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[bookmark: _Toc133318205]1. Materials and Methods
Ex vivo drug-response data were generated at the Institute for Molecular Medicine Finland (FIMM) for a prospective series of 252 samples from 186 patients with acute myeloid leukemia (AML)1. The results of experiments using the dead cells (CellTox Green) readout were extracted, which included the drug response of 625 chemical compounds on 199 bone marrow AML samples from patients. To determine the inhibition efficacy of each drug on each sample, the mean value of drug response across dosages was extracted after processing. This dataset can be represented as a 199-by-624 matrix, with rows representing samples and columns representing drugs tested on AML samples. Furthermore, the full submatrix (with no missing entries) of 81 patient samples and 296 chemical compounds was extracted using the NIMMA package2. The magnitudes of the dose response levels vary across experimental protocols and techniques due to the heterogeneity of the different platforms on which the high-throughput assays were performed. We normalized the mean value of dose response levels to provide coincident and comparable therapeutic efficacy across different experiments to facilitate downstream use of our dataset. Given that cell death was used in drug sensitivity assays, we calculated the inhibition rate (Rinhibition) of cancer cells to drug treatments as a uniform measure using the min–max normalization method:

As a result, one represents the highest sensitivity, and zero represents the lowest sensitivity, since the normalized inhibition rates range from 0 to 1.  In matrix A each ij entry denoted by aij indicates the normalized inhibition rate of drug response j on sample i.
[bookmark: _Toc133318206]1.1. Reconstruction and analysis of the bipartite network model. A weighted network G = (V, E, ω) is a triple—a set of three elements—in which V is a set of nodes, E is a set of edges between nodes in V, and ω is a function that assigns a weight to each edge . A network is said to be bipartite if V can be divided into two sets, V1, V2, so that every edge  is connected to a node in V1 and a node in V2. A bipartite weighted network is shown as G = (V1, V2, E, ω). Suppose  and  are samples and the drugs sets in the dataset, respectively. The data matrix A was used to construct a weighted bipartite network where V1 = S was set of 81 samples, and V2 = D consisted of 296 drugs.  The weight of the edge that joins node si  (sample i) and node dj  (drug j) was the ij  entry of the matrix A. A weighted bipartite network was built, with two parts: samples and compounds, and weight representing the inhibition rate (Rinhibition) as explained above.
[bookmark: _Toc133318207]1.2. Construction and analysis of the drug similarity network. A bipartite network can be projected into two different types of unipartite networks containing nodes of only one type. The projection of the bipartite network, A, onto the "drug" node set was considered here, and the weight of edge between drug di and drug dj  was as follows:

This weight was considered as the similarity score between two drugs, di and drug dj , according to their efficacy on samples.  Only edges with a weight greater than the median of similarities were kept in order to consider them strong enough edges in the projected network. In order to identify functionally similar drugs in terms of drug response the Louvain community detection method3 was used. 

[bookmark: _Toc133318208]1.3. Computational corroboration. To accomplish intra-cluster homogeneity analysis, we employed two computational methods. The first method identified the significant difference between biological pathways of drug targets’ protein targets at each cluster, while the second evaluated drug chemical structure similarity at each cluster. Using the drug-target common (DTC) database4, we built a drug-target network, which was a bipartite network in which each link connects drugs to their protein targets. 
To better understand the protein targets of drugs in each cluster, we assign a score to each protein based on the number of distinct drugs targeting that protein in clusters 1 and 2. Let f1,P (f2,P ) denotes the number of unique drugs in cluster C1  (C2) targeting a particular protein P. The score of protein P, defined by

