pairs that reprogram
cellular networks in fundamentally distinct ways.

Logic-based and Boolean modeling frameworks have previously
been applied in AML to integrate causal signaling networks with
patient-specific genomic information and to infer how co-occurring
genetic perturbations propagate to hallmark phenotypes such as
proliferation, differentiation, and apoptosis. For example, Palma et al.
constructed AML-specific causal networks and derived Boolean mod-
els to predict phenotypic outputs arising from combinations of driver
genemutations55. These approaches operate primarily at the level of in
silico phenotype inference based on prior network topology. In con-
trast, CoPISA provides an experimental, proteome-wide readout of
how drug combinations reshape protein solubility and stability in
lysate and intact-cell contexts, enabling direct identification of
combination-exclusive “AND-gate” protein targets and emergent net-
work rewiring. Thus, rather than predicting expected combinatorial
behavior, CoPISA empirically captures molecular consequences of co-
treatment. Importantly, the LS and RU combinations interrogated here
were previously identified through patient-derived drug-response
modeling and validated acrossAML cell lines, primary patient samples,
and zebrafish xenograft models, and CoPISA mechanistically dissects
these established combinatorial phenotypes8,9.

Although demonstrated here using two rationally selected drug
pairs in AML, the CoPISA framework is conceptually independent
of specific compounds or disease context. CoPISA measures
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perturbation-induced protein solubility/stability changes, a general
physicochemical property that can be interrogated for diverse small-
molecule combinations and other perturbation types. Likewise, the
classification of solubility responses into single-agent, overlapping
(OR-gate-like), and combination-exclusive (AND-gate-like) patterns
arises from the experimental design rather than AML-specific biology.
We therefore view conjunctional targeting as a generalizable descrip-
tor of combination-specific stability alterations that may emerge
whenevermultiple perturbations cooperatively reshapeprotein states.
The present study thus serves as a proof-of-principle for the broader
applicability of CoPISA to mechanistic dissection of combinatorial
therapies.

Differences in the number of proteins affected by combination
treatment between lysate-based and living-cell CoPISA likely reflect the

complexity of the cellular context. In lysates, solubility shifts primarily
indicate direct compound-protein interactions, whereas intact cells
capture secondary effects such as PTMs, PPIs, and signaling cascades.
These emergent processes can amplify or attenuate solubility changes,
leading to divergent patterns across experimental formats. The
absence of a general trend is consistent with the context-dependent
nature of PTM and PPI effects on protein stability56.

Previous proteomic profiling in AML has revealed subtype-
specific vulnerabilities. For example, Jayavelu et al. demonstrated
proteogenomic subtypes defined by mitochondrial activity, ribo-
some biogenesis, and proteostasis, which predict therapy response57.
Similarly, Tyner et al. identified signaling heterogeneity across AML
samples using functional genomics, emphasizing MAPK and JAK/
STAT pathways as potential combination targets5. While these

Fig. 10 | PTM status of CoPISA-identifi ed protein targets in living cells. A Cells
were treated with ruxolitinib (3 μM;red), ulixertinib (3 μM; blue), or their combi-
nation (RU; purple). B Cells were treated with LY3009120 (red), sapanisertib (500
nM; blue), or their combination (LS; purple). Thevolcano plots are derived from
Fig. 3, withproteins shownas semi-transparent pointswhennoPTMsweredetected
in the mass spectrometry data and as opaque points when one or more PTMs were
identified on their corresponding peptides. PTM names and modification sites are
indicated after the protein identifier, separated by a hyphen (e.g., P61927-P(Y)).
Multiple PTMs identified on the same peptide are listed separated by commas (e.g.,

