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C A N C E R

Patient-tailored design for selective co-inhibition 
of leukemic cell subpopulations
Aleksandr Ianevski1,2, Jenni Lahtela1, Komal K. Javarappa1, Philipp Sergeev1, Bishwa R. Ghimire1, 
Prson Gautam1, Markus Vähä-Koskela1, Laura Turunen1, Nora Linnavirta1, 
Heikki Kuusanmäki1,3,4, Mika Kontro4, Kimmo Porkka5, Caroline A. Heckman1, Pirkko Mattila1, 
Krister Wennerberg1,3*, Anil K. Giri1*, Tero Aittokallio1,2,6,7*

The extensive drug resistance requires rational approaches to design personalized combinatorial treatments that 
exploit patient-specific therapeutic vulnerabilities to selectively target disease-driving cell subpopulations. To 
solve the combinatorial explosion challenge, we implemented an effective machine learning approach that prioritiz-
es patient-customized drug combinations with a desired synergy-efficacy-toxicity balance by combining 
single-cell RNA sequencing with ex vivo single-agent testing in scarce patient-derived primary cells. When applied 
to two diagnostic and two refractory acute myeloid leukemia (AML) patient cases, each with a different genetic 
background, we accurately predicted patient-specific combinations that not only resulted in synergistic cancer cell 
co-inhibition but also were capable of targeting specific AML cell subpopulations that emerge in differing stages 
of disease pathogenesis or treatment regimens. Our functional precision oncology approach provides an 
unbiased means for systematic identification of personalized combinatorial regimens that selectively co-inhibit 
leukemic cells while avoiding inhibition of nonmalignant cells, thereby increasing their likelihood for clinical 
translation.

INTRODUCTION
Acute myeloid leukemia (AML) is a heterogeneous disease, charac-
terized by a broad spectrum of molecular alterations that influence 
the patient’s clinical outcomes (1–3). Despite the recent increase in 
molecularly targeted treatment options, primary and acquired drug 
resistance poses a substantial challenge for most patients with AML 
(4). Monotherapy resistance has remained a major clinical challenge 
even in patients with a confirmed disease target (2, 5). For example, 
nearly 60% of patients with relapsed/refractory AML with FLT3 
mutation show resistance to gilteritinib therapy (6). This is partly 
due to the activation of RAS/MAPK (mitogen-activated protein 
kinase) pathway genes through acquisition of new mutations (7). 
Multitargeted therapies provide an opportunity for synergistic inhi-
bition of multiple resistance mechanisms, including patient-specific 
cancer rescue pathways and phenotypic redundancy across hetero-
geneous cancer subclones (8–13). However, the emergence of resist-
ance is a dynamic process influenced by both genetic and molecular 
factors, together with selective pressure from the administered thera-
peutics; this can be seen, for example, in the emergence of NRAS- 
mutated subclones in the acquired resistance to FLT3 inhibition (7) 
or intrinsic molecular and metabolic properties of monocytic sub-
clones of patient cells resistant to venetoclax therapy (14).

Identification of patient-specific drug combinations that target 
specific cell subpopulations poses a combinatorial challenge. Although 
genomic analyses have led to improvements in understanding of 
the molecular landscape of AML, patient-specific therapeutic re-
sponses are often associated with unique clusters of nonrecurrent 
and co-occurring mutations, making even the large-scale genomic 
profiling resources underpowered for identifying patient-customized 
combinatorial mechanisms. Furthermore, many of the most fre-
quent AML mutations generate broad changes in the epigenome, 
RNA splicing, and translation (15, 16), suggesting that precision 
medicine approaches based solely on mutation signature may fail to 
predict clinically useful combinations (2). An additional clinical 
challenge comes from intolerable, drug-induced toxicities, especially 
in older patients with AML (11, 17, 18). Identification of both effec-
tive and safe combinations requires capturing the molecular hetero-
geneity of the disease progression and differential responses of 
combinations between cell subpopulations at various stages of 
pathogenesis, using assays that are practical for translational appli-
cations in scarce primary patient cells.

In this work, we implemented a functional precision medicine 
approach to prioritize AML patient–specific and cell subpopulation– 
targeting drug combinations that uses only limited numbers of pa-
tient cells. Our mechanism-agnostic approach exploits the power of 
single-cell RNA sequencing (scRNA-seq) technology to identify 
various cell subpopulations in the complex patient samples at base-
line and in various disease stages. Using an efficient machine learn-
ing approach, together with compound-target interaction networks, 
we combined the single-cell transcriptomic profiles of the patient 
cells with their ex vivo single-agent treatment viability responses to 
predict synergistic combinatorial inhibition of AML cells with a low 
likelihood for toxic effects. Using this approach, we identified both 
common and patient-specific synergies for four treatment-naïve or 
treatment-refractory AML patient samples, each presenting with dif-
ferent molecular backgrounds and synergy mechanisms. Subsequent 
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flow cytometry experiments in the same patient cells confirmed that 
many of the predicted combinations led to minimal inhibition of 
nonmalignant cells, hence reducing the likelihood of broadly toxic 
combination effects. To our knowledge, this is the first translational 
approach for systematic tailoring of personalized drug combina-
tions that takes into account both the molecular heterogeneity of 
AML and toxic effects of combinations.

RESULTS
Prediction of subpopulation-targeting drug combinations 
using limited patient cells
We applied our computational-experimental approach (Fig. 1) to 
four bone marrow aspirates from three patients with AML (Table 1). 
Similar to our previous work (19), the computational search ap-
proach makes use of both on- and off-targets of the compounds to 
narrow down the combinatorial search space of more than 100,000 

pairwise combinations, far beyond what could be tested systemati-
cally in limited patient cells. To prioritize the top patient-specific 
combinations, we first compressed the genome-wide scRNA-seq 
transcriptomic profiles of each cell in individual patient samples 
into compound-target expression enrichment scores using gene set 
variation analysis (GSVA) (20). The GSVA results in compound- 
specific enrichment scores among the cell types and protein targets 
of the 456 compounds tested ex vivo with whole-well viability assay 
(see Materials and Methods; fig. S1). In the prediction step (Fig. 1A), 
we trained an XGBoost machine learning model with conformal 
prediction (CP) (21) to predict the most synergistic drug combina-
tions for each patient sample with confidence. The model makes use 
of the target expression levels of the compounds both in malignant 
and nonmalignant cells (here, nonlymphocytes and lymphocytes, 
respectively). This enables us to control not only the predicted overall 
synergistic effects but also the predicted differential co-inhibition 
effects between AML and nonmalignant cells.

