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ABSTRACT
Combined application of multiple therapeutic agents presents the possibility of enhanced 
efficacy and reduced development of resistance. Definition of the most appropriate 
combination for any given disease phenotype is challenged by the vast number of 
theoretical possible combinations of drugs and doses, making extensive empirical testing 
a virtually impossible task.

We have used the streamlined-feedback system control (s-FSC) technique, a phenotypic 
approach, which converges to optimized drug combinations (ODC) within a few 
experimental steps. Phosphoproteomics analysis coupled to kinase activity analysis using 
the novel INKA (Integrative Inferred Kinase Activity) pipeline was performed to evaluate 
ODC mechanisms.

We identified different ODC with up to 95% effectivity for five different renal cell carcinoma 
(RCC) cell lines, importantly, by combining drug at doses that individually only inhibit 
5-25% cell viability. Cell viability was reduced and apoptosis induced, accompanied by 
inhibition of downstream survival and growth promoting effector kinase RPS6. Global 
phosphoproteomics analysis of the cell lines revealed overlap in the top 20 most active 
kinases in all 5 cell lines, suggesting a universal ODC might be effective in all cells. Indeed, 
a combination of erlotinib and dasatinib, combined with AZD4547 or axitinib, displayed 
excellent activity.

Finally, the effect of the 786-O cell-line specific ODC was analyzed in more detail using 
phosphoproteomics coupled to kinase activity analysis using the INKA pipeline. The 
activity of the main targets of erlotinib and dasatinib was reduced, but the activity of 
several untargeted kinases, including AXL, PTK2 and MET, remained high or increased, 
having potential implications for the development of resistance. Addition of crizotinib to 
the ODC further enhanced drug combination efficacy.

Combining s-FSC with a phosphoproteomic profiling approach provides valuable insight 
in targetable kinase activity and allows for the identification of superior drug combinations 
for the treatment of RCC.
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INTRODUCTION
Renal cell carcinoma (RCC) is one of the ten most common malignancies1. Patients who
present early or localized stage of RCC have a high 5-year survival (over 90%), whereas
for patients with metastatic RCC this rate drops dramatically to 12%2. Standard therapy 
for localized RCC is surgery, however many patients develop metastasis making the 
disease management difficult3. Due to its heterogeneity, RCC is intrinsically resistant 
to chemotherapy and radiotherapy4. Since their introduction, targeted therapies 
have caused a renaissance in the therapy of RCC5. Tyrosine kinase inhibitors (sunitinib, 
sorafenib, pazopanib and axitinib)6, the humanized anti-VEGF antibody bevacizumab 
(with interferon-α)7, and two mammalian target of rapamycin (mTOR) complex 1 kinase 7

inhibitors (temsirolimus and everolimus) are currently available for treatment. All these
drugs mainly target only two signaling pathways with more or less specificity, i.e. the
VEGF- and mTOR signaling pathways. These pathways regulate key events in cellular
survival, proliferation, metabolism and angiogenesis, critical processes in metastatic RCC 
(mRCC). Several years of effort testing these compounds as monotherapies, resulted in the
insight that prolongation of progression free and overall survival have reached a plateau.
Recently, cabozantinib, an inhibitor of VEGF-R, MET, and AXL, demonstrated progression
free- and overall survival advantages over sunitinib, and received FDA approval for first-
line mRCC treatment8. However, the still relatively limited activity of single drug therapies 
is mainly due to toxicity9, acquired drug resistance10,11 and possibly even by enhancement 
of metastasis12. To date, many preclinical and clinical efforts have focused on combining 
existing agents or sequencing them to maximize their impact on clinical outcomes. Large 
studies such as the RECORD13 , INTORACT14, TORAVA15 or KEYNOTE-42616 investigated
combination strategies but rather showed their lack of benefit17. Novel strategies for finding
optimal drug combinations are therefore highly needed.

Different challenges arise when optimizing multi-drug combinations: (i) the innately
complex nature of a biological system, which makes it virtually impossible to predict 
optimal drug combinations based on single drug-target interaction information alone, 
(ii) the large number of possible drug combinations that exist when multiple drugs
are considered at multiple concentrations, and (iii) the uncertain in vivo toxicity profile
of combination therapies. We demonstrate that these challenges can be addressed 
through the implementation of the validated streamlined-feedback system control (s-
FSC) technique, which provides a systematic and quantitative approach of determining
optimized drug combinations (ODC) and their doses to obtain a desired therapeutic 
outcome. The s-FSC is a phenotypic approach, and therefore does not require any prior 
mechanistic information, in order to rapidly converge upon ODC. In contrast to other 
approaches based on pharmacogenetics or high-throughput screening, the s-FSC is based 
on the statistical design of experiment (DoE) together with regression analysis. In only 
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three experimental steps s-FSC identifies synergistic and/or additive drug combinations 
and optimized doses of the selected compounds18,19.

In this study, we performed the s-FSC-based screen in five genetically different RCC cell 
lines in order to mimic a patient tailored approach and to identify the cell line-specific 
ODC, as well as a “universal” drug mixture potent in all tested RCC cell lines. In parallel, 
we performed a phosphoproteomics profiling approach to unravel signaling events in the 
cells, in order to predict optimal drugs by the profile of active kinases20. We demonstrate 
that drug combinations signal through different pathways than is known for the mono-
targeted therapy and that the combination of s-FSC with a phosphoproteomic profiling 
approach appears to identify superior drug combinations for the treatment of RCC.

RESULTS

combinations
A phenotypically-driven search was performed in order to identify cell type specific 
optimized drug combinations (ODC) using the previously validated streamlined-FSC (s-
FSC) methodology18,19. Briefly, the s-FSC approach is based on the use of the design of 
experiment (DoE) approach, and response surface modelling (Supplementary Methods) 
that allows for the rapid identification of ODC containing multiple (two to four) drugs 
(Figure 1A). A set of ten clinically used and experimental drugs (axitinib, erlotinib, dasatinib, 
RAPTA-C, AZD-4547, BEZ-235, volasertib, tozasertib, U-104, crenolanib) was selected for this 
screen (Supplementary Figure S1.1.1, Supplementary Table S1.2), to target a broad array of 
pathways. Drug doses used in the optimization procedure were selected based on cell line 
specific dose response curves (Supplementary Figure S1.1.2) and a series of orthogonal 
array composite design (OACD) matrices were used to select drug combinations to be 
screened in simple in vitro assays of cell metabolic activity (cell viability) inhibition. In 
particular, three sequential search rounds were performed exploring mixtures of 10, 7 or 
4 drugs, respectively, applied at maximum doses of IC20 (the dose where 20% of maximal 
inhibition is observed). This platform was applied independently to each of the six cell 
lines investigated in this study, including three clear cell RCC (ccRCC) cell lines, i.e. 786-O, 
A498, Caki-1 and two papillary RCC (pRCC) cell lines, i.e. Caki-2, ACHN21. Since RCC is highly 
vascularized, the s-FSC search was performed also in human endothelial cell line, EC-RF2422 
(Supplementary Table S1.1, Supplementary Figure S1.2.1-6).

Analysis of experimental data was performed using regression analysis and response 
surface modelling (Figure 1B-D). The compounds showing strong single drug activity 
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and/or synergistic interactions were identified based on estimations of each drug’s main 
effects and drug interaction terms. More specifically, strong single drug activities, denoted
by a large negative single-drug coefficient, and synergistic drug interactions, denoted by 
negative interaction terms, are selected for, while antagonistic drug interactions, denoted
by positive drug interaction terms, are selected against. In all ccRCC lines, the high efficacy 
of the ODCs was primarily driven by high single drug activities, predominantly of erlotinib, 
dasatinib and AZD4547 (negative coefficients of single drug linear effects, Figure 1C), which 
constituted the final ODC of both A498 and Caki-1. In 786-O cells, axitinib was a stronger 
component in the ODC as compared to AZD4547, despite antagonistic interactions with
the other drugs. Caki-2-specific ODC contained, tozasertib, AZD4547 and crenolanib 
with strong single drug activities and synergistic interactions between tozasertib and 
crenolanib, as well as between AZD4547 and crenolanib. Finally, the ACHN-specific ODC 
contained only two drugs with synergistic interaction, i.e. axitinib and U-104 (Figure 1E). 
The majority of drug interactions in this cell line were antagonistic, limiting the selection 
of effective higher-order drug combinations (Supplementary Figure S1.2.1-5). Finally, the 
s-FSC-based optimization in endothelial EC-RF24 cells identified the ODC consisting of 
BEZ-235, dasatinib and AZD4547, with significant synergistic interaction between dasatinib 
and AZD4547 (Supplementary Figure S1.2.6).