Proteins with a score S greater than log (2) are considered to be preferentially targeted by drugs in cluster 1, denoted by PPT1. Similarly, PPT2 proteins have a score of less than log(0.50). The KEGG pathway annotations and biological processes of each cluster’s protein targets were also extracted using clusterprofiler R package5 and ShinyGO6. The KEGG pathway annotations and biological processes provided in the package were used to map pathways and biological processes (GO) to our protein sets PPT1 and PPT2. The settings used in the gseKEGG and gseGO functions were 10,000 permutations, the minimum size of the gene set to test was 10, and the maximum size of the gene set to test was 500. REVIGO was used to summarize the enriched GO terms (http://revigo.irb.hr/). The significantly enriched GO terms (Adj.Pvalue < 0.05) were analyzed by REVIGO7. This program removes redundant GO terms and the similarity between terms is reflected by semantic space.
A simplified molecular input line entry system (SMILES) of the drug molecules was retrieved in order to compare the chemical structures of the compounds, and it was then converted into an extended connectivity fingerprint (ECFP) in order to evaluate the dice similarity between the molecules. The dice similarity between molecules A and B is one of the standard metrics for molecular similarity calculations in which
SA,B = 2c/(a + b),
where a is the number of ON bits in molecule A, b is the number of ON bits in molecule B, and c is the number of ON bits in both A and B molecules8. To calculate the dice similarity of the compounds, a simplified molecular input line entry system (SMILES) of the drug molecules was retrieved and transformed into an extended connectivity fingerprint (ECFP). The rcdk package9 was used to calculate the similarity between chemical compounds.10-12
We utilised four well-known scoring functions ZIP13, HSA10, Bliss11, and loewe12 to assess the potential synergy of drug combinations. The observed drug combination responses in these models were compared with the expected combination responses to quantify synergy of drug combination.  The combination ratio (CR) was also defined as the ratio of the response of combinations to the maximum for the two single agents, respectively. By this metric, a CR value of higher than 1 indicates the drug combination is more effective than either single agent14. The effect of drug combinations on five dosages (1,10,100,1000,10000) was monitored in this study, and the DECREASE model was used to predict drug combination dose-response at the full matrix. Synergy scores were calculated using the SynergyFinder web application (version 3.0)15.
[bookmark: _Toc133318209]1.4. Patient samples. Freshly frozen bone marrow mononuclear cells (BMMC) from 16 AML patients and 5 healthy volunteers were obtained from the Helsinki University Hospital Comprehensive Cancer Center after informed consent (permit numbers 303/13/03/01/2011, Helsinki University Hospital Ethics Committee). The samples were numbered from 1 to 16 in supplementary Table S4, from which samples 1 to 5 have been used for both CTG and FC analysis. The samples were selected based on clinical malignant cells of higher than 49%. Following thawing, the cells were cultured in RPMI supplemented with 12.5% HS-5 stromal cell derived conditioned medium (CM), 10% fetal bovine serum, 2mM L-glutamine and penicillin/streptomycin and DNAse, then incubated at 37°C and 5% CO2 for 2-3hours. After the incubation time the cells were counted and adjusted to a final concentration of 200,000 and 1 106 cell/ml for CTG and FC, respectively. The patient characteristics were presented in the Online Supplementary Table S1.

[bookmark: _Toc133318210]1.5. Preparation of drug plates. The compounds (Supplementary Table S2) were dissolved in dimethyl sulfoxide (DMSO) and dispensed on 384-well plates (Corning, Corning, NY, USA) using an acoustic liquid handling device Echo 550 (Labcyte, Sunnyvale, CA). DMSO was used as negative control and 100 µM benzethonium chloride (BzCl) as positive control (Table S2).

[bookmark: _Toc133318211]1.6. Cell viability analysis using Cell Titer-Glo. The AML cells were seeded on pre-drugged 384-well plates (Corning) containing chemical compounds at five different concentrations in two replicates. The final volume of cell in each well was adjusted to 5000 cells in 25 µl per well and incubated for 72h at 37°C and 5% CO2. Cell viabilities were assessed using the CellTiter-Glo 155 assay (Promega), and the luminescence signal was measured using a PHERAstar FS plate reader (BMG LABTECH, Ortenberg, Germany). As quality control, viability screening was used to check how the cells survive in 384-well plates during the 72h incubation. Viability of the cells was monitored at 0h and at 72h using the CTG assay.

  1.7. High throughput flow cytometry. For the phenotype-based drug sensitivity profiling, the high throughput flow cytometry (HTFC) assay was performed. Following thawing BMMC were seeded using MultiFlow FX.RAD (BioTek) to 384-well compound plates (Greiner), 20,000 live cells in 20 µl CM in each well, and incubated for 72h at 37°C and 5% CO2 (Figure S1). Monoclonal antibodies CD45, CD38, CD34, CD117, CD11b, CD14 and CD15, apoptosis dye Annexin-V and dead cell exclusion dye DRAQ7 were added with Echo 525 (Labcyte Inc.) and stained for 30 min at room temperature (Table S3). Cells were analyzed with iQue3 (Sartorius, Germany) HTFC. ForeCyt software (Sartorius) was used to analyze the remaining viable cells and normalized to the number in the DMSO control wells. Drug sensitivity scores (DSS) and SynergyFinder 2.0 were used to analyze the results (references). The gating strategy is presented in Figure S2.