Fig. 1. Schematic representation of the drug combination prediction approach. (A) Prediction of combinations with high synergy and potency in malignant cells and 
low toxicity in nonmalignant cells based on high-throughput ex vivo single-agent profiling of viability responses of individual patient sample to 456 compounds, com-
bined with the 3′ end whole-transcriptome scRNA-seq of enriched mononuclear cells, compressed to compound-target enrichment score matrix (GSVA based on the 
single-agent targets). These input data were used for training of an integrated machine learning model (XGBoost combined with CP) for the prediction of compound- 
induced overall cell viability inhibition at the concentration nearest to the relative half-maximal inhibitory concentration (IC50) of each single agent and each patient sample 
separately (see fig. S2). CTG, CellTiter-Glo. (B) An example of a predicted drug combination (AZD-5438 and abemaciclib) for AML2 patient sample. Combination dose- 
response matrix and the corresponding synergy distribution confirmed the predicted synergistic effect in the region around IC50 of the two compounds (dashed rectangle). 
(C) Uniform manifold approximation and projection (UMAP) projection of the scRNA-seq profiles informs about the compound target enrichment scores across cell types 
of the patient sample before the ex vivo treatments. In this example, GSVA revealed complementary low-overlapping expression scores for the targets of the two com-
pounds, explaining their synergistic co-inhibition effect in various populations of malignant cells. The prediction algorithm was trained on all the leukemic cells (blast and 
nonblasts), and lymphocytes were considered as nonmalignant “healthy” cells in the current combination predictions.
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In the experimental step (Fig. 1B), we tested the most promising 
predicted combinations for each patient sample in 8 × 8 dose- 
response combination matrices using ex vivo viability assays to con-
firm whether the predicted combinations truly act synergistically, 
i.e., jointly inhibit patient cells more than what is expected from their 
single-agent effects, as quantified using the zero interaction potency 
(ZIP) synergy score (22). After confirming the overall synergistic 
effects in the whole-well viability assays, we further tested a subset 
of validated synergistic combinations using high-throughput flow 
cytometry assays in the same patient cells to differentiate between 
combinatorial responses observed in the malignant and nonmalig-
nant primary cell subpopulations. This experimental step was im-
portant to prioritize those combinations that selectively target AML 
cells and to avoid toxic co-inhibition of lymphocytes that were con-
sidered as nonmalignant cells in the prediction model (23). The 
number of combinations selected for both whole-well and flow 
cytometry assays was based on the number of cells available in each 
patient primary sample. The combination target expression patterns 
from the whole-transcriptome scRNA profiles provide hypotheses 
for the molecular determinants of drug combination efficacy and 
toxicity in each patient sample (Fig. 1C).

Patient-specific combinations show high overall synergy 
and wide interpatient variability
We first investigated a subset of the combinations that were shared 
among the top 5% of predicted combinations in at least two patient 
samples. The predicted combinations resulted in co-inhibition of 
various targets and biological pathways (Fig. 2A). Two such com-
mon combinations that showed high synergy (ZIP score > 5) (22) 
in the whole-well viability assay across all the samples included 
camptothecin (topoisomerase I inhibitor) combined with etoposide 
(topoisomerase II inhibitor) and venetoclax (Bcl-2 inhibitor) com-
bined with vistusertib [mechanistic target of rapamycin (mTOR) 
inhibitor]. While simultaneous blocking of both topoisomerase I 
and II may lead to overlapping toxicities (24), it has been shown 
that cotargeting of both Bcl-2 and mTOR pathway triggers synergis-
tic apoptosis and enhances drug-induced cytotoxicity by suppressing 
MCL-1 in leukemic cells (25). The predictive approach also identified 

the ruboxistaurin-ipatasertib combination as synergistic in all but 
one sample (in the refractory AML3 sample, the combination was ad-
ditive with ZIP = 2.3). This combination is likely to target multiple 
monotherapy-resistant AML subclones, as co-inhibition of protein 
kinase C (PKC) and AKT promotes blast cell death by down-regulation 
of antiapoptotic Bcl-2 family proteins in leukemic cells (26, 27).

In general, across 28 common combinations (7 combinations 
tested in each of the four samples), those combinations that were 
predicted to have synergy and AML selectivity showed significantly 
higher synergy in the combinatorial viability assay, compared with 
those that were predicted to be only additive or antagonistic (P < 0.01, 
Wilcoxon rank sum test; Fig. 2B). This demonstrates the importance 
of patient specificity of the predictions, even for those combinations 
resulting in shared synergy among multiple patient cases. For in-
stance, we identified a strong overlapping synergy between veneto-
clax and the p38 MAPK inhibitor losmapimod in the two samples 
where the combination was predicted to be synergistic and AML 
selective (AML1 and AML2), while exhibiting an additive effect in 
the two other patient samples. It has been shown that co-inhibition 
of Bcl-2 and p38 MAPK leads to synergistic decrease of phospho-
rylated Bcl-2 because inhibition of p38 MAPK activity alone cannot 
stop phosphorylation of Bcl-2 (28), causing resistance to venetoclax 
in leukemic cells (29). Patients with AML with blast cells lacking 
Bcl-2 phosphorylation survive longer than those patients with blast 
cells with phosphorylated Bcl-2 (26).

The measured synergies of the patient-specific unique combina-
tion predictions were higher than those of shared combinations 
predicted as antagonistic or additive (P = 0.03; Wilcoxon rank sum 
test; Fig. 2D). Notably, we observed that the shared combinations 
that were predicted to act synergistically across multiple patient 
samples showed higher synergies than the patient-specific combi-
nations (P = 0.0002; Fig. 2B), but this difference was mainly due to 
the two broadly synergistic combinations, venetoclax-vistusertib 
and camptothecin-etoposide (Fig. 2A). The patient-specific combi-
nations revealed a wide spectrum of co-inhibitors of multiple bio-
logical pathways active in the AML patient cells (Fig. 2C). Although 
these one-off combinations are increasingly difficult to predict 
for single patient cases, 40% (16 of 40) of the predicted unique 

Table 1. Clinical and molecular characteristics of the patients with AML and samples. Flow cytometry–based clinical immunophenotyping was performed 
in fresh red blood cell–depleted bone marrow samples at Helsinki University Hospital, whereas the scRNA-seq profiling was done on the basis of thawed 
Ficoll-treated and cryopreserved AML cells at the FIMM (Institute for Molecular Medicine Finland) Single-Cell Unit. The blast percentages differ between the two 
readouts because of different cell isolation protocols and different blast identification approaches. ICD-O, International Classification of Diseases for Oncology. 

Patient 
sample

Disease 
stage Age Sex scRNA-based 

blast (%)

Clinical 
morphological 
blast (%)

Diagnosis 
(ICD-O) FAB type*

Previous 
malignancies 
or predisposing 
conditions

Risk class at 
the time of 
diagnosis

Potential 
driver 
mutations

Treatment 
history

AML1_D Diagnosis 35 M 68 65 AML, C92, 9874 M2 No Low
WT1,  
CCND2, and 
CEBPA

Cytarabine-
idarubicin, 
lenalidomide

AML2_R Refractory 68 M 26 40 AML C92, 9920 NA
Non-Hodgkin’s 
lymphoma

Intermediate
DNMT3A, ERG, 
U2AF1, and 
BCOR

Cytarabine-
idarubicin, 
azacytidine

AML3_D Diagnosis 70 F 35 70 AML C92 M1
Non-Hodgkin’s 
lymphoma

Intermediate NPM1 and TET2 Azacitidine

AML3_R Refractory 71 F 56 42 AML, C92 M1
Non-Hodgkin’s 
lymphoma

Intermediate
NPM1, TET2, 
and HDAC 1,2,7

Azacitidine-
venetoclax

*FAB, the French-American-British classification.
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combinations were experimentally confirmed to show synergy in 
the whole-well viability assays (ZIP > 5). Among the 28 shared com-
binations (Fig. 2A), the true-positive rate of the experimental vali-
dations was much higher, namely, 79% (15 of 19). Among the 68 the 
tested combinations, there was only one synergistic combination 
that was not predicted by the model, leading to <2% false-negative 
rate, indicating high precision of the predictive approach in this 
challenging personalized prediction task.