Q13905-Ac(K), P(T)). Arrows indicate solubility changes of the same protein across
different treatment conditions. Some labels were omitted to improve plot read-
ability. Abbreviations: P(Y), tyrosine phosphorylation; P(T), threonine phosphor-
ylation; P(S), serine phosphorylation; Ac(K), lysine acetylation. C Representative
MS/MS spectra ofmodified peptides fromBLMandNPM1proteins. For clarity, only
b-ions (blue) and y-ions (red) are shown. PTM annotation is overlaid onto proteins
identified as significant in the corresponding analyses shown in Fig. 3; no additional
statistical testing was provided in this figure. Source data are provided as a Source
Data File.
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studies highlighted the diversity of AML dependencies, they did not
interrogate emergent proteomic changes unique to drug combina-
tions. Our CoPISA workflow advances the field by resolving
combination-specific protein stability shifts, enabling mechanistic
dissection of combinatorial drug effects at a proteome-wide scale.
Furthermore, classical synergy screens, such as those employing
Bliss58 or Loewe59 models, quantify functional synergy but offer lim-
itedmechanistic resolution. In contrast, CoPISA directly captures the
conformational and stability changes of proteins in response to drug
co-treatment, providing insights into network rewiring and action-
able vulnerabilities. Notably, our finding that 47% of LS-perturbed
and 54% of RU-perturbed AML-associated genes were unique to the
combinations highlights the prevalence of conjunctional effects in
AML cells.

The integration of AND and OR logic gates into our CoPISA ana-
lysis provides a powerful systems-level perspective on how LS and RU
combinations reprogram leukemic cell function to achieve synergistic
effects. The enrichment of SUMOylation, chromatin condensation,
and mitotic control pathways in the LS AND gate highlights the ability
of this combination to destabilize genome integrity and impair cell
division fidelity, two hallmarks of AML proliferation and resistance60.
Simultaneously, disruption of RNA processing and immune-related
pathways in intact cells suggests that LS not only targets intrinsic
leukemic signalingbut alsomodulates the tumormicroenvironment to
potentially enhance immune clearance61. The complementary effects
of RU, which prominently engages transcriptional regulation, epige-
netic modulation, and apoptosis pathways under the AND gate,
underscore its capacity to restore tumor suppressor networks and
induce metabolic collapse in AML cells62,63. Notably, the convergence
of LS and RU effects on phospholipid metabolism and RNA splicing
across both gating models and cellular fractions suggests that these
core biosynthetic processes represent shared vulnerabilities in AML.
Together, these findings provide a mechanistic rationale for how
conjunctional targeting in LS and RU treatments exerts multi-axis
pressure on AML survival networks, overwhelming adaptive resistance
and supporting the development of rational, precision-guided com-
binatorial regimens.

The functional network analysis of AML-associated genes and
PTM enrichment analysis provide critical mechanistic insight into how
the LS and RU combinations reprogram leukemia-specific signaling
and survival pathways to achieve therapeutic synergy. LS treatment
prominently engaged modules involved in epigenetic regulation
(DNMT3A, ASH2L, RBBP7) and PTEN transcriptional control, suggest-
ing a capacity to disrupt the chromatin architecture of AML and
restore tumor-suppressive pathways such as PI3K-AKT inhibition64,65.
In contrast, RU targeted an overlapping yet distinct set of vulner-
abilities, includingNPM1andTP53, twoof themost frequentlymutated
and therapeutically challenging nodes in AML. NPM1mutations, which
occur in approximately 30% of AML cases, promote aberrant cyto-
plasmic localization and impair genomic stability and ribosomal
biogenesis66. TP53 mutations, present in ~10% of AML and associated
with chemoresistance and poor prognosis, disrupt DNA damage
checkpoints and apoptosis67. The engagement of RU with SUMOyla-
tion networks and cohesion/spindle assembly proteins (e.g., SMC1A,
CKAP5), indicating a potential to induce mitotic catastrophe and dis-
rupt genomic surveillance mechanisms essential for leukemic
persistence68. Shared perturbations in MAPK/ERK and PI3K/AKT sig-
naling across both combinations highlight these pathways as central
hubs of AML pathogenesis and promising points for combinatorial
intervention69. Collectively, these findings reinforce that LS and RU act
not merely through additive inhibition but by simultaneously desta-
bilizing multiple survival axes, including epigenetic, metabolic, and
immune regulatory networks, to overwhelm AML cells’ adaptive
capacity. This network-centric perspective also highlights potential

biomarkers and actionable targets (e.g., DNMT3A, NPM1, PTEN) that
could inform precision therapy approaches for genetically diverse
AML subtypes.