[bookmark: _Toc133318212]1.8. Statistical Analysis. T-test was used to show that the mean of inter-cluster dice similarities is less than the mean of intra-cluster similarities. We also used a statistical proportion test to show that the proportion of inter-cluster drug combinations with efficacy greater than the third quantile (Q3 or 75th percentile) of efficacy values and toxicity less than the first quantile (Q1 or 25th percentile) of toxicity values is significantly higher than the random choices (probability = 0.33). This demonstrates that inter-cluster drug combinations have the highest efficacy and the lowest toxicity. The similar approach was utilized for calculating CR values as well as synergy scores. In KEGG, a biological pathway enrichment analysis was calculated based on hypergeometric test followed by false discovery rate (FDR) correction. Fold Enrichment was calculated by dividing the percentage of genes in the list that belong to a pathway by the corresponding percentage in the background. Fold Enrichment indicates how significantly genes from a specific pathway are over-represented6.


[image: ]

Fig. 1. Plate layout for FC assay on patient samples. This figure represents the 384-well plate drug design for sample (A)AML_1 and AML_2, (B)AML_3, (C) AML_4 and (D) AML_5. These layouts contain two replicates for each compound with 5 different concentrations, sapanisertib: 0.1, 1, 10, 100, and 1000 nM, and all other drugs: 1, 10, 100, 1000, and 10000 nM. LY3009120 (LY30), Teniposide (Teni), Ruxolitinib (Ruxo), Silmitasertib (Silm), Birabresib (Bira), Ulixertinib (Ulix), Plicamycin (Plic), Sapanisertib (Sapa)
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Fig. 2. Gating strategy of cell populations. Cells were gated and debris removed based on SSC-A/FSC-A after singlets were identified with FSC-A/FSC-H. Viable cells were gated by excluding the apoptotic and dead cells using Annexin V and DRAQ7, respectively. SSC-A/CD45 was used to gain an overview from the cell composition of the AML sample: blasts – SSClow/CD45dim, lymphocytes – SSClow/CD45bright, and monocytic cells – SSCmid/CD45bright. Blasts were identified with CD34 and CD117 antibodies and leukemic stem cells were gated as CD34+/CD38-. Additional markers CD14 and CD11 were used to gate cells differentiated towards monocytic and granulocytic lineages.


Table 1. Patient characteristics

	Sample_ID
	Diagnosis
	Disease Stage
	FAB
	genetic Characteristics
	age
	Malignant Cell Percentage

	AML_1
	C92.0 Acute myeloid leukaemia [AML]
	Refractory
	M5
	["+8","+11"]
	67
	59

	AML_2
	C92.0 Acute myeloid leukaemia [AML]
	Relapse
	
	["Chromosomal abnormalities not checked"]
	75
	49

	AML_3
	C92.0 Acute myeloid leukaemia [AML]
	Diagnosis
	M5
	["No chromosomal abnormalities detected"]
	34
	85

	AML_4
	C92.0 Acute myeloid leukaemia [AML]
	Diagnosis
	M2
	["No chromosomal abnormalities detected"]
	44
	55

	AML_5
	C92.0 Acute myeloid leukaemia [AML]
	Relapse
	M5
	["No chromosomal abnormalities detected"]
	
	75

	AML_6
	C92.0 Acute myeloid leukaemia [AML]
	Relapse
	M0,FAB M1
	Not available
	
	83

	AML_7
	C92.0 Acute myeloid leukaemia [AML]
	Relapse
	
	["inv(11)","add(14q)","inc[cp9]/46"]
	55
	90

	AML_8
	C92.0 Acute myeloid leukaemia [AML]
	Diagnosis
	M2
	["No chromosomal abnormalities detected"]
	75
	90

	AML_9
	C92.0 Acute myeloid leukaemia [AML]
	Diagnosis
	
	["No chromosomal abnormalities detected"]
	72
	77

	AML_10
	C92.4 Acute promyelocytic leukaemia [PML]
	Diagnosis
	M3
	["t(15;17)(q22;q12); PML-RARA*"]
	56
	80