Flow cytometry assay confirms cell subpopulation–specific 
combinatorial inhibition effects
Although patient-specific combination designs arguably exclude 
broadly toxic combinations, the whole-well viability assay cannot 

effectively discriminate between AML cell killing and potential toxic 
effects of combinations. We therefore next investigated the degree 
of which the predicted combinations that showed high overall cell 
inhibition synergy led to the co-inhibition of specific cell popula-
tions using combinatorial flow cytometry assays (Fig. 3). To quantify 
the AML-selective effects, we compared the relative co-inhibition of 
lymphocytes [specifically T and natural killer (NK) cells] against the 
other cell populations in each of the AML patient samples separately 
(marked as AML cells in Fig. 3B). The average co-inhibition of the 
nonmalignant cell subpopulations across the combinations predicted 
for the three patient cases was 40 ± 22%, significantly lower com-
pared to the combinatorial inhibition of the AML cells (average, 
60 ± 22%; P = 3.9 × 10−6, Wilcoxon signed-rank test). When using a 

Fig. 2. Experimental validation of the combination predictions using combinatorial CTG viability assay. (A) Top seven shared combinations predicted to have 
synergy and AML cell selectivity in at least two samples. The numbers correspond to the ZIP synergy score (22), calculated for the dose region around IC50 values of each 
drug in combination, separately for each patient sample and combination. (B) Comparison of the synergy score distributions of the combinations predicted to be either 
synergistic (ZIP > 5), antagonistic (ZIP < −5), or additive (−5 < ZIP < 5) in the patient samples (P < 0.01; Wilcoxon rank sum test). (C) Top 10 patient-specific combinations 
predicted uniquely for each patient sample. (D) The measured synergies of the patient-specific combination predictions were higher compared with those that were 
predicted to be only additive or antagonistic (P = 0.03; Wilcoxon rank sum test). Overall, 53% of the 59 predicted synergistic combinations were experimentally confirmed 
to show synergy, and 83% were nonantagonistic (ZIP > −5).
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Fig. 3. Co-inhibition effects of the predicted combinations selected for flow cytometry experiments in each patient sample. (A) The combined dark and light blue 
bars together indicate the relative combinatorial inhibition, compared to nontreated cells, based on the whole-well viability assays, which was used in the prediction 
model for single-agent total viability responses. The dark blue parts of each bar indicate the expected additive inhibition from the combinations, and the light blue parts 
mark the unselective co-inhibition synergy based on the whole-well viability assays (excess inhibition % based on the ZIP synergy model). (B) Relative inhibition of malig-
nant AML cell subpopulations compared to inhibition of nonmalignant cells (T and NK cells) in the patients based on the flow cytometry assay. Boldfacing indicates those 
12 combinations (67%) with low toxicity (less than 50% of relative inhibition of T and NK cells). The co-inhibition of the nonmalignant cell subpopulations was significant-
ly lower compared to that of the AML cells (P = 3.9 × 10−6; Wilcoxon signed-rank test). Note: No cells were available from the AML3 patient diagnostic sample for the flow 
cytometry experiments. (C) UMAP visualizations of the cell subpopulations based on the scRNA-seq transcriptomic profiles of the patient cells extracted before ex vivo 
compound testing. Cell clusters were identified using our ScType scRNA-seq processing pipeline (31), with the Louvain clustering implemented in Seurat v3.1.0 (32). The 
identified clusters were annotated on the basis of cell-specific marker information from our ScType marker database, and unassigned cell types were manually identified 
(detailed in Materials and Methods). (D) Cell type composition of the patient samples based on their scRNA-seq transcriptomic profiles. Erythrocyte cell type corresponds 
to erythroid-like and erythroid precursor cells; see Materials and Methods. See fig. S3 for an extended version, where also the cell subpopulations identified in the patient 
sample AML3_D are shown.
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cutoff of 50% for the relative inhibition of T and NK cells, 67% (12 of 
18) of the predicted combinations showed low toxicity, indicating 
that the patient-specific combinations resulted in relatively selective 
killing of AML cells.

Notably, we revealed marked differences in the AML cell–selective 
co-inhibition effects both between the predicted combinations and 
patient samples. In particular, combinations involving venetoclax 
had relatively high co-inhibition effects on T cells, where their po-
tential toxic effects depended on the particular patient sample and 
the combination partner (Fig. 3B). This suggests that the immune 
composition of the bone marrow of these patients with AML may 
become reshaped during the venetoclax treatment, depending on 
the specific combination (30). We identified also unique combina-
tions in single patients, such as the combination between saracatinib 
(SRC and ABL inhibitor) and cytarabine (DNA synthesis inhibitor), 
which was confirmed to be highly synergistic, low toxic, and selec-
tive in AML1 patient only. Many of these subpopulation-specific 
co-inhibition effects cannot be captured by the whole-well assay 
and therefore required additional validation with flow cytometry 
assay. However, we note that the whole-well viability assay was in-
formative for confirming the overall co-inhibition synergy, which 
remained high across all the patient-specific combinations (average 
ZIP = 9.50 ± 3.58%; Fig. 3A).

Cellular heterogeneity of the patient samples explains 
variable treatment responses
We next charted the cell type composition of each patient sample 
using the whole-transcriptome scRNA-seq profiling of the primary 
patient cells, extracted before the ex vivo compound testing (Fig. 3, 
C and D). Using a highly specific scRNA-seq data processing pipeline 
and our comprehensive cell marker database (31, 32), we observed 
a wide spectrum of cellular heterogeneity between and within the AML 
patient samples that provided further insights into the compound- 
induced cell subpopulation co-inhibition effects ex vivo and in vivo. 
For instance, the scRNA-seq transcriptomes identified NK cells both 
in the diagnostic and refractory samples of the AML3 patient case, 
therefore enabling the evaluation of co-inhibition effects of the pa-
tient-specific combinations on the NK cell population as well (fig. 
S3b). We also identified two cell clusters of rare CD34− blast cells 
both in the diagnostic and refractory AML3 samples based on the 
scRNA-seq profiles (figs. S4 and S5).

When further comparing the two longitudinal samples from the 
AML3 patient, we revealed a decrease in the numbers of erythroid- 
like and NK cells, as well as the emergence of mast cell population 
in the refractory stage of the AML3 patient, as compared to the di-
agnosis stage of the same patient (Fig. 3D). By averaging the impor-
tance of individual cells within distinct cell types for the prediction 
model construction, we observed that the GYPA− erythroid-like cell 
type had high similarity both in the diagnostic and refractory AML3 
patient samples (Fig. 4), hence making them less important for the 
model predictions. In contrast, GYPA+ erythroid-like cells were re-
quired for more accurate predictions in the AML3 diagnostic sample, 
while having a considerably lower relative importance in the refrac-
tory sample of AML3. This suggests that GYPA+ erythroid-like cells 
were more diverse in the diagnosis patient sample, possibly denot-
ing cells at different stages of erythropoiesis.

We identified a number of potential molecular predictors of the 
treatment outcomes. For instance, the CD34+ blast cell clusters of 
AML1 and AML2 patient samples showed a high expression of two 

prognostic markers, ankyrin repeat domain 28 (ANKRD28) and 
guanine nucleotide binding protein 15 (GNA15) (fig. S6A), which 
are associated with a poor overall survival in patients with AML 
(33). Specifically in the AML2 refractory sample, we identified a 
population of CD34+ blast cells that were further classified into two 
subpopulations (fig. S6B): those expressing interferon-stimulated 
genes (ISGs), such as ISG15, IFIT2, and IFIT3, or not. Because the 
patient was not earlier treated with IFN-/ (34) and he did not 
have a known history of virus infection during the time of sampling 
(35), it is likely that the ISGs+ CD34+ blast cells are induction therapy– 
induced drug-resistant quiescent (G0) leukemic cells (36), causing 
the therapy failure, as indicated by change to azacitidine therapy after 
two cycles of induction therapy (Table 1).