In order to confirm the activity of the ODCs optimized in 2-dimentional (2D) cell cultures
(Figure 1E), we prepared heterotypic 3D co-cultures consisting of RCC cells and human 
dermal fibroblasts (HDFA; ratio 3:1), supplemented with human endothelial cells (HUVEC; 
10%). This composition was based on histopathological observations of human RCC tissues. 
Cell metabolic activity was determined after 72 hours of treatment and used as a read-out 
for drug effects, as we noticed that spheroid size was not generally representative of drug 
activity due to morphological changes 23. 3D cultures were highly sensitive to the ODCs,
although with the notable exception of ACHN and individual drugs also appeared more 
active in 3D cultures (Figure 1F,G, Supplementary Figure S1.3.1-2). The observation that 
the activity of erlotinib, in particular, is much more potent in 3D conditions as compared 
to 2D was confirmed in a mouse xenograft study of Caki-1 (Supplementary Figure S1.3.3). 
Intercellular crosstalk is responsible for this effect23. Furthermore, reducing the doses
by 50% did not impact overall activity (Supplementary Figure S1.3.2-3), in line with our
previous observations24. This further underscores the strength of the s-FSC procedure, 
which searches for an optimal combination where activity is conserved over a wider range 
of combinations.

6
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Figure 1. Selection of optimal drug combinations using s-FSC. (A) Schematic of s-FSC. For a
selection of 10 drugs, dose-response curves are generated in the cell types of interest. Mathe-
matic modelling and regression analysis of experimental data drive towards an optimal drug
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combination of 3-4 drugs in 3-4 sequential rounds of experimentation. (B) Experimentally 
tested combinations from searches 3 and 4, are shown in order of effectiveness. The best per-
forming 3-drug combination is indicated in green and designated ODC for further reference. 
(C) Regression coefficients describing single linear drug effects, two-drug interaction terms 
and single drug quadratic effects. Negative single drug regression coefficients indicate that 
increasing the dose of that drug increases the inhibition of cell viability. Negative two-drug in-
teraction values denote synergy. Quadratic single drug interactions are a measure of sensitivity 
to dose changes. (D) Response surfaces of drugs in the final ODC for 786-O. 2-drug responses 
are shown, with on the x-axis 1= highest concentration, 0 = lower concentration, -1 = no drug 
added, and the remaining cell metabolic activity on the y-axis color coded. (E, F) ODC and 
monotherapy for all RCC tested in this study, in 2D monolayers (E) and heterotypic 3D spher-
oids (F). (G) Representative images of spheroids before and after treatment. Scale bar =600μm.

mediated by RPS6
Effector mechanisms of drug activity were initially assessed by cell cycle analysis profiling. 
In general, treatment with erlotinib or dasatinib had little effect on cell death induction.
However, when axitinib was present in the ODC, it seemed appeared to be the main driver 
of cell death induction by the ODC (Supplementary Figure S2.1).

In the next step, we investigated the activity of the three major cell proliferation/
survival pathways, namely PI3K/AKT, MAPK and mTOR after the treatment with ODC and 
corresponding IC20 monotherapies. In general, ODCs but not individual drugs majorly 
inhibited the phosphorylation of MAPK (ERK1/2) and RPS6, as shown by western blotting
(Figure 2, Supplementary Figure S2.2). Although RPS6 is known to be directly downstream
of mTOR signaling, which was not targeted by any of the drugs in the RCC lines, it can be
affected by upstream AKT and MAPK signaling25.

Taken together, these data show that although the single drugs exert only minimal effects
on activity of the major cellular survival or proliferation pathways, the ODC is highly 
effective in suppressing these processes. Although different combinations are used, the 
selection for phenotype culminates in similar suppression of key effector mechanisms 
relating to RPS6, which controls cell growth and proliferation26.

6
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Figure 2. ODC induce cell cycle inhibition mediated through RPS6. Western blot analysis (A)
and densitometric quantification (B) of monotherapy and ODC treated RCC, covering major 
cellular survival pathways that converge to RPS6. Clear inhibition of RPS6 phosphorylation is 
seen in all cell lines.

drug targets in RCC lines
In order to further unravel the signaling pathways underlying effects of the ODCs, the
phosphoproteomes of all cell lines were interrogated using mass spectrometry-based 
analysis of enriched phosphopeptides. Following sequence data base searching, 
phosphopeptide data were aggregated to represent individual phosphorylated proteins, 
and phosphorylated kinases (phosphokinases) were subsequently identified. Unsupervised
cluster analysis of phosphokinase expression (based on spectral counts) was performed to
explore drug effects (Figure 3A). This analysis clearly showed that phospokinase expression
in the different cell lines diverges. Since kinase phosphorylation alone is only a partial 
measure of kinase activity, we included data on kinase activity using the novel metric of 
Integrative Inferred Kinase Activity (INKA) analysis20. This shows that despite the apparent 
heterogeneity in kinase phosphorylation, INKA analysis reveals remarkably similar profiles
of active kinases in the different RCC lines. In all RCC cell lines, MET, EPHA2, PTK2 and 
SRC are among the top ranked active kinases (Figure 3B, Supplementary Figure S3.1.1,
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Supplementary Figure S3.1.2), while in EC-RF24 cells PTK2 and EPHA2 show a high ranking 
(Supplementary Figure S7.2). In Figure 3B, the top ranking kinases are color coded for drug-
target activity (www.proteomicsdb.org) , which shows that the identified ODCs generally 
target the most active kinases, such as EPHA2 and SRC by dasatinib, EGFR by erlotinib 
and CDK1 and -2 by crenolanib27. However, not all drugs used in our screen are targeting 
kinases, such as U-104 in the ODC of ACHN which targets CAIX. Network analysis of active 
kinases and their substrates shows that the top INKA kinases are highly connected and 
present as central hubs (e.g. SRC), comparable in all cell lines (Figure 3C, Supplementary 
Figure S3.2.1-5).

The observation that the kinase activation profiles are rather similar between the ccRCC 
and pRCC lines, suggests that common drug interaction mechanisms may be effective
in all RCC, and that a universal drug combination for RCC could be devised. We therefore 
tested the combination of erlotinib, dasatinib and AZD4547 or axitinib, constituting the 
ODC in ccRCC. Exchanging AZD4547 for axitinib and v.v. in ccRCC resulted in comparable 
growth (2D) inhibition, but inclusion of axitinib resulted in stronger reduction of EC-RF24 
cell viability. HDFA are only moderately affected by the different combinations, and the 
AZD4547 vs. axitinib combinations had no differential effects on fibroblasts (Figure 4A). 
In addition, combining only erlotinib and dasatinib was much less effective. The papillary 
RCC lines used in this study converged in the s-FSC to a different set of drugs in the ODC 
as compared to the ccRCC, but proved particularly sensitive to both generic combinations 
(Figure 4B). Interestingly, using the generic combinations in ACHN, essentially exchanging 
U104 with dasatinib and erlotinib, considerably improved effectivity in this rather resistant 
cell line. Inspection of s-FSC iteration data revealed that combinations of these drugs 
were already active in these cell lines during the screen phases, but were later excluded 
(Supplementary Table S4.1). Of note, erlotinib and AZD4547 showed synergistic activity 
in both Caki-2 and ACHN (Supplementary Figure S1.2.4-5). In terms of efficacy, each of 
these two generic drug combinations presented similar efficacy in all cell lines, while
monotherapies showed minimal effects, and could thus represent an effective broad 
treatment approach for various RCC types (Figure 4C).