Finally, prospective clinical evaluation of LS and RU regimens,
guided by biomarkers like DNM3A, NPM1, and TP53 status, could
advance precision medicine approaches for genetically diverse AML
subtypes.

Methods
Ab Initio simulation
The simulation of sigmoidal curves of 10000 hypothetical proteins
was carried out using R, and melting temperatures Tm, selected ran-
domly in the range from 48 to 56 °C. Nt = 15 temperature points
between 45 and 59 °C with a 1 °C step were chosen. Sigmoidal melting
curves were simulated by calculating the relative intensity I Tð Þ for
a given temperature T as IntensityðTÞcontrol =0:5 × erf ½ðTm �
TÞ=sqrtðTmÞ=2 where erf is the error function and sqrt is the square
root function. Similarly, sigmoidal melting curves for treated samples
was simulated as IntensityðTÞtreated =0:5 × erf ½ðTm +ΔTm � TÞ=
sqrtðTm +ΔTmÞ=2. 4Tm were simulated as random values in the range
between -3°C and +3°C. The sum of measured signals for control and

treated samples is calculated as Sm =
P15

T = 1Intensity Tð Þ, for all tem-
perature points. The treatment here was simulated for two hypothe-

tical drugs to calculate Sm values, i.e., Scontrolm , S1m and S2m. In the next

step, we calculated the two4Sm for both hypothetical drugs, i.e.,4S1m
and 4S2m in 10,000 proteins to depict versus each other.

Cell culture
MOLM-13, MOLM-16, SKM, and NOMO-1 cells were obtained from
Deutsche Sammlung von Mikroorganismen und Zellkulturen (DSMZ,
Germany) and cultured in RPMI-1640 medium (Gibco, Thermo Fisher
Scientific, USA) supplemented with 10–20% fetal bovine serum (FBS)
(Gibco, Thermo Fisher Scientific), 2 mM L-glutamine (Lonza), and 100
units/mL penicillin/streptomycin (Gibco, Thermo Fisher Scientific) at
37 °C and 5% CO2. Cells were harvested and centrifuged at 400× g for
4min. All cell lines were tested for mycoplasma contamination using
PCR-based assays to confirm the absence of infection. The cell lines
were checked against the International Cell Line Authentication
Committee (ICLAC) database of cross-contaminated or misidentified
cell lines, and none were listed.

Cell lysate-based CoPISA
For each treatment condition, three technical replicates were per-
formed per cell line, and experiments were conducted across four
biological replicates corresponding to four different AML cell lines
(MOLM-13, MOLM-16, SKM, and NOMO-1). Cells were cultured until
they reached the desired density of 2 × 10⁶ cells per treatment with
seven different treatment groups for each cell line, performed in tri-
plicate. A 24ml volumeof cell culturewas pelleted by centrifugation at
600 × g for 5min, followed by two washes with phosphate-buffered
saline (PBS). After a final pelleting, cells were resuspended in PBS
(GIBCO) supplemented with protease inhibitors (Roche, Switzerland).
The cell mixture was lysed through 4 cycles of freezing in liquid N₂ and
then thawing at 35 °C. At the final step, cells were cleared by cen-
trifugation at 10,000× g for 10min at 4 °C.

Samples were then treated with single or combination drug regi-
mens at the following concentrations: LY3009120 500nM, sapani-
sertib 500 nM, ruxolitinib 3μM, and ulixertinib 3μM for 15min at
room temperature. For the treatment of control samples, 0.1% DMSO
was used. After treatment, the samples were aliquoted into 12 equal
volumes for subsequent heat treatments. Each aliquot was subjected
to a 3-minute heat treatment at temperatures ranging from 48 °C to
59 °C in 1 °C intervals using a thermocycler (AppliedBiosystemsVeriti).
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After equilibrating at room temperature for 3min, samples from dif-
ferent temperatures for each drug treatment were pooled and sub-
jected to ultracentrifugation at 100,000g for 20min at 4 °C (Beckman
Colter Optima Max-XP). The soluble proteins from the supernatant
were collected for further analysis.