Furthermore, we revealed a number of molecular determinants 
of ex  vivo synergies. For example, venetoclax and losmapimod 
combination was validated to be synergistic both in AML1 and 
AML2 patients but neither in the diagnosis nor the refractory 
samples of AML3 (Figs. 2 and 3). The observed synergy of this com-
bination, as well as its AML selectivity, may be explained by the 
higher expression level of multiple genes in the apoptotic and p38 
MAPK signaling pathways both in the AML1 and AML2 patients’ 
AML cells in comparison to the two other samples (table S2). In 
particular, we observed a significantly higher expression of the pri-
mary target of losmapimod, MAPK14 (table S3), when comparing 
malignant and nonmalignant cells of the patient samples (P < 2.2 × 
10−16; Fig. 5A). To illustrate the complexity of the molecular interac-
tions behind the combination response, we connected the drug targets 
with differentially expressed genes in the target pathways (Fig. 6A), 
highlighting potential determinants of the combination effect. The 
below subsections describe translationally the most interesting single- 
drug regimens and combinations identified in each patient case 
separately, together with their potential molecular determinants.
AML1 patient (diagnosis stage)
We first applied the integrated platform to predict patient-specific 
combinations for a 35-year-old male patient with AML (M2 sub-
type), with mutated CEBPA, WT1, and CCND2, and who was treated 
with induction chemotherapy (cytarabine-idarubicin; Table 1). scRNA- 
seq analysis showed that the patient sample was characterized by a 
high proportion of blasts (68%; Table 1). The ex vivo single-agent 
responses revealed high selective activity [selective drug sensitivity 
score (sDSS) > 20] of crenolanib (FLT3 and platelet-derived growth 
factor receptor inhibitor) and ruxolitinib (Janus kinase 1 and 2 in-
hibitor) (table S1). In general, the patient sample showed highly selec-
tive sensitivity to multiple kinase inhibitors in addition to cytotoxic 
chemotherapy (fig. S7).

For combinatorial targeting of AML1 patient leukemic cells, we 
identified and confirmed selective synergy between molibresib (BET 
family inhibitor) and verdinexor (XPO1/CRM1 inhibitor) (Fig. 3B). 
This combination was unique to the AML1 patient sample (Fig. 2C), 
possibly because the leukemic cells in this sample expressed a higher 
level of the molibresib targets (BRD2, BRD3, and BRD4; table S3), 
when compared to the nonleukemic cells of AML1 sample (P < 0.0001, 
Wilcoxon rank sum test; Fig. 5, B to D). This unanticipated combi-
natorial effect would have remained unpredictable on the basis of the 
single-agent testing results only.
AML2 patient (refractory stage)
The second patient case was a 68-year-old male AML patient with a 
history of non-Hodgkin’s lymphoma and mutated DNMT3A, U2AF1, 
and BCOR (Table 1). Before sampling, the patient was treated with 
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induction therapy (cytarabine-daunorubicin), followed by azacitidine, 
as the patient did not respond to the induction therapy (fig. S8). The 
monocytic blast cell population of the AML2 patient had the highest 
expression of cytidine deaminase, a known cytarabine- inactivating 
enzyme that converts cytarabine to cytarabine-uracil (37), possi-
bly explaining the lack of the patient’s response to induction therapy 
(Fig. 5E). The single-agent screening revealed sensitivity to epigenetic 
modifiers and apoptotic and heat shock protein inhibitors (fig. S7). 
Furthermore, the sample showed sensitivity to BAY87-2243 (mito-
chondrial complex I inhibitor), pevonedistat (NAE inhibitor), and 
plicamycin (RNA synthesis inhibitor), as the top monotherapies 
(table S1).

We identified a highly synergistic combination between GSK2656157 
[protein kinase R-like endoplasmic reticulum kinase (PERK) inhibitor] 
and docetaxel (microtubule disassembly inhibitor), which was unique 
to the AML2 sample (Fig. 2C). This selective combination synergy 
could be due to the up-regulation of several genes in the PERK-mediated 

signaling and microtubule polymerization or depolymerization pathways 
in the AML2 patient AML cells when comparing to the three other 
samples (table S2). A network visualization reveals a complex inter-
play between the drug targets and genes differentially expressed in the 
target pathways such as interleukin-8 [IL-8 or chemokine (C-X-C motif) 
ligand 8 (CXCL8); Fig. 6B]. We identified also a highly synergistic 
and low-toxic combination between ruboxistaurin (PKC inhibi-
tor) and ipatasertib (AKT inhibitor) only in the AML2 sample (Fig. 3B). 
This selective combination may appear because the nonleukemic cells 
of the AML2 sample uniquely expressed the ruboxistaurin targets 
PRKCB and PIM3 (table S3), as compared to the other samples that 
expressed neither of the targets in their AML cells (Fig. 5, F and G).

Furthermore, we revealed a strong patient-specific synergy among 
cyclin-dependent kinase (CDK) inhibitors and other single agents 
for this patient case. One such combination with a strong synergy 
was between AZD-5438 (a small-molecule CDK1/2/9 inhibitor) and 
abemaciclib (CDK4/6 inhibitor). This combination is interesting 

Fig. 4. Contribution of single-cell features across various cell types to the predictive modeling. (Left) Relative importance of each single cell for the predictive con-
tribution of the model, define by the features’ predictive contribution for each regression tree of the XGBoost algorithm. (Right) Average feature importance (AFI) of each 
cell type for generating the model predictions, calculated by averaging the feature importance within the cell types. (A) AML3_D and (B) AML_R. Higher AFI values indi-
cate that higher percentage of cells within the cluster are distinct from each other and are required for more accurate predictions, while low AFI values imply that cells 
within a cell type are highly similar from the model perspective, and only few cells are enough for model construction. The error bars denote SEM of the scaled AFI.
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especially in the mutated DNMT3A AML2 patient sample because 
simultaneous inhibition of CDK4 and CDK2 has shown to induce 
strong senescence response and growth arrest in leukemic cells with 
low DNMT3A expression (38, 39).
AML3 patient (diagnosis stage)
As the final application case, we predicted potential drug combina-
tions for the diagnosis stage of a 70-year-old male AML3 patient 
(M1 subtype), with mutated NPM1, and previous history of non- 
Hodgkin’s lymphoma (Table 1). In support of earlier observations 
that blast cells in AMLs with NPM1 mutation subtype are often 
CD34 negative (40), the presence of CD34− leukemic cells was con-
firmed with our scRNA-seq analysis. Further analysis revealed a high 
proportion of erythroid lineage cells in the bone marrow mononu-
clear cells (35.8%), characterized by up-regulation of hemoglobin- 
related genes (e.g., HBA2 and HBB). The diagnostic stage ex vivo 
responses to the 456 single agents revealed navitoclax (Bcl-2/Bcl-xL 
inhibitor), dexamethasone, and methylprednisolone (glucocorticoids) 
as the top three drugs with the highest activity in the patient sample 
(table S1). The potency of navitoclax is in line with our earlier ob-
servation of higher activity of Bcl-2 inhibitors in the M1 subtype AML 
(41). In general, the patient sample showed a high selective sensi-
tivity (sDSS range, 13 to 21) to a number of targeted compounds, 
including kinase inhibitors, heat shock protein inhibitors, and apop-
totic modulators (fig. S7).

Using the predictive model, we identified a strong and unique 
synergy between patupilone (microtubule disassembly inhibitor) 
and uprosertib (AKT kinase inhibitor) in the AML3 patient diag-
nostic sample (Fig. 2C). It has previously been shown that a dual 
inhibition of microtubules and AKT/mTOR pathways can synergis-
tically enhance apoptosis of cancerous cells, particularly in patients 
with cancer resistant to mitotic inhibitors because phosphatidyli-
nositol 3-kinase/Akt/mTOR pathway is associated with resistance 
in multiple cancers including leukemia (42, 43). In line with this 
observation, patupilone primary target, tubulin  (TUBB; table S3), 
showed higher expression in the leukemic cells of AML3 patient di-
agnosis sample, compared to nonleukemic cells (P < 0.0001, Wilcoxon 
rank sum test; Fig. 5H), suggesting that the synergistic co-inhibition 
might be achieved through selective inhibition of the tubulins in-
volved in cancer chemoresistance and metastasis (44, 45).