6
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Figure 3. Phosphoproteomic profiling of RCC lines. (A) Heatmap of active (phosphorylated) 
protein kinases expressed in RCC under routine culture conditions. Samples are color coded
according to column Z-scores. (B) Integrated Inferred Kinase Activity analysis (INKA) ranking of 
kinase activity based on both kinase and substrate data for all RCC. Kinases are color coded for 
targeting drugs in the respective ODCs. (C) Network analysis of proteins with a positive INKA 
score. Drug targets are color-coded as in (B), and shaped according to INKA evidence. Blue lines 
indicate evidence by NWK, orange by PSP and green by both.
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Figure 4. Universal drug combinations are active in RCC cell lines. (A) Erlotinib and dasatinib, alone 
or combined with AZD4547 and/or axitinib were tested in the clear cell RCC lines that all selected 
for an ODC containing these compounds. Concentrations used per cell line were as used in the 
s-FSC. The same combinations were applied to activated endothelial cells (EC-RF24) and normal 
human dermal fibroblasts (HDFA). In the bottom panels, the monotherapies are displayed, which 
show only minimal inhibition. (B) Erlotinib and dasatinib, combined with AZD4547 and/or axitinib 
as 3- and 4-drug combinations tested in pRCC. Caki-2 and ACHN show notable sensitivity to these
combinations while their original ODC selected (partially) different drugs. (C) Schematic of the major 
cellular pathways and TKI interactions for the universal drug combinations.

6
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phosphoproteomic analysis
In order to gain insight in the kinase activity before and after ODC treatment in 
comparison to monotherapies, 786-O cells, which are highly representative of clinical 
RCC, were subject to phosphoproteomics profiling and INKA analysis. Differential 
expression of phosphorylated kinases was tested between ODC and control treated cells 
(Supplementary Figure S5.1.1-2). Phosphokinase expression levels under all treatment 
conditions are clustered in Figure 5A. The sample sub-clustering of ODC treated samples 
with the dasatinib treated samples clearly points to a dominant role for dasatinib in this 
ODC, whereas the effects of erlotinib and axitinib as monotherapies are generally mild 
as can be seen from the more proximal clustering along with the control treated samples 
(Figure 5A, Supplementary Figure S5.1.1-2). The impact of the monotherapies and ODC on 
phosphokinase activity rather than phosphokinase expression were visualized in ranked 
INKA plots representative of untreated 786-O cells, overlayed in color with the INKA 
score after treatment (Figure 5B, Supplementary Figure S5.2). ODC treatment results in 
pronounced inhibition of the targeted kinases, as indicated by the dominant white space in 
the bars. Treatment with dasatinib predominantly affect the activity of its reported targets, 
whereas monotherapy with erlotinib has a more widespread effect on kinase activity. In 
contrast, monotherapy with axitinib had little effect on the most active kinases.

Network analysis taking both kinases and substrates into account (Figure 5C, 
Supplementary Figure S5.3.1-5), paints the picture of a dense interrelationship of kinases 
and their substrates in 786-O cells, which are considerably reduced with ODC treatment. 
It also signifies that following the ODC treatment, a number of kinases remain active 
and connected, which could contribute to therapy resistance. Indeed, phosphokinase 
expression following ODC treatment (Supplementary Figure S5.1) reveals that different 
proliferation mediators (CDK1, -2,-3,5; DYRK1A, -2, -4), as well as MET, PTK2 (FAK), JAK2 
and AXL are increased, of which several have been linked to therapy resistance towards 
different TKIs28–30.
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Figure 5. Effective protein kinase inhibition by ODC revealed by phosphoproteomics. (A) 
Heatmap of phosphokinase expression in 786-O treated with monotherapies and ODC which 
showed a significant difference between ODC and control. Note that the inhibitory effect of 
the broad spectrum inhibitor dasatinib is dominant in the ODC given their close clustering. 
(B) INKA profiles of untreated 786-O (white bars; outlined) with profiles after the indicated 
treatments superimposed in color. Kinases are color coded by the respective drugs. Absence 
of staining implicates the kinase was not present in the top 20 INKA scores after treatment, 
and untargeted kinases are shown in grey. (C) Network plots of measured kinases, substrates 
and inferred kinases in INKA analysis before and after treatment. Blue lines indicate evidence 
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by NWK, orange by PSP and green by both. Drug targeted kinases are color coded in red by 
increasing INKA score.

Addition of MET inhibitor improves the activity of ODC
Phosphoproteomics analysis of 786-O shows that PTK2 and MET remain relatively active 
kinases after ODC treatment, as the most active kinases (EphA2, SRC and EGFR) are 
effectively inhibited by dasatinib and erlotinib (Figure 5B, Supplementary Figure S5.2). 
Therefore, we hypothesized that we could further enhance the ODC effect by including 
an inhibitor targeting PTK2 and MET. Crizotinib was selected as it efficiently targets MET 
as well as PTK2 (Supplementary Figure S6.1). Dose response analysis revealed that all RCC 
lines are comparably sensitive to crizotinib (Figure 6A). We chose the dose of 2 μM as this 
represented a concentration with a similar activity (approximately IC20) as used with the 
other drugs in the s-FSC. We tested the ODC with and without crizotinib, and show that 
addition significantly increases ODC activity in 3/5 cell lines. For Caki-2 and ACHN, the 
addition of crizotinib slightly, but non-significantly potentiates their original ODC activity 
(Figure 6B). Furthermore, the drug combinations clearly outperform the use of sunitinib 
(10 μM) as monotherapy (Figure 6B). In 3D spheroids, addition of crizotinib also tended to 
enhance the ODC effect (Supplemental Figure S6.2), albeit non-significantly as the ODC 
were already much more potent in 3D as compared to 2D assays in vitro.

To confirm mechanism of action of the ODC and ODC+crizotinib, western blots with cell 
lysates from treated 786-O cells were probed with anti-phospho specific antibodies. Figure 
6C shows clear suppression of phosphorylation of the main targeted active kinases EPHA2, 
MET and RPS6 in the ODC where crizotinib was added as compared to the original ODC. 
PTK2 could not be detected.

Interestingly, merely exchanging of axitinib for crizotinib (to the combination of erlotinib, 
dasatinib and crizotinib) was actually less effective than the original ODC in 786-O (Figure 
6D). These data suggest that while analysis of phosphokinase activity may provide clues 
for effective combination treatment, this may not fully cover the more complex intrinsic 
cellular phenotypes which are the key determinant of drug combination efficacy.
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Figure 6. Targeting remaining active kinases further enhances ODC activity. (A) Dose response
curves of the MET and PTK2 targeting TKI crizotinib. All RCC lines show similar sensitivity to mono-
therapy of this compound. (B) 2 μM crizotinib was selected and displayed 5-30% inhibitory activity. 
When added to the original ODC, significant further inhibition of cell metabolic activity is observed 
in 786-O, A498 and Caki-1. (C) Western blot of phosphoproteins after treatment with ODC, crizo-
tinib or the combination thereof. (D) Exchange of axitinib for crizotinib does not improve over the 
original ODC in 2D cultures in 786-O.

6
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DISCUSSION
In current clinical cancer management, it is increasingly recognized that combining 
treatment regimens will lead to improved efficacy and may combat the occurrence of 
therapy resistance. Many studies have investigated various methods to optimize drug 
combinations for cancer treatment, which have the major drawback of requiring extensive 
experimental data generation or computational power31,32. We have previously presented 
the streamlined-Feedback System Control (s-FSC) methodology18,19, which uses statistical 
design of experiment and stepwise linear regression to arrive at an optimized drug 
combination (ODC), based on phenotypic outcome. Major advantages of this method are 
the independence of known drug action mechanisms, as well as the minimal experimental 
input required when compared to systematic drug and drug combination testing in any 
given bioassay. In this work, we used s-FSC to investigate the effective drugable landscape 
of renal cell carcinoma (RCC).