Living cell-based CoPISA
Living-cell CoPISA experiments were likewise performed with three
technical replicates per treatment per cell line, across four biolo-
gical replicates (four AML cell lines: MOLM-13, MOLM-16, SKM, and
NOMO-1). Cells (2 × 106 cells per condition) were treated with a
single or combination drug with concentrations mentioned in
6-well plates and incubated at 37 °C with 5% CO₂ for 60min. Fol-
lowing treatment, the cells were washed twice with PBS and resus-
pended in 320 µL of PBS supplemented with a protease inhibitor. An
equal volume of each sample was transferred to the PCR plate and
was heated for 3min at the same temperatures used in the lysate-
based protocol. The samples were allowed to cool down at room
temperature for 3min and then applied for four cycles of freezing
cells in liquid N₂ and thawing at 35 °C. After pooling the samples
from different temperature points for each treatment, the soluble
proteins were isolated via ultracentrifugation at 100,000 × g for
20min at 4 °C. At this point, samples were flash frozen and stored at
− 80 °C for future analysis.

Experimental design
Quantitative proteomics was performed using tandem mass tag
(TMT)–based multiplexed LC–MS/MS. Across the entire study, a total
of 16 independent TMT16-plex experiments were acquired, corre-
sponding to multiple biological samples derived from four human
leukemia cell lines (SKM, MOLM13, MOLM16, and NOMO) analyzed
under different treatment conditions and sample preparation modes
(INTACT vs EXTRACT). Each TMT set contained up to 13 biological
samples, representing distinct treatment conditions (including
untreated control, single-drug, and combination treatments), as well
as one pooled reference channel generated by mixing equal peptide
amounts from all samples within the same TMT set. Each treatment
condition was analyzed in three technical replicates (n = 3) per TMT
set, and biological replication was provided by the use of four inde-
pendent cell lines (n = 4).

Proteomics sample processing
Protein concentration was measured using the Pierce BCA Protein
Assay Kit (Thermo), and the volume corresponding to 27μg of protein
was transferred from each sample to prepared filter tubes (Amicon
Ultra-0.5mL Centrifugal Filters 10KD). The volume of each sample was
adjusted to an equal level using 20mM 4-(2-hydroxyethyl)-1-piper-
azinepropanesulfonic acid (EPPS) buffer, then was reduced in 10mM
dithiothreitol (55 °C, 30min) and alkylated in 50mM iodoacetamide
(25 °C, 60min in darkness).

After reduction and alkylation, samples were centrifuged for
20min at 14000 g, followed by two washes. The EPPS buffer was then
added to the Amicon filter tubes containing samples. Proteins were
digested overnight at 37 °C with vigorous shaking by trypsin at a ratio
of 1:50. The resulting peptides were collected by centrifugation and
rinsing the filter tubes with EPPS. Prior to labeling, equal peptide
amounts from each treatment group were mixed to generate pooled
reference samples. For TMT labeling, 25μg of peptides per sample
were labeled using tandem mass tag (TMT) reagents according to the
manufacturer’s protocol (Thermo Fisher Scientific). For each TMT
experiment, three technical replicates per treatment condition (drug
A, drug B, drug combination AB, and untreated control), together with
one pooled reference channel, were combined. This resulted in a final
multiplexed mixture of 325μg total peptide per TMT set (13 labeled
channels × 25μg per channel).

Peptide fractionation and LC MS/MS analysis
TMT-labeled peptides were fractionated and analyzed by high-pH
reversed-phase chromatography using an Ultimate 3000 system
(Thermo Fisher Scientific). Peptides were separated using a gradient
from2% to 15%buffer B over 3min, to 45%Bover 59min, to 80%Bover
3min, followed by a 9min hold at 80% B, re-equilibration to 2% B over
1min, and a 15min hold at 2% B70. Fractions were concatenated to yield
12 final fractions per TMT set, which were analyzed independently by
LC–MS/MS.