We also identified that the combination between doxorubicin 
(topoisomerase II inhibitor) and prednisolone (glucocorticoid) showed 
a selective synergy in AML3 patient diagnostic sample. As potential 
explanations for this patient-specific combination effect, we found 
several overexpressed genes in the pathways related to the doxoru-
bicin pharmacokinetics and response to corticosteroid in the AML3 
patient diagnostic sample (table S2). The complex interactions under-
lying this combination may provide potential explanations for the 
patient-specific observed synergy (Fig. 6C). However, we note that 
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Fig. 5. Target expression of compounds identified as effective and less toxic combinations. (A) Comparison of the expression of losmapimod primary target 
MAPK14 in the leukemic cells of AML1 and AML2 patients, against leukemic cells of AML3 patient, and nonleukemic cells of AML1 and AML2. (B to D) Comparison of ex-
pression levels of molibresib targets BRD2, BRD3, and BRD4 between leukemic and nonleukemic cells of AML1. (E) Comparison of the cytarabine-deactivating enzyme 
cytidine deaminase (CDA) expression in the leukemic cells of AML2 patient with leukemic cells of other samples and nonleukemic cells of AML2. (F and G) Comparison of 
the expression levels of ruboxistaurin targets PRKCB and PIM3 in the leukemic cells of AML2 patient with leukemic cells of other samples and nonleukemic cells of AML2. 
(H) Comparison of expression levels of patupilone target tubulin  (TUBB) in the leukemic cells of AML3 patient with leukemic cells of other samples and nonleukemic cells 
of AML3. In each panel, y axis shows log-normalized count values after sctransform (32), where P values were calculated with Wilcoxon rank sum test. ***P < 0.001.
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these interactions should be considered as potential hypotheses to 
be tested in larger patient populations.
AML3 patient (refractory stage)
The leukemia of patient AML3 was refractory to azacitidine, as 
observed after a single 28-day cycle of azacitidine treatment (7 days 
on drug), and the patient was therefore transferred to an azacitidine- 
venetoclax regimen after 1 month (fig. S8). Consistent with the clinical 
treatment responses, our predictive model with conformal learning 
did not prioritize either azacitidine monotherapy or any combina-
tions involving azacytidine as partner because of its low ex vivo 
response in the diagnostic sample (fig. S9A), together with a rela-
tively low predicted response and a relatively high prediction error 
(fig. S9b). In particular, we note the azacitidine-venetoclax combi-
nation was not among the combinations predicted by the model, 
and leukemia was, in fact, clinically refractory to this combinatorial 
therapy (fig. S8). However, the ex vivo drug response after 72 hours 
of drug treatment may not completely represent the clinical response 

for azacitidine that is expected to come primarily from the hypometh-
ylating effects observed only after multiday daily treatments.

The ex vivo single-agent responses for the other inhibitors re-
vealed that the AML3 refractory-stage sample was still sensitive to 
dexamethasone (glucocorticoid), BMS-754807, and GSK-1904529A 
(insulin-like growth factor 1 receptor inhibitor) (table S1), similar 
to the diagnostic sample (fig. S7). However, the refractory sample 
became more sensitive both to epigenetic modifiers (P = 1.5 × 10−3) 
and chemotherapies (P = 1.2 × 10−3, Wilcoxon rank sum test). The 
synergy between ruboxistaurin (PKC inhibitor) and ipatasertib 
(AKT inhibitor), which was observed only in the diagnostic sam-
ples, was lost as the disease progressed from the diagnosis to refrac-
tory stage, possibly because of the lower expression ruboxistaurin 
target PIM3 in the leukemic cells of the refractory sample (Fig. 5G). 
This case example demonstrates the need for longitudinal patient 
sampling and subpopulation-level prediction machinery to dynam-
ically tailor AML-selective combinations at different disease stages.

Fig. 6. Interaction networks for the predicted and validated patient-specific combinations. (A) Venetoclax and losmapimod, (B) GSK2656157 and docetaxel, and 
(C) doxorubicin and prednisolone. The protein nodes in the networks include the primary and secondary targets of the compounds in the combinations, along with differ-
entially expressed genes in the target pathways that could potentially explain the observed combination effects in the particular patient samples [(A) AML1 and AML2; 
(B) AML2; (C) AML3_D]. The visualization was performed using the STITCH web tool (67). The edge width and color darkness indicate the degree of data support for the 
connection. The chemical-protein interactions include both direct targets of the compounds and their downstream targets and other molecular modifiers of the com-
pounds’ responses. 3D, three-dimensional.
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DISCUSSION
AML cells harbor a number of genetically and epigenetically hetero-
geneous subpopulations, each of which may be associated with a 
distinct cellular function or phenotype such as self-renewal, drug sensi-
tivity, or resistance. To address this heterogeneity in a personalized 
treatment design, we implemented a computational-experimental 
platform and applied it to AML patient primary cells to ratio-
nally combine drugs that preemptively inhibit multiple AML- 
related dysfunctions or resistance mechanisms in individual patients. 
The selective approach avoids a severe co-inhibition of nonmalig-
nant cells, with the aim to improve both combination efficacy and 
tolerability. To the best of our knowledge, this is the first systematic 
approach to personalized drug combinations selection that takes 
into account both the molecular heterogeneity of AML cells and the 
possible toxic effects of combinations, thereby increasing their like-
lihood for clinical translation. The approach requires only a limited 
number of patient cells and is widely applicable to hematological 
cancers that are amenable to scRNA-seq profiling and systematic 
ex vivo compound testing. In the present work, we used a total of 
30 to 40 million cells per patient for both the primary single-agent 
screening and the scRNA-seq profiling, as well as for the combina-
torial validation experiments with whole-well and flow cytometry 
assays (a vial of 10 million cells for each assay). The implementation 
of the experimental-computational approach takes less than 3 weeks 
per sample, where scRNA-seq is the current bottleneck, demonstrat-
ing that the approach can be applied within a clinically actionable 
time frame, especially once the sequencing analysis becomes faster.

In cancer treatment, there is an urgent clinical need to develop ra-
tional and systematic strategies for designing anticancer combinatorial 
treatment that can target cancer heterogeneity and drug- resistant 
cell populations (46). Earlier approaches have used experimental 
testing of single-drug efficacies in genetically variant cell subpopu-
lations, together with RNA interference to model the functional di-
versity and perturbation effects of heterogeneous tumors, followed 
by computational optimization algorithm that predicts how drug 
combinations will affect heterogeneous tumors (47). While these 
optimized design principles can offer useful insights into intratu-
moral heterogeneity, profiling each component subpopulation with 
single drugs together with knockdown experiments in patient cells 
is arguably not amenable to routine clinical application. Recently, 
scRNA-seq has been widely used to chart the cellular composition 
of complex samples and to design combinatorial regimens in solid 
tumors that show increased treatment efficacy over monotherapy 
(48). Although scRNA-seq enables efficient mapping of primary 
AML cell populations at baseline (23), when used alone, it lacks the 
possibility to profile functional responses of drug treatments. Another 
recent study used nested-effects modeling combined with mass cytom-
etry time of flight (CyTOF) to simultaneously profile single-agent 
responses and to catalog signaling heterogeneity at the single-cell 
level, with the aim to suggest drug combinations that lead to maxi-
mal desired intracellular effects (49). However, this method requires 
CyTOF profiling before and after the drug treatment, hence limit-
ing its predictive clinical value.