In this study, we used five divergent and commonly used RCC cell lines that represent 
human RCC phenotypes21, in an s-FSC-based search to find ODCs based on a combination 
of two to three drugs, dosed up to a maximum of the cell-line specific IC20. Moreover, 
since angiogenesis is an important hallmark of RCC, and since different agents included 
in the initial drug set targeting VEGF/VEGFR axis are in clinical use for RCC33, we included 
the angiogenic human cell line EC-RF2422 in this screen as well. It was anticipated that this 
cell line based search could represent a precision medicine approach to identify patient 
tailored ODCs. Indeed, all cell lines were shown to be sensitive to different ODCs. However, 
commonalities between RCC cell lines in general, but also among clear cell RCC vs. papillary 
RCC, were observed.

Our data show that all RCC cell lines were sensitive to a combination of drugs (Figure 1), 
which was in general mediated by a convergence in signalling towards the cell growth 
and proliferation mediator RPS6 (Figure 2). Following phosphoproteomics analysis to 
further delineate the underlying molecular events that mediate the effectiveness of the 
ODCs, we observed that all RCC cell lines shared 75% of their top 20 most active kinases 
(Figure 3 and Supplementary Figure S3). In addition, the s-FSC arrived in clear cell RCC 
lines unequivocally at ODCs containing erlotinib, dasatinib and either axitinib or AZD4547 
(Figure 1, Supplementary Figure S1). As these combinations target the most active kinases, 
and hence multiple pathways in all RCC cell lines (Figure 3), we reasoned that a generic 
combination of these compounds could be active in all RCC cell lines regardless of 
their genetic background and phenotype. Indeed, these universal combinations were 
unanimously effective. Even in ACHN, which appeared to be a notoriously therapy-resistant 
cell line and which was previously described to be insensitive to dasatinib34. Fibroblasts 
were relatively insensitive for these combinations, while endothelial cells overall proved 



167

Integrating phenotypic search and INKA for optimization of drug mixtures for RCC treatment

to be more sensitive to combinations containing axitinib as compared to those containing
AZD4547 (Figure 4). When comparing the target spectrum of these latter two compounds 
(Supplementary Figure S4.1.1-2), it can be noted that axitinib targets a broader spectrum 
of kinases than AZD4547, and in particular several important for cell survival (AURKA and 
-B, PLK4), and shows more overlap with erlotinib targeted kinases, which may enhance 
its effect.

To gain more insight in the underlying actions of the ODC, changes in phosphokinase 
expression as well as activity were addressed. This showed that the ODC clearly suppresses 
a large part of the kinase-substrate interactions that are dominant in 786-O. The added 
value of INKA analysis becomes clear when looking at phosphorylation of EGFR which 
hardly differed between treatment conditions (data not shown), while its INKA score
was reduced by >50% (Figure 5, Supplementary Figure S5.2). This indicates that the
mere phosphokinase expression levels underestimate the more inclusive effects of drug 
targeting in a physiologic system. Since MET and PTK2 activation both remained high after 
ODC treatment of 786-O, we reasoned that by targeting these kinases with an additional 
TKI, we could further enhance our combination effect. MET and PTK2 inhibitor crizotinib 
was therefore selected and added to ODC. The latter showed improved efficacy over 
ODC in most of the cell lines, accompanied by inhibition of MET phosphorylation (Figure 
6, Supplementary Figure S6.1). Our data are in line with a recent study by Haake et al., 
who performed phosphoproteomics analysis on RCC samples as well as RCC cell lines. 
The most abundantly expressed phosphoproteins generally showed a high INKA score
in our samples, including SRC, ABL1/2, PTK2 and MET28. Indeed, MET activation has been 
recognized in RCC and linked to resistance to VEGF(R) inhibition28,35, and combination 
treatment with axitinib and crizotinib was highly effective in different models of RCC35. 
Interestingly, cabozantinib, which is a TKI directed at VEGFR2, MET and AXL (the latter 
being activated by anti-angiogenic TKI treatment30), shows superior clinical efficacy in
both treatment naïve as well as VEGF inhibition refractory RCC17, further underscoring the7

importance of combinatorial targeting.

Proper drug selection and dosing is not trivial. A priori information of phosphokinase
activity is highly valuable to guide drug selection for use in s-FSC. Many selectively
designed TKIs show off-target effects, though these might actually contribute to drug
efficacy as we recently showed for crenolanib27. In Supplementary Figure 8, the top 20
most active kinases in 786-O are presented along with all reported drugs in proteomics
DB that target these kinases. Different selection procedures for drugs targeting these
kinases could be followed. Either highly selective drugs, targeting specific kinases in
one or multiple pathways could be included in a screen, or drugs that target multiple
active kinases simultaneously could be selected. Very recently Cheng et al.36 presented
the concept of designing combination therapies based on network interactions between
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drugs and proteins. Only drugs that overlap separate areas (complementary exposure) of 
the so-called diseasome (i.e. a network of protein interactions that define disease) showed 
consistent effect in historical analysis of FDA approved antihypertensive drugs. Our data are 
in line with these observations as our s-FSC-selected ODC show very little overlap in kinase 
targets. Major challenges here remain as to how exactly define a diseasome36–39. Here we 
coupled pTyr-based phosphoproteomics to INKA analysis as most drugs chosen for the 
phenotypic screen were affecting tyrosine kinases. Yet tyrosine phosphorylated proteins 
constitute only 1% of the phosphoproteome, so only a partial picture is formed of the 
disease network of RCC based on these data alone. Global phosphoproteomics capturing 
pSer and pThr events as well as gene and protein expression levels, (epi)genetic events 
and/or metabolic changes could undoubtedly be incorporated as well for a more complete 
molecular understanding. Multi-omics integration of such data into a comprehensive 
cancer network could be useful for selection of drug combinations by pointing to relevant 
targetable hubs36–39. However, we observed different drug interactions in our panel of 
cell lines despite similarities in molecular profiles, suggesting that phenotype driven 
selection of drug interactions and synergistic effects with s-FSC takes into account cellular 
mechanisms that may not be obvious from static, i.e. baseline (untreated), cellular profiles 
alone. As such, perceived non-optimal candidate drugs, including non-TKIs, could prove 
to be effective in combination approaches, through non-expected mechanisms of action, 
as we have demonstrated before40.

Our data show that most drugs were more effective in 3D spheroid cultures than in 2D 
monolayer cultures, which is remarkable since the supporting fibroblasts and endothelial 
cells in the heterotypic spheroids were only moderately sensitive to the drugs and 
ODCs. This suggests that the tissue architecture plays an important role in drug efficacy. 
Indeed, we observed that erlotinib showed much more potent activity in vivo than in vitro, 
precluding us from efficiently testing the ODC in a mouse model. Dose reductions, while 
retaining similar combinations, did not appear to reduce activity, stressing the robustness 
of the ODC selected by s-FSC based on phenotype24,41. Thus, with regard to the application 
of drug combinations in clinical practice, combination therapy can be initiated at low doses 
with minimal risk of losing synergistic activity.

To further increase translatability of our findings, patient-derived material is subject of 
ongoing studies to test the feasibility of selecting ODCs using s-FSC for tailored treatment. 
Such studies can also address the interplay with immune infiltrate. RCC is immunogenic 
and responsive to immunotherapy, while at the same time the tumor microenvironment 
is highly immunosuppressive, partly as a consequence of active angiogenesis. Anti-
angiogenic treatment strategies are in fact immunomodulation, and can synergize 
with immunotherapy16,42–46. While recent studies demonstrated superiority of immune 
checkpoint inhibitor combination therapy over single agent tyrosine kinase inhibitors 
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in clinical management of RCC16, additional room for improvement clearly persists.
Assessment of the interplay between intercellular synergistic effects and intracellular
synergistic TKI activities in more complex in vitro models that recapitulate human RCC 
such as organoids, will further elucidate optimal translatable treatment combinations.