LC–MS/MS analysis was performed on an Orbitrap Eclipse Tribrid
mass spectrometer equipped with an Ultimate 3000 nanoLC system
and FAIMS Pro interface (Thermo Fisher Scientific). Peptides were
separated on an in-house packed C18 analytical column operated at
nanoflow rates. Data were acquired in data-dependent acquisition
mode using SPS-MS3 for TMT quantification. MS1 spectra were
acquired in the Orbitrap, MS2 spectra were acquired in the ion trap,
and MS3 spectra were acquired in the Orbitrap. FAIMS compensation
voltages of − 40V and − 70 V were alternated during acquisition.
Dynamic exclusion was enabled. Real-time search (RTS) was per-
formedusing a humandatabase containing 20362 entries downloaded
from Uniprot on 20200417.

Database search and protein identification
Raw files were processed using MaxQuant version 2.6.5.0, incor-
porating the Andromeda search engine. Spectra were searched
against a reviewed human UniProt protein sequence database
(Swiss-Prot) downloaded on 20241010, with a reversed decoy
strategy and common contaminants included. Group-specific
parameters were used as follows. The type of the search was set
to Reporter MS3. Isobaric labels and their correction factors were
provided according to the manufacturer kit sheet. Normalization
was set to a weighted ratio to the reference channel. Variable
modifications were set to oxidation of methionines and acetylation
of N-termini, while fixed modification settings contained only car-
bamidomethylation of cysteines. The maximum number of mod-
ifications per peptide was set to 3. Two missed cleavages with
Trypsin/P were allowed. For the refined search, all settings were
kept as in the original with the addition of variable modifications as
proposed by the PEIMAN2 R package, with five as a maximum
number of modifications per peptide.

Precursor mass tolerances were set to 20 ppm for the first search,
and 4.5 ppm for the main search, with internal mass recalibration
enabled. Peptides of at least 7 amino acids and precursor charge states
up to 7 were considered. TMT reporter ion intensities were quantified
in Reporter MS3 mode using manufacturer-provided isotope impurity
correction factors, and channel intensities were normalized by a
weighted ratio to the pooled reference channel. PSM-, peptide-, pro-
tein-, and site-level FDRs were controlled at 1% using the target–decoy
strategy. Protein identifications required at least one razor or unique
peptide.

LC-MS Analysis of drug combinations
Ten picomoles from each drug, separately or combined, were injected
into LCMS (Eksigent Ekspert 400 coupled to TripleTOF 6600 (Sciex,
USA)). These analytes were separated using a linear gradient of 15min
comprising 8min from 3% to 35% of solution B (0.1% formic acid/
acetonitrile) and 2min to 90% of solution B on a reverse phase C4
column (0.3 × 20mm, Phenomenex, USA). The solution A was 0.1%
formic acid, and the flow rate was at 5 µl/min. The mass spectrometer
was set in TOF MS mode with the following parameters: Ion spray
voltagewasat 5500volts, and ion sourceand curtaingaseswere 10 and
30 liters per minute, respectively. TOFMSwas acquired fromm/z 200
to 1500. Following LC-MS acquisition, raw files were analyzed by
PeakView® software, version 2.2 (Sciex).Drug ionswere extracted using
their corresponding m/z +/−0.5Da.
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PTM Enrichment analysis
PTM enrichment analysis was performed utilizing the PEIMAN2 R
package. Firstly, a ranked list (by p-value of statistical test from the
limma package) of differentially soluble proteins with their UniProt
Accession numbers was created for every treatment condition. Next,
the function runPSEA() was executed to perform protein set enrich-
ment analysis. Results were filtered based on the number of proteins
enriched for every PTM term (≥ 10) and the significance of the
enrichment (0.05). These PTMs were provided as modification values
as input to perform the refined search by MaxQuant proteomics
software.

Statistical analysis
Proteomics data were obtained fromprimary Peptide SpectrumMatch
(PSM) reports, providing raw intensity values of peptides identified
across experimental conditions. Reverse hits and potential con-
taminants were removed, and proteins lacking quantification across
the selected samples were excluded prior to modeling. Protein-level
intensity matrices were extracted per condition and analyzed on a
log2 scale using log2(x + 1) transformation to stabilize variance across
the dynamic range. A pooled control sample was used for further
normalization, and protein intensities were averaged across replicates
to create matrices for each treatment condition.