Next-generation functional precision medicine approaches com-
bine molecular and genomic characterization of individual patient 
samples at various disease stages with the whole-well ex vivo pheno-
typic profiling of the patient samples using large compound libraries. 
We and others have demonstrated that these integrated approaches 
based on bulk profiling of both drug sensitivity and genomic changes 

provide a relatively fast and practical platform for translational 
discoveries in hematological malignancies, informing both mono-
therapy regimes and combination discoveries (50–53). Recently, 
high- throughput flow cytometry–based drug response profiling 
approaches have been established for higher-resolution evaluation 
of ex vivo sensitivity of various cell populations in primary AML 
samples (41), where especially refractory patient samples often have 
lower blast cell percentages, making the whole-well bulk drug assays 
less reliable for drug response profiling. However, high-throughput 
flow cytometry profiling of a larger number of drug combinations 
in multiple doses is not feasible in scarce primary patient cells; in-
stead, the current translational strategies rely on testing only selected 
drugs or combinations in single concentrations (54). Because the 
predefined combinations and fixed concentrations may easily miss 
novel synergies, there is a need for efficient data-driven approaches 
to systematically prioritize the most potent and selective combina-
tions for each patient to be tested in subpopulation-level drug combi-
nation assays using dose-combination matrix designs, before entering 
into further preclinical validation.

Our experimental results demonstrated that the bulk viability 
single-agent screening assays have an unexpectedly high predictive 
power for the AML cell subpopulation co-inhibition effects, when 
combined with the scRNA-seq transcriptomic data and machine 
learning modeling. However, because of its cell population unspec-
ificity, we used the bulk viability assay in the prediction approach 
only as the first filtering phase, following the model predictions, 
which enrich a smaller number of the most synergistic and selective 
combinations to be validated in the flow cytometry–based subpop-
ulation assays. This is because we could not perform testing of all 
the predicted combinations with the more high-resolution flow 
cytometry assay due to the scarcity of the primary patient cells. 
However, in applications where one could perform flow cytometry–
based drug viability assessment for all the drugs in the first experi-
mental phase as the model input, one could potentially further 
improve the model performance and selectivity against blast cells. 
We also demonstrated that combinations having high synergy in 
the whole-well viability assay may sometimes lead to high likeli-
hood of toxic effects, especially in the patient samples with limited 
amounts of nonleukemic cells, making the subpopulation-specific 
flow cytometry response assays highly informative for translational 
applications. Notably, the flow cytometry–based experiments re-
vealed a wide range of interpatient variability in the combinations 
involving venetoclax. For instance, the combination of venetoclax and 
losmapimod showed a relatively variable ex vivo synergy-efficacy- 
toxicity profiles between diagnostic AML1 and refractory AML2 
samples (Fig. 3).

The benefits of the integrated approach were demonstrated in 
multiple case examples, including the combination between saraca-
tinib (SRC and ABL inhibitor) and cytarabine (DNA synthesis in-
hibitor), which was confirmed to be highly synergistic, low toxic, 
and selective for AML1 patient (Figs. 2 and 3). The combination is 
likely to remain effective also in more complex disease systems be-
cause the SRC family kinases are activated in AML stem/progenitor 
cells, known to contribute to their survival and proliferation (55). 
Furthermore, an in vivo study has shown that SRC kinase inhibitor 
treatment enhances chemotherapy-induced targeting of primary 
murine AML stem cells, capable of regenerating leukemia in sec-
ondary recipients by activating p53 (56). Therefore, this combina-
tion may be best suited for cancers that contain wild-type p53, as 
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was the case with the AML1 patient (Table 1). On the other hand, a 
cytarabine-saracatinib combination showed synergy in the whole-
well viability assay only in one of the two predicted samples (Fig. 2A), 
indicating that part of the heterogeneity in the combinatorial re-
sponse either is not captured by the whole-well viability readouts or 
remains unpredictable by the current integrated approach. This could 
be due to the patient and sample specificity of the current model, de-
signed for personalized oncology applications. The predictive model-
ing could also be done in a batch mode by making use of the different 
disease stages (e.g., diagnostic and refractory) of the same patient, 
when these are available, or even combining measurements from 
multiple patients into a single prediction model.

Given that drug combination synergy is a rare phenomenon, 
with estimated likelihood of synergy being around 5% in large-scale 
combination screens (19,  57,  58), our predictive platform led to 
highly accurate combination prioritization, achieving a higher than 
50% success rate in the validation experiments. For specific patient 
cases, the success rate was even higher. For instance, in the AML1 
case, we tested 17 of the predicted combinations using the whole-
well viability assay, and the validations revealed that 10 (59%) of the 
combinations showed strong synergistic effect (ZIP > 5) and 15 
(88%) of the predicted combination were either synergistic or addi-
tive (ZIP > 0). We acknowledge that some of the ex vivo predictions 
may not lead to clinically actionable therapies. For instance, simul-
taneous blocking of both topoisomerase I and II showed synergies 
in all the patient samples. While this combination might provide an 
opportunity to effectively cotarget AML rescue pathways, as inhibi-
tion of either of the enzymes alone may lead to increase in the ex-
pression of the other, hence resulting in treatment of resistance 
(24), the sequential or simultaneous co-inhibition of topoisomerase 
I and II by compounds forming DNA lesions has shown severe side 
effects (59). Therefore, dual inhibitors with a longer half-life and 
improved binding efficacy (e.g., tafluposide and batracylin) are be-
ing designed to tackle treatment resistance and toxicity (24). Similarly, 
the combination of AZD-5438 (CDK1/2 inhibitor) and abemaciclib 
(CDK4/6 inhibitor) showed patient AML2–specific synergy; however, 
this combination is unlikely to be translated to clinics, as the AZD-
5438 monotherapy trial was discontinued because of intolerable 
toxicities when administered continuously in patients with advanced 
solid tumors (38).

These AML case studies also demonstrated that in addition to 
the overall co-inhibition synergy, it is important to also consider the 
relative differences between the combination efficacy and toxicity 
because these are critical determinants for the clinical success of a 
therapy (11, 60). As a unique component of our machine learning 
model, it makes use of the information from scRNA-seq on the tar-
get expression levels of the compounds both in malignant and non-
malignant cells, when predicting not only synergistic effects but also 
the differential co-inhibition effects between malignant and non-
malignant cells. In the present work, the prediction algorithm was 
trained on all the leukemic cells, which makes the predictions more 
robust, compared to using only the blast cells. For instance, even 
with a small scRNA-seq blast percentage in some cases (e.g., in the 
refractory AML2_R sample), we showed that the prediction algo-
rithm led to highly accurate combination predictions, in terms of 
both efficacy and toxicity, as validated by the cell subpopulation–
level flow cytometry experiments (Fig. 3). In general, the flow cy-
tometry assay validations showed that 67% of the predicted and 
synergistic combinations had a highly selective co-inhibition effect 

(<50% toxicity to T and NK cells), indicating that the predictive ap-
proach effectively avoids suggesting only broadly toxic and poten-
tially synergistic combinations that unselectively kill various cell 
types. To our knowledge, there are no large-scale studies of such 
selective co-inhibition effects in cancer cells, but this is arguably 
even a rarer phenomenon than an overall combination synergy, 
hence further demonstrating the high precision of the current pre-
diction model.