Although s-FSC does not require a prior knowledge of drug effector mechanisms, molecular
profiling to uncover dominant pathways in cells or tissues is helpful in refining initial drug
selections. Taken together, phenotype based screening for optimized drug combinations 
proves highly effective in defining drug combinations for different cell types.

MATERIALS AND METHODS

Phenotype screen for optimized drug combinations (ODCs) by s-FSC
Details on compounds and cellular assays to evaluate drug effect, as well as details on 
s-FSC data modelling are presented in the Supplementary Information. 786-O, Caki-1, 
Caki-2, ACHN and A498 (human RCC), were included. A standardized cell metabolic assay 
was used for the evaluation of cell line specific dose-response curves and estimations of 
IC20 (Supplementary Figure S1.2, Supplementary Table S1.2), as well as for the evaluation
of combinations18.

Evaluation of ODCs
ODCs were subsequently evaluated in additional assays, full details are described in the 
Supplementary Information. Heterotypic 3D co-cultures were obtained by mixing the RCC
cells with HDFA in a ratio of 3:1 (4500 and 1500 cells, respectively), followed by addition
of 10% HUVEC (600 cells) per spheroid. Cell cycle distribution was assessed based on flow 
cytometry analysis of cellular DNA content as previously described47.

Phosphoproteomics and INKA analysis
Cells were cultured to near-confluence and left untreated or were exposed (786-O) to drugs 
as indicated in Figure 5 for 2 hours. The full workflow is detailed in the Supplementary 
Methods section, and was essentially performed as described before20. Briefly, proteins
were digested with trypsin, phosphopeptides were pTyr immunoprecipitated and subject
to LC-MS/MS, followed by searching MS/MS spectra against Swissprot human proteome
using MaxQuant 1.6.4.0. Normalized spectral count data for all kinases are presented in
Supplementary Table S3.1. INKA was performed as recently described20, and INKA scores
are presented in Supplementary Table S3.2.

For interpretation and visualization of phosphokinase expression, normalized count data
were used. Protein-protein interactions were analysed using String (www.string-db.org),
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and visualised with Cytoscape (v3.7.1). Enrichment analysis was done using Enrichr (http://
amp.pharm.mssm.edu/Enrichr)48. Drug-target interactions were analysed and visualised 
using data previously generated by Klaeger et al., based on cell-free assays49 (www.
proteomicsdb.org). For ccRCC cell lines, effective inhibitory percentages per kinase are 
shown in Supplementary Table S3.3, using the applied drug doses per cell line.

Statistical analysis
Data are presented as means of multiple independent experiments. Error bars represent 
standard error unless specified otherwise. Statistical significance was determined in 
GraphPad Prism® using either one-way ANOVA with Dunnett’s posthoc multiple comparison 
test or using student’s t-test, with * p<0.05 and ** p<0.01.
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SUPPLEMENTARY INFORMATION

Supplementary Methods

Drug acquisition
Ten initial drugs were selected for inclusion in the experimental steps of s-FSC that cover 
a broad spectrum of pathways involved in RCC development. Axitinib (targeting VEGFRs, 
PDGFRs and c-KIT)1 and erlotinib (targeting EGFR)2 were purchased from LC laboratories 
(Woburn, MA, USA). RAPTA-C was synthesized and purified as described previously3. BEZ-
235 (targeting mTORC1 and mTORC2)4 was purchased from Chemdea LLC (Ridgewood, 
USA). Volasertib (targeting polo-like kinase)5, tozasertib (targeting Aurora A, B and C)6, 
U-104 (targeting carbonix anhydrase IX and XII) 7,8, AZD4547 (targeting FGFR1-3)9 and 
crenolanib (targeting PDGFRs)10,11 were purchased from Selleck Chemicals (Houston, TX, 
USA). Dasatinib (targeting BCR/ABL)12 was purchased from Fluorochem Ltd. (Derbyshire, 
UK). Sunitinib and crizotinib were not included in the s-FSC experimental steps. Sunitinib 
(targeting VEGFRs, PDGFRs and c-Kit)13was used as a control for apoptosis induction and 
purchased from Pfizer Inc. (New York, NY, USA). Crizotinib (targeting MET and PTK2)14 was 
used to test if efficacy could be increased when added to ODCs and purchased from Selleck 
Chemicals. All compounds were dissolved in DMSO and stored at −20 °C for short term use 
or at −80 °C for storage up to six months with the exception of BEZ-235 which was dissolved 
in DMSO and stored at + 4 °C and RAPTA-C which was freshly dissolved in DMSO prior to 
each experiment. The maximum DMSO concentration for any combination was controlled 
in each experiment to verify its lack of activity in cell assays.

Cell culture and maintenance
786-O (human RCC), EC-RF24 (immortalized human vascular endothelial cells) and 
HDFA (adult human dermal fibroblasts) were maintained in RPMI cell culture medium 
supplemented with 1% of antibiotics (penicillin/streptomycin, Life Technologies, Carlsbad, 
California, USA) and 10% bovine calf serum (NBCS) (Sigma-Aldrich, St. Louis, USA). Caki-1, 
Caki-2, ACHN and A498 (human RCC) were maintained in DMEM supplemented with 1% 
of antibiotics and 10% NBCS. All cells were obtained from ATCC except for HDFA that 
was obtained from Cell Applications (San Diego, USA). Cells were routinely tested for the 
absence of mycoplasma. EC-RF24 cells were immortalized as described previously15, and 
available in-house. HUVEC were freshly isolated from umbilical cords and cultured in RPMI 
supplemented with 10% NBCS and 10% human serum, as described previously16. Essential 
cell line characteristics are presented in Supplementary Table S1.1.

For conventional 2D cell metabolic activity assays, 5000 (RCC) or 7500 (HDFA, EC-RF24) cells 
were plated in standard 96-well flat-bottom culture plates, and allowed to grow O/N. Drugs 
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were added for 72 hours before luminescence readout with CellTiter-Glo® (G7572, Promega)
in a BioTek Cytation 3 reader equipped with Gen5 Image software version 3.04.

Data analysis and modeling
A limited number of drug combinations are screened in order to develop second order 
linear regression models defining the relationship between drug combinations (i.e. drugs
and corresponding doses) and the output response of cell viability. Drug combinations to 
be screened are selected based on a statistical design of experiment approach using and 
design matrix, specifically an orthogonal array composite design (OACD). This particular 
design is composed of a two-level factorial or fractional factorial design and a three-level 
orthogonal array17,18. Using these drug combinations and their corresponding efficacy as 
data points, regression analysis is performed using Matlab® based on a stepwise linear
regression model with the following form:

where β0, βi, βii and βij are the intercept, linear, quadratic and bilinear (or interaction) 
terms, respectively; y is the response variable (i.e. cell metabolic activity, represented as 
a percentage of the control); xi and xjx are independent variables (i.e. drug combinations 
composed of drugs and corresponding drug doses); ε is an error term with a mean equal
to zero. Data is modeled using coded concentration values and data was not transformed.
Supplementary table S1.2 states the drug doses (IC20) that were used for each cell line in
the s-FSC procedure.

3D spheroid culture
Heterotypic 3D co-cultures were obtained by mixing the RCC cells with HDFA in a ratio of 
3:1 (4500 and 1500 cells, respectively), followed by addition of 10% HUVEC (600 cells) per 
spheroid. Cells were suspended in cell-repellent 96-well round-bottom plates (650970,
Greiner Bio-One) in 100ul medium containing 2.5% Matrigel (354230, Corning). Plates
were centrifuged for 5 minutes at 400g to collect the cells at the bottom to initiate 
spheroid formation. Where indicated, monoculture spheroids consisting of solely RCC 
were produced with 6000 cells. After 24 hours, treatment was started for 72 hours.