Differential solubility effects were estimated using linear mod-
eling with empirical Bayes moderation (limma). For each condition-
specific matrix, a design matrix without intercept was constructed
using treatment groups as factors, and predefined contrasts were
tested comparing Control (C) against each single agent and the
combination (i.e., C–R, C–U, C–RU; or C–L, C–S, C–LS). Moderated
t-statistics were used to obtain P-values. For each contrast, volcano
plots display log2 fold-change (x-axis; estimated from the fitted
contrast) versus –log10(P-value) (y-axis), highlighting proteins
meeting the nominal significance criterion (P-value < 0.05). We gen-
erated superimposed volcano plots to provide an overview across
related contrasts within the same condition; proteins recurring as
significant in more than one comparison are emphasized by a black
outlined circle marker to facilitate identification of consistently
perturbed proteins. Fold change plots comparing each combination
of treatments (comb vs. drug 1 and comb vs. drug 2) were generated
to assess concordance and divergence between single-agent and
combination effects, with primary plots displaying fold changes
across the full dataset range and inset plots highlighting a focused
subset of the most significant proteins based on p-values. We
reported both statistical significance and effect size, and use the fold-
change threshold primarily as an interpretability guide rather than as
the sole criterion for candidate selection. Due to the complexity of
comparing single drugs and combinations in the CoPISAmethod and
the lack of an a priori error model in a low-power proteomics
context71, direct multiple hypothesis correction was not feasible. To
address this, we tested our candidate selection procedure and esti-
mated the false discovery rate (FDR) for proteins with significant
solubility shifts. This involved permuting the protein Sm values
across replicates within the dataset to generate 1000 randomized
permutations72–74. The same selection criteria were applied to these
permuted datasets as to the original data, enabling us to evaluate the
robustness of our approach and ensure confidence in the identified
candidates.

AML-Related network construction and functional annotation
workflow
The signaling network dataset was obtained from Reactome and
preprocessed by removing duplicate edges. Subsequently, AML-
associated gene mutations were downloaded from two sources:
DEPMAP (for cell lines) and the FIMM-AML cohort (for patient data).
Mutations were filtered using a stringent threshold (p-value < 10e−8),

and only those classified as high-impact, such as frameshift muta-
tions, nonsense mutations (introducing stop codons), and similar
functionally disruptive variants, were retained. A directed network
was then reconstructed by first filtering the global Reactome net-
work to retain only the curated AML-mutated genes and known
AML-related drug targets. This step ensured that only AML-
associated nodes were included. For every pair of these AML-
associated nodes, we computed the directed shortest path. All
intermediate nodes appearing in any of these shortest paths were
then used to induce a subnetwork from the original Reactome sig-
naling network. The resulting edge list was extracted to form the
final AML-specific signaling network. Network topology analysis was
performed, and downstream analyses focused on the largest con-
nected component, which comprised 658 nodes. Community
detection was carried out using multiple algorithms, including
Louvain, Walktrap, and Infomap. Among these, the Infomap algo-
rithm was selected for further analysis due to its superior mod-
ularity score. Following community detection, functional
annotation was performed to identify biological pathways enriched
in each cluster and treatment group. Proteins were grouped by
treatment and cluster andmapped to Entrez IDs. Reactome pathway
enrichment analysis was then carried out using ReactomePA with
adjusted thresholds (p-value < 0.05). Reactome pathway enrich-
ment was performed using ReactomePA with Benjamini–Hochberg
correction for multiple testing. This analysis highlighted key sig-
naling pathways associated with AML-specific communities and
drug responses within the reconstructed network.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The mass spectrometry proteomics data generated in this study have
been deposited in the ProteomeXchange Consortium75 via the PRIDE
partner repository76,77 under accession code PXD066812. There are no
restrictions on data availability. Source data are provided in this paper.

Code availability
The analysis code used in this study is publicly available at https://
github.com/jafarilab/CoPISA_RULS (https://doi.org/10.5281/zenodo.
18669347).
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