In the present work, we used the T and NK cells as nonmalignant 
cell types in the combination predictions because these lympho-
cytes were robustly identified in the AML patient samples using 
their scRNA-seq profiles (Fig. 3D). Lymphocytes can be identified 
using distinct surface markers, and they are considered nonmalig-
nant cells across all the subtypes of myeloid leukemia. Furthermore, 
a recent study demonstrated the absence of AML-related mutations 
in lymphocytes using single-cell genotyping of 16 patients with 
AML (23). However, we note that drug toxicities are not derived 
from the activity on lymphocytes alone, or even solely on cells of the 
hematopoietic compartment, and therefore, inhibition of T and NK 
cells is not an absolute measure of toxicity. We recommend that the 
choice of healthy cell types should be made on the basis of the appli-
cation and experimental setup for the assessment of predicted com-
binations in terms of efficacy and toxicity. Further, we note that our 
method provides merely an initial hypothesis for effective, synergis-
tic, and low-toxicity combinations based on the patient-derived pri-
mary cells; however, these predictions should be further tested in 
more complex preclinical model systems to assess their potential 
toxicity in other organs (e.g., hepatotoxicity or cardiotoxicity). In 
future applications, one can freely choose also other cell popula-
tions in the prediction pipeline and in the ScType platform to define 
both the therapeutic and toxic effects in other applications, espe-
cially when going beyond AML to other hematological cancers.

In conclusion, combination synergy, efficacy, and toxicity pro-
filing each provide complementary information on the combina-
tions’ mode of action, and therefore, integrating these data should 
become informative for translational applications. Our machine 
learning model enabled also possibilities to identify potential mo-
lecular markers for the low-toxic and synergistic combinations in 
each patient case based on their scRNA-seq profiles, including sev-
eral apoptotic and p38 MAPK signaling pathway genes for the vene-
toclax and losmapimod combination, which warrant further testing 
as predictive biomarkers in larger AML patient cohorts.

MATERIALS AND METHODS
Experimental design
The computational and experimental steps of the study design are 
illustrated in Fig. 1. The study material and methodological details 
are described in the below sections.

Patient samples
Four bone marrow aspirates from three patients with AML (in-
dexed as AML1, AML2, and AML3, the latter with both diagnostic 
and refractory samples) were collected at Helsinki University 
Hospital and The Finnish Hematology Registry and Clinical Biobank 
(FHRB) after informed consent, using protocols approved by a local 
institutional review board in accordance with the Declaration of 
Helsinki. Patient clinical characteristics and mutation profiles are 
shown in Table 1.
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Single-cell RNA sequencing
Enriched (Ficoll-Paque PREMIUM, GE Healthcare) mononuclear 
cells were used for Chromium single-cell 3′ RNA-seq. The gel beads 
in emulsion generation, cDNA amplification, and library prepara-
tion were performed according to the manufacturer’s instructions 
using Chromium Single Cell 3′ v2 Reagent Kit (10X Genomics) 
aiming for a 4000– to 6000–target cell capture per sample. The sam-
ple libraries were sequenced in Illumina HiSeq 2500 using Rapid 
mode aiming for sequencing depth of 50,000 reads per cell. The Cell 
Ranger v1.3 mkfastq and count analysis pipelines (10X Genomics) 
were used to demultiplex and convert Chromium single-cell 3′ 
RNA-seq barcode and read data to FASTQ files and to generate 
align reads and gene-cell matrices. The gene-barcode matrices were 
analyzed using the ScType scRNA-seq processing pipeline (31) with 
the Louvain cell clustering as implemented in Seurat v3.1.0 (32). 
Cells with either a low (below 100 to 200) or unexpectedly high 
number (3000 to 4000, depending on the sample) of detected genes, 
or cells with more than 8 to 10% of mitochondrial UMI (unique 
molecular modifier) counts, were classified as low-quality or un-
interesting cells and were excluded from the analysis.

Cell type identification and manual annotation
We used our ScType cell type annotation web tool (31) for the ini-
tial cell cluster annotation. ScType platform uses the currently two 
largest resources of human cell population markers (61, 62) to clas-
sify cell types by considering all the gene expression changes among 
the cell clusters. More specifically, the ScType method calculates a 
cumulative sum of marker specificity scores of all the genes support-
ing a cell type to make an automated decision of the cell type annota-
tion. Next, we manually validated the ScType cell type classifications 
by visualizing a number of established marker genes that were used 
to define the major cell types in the present AML cases (Table 2).

Compound sensitivity testing
We used a library consisting of 456 single compounds from the In-
stitute for Molecular Medicine Finland (FIMM) oncology set, which 
is a comprehensive and evolving compound collection of both ap-
proved drugs and investigational compounds (fig. S1). For the single- 
agent response testing, 20 l of fresh AML cell (approximately 
10,000) suspension in mononuclear cell medium was added per well 

to predrugged plates with 10-fold dilution series of five concentrations, 
and the whole-well cell viability was measured with CellTiter-Glo 
(CTG; Promega) in duplicate, as previously described (19, 50). The 
concentration ranges were selected for each compound separately 
to investigate their full dynamic range of the dose-response rela-
tionships. After 72 hours of incubation at 37°C and 5% CO2, cell 
viability of each well was measured using the CTG luminescent as-
say and a PHERAstar FS (BMG Labtech) plate reader. The percent-
age inhibition was calculated by normalizing the cell viability to 
negative control wells containing only 0.1% dimethyl sulfoxide 
(DMSO) and positive control wells containing 100 M cell killing 
benzethonium chloride (BzCl).

The dose-response curve of each drug was fitted using the four- 
parameter nonlinear logistic regression, also called the Hill equation

  g = a +   b − a ─ 
1 +   (     c _ d  )     

s
 
    

where g is a response of a single agent at dose d, a is the minimum 
asymptote, b is the maximum asymptote, c is the half-maximal in-
hibitory concentration (relative IC50), and s is the slope of the curve. 
The fitting was done using the drc package (version, 3.0-1) in R. The 
maximal relative inhibition level closest to relative IC50 concentra-
tion was used as a single-agent response outcome measure when 
training the machine learning model (fig. S2A). We quantified the 
summary response of each compound in the patient samples using 
the DSS, as described previously (63). sDSS was calculated by sub-
tracting from the patient-specific DSS the average of six healthy 
bone marrow samples’ DSS values (table S1).

Compound-target information
We retrieved comprehensive compound-target information from 
two publicly available databases: Drug Target Commons v2.0 
(drugtargetcommons.fimm.fi) (64) and DGIdb version 3.0 (www.
dgidb.org) (65). We included in the compound-target networks 
only those protein targets with a relatively potent binding affinity 
(Kd, Ki, IC50 < 1000 nM) from the Drug Target Commons database 
and protein targets with a reference score >2 in the DGIdb database. 
Using this rather liberal potency cutoff, we retrieved 898 unique 
protein targets for the 456 compounds, including both their nominal 
on-targets and potent off-targets. The predictive modeling made use 
of the comprehensive compound-target interaction networks, rang-
ing from primary targets to downstream targets and other modifiers 
of the compounds’ responses to make systematic predictions of their 
coactivities based on a wide spectrum of binding affinities and in-
hibitory levels of the compounds against target pathways.

We used the Molecular Signatures Database (MSigDB) v7.2 (66) 
to map the target pathways for the differential expression analyses 
(table S2). The visualization of the chemical-compound and protein- 
protein interactions was performed using the STITCH v5 platform 
(67), which extracts a wide range of molecular interactions in addi-
tion to direct compound-target binding interactions (Fig. 6). However, 
when making more stringent analysis of the identified co-inhibition 
effects of the combinations in specific patient samples (Fig. 5), we 
only focused on the primary targets and those off-targets with sim-
ilar affinity or inhibition than those of the intended targets, using 
the curated target binding information from DrugBank (www.
drugbank.ca/) (68), IUPHAR (www.guidetopharmacology.org/) (69), 
and MedChemExpress (www.medchemexpress.com/) (table S3).

Table 2. Immune cell markers used for the cell type annotations in the 
present application. The slash (/) indicates that either one or another 
marker set was used, depending on the cell cluster. 