Cell cycle analysis and apoptosis
Cell cycle distribution was assessed based on flow cytometry analysis of cellular DNA 
content as previously described19. RCC and EC-RF24 cells were seeded in a 24-well plate at
20-40 × 103 cells/well and after 24 h medium was replaced with drug containing medium.
After 72 h incubation, cells were harvested and fixed in 70% ethanol for 2 h at -20 °C. Cell
pellets were resuspended in DNA extraction buffer (90 parts 0.05 M Na2HPO4, 10 parts
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0.025 M citric acid and 1 part 10% Triton-X100, pH 7.4) and incubated for 20 min at 37 °C. 
Propidium iodide (PI, 20 μg/ml) was added and analysis was performed on a FACSCalibur 
flow cytometer (BD Biosciences) in the FL2 channel. DNA content was quantified with 
CellQuest Pro software (BD Biosciences). DNA content was defined as 4N (G2/M phase), 
2N (G1/G0) or in between (S), and apoptotic cells were defined by subG1 DNA staining.

Western blot
Cells were cultured to near confluence before treatment with drugs for 2 or 24 hours. Cells 
were lysed in lysis buffer containing protease and phosphatase inhibitors as previously 
described20.

Protein concentrations were evaluated in lysates using Bradford assay or micro BCA protein 
assay (Thermo Fischer Scientific, Waltham, MA, USA). Fifteen to fifty μg of proteins per 
condition was separated on 4-12% polyacrylamide gels (Invitrogen, Waltham, MA, USA) 
and transferred to a polyvinylidene difluoride membrane. Odyssey blocking buffer (LI-COR 
Biosciences, Lincoln, NE, USA) was used to block membranes and following incubation with 
primary and infrared secondary antibodies, bands from immunoreactive proteins were 
visualized by an Odyssey infrared imaging system. Images were obtained with the Licor 
Odyssey CLx scanner at one default exposure setting. Alternatively, secondary antibodies 
were HRP-labeled and detected using chemiluminesscence (SuperSignal West Pico Plus; 
ThermoFisher Scientific), and imaged using a Uvitec Alliance chemiluminescence imaging 
system . Quantification of band intensity was performed with ImageJ.

The antibodies used: pAKT (Ser473, 4060, Cell Signaling Technology [CST]), AKT (2920, CST), 
pMAPK or pERK1/2 (Thr202/Tyr204, 9101, CST), MAPK or ERK1/2 (4696, CST), S6 Ribosomal 
Protein (2217, CST) ( Phospho-S6 Ribosomal Protein (Ser235/236, 4858, CST or M3500, 
Spring Bioscience Corporation), EPHA2 (6697, CST), pEPHA2 (Tyr588, 12677, CST), MET (8198, 
CST), pMET (Tyr1234/1235, 3077, CST) and actin (A2228, Sigma Aldrich). Antibody dilutions 
were according to the manufacturers’ instructions.

Caki-1 subcutaneous tumor xenografts in Swiss nu/nu mice
Experiments were conducted according to licence GE-2-17. Briefly, male and female Swiss 
nu/nu mice at age 6-8 weeks (Charles River, Ecully, France) received an injection of 5x106 
Caki-1 cells suspended in 100 uL DMEM and 1% FCS in the left flank. Treatment with CTRL, 
drug combinations or single drugs was started on day 4 when palpable tumor formation 
could be confirmed. Erlotinib was freshly dissolved in 0.5% methylcellulose (Sigma-
Aldrich)/0.1% Tween-80 in sterile H2O. Dasatinib and AZD-4547 were freshly dissolved 
first in 30% PEG300 (Sigma-Aldrich)/5% Tween-80 followed by addition of sterile H2O to 
100%. Drug concentration in mg/kg was based on average mice weight and treatment 
consisted of 100 μL/mouse by oral gavage. Mice were weighted and scored daily according 
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to standard parameters to monitor health and tumor diameters was measured daily and 
tumor volume was determined with the formula “smallest diameter2 + biggest diameter / 
2”. When a tumor reached 1000 mm3 or 15 mm in diameter (around day 13) experimental
endpoint was reached and all mice were euthanized.

In two independent in vivo experiments, several single drug doses were tested to
determine adequate dose ranges and various combinations based on in vitro dose relations 
between the drugs. Drug doses in vivo were based on previously published studies in
mice, as selected in such way that no or minimal tumor inhibition was expected when 
applied as monotherapies9,21–23. In order to compare these doses with the in vitro doses 
used in our study, we used data from dose-escalation studies24–26 . We first established 
a non-linear dose response curve of the drug concentration in patient blood in these
studies. Second the in vivo doses used in the mouse models here, were converted to human
doses and interpolated in the non-linear dose response curve of patient data, to arrive at
corresponding concentrations.

Phosphopeptide enrichment
Cells were washed once in phosphate-buffered saline (PBS) prior to lysis in lysisbuffer 
(9M urea buffer containing 20 mM HEPES pH 8.0 and phosphatase inhibitors)and were
processed as described previously27. Cells were scraped and sonicated on ice using a
Soniprep 150 tip sonicator. Subsequent centrifugation of the lysate was performed for 15
min at maximum speed. The cleared lysate was aliquotted and stored at -80 °C until further
use. Lysates were reduced in 4 mM dithiotreitol (DTT) for 20 min at 60°C, cooled to room 
temperature and subsequently alkylated in 10 mM iodoacetamide for 15 min in the dark.
After dilution to 2M urea using 20 mM HEPES buffer pH 8.0, the lysate was digested with 
20 μg Sequencing Grade Modified trypsin/mg protein by overnight incubation at 22°C. 
Digestion was stopped by adding trifluoroacetic acid (TFA) to a final concentration of 1%.
Samples were then incubated for 15 min on ice, centrifuged for 5 min at 1800 x g and
transferred to a new tube. Tryptic digests were desalted using 6 cc HLB Oasis cartridges
(Waters, Milford, MA) placed on a vacuum system. Bound peptides were washed using 0.1% 
TFA before elution to glass vials in 40% ACN/0.1% TFA. Eluates were lyophilized to dryness
for 48 hours and stored at -80 ºC until further use. Enrichment for tyrosine phosphorylated
phosphopeptides was performed using the anti-phosphotyrosine antibody P-Tyr-1000
coupled to agarose beads (PTMScan, Cell Signaling Technology). Briefly, 5 mg lyophilized
phosphopeptides were dissolved in IAP buffer (20 mM Tris-HCl pH 7.2, 10 mM sodium
phosphate and 50 mM NaCl) and incubated with 2 μl P-Tyr-1000 beads per mg protein
at 4 ºC for 2 hours. After sequential washes in cold IAP buffer and MQ, peptides were
eluted from the beads in two steps in 0.15% TFA, desalted in 20 ul StageTips (1mm 3M
SDB-XC membrane) using 0.1% TFA and eluted with 80% ACN/0.1% TFA into glass-lined
autosampler vials. Eluates were dried in a speedvac at 45°C and redissolved in 20μl loading 
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solvent (4% acetonitrile in 0.5% TFA) and stored at 4˚ C until LC-MS/MS measurement on the 
same day. For all pTyr samples corresponding lysate (1 μg on column) were also analysed 
for global protein expression.

LC-MS/MS
Peptides were separated by an Ultimate 3000 nanoLC-MS/MS system (Dionex LC-Packings, 
Amsterdam, The Netherlands) equipped with a 40 cm × 75 μm ID fused silica column 
custom packed with 1.9 μm 120 Å ReproSil Pur C18 aqua (Dr Maisch GMBH, Ammerbuch-
Entringen, Germany). After injection, peptides were trapped at 6 μl/min on a 10 mm × 100 
μm ID trap column packed with 5 μm 120 Å ReproSil Pur C18 aqua at 2% buffer B (buffer 
A: 0.1% formic acid (Fischer Scientific), buffer B: 80% ACN, 0.1% formic acid) and separated 
at 300 nl/min in a 10–40% buffer B gradient in 90 min (120 min inject-to-inject). Eluting 
peptides were ionized at a potential of +2 kVa into a Q Exactive HF mass spectrometer 
(Thermo Fisher, Bremen, Germany). Intact masses were measured at resolution 70.000 (at 
m/z 200) in the orbitrap using an AGC target value of 3E6 charges. The top 15 for peptide 
signals (charge-states 2+ and higher) were submitted to MS/MS in the HCD (higher-energy 
collision) cell (1.4 amu isolation width, 25% normalized collision energy). MS/MS spectra 
were acquired at resolution 17.500 (at m/z 200) in the orbitrap using an AGC target value 
of 1E6 charges and an underfill ratio of 0.1%. Dynamic exclusion was applied with a repeat 
count of 1 and an exclusion time of 30 s.