	AML_11
	C92.4 Acute promyelocytic leukaemia [PML]
	Diagnosis
	M3
	["t(15;17)(q22;q12); PML-RARA*"]
	60
	60

	AML_12
	C92.0 Acute myeloid leukaemia [AML]
	Relapse
	
	["t(xx;11)(xx;q23) MLL-fusions"]
	7
	100

	AML_13
	C92.0 Acute myeloid leukaemia [AML]
	Diagnosis
	
	["t(8;21)(q22;q22); RUNX1-RUNX1T1","abn(11)"]
	72
	86

	AML_14
	C92.0 Acute myeloid leukaemia [AML]
	Diagnosis
	
	["No chromosomal abnormalities detected"]
	58
	82

	AML_15
	C92.0 Acute myeloid leukaemia [AML]
	Diagnosis
	
	Not available
	64
	53

	AML_16
	C92.0 Acute myeloid leukaemia [AML]
	Diagnosis
	
	Not available
	52
	81

	Healthy_1
	Healthy
	
	
	
	
	

	Healthy_2
	Healthy
	
	
	
	
	

	Healthy_3
	Healthy
	
	
	
	
	

	Healthy_4
	Healthy
	
	
	
	
	

	Healthy_5
	Healthy
	
	
	
	66
	





Table 2. Compound list

	Drug
	Cluster
	Mechanism/Targets
	Concentration (nM)
	Solvent
	Supplier Ref
	Supplier

	LY3009120
	1
	pan-RAF inhibitor
	1-10000
	DMSO
	HY-12558
	Medchem Express

	Ruxolitinib
	1
	JAK1&2 inhibitor
	1-10000
	DMSO
	CT-INCB-2
	ChemieTek

	Birabresib
	1
	BET family inhibitor
	1-10000
	DMSO
	S7360-2
	Selleck

	Plicamycin
	1
	RNA synthesis inhibitor
	1-10000
	DMSO
	sc-200909-7
	Santa Cruz Biotechnology

	Teniposide
	2
	Topoisomerase II inhibitor
	1-10000
	DMSO
	HY-13761
	Medchem Express

