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Phosphorylation networks intimately regulate mechanisms of response to therapies. Mapping the phospho-catalytic profile of
kinases in cells or tissues remains a challenge. Here, we introduce a practical high-throughput system to measure the enzymatic
activity of kinases using biological peptide targets as phospho-sensors to reveal kinase dependencies in tumour biopsies and
cell lines. A 228-peptide screen was developed to detect the activity of >60 kinases, including ABLs, AKTs, CDKs and MAPKs.
Focusing on BRAFV¢°% tumours, we found mechanisms of intrinsic resistance to BRAFV¢°*t-targeted therapy in colorectal
cancer, including targetable parallel activation of PDPK1 and PRKCA. Furthermore, mapping the phospho-catalytic signatures
of melanoma specimens identifies RPS6KB1 and PIM1 as emerging druggable vulnerabilities predictive of poor outcome in
BRAFV¢°°E patients. The results show that therapeutic resistance can be caused by the concerted upregulation of interdepen-
dent pathways. Our kinase activity-mapping system is a versatile strategy that innovates the exploration of actionable kinases

for precision medicine.

n a functional sense, cancer is a proteomic disease that arises from
selectively diverted signalling pathways' . While therapeutic deci-
sions increasingly rely on the detection of mutated kinase genes
or aberrantly expressed/phosphorylated proteins, few experimen-
tal platforms directly and comprehensively monitor the activity of
kinase enzymes®, and many actionable dependencies of tumours
often remain undetected™*. A technology capable of identifying the
phospho-catalytic signatures of kinases in biological samples could
improve therapeutic guidance, including dual-targeting strategies.
Proteomic detection systems use phosphorylatable regions of
proteins to infer kinase activity. Antibody-based assays measure
(phospho-)protein levels, which depend on the availability and
specificity of antibodies”=. Mass spectrometry techniques'’",
sometimes combined with kinase inhibitors*-*', allow the detec-
tion of raw amounts of (phospho-)proteins, but remain restricted
due to cost, equipment and protocols. Alternatively, generic amino
acid sequences are used as individual biochemical probes to directly
detect kinases’ phospho-catalytic activity in radioactive labelling
assays, microfluidic electrophoresis systems, adenosine triphosphate
(ATP) consumption tests, hybrid peptide/phospho-antibody plat-
forms, or surface plasmon resonance (SPR) and fluorescence reso-

nance energy transfer (FRET) techniques*-*. However, readouts

from these approaches rely on broad-spectrum consensus pep-
tides originally designed for one-probe-to-many-kinases detection
methods, which are well suited for pharmacological drug screens,
but not intended to specifically identify or differentiate between
kinases’ activity in biological extracts.

Here, we present a technological resource relying on collections
of peptide probes, derived from biological target sites of kinases™!,
that operate as distinct combinatorial peptide sets to distinguish and
measure the phospho-catalytic activity of many kinases in parallel.
The technology is modular by design: users can adapt probe librar-
ies and assay conditions to their needs. Using a proof-of-concept
228-peptide library, we describe computational methods to analyse
phospho-catalytic signatures established from high-throughput
ATP consumption measurements. Using BRAFV*"*E-driven tumours
as a test scenario, we demonstrate the utility of our approach by
exploring and finding druggable kinase nodes that drive the unre-
sponsiveness of colorectal cancer (CRC) and melanoma to anti-
BRAFVS® therapy in cell models and patient tumours.

Results
Peptide-sensing platform to monitor phospho-signatures. We
sought to develop a high-throughput kinase activity-mapping
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Fig. 1| Arrays of peptides function as combinatorial sensors to identify, differentiate and measure the phosphorylation activity of kinases. a, Unsupervised
hierarchical clustering of the phospho-catalytic activity signatures of 25 recombinant purified kinases monitored across 228 peptides. For each experimental
run, the average value of ATP consumption across 228 peptides was used for internal normalization. The kinase activity per peptide was then calculated

as the difference in ATP consumption between individual peptide-derived values and the internal mean (Supplementary Table 26). Peptide-specific

activity values were then averaged across independent repeats to establish the activity signature of each kinase across all peptide sensors. The numbers of
independent experimental repeats are shown to the right. The peptide color key defining peptides’ category and relationship to kinases is indicated at the
bottom right (red/gold/grey). The phospho-catalytic activity scale (blue-to-white-to-red) is in nM of ATP consumption, where O (white) is the mean activity
value measured across 228 peptides for a given kinase. b, Pearson correlation heat map highlighting the functional relationships of kinase enzymes based on
their 228-peptide phosphorylation signatures. ¢, AUC profiles obtained for an increasing number of randomized sampling combinations of peptide sensors to
identify a kinase family. AUC values (y axis) reflect the performance of the assay for predicting the identity of a kinase family by comparing all of its kinases’
228-peptide phospho-signatures versus the 228-peptide phospho-signatures of all other kinases, when relying on one or multiple peptide sensors (xaxis;
random peptide sampling of combinations of up to 50 peptides out of 228 using DLDA class predictors). Box edges represent the 25th and 75th percentiles,
the central line is the median, and whiskers represent the 25th and 75th percentiles +1.5x the IQR. Points show outlier data falling outside the range. d, For
each kinase family, receiver operating characteristic (ROC) curves and AUC values (numbers within each plot) were computed from kinases’ phospho-
catalytic activity profiles measured with either their individual biological peptide subset (red), their generic CON* peptide subset (gold) or random peptides
(grey). e f, Identification of combinatorial peptide sets that best differentiate the phospho-catalytic activities of kinase families. All 228-peptide activity
profiles from a given family were compared with the profiles of all other kinases. Peptides associated with differential activity values (up or down) passing