MS/MS spectra were searched against Swissprot human proteome (cannonical_and_
isoforms, downloaded February 2019, 42417 entries) using MaxQuant 1.6.4.0. Enzyme 
specificity was set to trypsin and up to two missed cleavages were allowed. Cysteine 
carboxamidomethylation (Cys, +57.021464 Da) was treated as fixed modification and 
serine, threonine and tyrosine phosphorylation (+79.966330 Da), methionine oxidation 
(Met,+15.994915 Da) and N-terminal acetylation (N-terminal, +42.010565 Da) as variable 
modifications. Peptide precursor ions were searched with a maximum mass deviation of 
4.5 ppm and fragment ions with a maximum mass deviation of 20 ppm. Peptide, protein 
and site identifications were filtered at an FDR of 1% using the decoy database strategy. 
The minimal peptide length was 7 amino-acids and the minimum Andromeda score for 
modified peptides was 40 and the corresponding minimum delta score was 6 (default 
MaxQuant settings). Peptide identifications were propagated across samples with the 
match between runs option checked.

Phosphopeptides were quantified by counting MS/MS spectra (spectral counts) or by 
their extracted ion intensities (‘Intensity’ in MaxQuant). For pTyr IP data for each sample 
the phosphopeptides/and site intensities were normalized on the corresponding lysate 
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summed spectral counts. Proteomics data have been deposited in ProteomeXchange via 
the PRIDE repository28 with accession number PXD016475.

Kinase-drug database analysis
Using Proteomicsdb.org29, all available drugs targeting the top 20 INKA kinases in 786-O
were retrieved, along with their reported EC50. Unsupervised clustering and heatmap
analysis were performed to display all drugs targeting this set of kinases with a EC50 below 
2μM. Data are presented in Supplementary Figure 8 and show that a subset of drugs show
inhibitory activity to multiple kinases while others are rather specific for a single kinase.
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Supplementary Figures

Supplement 1: s-FSC of RCC lines

Figure S1.1.1. Schematic drawing of ten initial drugs covering a broad targeting spectrum 
in a cell: axitinib (VEGFR’s, PDGFR and c-KIT); erlotinib (EGFR inhibitor); RAPTA-C (chroma-
tin inactivator); BEZ-235 (inhibitor of both of the main protein complexes of mTOR (mech-
anistic target of rapamycin), mTORC1 and mTORC2); volasertib (inhibitor of PLK- polo-like 
kinase, which is found in the nuclei of dividing cells, and controls multiple stages of cell 
cycle and division); dasatinib (inhibitor of BCR/ABL and Src, binding both active and inac-
tive forms of ABL kinase); tozasertib (VX-680, inhibitor of Aurora A, B, C, which play a role in 
mitosis and meiosis during proliferation (between G2 to M phase); U-104 (inhibitor of car-
bonic anhydrase IX/X inhibitor II. CAIX expression is regulated by VHL protein, and VHL mu-
tation loss is associated with clear cell RCC, so CAIX expression is related to clear cell RCC); 
AZD4547 (TKI targeting FGFR 1-3 and also showing a weak activity against FGFR4, and cre-
nolanib (designed to inhibit PDGFRs but shown to act via cell cylcle modulation as well).
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Figure S1.1.2 Monotherapy dose response curves
Dose response curves based on cell metabolic activity were generated for 5 RCC lines (786-O, 
A498, Caki-1, Caki-2 and ACHN) and the endothelial cell line EC-RF24, for all ten drugs used in
the s-FSC screen. For presentation purposes, non-linear fitting was performed on the data (at 
least triplicate measurements).
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Figure S1.2.1-6 Screening for optimized drug combinations
Data are presented for all RCC lines and EC-RF24. (A) Efficacy of the tested drug combinations 
in search 3. In green the ODC (with a maximum of 3 drugs out of 4) is indicated. (B) Coefficients 
from the second order linear regression analysis applied to search 3, composed of the final 4 
drugs remaining in the screen and leading to the selection of the ODC. Negative values for 
single drug linear effects indicate that increasing the dose of that drug increases the inhibition 
of cell metabolic activvity. Negative two-drug interaction values denote synergy, whereas 
positive values indicate antagonism. Quadratic single drug interactions are a measure of sen-
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sitivity to dose changes. (C) Response surfaces modelling the interactions between two drugs 
and their effect on cell metabolic activity while other compounds are held at a constant dose. 
On the x-axis 1= highest concentration, 0 = lower concentration, -1 = no drug added, and the 
remaining cell metabolic activity (y-axis) is color coded.

Figure S1.3.1 Spheroid morphology after drug treatment
Heterotypic spheroids consisting of a 1:3 mixture of fibroblasts and RCC, supplemented with 
10% HUVEC, were treated with either ODC or monotherapy for 72hrs before analysis. Due to 
cell line specific morphology, size was noted not to accurately correlate with metabolic activity 
(shown in Figure 1).

6
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Figure S1.3.2 Dose sensitivity in 3D mono- and coculture systems.
Homotypic spheroids were formed from RCC lines only and were treated with monotherapies 
and ODC either at half or at full dose. Similar inhibition is seen with the majority of cell lines and 
drugs. Dose-sensitivity is only evident in Caki-2 where reducing the dose of the monotherapies 
considerably impacts the response. However, the ODC effect is apparently not affected by 
halving the doses of the individual drugs.

Figure S1.3.3 Monotherapies and combinations of drugs in Caki-1 xenografts in mice
Caki-1 tumor volume growth curves of subcutaneous tumor xenografts treated for 13 days 
with vehicle control, single drugs and drug combinations at various doses in N=2 independent 
experiments. Error bars represent the SEM. ***p < 0.001 shown in the graph legend represents 
the comparison with the vehicle control at day 13 as determined by a two-way ANOVA with 
post-hoc Dunnett’s multiple comparisons test.
All erlotinib doses tested were already highly effective in vivo. Doses between 5-40 mg/kg, 
corresponding to 0.26-2 μM in vitro inhibited tumor growth by over 60%. For dasatinib and 
AZD4547, s-FSC-based doses showed no significant tumor growth inhibition. The in vivo dom-
inance of erlotinib was further confirmed in the drug combinations where the activity was 
driven mostly by erlotinib. However, together, the ODCs show potent effects in vitro and in vivo.
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Figure S2.1 Effects of ODC on cell cycle profile
(A) RCC were treated with monotherapies or ODC for 72hrs and subject to flow-cytomertry 
based cell cycle analysis by propidium iodide staining for cellular DNA content. In general, ODC 
treatment induced apoptosis in the cell lines. Most monotherapies do not affect the distribution 
of the different cell cycle phases as compared to control, with the exception of axitinib and 
crenolanib that seem to induce apoptosis. Significant changes in the different phases are indi-
cated at the top of the graph. (B) For a direct comparsison, the sub-G1 fraction was classified as 
apoptotic fraction. In these experiments, sunitinib (10 μM) was used as a positive control as this 
compound is among first-line treatments for RCC. ccRCC lines showed apoptosis induction by
sunitinib at comparable levels to ODC, whereas the papillary RCC lines were totally insensitive. 
Of note, crenolanib alone clearly induced cell death in Caki-2, however in combination with
other drugs this effect is reduced.
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Figure S2.2 Mechanism of action of drug combinations
Quantification of western blots. Bands shown in Figure 2 were quantified densitometrically. 
Monotherapies tend to have only limited effect on phosphorylation of the analyzed kinases, 
whereas the ODC is most effective in inhibiting MAPK (ERK1/2) phosphorylation. A notable 
exception is 786-O where the ODC does not impact the phosphorylation of AKT and MAPK.