	Silmitasertib
	2
	CSNK2A1 inhibitor
	1-10000
	DMSO
	S2248
	Selleck

	Ulixertinib
	2
	ERK inhibitor
	1-10000
	DMSO
	CT-VRT752
	ChemieTek

	Sapanisertib
	2
	mTOR1/2 Inhibitor
	0.1-1000
	DMSO
	CT-INK128
	ChemieTek
















Table 3. Antibodies used in flow-cytometry

	Biomarker
	Fluorophore
	Clone
	iQue3 channel
	Dilution
	Manufacturer
	Ref. No

	CD38
	BV421
	HIT2
	VL1
	1:800
	BD Biosciences
	562444

	CD11b
	BV605
	ICRF44
	VL4
	1:267
	BD Biosciences
	562721

	CD15
	BV786
	W6D3
	VL6
	1:800
	BD Biosciences
	741013

	CD34
	PE
	563
	BL2
	1:160
	BD Biosciences
	550761

	CD45
	V500
	HI30
	VL2
	1:267
	BD Biosciences
	560777

	CD14
	APC
	M5E2
	RL1
	1:62
	BD Biosciences
	555399

	CD117
	PE/Cy7
	104D2
	BL5
	1:800
	Biolegend
	313212

	DRAQ7
	N/A
	N/A
	RL2
	1:800
	BD Biosciences
	564904

	Annexin V
	FITC
	N/A
	BL1
	1:200
	BD Biosciences
	556419












Table 4. FC results in different populations

	
Drug Combinations
	
Sample
	Live Ratio
	Blast Ratio
	
Response
	CD117
Ratio
	
Response
	CD34
Ratio
	
Response
	CD14
Ratio
	
Response
	CD15
Ratio
	
Response
	Imphocyte Ratio
	
Response
	CD34+CD38-
Ratio
	
Response
	CD34+CD38+
Ratio
	
Response
	CD11b
Ratio
	
Response



LY3009120 &
Sapanisertib


LY3009120 &
Silmitasertib


LY3009120 &
Ulixertinib


Ruxolitinib & Silmitasertib


Ruxolitinib & UlixertinibAML_3
Average
0.84
0.65
0.76
0.86
32.57
47.01
0.48
0.25
33.22
36.57
0.59
0.23
33.84
48.61
0.25
0.09
21.19
43.91
0.32
0.20
28.75
52.85
0.03
0.03
3.45
21.37
0.55
0.18
22.96
21.52
0.25
0.12
52.35
58.55
0.18
0.07
48.06
56.54
Total average
0.65
0.69
35.70
0.26
30.96
0.30
34.88
0.17
56.47
0.24
54.75
0.06
13.75
0.25
35.11
0.09
55.24
0.11
55.60
AML_4	0.83	0.94	42.7	0.24	0	0.06	30.97	0	33.19	0.11	47.08	0.03	1.75	0.00	0.00	0.05	41.44	0.02	38.84


AML_1	0.77	0.16	53.37	0.05	39.7	0.03	42.75	0.54	74.98	0.35	70.83	0.04	5.65	0.03	69.47	0.07	80.53	0.29	77.14
 (
Average
0.72
0.56
39.49
0.34
29.47
0.46
37.61
0.26
79.50
0.30
71.78
0.09
7.77
0.42
46.72
0.12
70.65
0.16
71.34
) (
AML_3
0.84
0.76
41.56
0.48
34.26
0.59
43.38
0.25
73.6
0.32
67.32
0.03
8.21
0.55
44.70
0.25
60.64
0.18
74.00
)AML_2	0.56	0.76	23.53	0.49	14.44	0.75	26.7	0	89.93	0.23	77.18	0.19	9.44	0.67	25.99	0.04	70.77	0.02	62.87
 (
AML_4
0.83
0.94
27.09
0.24
27.71
0.06
5.1
0
28.26
0.11
22.23
0.03
3.45
0.00
20.70
0.05
6.99
0.02
25.11
)AML_2	0.56	0.76	13.48	0.49	10.01	0.75	14.08	0	81.54	0.23	61.66	0.19	4.94	0.67	13.05	0.04	45.12	0.02	41.56
 (
Average
0.72
0.62
20.66
0.26
18.61
0.28
12.13
0.18
51.69
0.23
41.87
0.09
4.60
0.24
28.51
0.05
34.94
0.11
38.52
)AML_1	0.77	0.16	21.41	0.05	18.12	0.03	17.2	0.54	45.28	0.35	41.73	0.04	5.42	0.03	51.78	0.07	52.72	0.29	48.89
 (
AML_1
0.77
0.16
24.86
0.05
33.82
0.03
31.8
0.54
52.97
0.35
48.24
0.04
2.79
0.03
53.36
0.07
56.09
0.29
52.93
)AML_2	0.56	0.76	11.64	0.49	6.33	0.75	12.93	0	77.35	0.23	64.3	0.19	3	0.67	12.10	0.04	52.39	0.02	45.32
 (
Average
0.53
0.60
27.66
0.19
36.34
0.27
32.00
0.19
61.09
0.25
55.98
0.08
16.91
0.23
42.17
0.05
52.91
0.11
51.50
)AML_5	0.27	0.89	46.47	0.02	68.86	0.04	51.27	0.03	52.94	0.16	55.41	0.02	44.94	0.00	61.06	0.04	50.26	0.02	56.25
 (
AML_4
0.83
0.94
41.86
0.24
0.85
0.06
32.66
0
31.43
0.11
38.44
0.03
2.26
0.00
2.52
0.05
41.21
0.02
44.50
)AML_5	0.27	0.89	66.46	0.02	75.83	0.04	80.45	0.03	74.44	0.16	82.02	0.02	53.01	0.00	78.37	0.04	80.50	0.02	77.02
 (
Average
0.65
0.86
46.52
0.25
35.24
0.23
47.47
0.09
43.01
0.20
50.78
0.03
20.01
0.18
33.25
0.12
59.95
0.07
60.36
)AML_3	0.84	0.76	31.25	0.48	29.04	0.59	29.29	0.25	23.17	0.32	31.89	0.03	4.76	0.55	18.88	0.25	58.15	0.18	59.55
AML_5	0.27	0.89	65.75	0.02	76.48	0.04	81.02	0.03	77.35	0.16	82.71	0.02	58.9	0.00	41.59	0.04	81.87	0.02	82.72
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