Cell types Markers

Monocytes CD14+

T cells CD3+, CD4+/CD8+

Erythroid-like and erythroid 
precursor cells

GYPA+ HBB+, CD71+

Granulocytes MPO+

Blasts CD34+/CD34− CD33− CD38_low 
CD105+ CD99_high

NK cells CD56+ GZMB+/CD335+ GZMB+

Neutrophils MPO+ AZU1+

Mast cells FCER1A+ CD203c+

http://drugtargetcommons.fimm.fi
http://www.dgidb.org
http://www.dgidb.org
http://www.drugbank.ca/
http://www.drugbank.ca/
http://www.guidetopharmacology.org/
http://www.medchemexpress.com/
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Predictive modeling
Because systematic testing of all the potential combinations among 
the 456 compounds is not experimentally feasible (>100,000 pair-
wise combinations), we adopted an efficient computational strategy 
that combines the multiple compound-target expression levels from 
scRNA-seq data into a single compound-specific target score for 
each cell using the GSVA approach (20). More specifically, we 
reduced the dimensionality of the genome-wide scRNA-seq tran-
scriptomic profiles and calculated the target enrichment score for 
individual cells using GSVA, which calculates the normalized dif-
ference in empirical cumulative distribution functions of gene ex-
pression ranks inside and outside the drug proteins targets (here, 
gene set), as an enrichment statistic per cell, which is further nor-
malized by the range of the statistic values across all the gene sets. 
These compound-target scores were used as input for training a 
regularized boosted regression trees (XGBoost) algorithm to pre-
dict the single-agent viability inhibition (measured as response 
nearest to the relative IC50 concentration; see fig. S2A) for each 
compound and each patient separately. The predictive model was opti-
mized using Bayesian optimization with repeated fivefold cross- 
validation (CV) approach within the 456 compounds in each patient 
sample separately, and the optimized model was then used to predict 
the compound combination responses in the particular patient sample. 
The union of targets of individual compounds was used to construct a 
combination target score, similar to our previous work (19), and this 
combination score was used as input for the trained patient-specific 
XGBoost model for the drug combination response prediction. The 
ZIP synergy model (22) was used to identify the most synergistic pre-
dicted combinations for each patient. To eliminate low-confidence pre-
dictions, we used a CP approach (21). In short, CP uses absolute values 
of the repeated CV residuals as a dependent variable for the error 
model to predict how unlikely (conformal) each prediction is, which 
subclusters the prediction space into various confidence level regions. 
Specifically, we removed all the XGBoost predictions with a non-
conformity score lower than 0.8. In doing so, we used in combination 
predictions only those single agents whose response could be pre-
dicted confidently using their target expression levels.

The prediction algorithm was trained on all the leukemic cells 
(blast and nonblasts), and lymphocytes were considered as nonma-
lignant “healthy” cells in the current combination predictions. To 
individually prioritize the most promising and clinically actionable 
combinations for each patient, the predicted combinations were 
further ranked on the basis of their predicted toxic effect on nonma-
lignant cells, along with their predicted capacity to target multiple 
cancer cell subpopulations. First, we selected the top 10% combina-
tion based on the predicted ZIP synergy score. Out of the selected 
synergistic combinations, we further selected the top 10% combina-
tions with the highest predicted efficacy on the malignant cells. Last, 
we prioritized the top 10% of the remaining combinations with the 
lowest target enrichment scores in the nonmalignant cells (i.e., lowest 
number of cells with positive GSVA values), thus excluding those 
synergistic and effective combinations that could potentially result 
in toxic effects. The underlying principle is that the model attempts 
to select those compounds and combinations, which follow our as-
sumption of their mode of action. Namely, whenever a compound’s 
target gene set is highly enriched across all cell types, it is expected 
to have cell type–independent inhibition effects, which should lead 
to high-CTG ex vivo responses. In contrast, the compounds with 
low target gene set enrichment in all cell types are assumed to show 

lower-CTG ex vivo responses. We note that not all the compounds 
follow this assumption, and those compounds as well as the others 
that the model is not able to learn properly during Bayesian optimi-
zation are removed with the conformal learning. Ultimately, the model 
is used to predict which combinations will produce the highest cell 
killing effect, and then we select among the top predictions those with 
a lower likelihood of toxic effects (e.g., deprioritize combinations 
whose target gene set is highly enriched in healthy cell types).

Validation of the predicted combination using CTG 
viability assay
The predicted combinations involving 64 single agents were subse-
quently tested on the bone marrow mononuclear cells of each pa-
tient in an 8 × 8 dose-response matrix using CTG viability assay, 
similarly as described before (19,  50) and above (see the “Com-
pound sensitivity testing” section). The combination synergy in the 
experimental validations was quantified using the ZIP model (22), 
calculated on the basis of the dose region around IC50 values of each 
compound in combination, separately for each patient and combi-
nation, because the machine learning model predicted synergistic 
inhibition at doses closest to IC50 concentration.

Validation of the combination using high-throughput flow 
cytometry assay
We performed high-throughput flow cytometry assays to assess the 
effects of drugs on multiple cell populations in primary AML pa-
tient samples, as described previously (41). Briefly, the compounds 
were dissolved in 100% DMSO or an aqueous solution and dis-
pensed on tissue culture–grade Corning V-bottom 96-well plates 
using an Echo 550 liquid handler (Labcyte) in four concentra-
tions of 10-fold dilution series around the IC50 (fig. S2B). The 
conditioned medium suspended cells were seeded at 100,000 cells 
per well on the drug plates and incubated for 3 days at 37°C and 
5% CO2. The cells were washed with a cell staining buffer (phosphate- 
buffered saline with 2% fetal bovine serum), centrifuged at 600g 
for 5 min. To profile cell subpopulation responses, the cells were 
stained with BV605 Mouse Anti-Human CD56, BV421 Mouse 
Anti-Human CD19, BV421 Mouse Anti-Human CD3, FITC Mouse 
Anti-Human CD45, APC Mouse Anti-Human CD34, and BV786 
Mouse Anti-Human CD38 antibodies (all antibodies from BD 
Biosciences) for 30 min at room temperature in the dark. After anti-
body staining, the cells were washed in cell staining buffer and re-
suspended in 25 l of annexin V binding buffer containing 0.5 l of 
phycoerythrin annexin V and 7-aminoactinomycin D (7AAD) and 
incubated for 10 min at room temperature in the dark. The cells 
were analyzed on an iQue Plus instrument (IntelliCyt). The data 
were analyzed by using FlowJo software v10.6.2 (TreeStar) and col-
lected 50 to 80,000 events. Briefly, cell singlets were identified on 
the basis of FSC-A (forward-scattered area) versus FSC-H ratio, and 
live cells were identified using annexin V and 7AAD markers fol-
lowed by identification of leukocytes on the basis of CD45 and FSC-A.  
We further characterized NK cells (CD56 positive and CD3/CD19 
negative), leukemic stem cells (CD34 and CD38 positive), and T/B cells 
[based on SSCA (side-scattered area] and CD3/19) from the leukocytes. 
Details of the gating strategy are illustrated in figs. S4B and S10.

Statistical analysis and data availability
The specific statistical test performed for each experiment and the 
significance values are included in the figure legends or results text. 
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The R-package (sc-comb) and its source code are freely available at 
GitHub (https://github.com/IanevskiAleksandr/scComb), with user 
instructions for installation and usage of the package. The R-package 
makes it possible to reproduce the current results and modify the 
codes in applications of the predictive model in other similar studies. 
The single-compound testing data from the four AML patient 
samples are available in table S1. The scRNA-seq raw data generated 
in this study for the AML2 patient and AML3 refractory sample 
are available at European Genome-phenome Archive (EGA) 
(EGAS00001004614). scRNA-seq data from AML1 patient and AML3 
diagnostic sample are available at EGA (EGAS00001004444) (70).

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/7/8/eabe4038/DC1

View/request a protocol for this paper from Bio-protocol.
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