Supplement 3: Phosphoproteomics analysis of RCC lines

Figure S3.1.1 Duplicate INKA analysis of RCC lines
INKA ranking plots of duplicate samples for all RCC lines. Kinases targeted by drugs in the ODC 
are color-coded according to their respective legends.
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Figure S3.1.2 Overlap of top 20 INKA kinases in 5 RCC lines
Top 20 kinases from the INKA analysis were derived from the average scores per cell line. Venn 
diagram shows that 14 are commonly present in this top 20, and that 8 more are present in 
the top 20 of 2 or more cell lines. Protein-protein interaction analysis shows the close inter-
connectivity of these kinases.
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Figure S3.2.1-5 INKA network plots of RCC lines
Kinase-substrate relationship of top 20 INKA kinases and their observed substrates in duplicate 
samples. Nodes are color-coded for targeting by drugs in the ODC. Drug targets are shaped 
according to INKA evidence. Nodes are depicted as a hexagon (observed kinases, identified 
through one or more phosphopeptides), a pentagon (inferred kinases lacking direct observa-
tion, but linked to phosphorylation of one or more observed phosphopeptides), or as a circle 
(non‐kinase substrates). Edge widths correlate with the associated substrate site “phospho-
signal”, and edge colors indicate the analysis on which the kinase–substrate relationship was 
based (orange: PSP, blue: NWK, green: both).
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Supplement 4: A universal ODC for RCC lines

Figure S4.1.1-2. Protein drug interaction maps
Protein drug interaction maps (www.proteomicsdb.org) using the median concentrations of the 
4 drugs presented in Table S4.1. Combinations of 3 and 4 drugs are shown, and reveal a number 
of multitargeted kinases. Protein kinase targets (nodes) exceeding default effective inhibition 
>33% are colored in blue and have dark grey edges. Thickness of the edges is proportional to 
the reported EC50 of the drug-kinase interaction.
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Supplement 5: Phosphokinase alterations in 786-O after ODC

Figure S5.1.1. Phosphokinases (pTyr) downregulated after ODC
(A) Phosphoproteomics analysis was performed on pTyr-IP’ed proteins from 786-O treated with 
the different monotherapies (dasatinib 150nM, erlotinib 10uM, axitinib 7.5uM), ODC, or left 
untreated for 2 hours. Phosphopeptides were assembled to phosphogenes and subsequently 
phosphorylated kinases as described in the materials and methods section. Normalized spectral 
counts were used as quantifiers and kinases showing >1.6 fold downregulation following ODC 
were counted in the replicate experiments. 21 phosphokinases were consistently downregu-
lated. (B) Average normalized spectral counts of phosphorylated kinases consistently inhibited 
by the ODC. Due to ambiguity in phosphopeptide identification, multiple protein identifiers 
are mentioned for several of the hits. Most notable are the MAPK family, SRC family, ABL family 
and EPHA family kinases. (C) Protein-protein interaction network of the ODC inhibited kinases 
shows intricate interactions between them. Color intensity of the nodes is proportional to 
expression level.
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Figure S5.1.2. Phosphokinases (pTyr) upregulated after ODC
(A) Phosphoproteomics analysis was performed on pTyr-IP’ed proteins from 786-O treated with 
the different monotherapies (dasatinib 150nM, erlotinib 10uM, axitinib 7.5uM), ODC, or left 
untreated for 2 hours. Phosphopeptides were assembled to phosphogenes and subsequently 
phosphorylated kinases as described in the materials and methods section. Normalized spectral 
counts were used as quantifiers and kinases showing >1.3 fold upregulation following ODC 
were counted in the replicate experiments. 10 phosphokinases were consistently upregulated. 
(B) Average normalized spectral counts of phosphorylated kinases consistently induced by 
the ODC. Due to ambiguity in phosphopeptide identification, multiple protein identifiers are 
mentioned for several of the hits. Most notable are the CDK family and DYRK family kinases.
Induction of putative resistance mediating kinases (JAK, MET, AXL) is also noted. C) Heatmap 
of induced kinases, showing that kinase alterations are dominantly mediated by dasatinib. 
D) Protein-protein interaction network of the ODC induced kinases. The MET-JAK2-AXL axis 
showed significant enrichment for the KEGG pathway “EGFR tyrosine kinase inhibitor resis-
tance” (p=0.00079). Color intensity of the nodes is proportional to expression level.
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Figure S5.2. INKA profiles after monotherapies and ODC in 786-O
INKA ranking plots of duplicate samples for treated and untreated 786-O. Kinases targeted 
by drugs are color-coded according to their respective legends. For untreated 786-O all drug 
targets are indicated in their respective colors. These plots allow for the relative ranking of 
kinases before and after treatment.
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Figure S5.3.1-5. INKA network plots of monotherapies and ODC in 786-O
Kinase-substrate relationship of top 20 INKA kinases and their observed substrates in duplicate 
samples. Nodes are color-coded for targeting by drugs in the ODC. Drug targets are shaped 
according to INKA evidence. Nodes are depicted as a hexagon (observed kinases, identified
through one or more phosphopeptides), a pentagon (inferred kinases lacking direct observa-
tion, but linked to phosphorylation of one or more observed phosphopeptides), or as a circle 
(non‐kinase substrates). Edge widths correlate with the associated substrate site “phospho-
signal”, and edge colors indicate the analysis on which the kinase–substrate relationship was 
based (orange: PSP, blue: NWK, green: both).
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Figure S6.1. Protein-drug interaction maps
Protein drug interaction maps (www.proteomicsdb.org) for the combinations of erlotinib, da-
satinib, crizotinib and AZD4547 or axitinib, reveal a number of multitargeted kinases. Protein 
kinase targets (nodes) exceeding default effective inhibition >33% are colored in blue and 
have dark grey edges. Thickness of the edges is proportional to the reported EC50 of the 
drug-kinase interaction.
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Figure S6.2. Limited additional effect of crizotinib addition in 3D cultures
(A) 2μM crizotinib was selected for addition to the ODC. Applied as monotherapy, crizotinib 
displayed <10% inhibitory activity in heterotypic 3D cultures. When added to the original ODC,
no further inhibition of cell metabolic activity is observed, as the ODC displayed more potent 
inhibitory activity in 3D as compared to 2D in vitro assays. (B) Representative images of spher-
oids after treatment.
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Supplement 7: Analysis in EC-RF24

Figure S7.1. ODC in EC-RF24
(A) Dasatinib, AZD4547 and BEZ-235 were selected as ODC in EC-RF24. Alone, they inhibit cell 
metabolic activity by <25%, whereas in combination their effect is >85%. (B, C) Cell cycle analy-
sis (B) and apoptosis analysis (C) reveals an increase in apoptosis after ODC treatment, which is 
in part mediated by AZD4547. (D, E) Western blot analysis shows a dominant action of dasatinib 
and BEZ-235 on phospho-AKT and phospho-RPS6 expression.
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Figure S7.2. Phosphoproteomics analysis of EC-RF24
(A, B) INKA networks and plots off untreated EC-RF24 cells. Drug targets in the top 20 are 
color-coded. (C) Phosphokinase expresion levels, expressed in relation to those in RCC lines 
shown in Figure 3.
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Figure S8. Heatmap of EC50 of drugs inhibiting most active 786-O kinases
Drugs with reported EC50 <2μM against the top 20 INKA kinases in untreated 786-O were 
retrieved from proteomicsdb.org, and used for clustering and heatmap generation. Lighter 
colors indicate higher activity (higher -Log10(EC50) values) against a given kinase. It shows 
that many drugs are effective against multiple kinases while others are relatively specific for 
a single kinase.

Supplementary Tables

Table S1.1. Characteristics of the cell lines used

Table S1.2. IC20 drug doses used per cell line in s-FSC
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Table S3.1. Normalized spectral counts of phosphokinases
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Table S3.2. INKA scores of phosphokinases
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Table S3.3. Effective inhibitory % of ODC for expressed kinases per cell line in ccRCC
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Table S4.1. Cell viability in s-FSC iteration rounds for the universal ODCs
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