a significant P< 0.05 threshold for both an FDR-corrected t-test and Wilcoxon rank-sum test were selected. Activity heat maps in e show the unsupervised
hierarchical clustering of the phospho-catalytic activity profiles established with the differential peptide subsets (y-axis) predictive of the identity of a kinase
family in comparison to the activity profiles of all other kinases (x axis). Heatmaps show that distinct subsets of peptides can be systematically identified

as functional predictors of the differential activity signature of each kinase family. In the bottom graph, biological or generic CON* peptides composing the
differential signatures were classified as ‘predicted’ or not (‘other’), where ‘predicted’ defines a peptide previously identified in the literature as a target of a
given kinase. The reference peptides were categorized as either random or not random (‘other’, that is mutated biological or generic CON* peptides).

This peptide color key is also indicated on the far left of the veritcal axis of the heatmaps. ROC curves in f were calculated from the differential peptide

sets per kinase family signature identified in panel e. Numbers of peptides and AUC values are shown in each plot.
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Fig. 2 | The biological peptide targets of kinases are effective sensors of kinases' phospho-catalytic activities. a, Examples of peptide phosphorylation
activity profiles (extracted from Fig. 1a) measured with kinases' biological peptides. Biological peptides, named by their substrate protein and phospho-
target site of origin, are indicated to the right of each panel, and are sorted top-to-bottom from highest-to-lowest activity per kinase. Average activities
measured with control peptide sets (random, Y/S/T free, reference and generic CON*) are shown below for comparison. The grey colour scale represents
the significance of a comparison between the activities from biological peptides versus average random peptides (two-sided Student's t-test, Benjamini-
Hochberg corrected and paired across experiments). b, Comparison between the levels of kinases’ activities measured in the presence of their biological
peptide subsets versus random, Y/S/T-free or all reference peptides. Central bars represent medians, box edges represent the first and third interquartile
ranges, and whiskers represent the minimum and maximum values. Significance values, as determined by two-sided Student's t-test, are reported to

the right. Numbers below the top plot represent the numbers of biological peptides per kinase. Numbers below the bottom plot represent the numbers
of independent experimental repeats per kinase. ¢, Unsupervised hierarchical clustering of kinases' activity signatures using biological peptides. Only
activities measured with the 151 biological peptides out of the 228-peptide profiles in Fig. Ta were used for ranking. d, AUC forest plot comparing the
specificity/sensitivity of activity profiles established with different peptide sets. Data points and error bars represent means +s.d.

(HT-KAM) assay, whereby a compendium of peptides serves as
combinatorial sensors of the phospho-catalytic activity of kinase
enzymes. We synthesized a 228-peptide library (Supplementary
Tables 1-3 and Supplementary Fig. 1a,b) that includes 151 bio-
logical 11-mer peptides corresponding to substrate protein regions
variously phosphorylated by kinases involved in oncogenic pro-
cesses. The library also includes 14 generic ‘positive control’
(CONY) peptides commonly used as industry standards, and 63
reference peptides comprising 27 mutated, 31 pre-phosphorylated
and 5 random peptide sequences. A liquid-dispensing instrument
was programmed to aliquot peptide, sample, ATP and buffer solu-
tions in 384-well plates (Supplementary Fig. 1c and Supplementary
Table 4). Each well contained one peptide, and each plate simultane-
ously assessed the phospho-signature of one sample.

Multi-peptide-derived phospho-catalytic signatures distinguish
individual kinases and their enzymatic subfamilies. The phospho-

catalytic activity profile of 25 recombinant kinases was measured in

780

the presence of all 228 peptides (Fig. 1a, Supplementary Fig. 1d-1
and Supplementary Tables 5 and 6). Inspection of kinase activity
across all peptides revealed that each kinase displayed a unique
phosphorylation fingerprint (Fig. 1a). Particular family members
were functionally distinguishable from genetically related kinases
(for example, the breast tumour kinase (BRK) or the src-related
kinase lacking C-terminal regulatory tyrosine and N-terminal myri-
stylation sites (SRMS) kinase versus the other Src family kinases
(SFKs); or the mitogen-activated protein kinase 14 (MAPK14)/p38a
versus MAPK1/extracellular signal-regulated kinase 2 (ERK2)), and
the activities of kinase isoforms (LYN A versus LYN B) or onco-
genic variants (Abelson murine leukaemia kinase 1 (ABL1) versus
ABL1™"") were discernible. Nevertheless, the principal factor clus-
tering kinases was their family of origin (Fig. 1a,b).

We then examined how including a multiplicity of peptide sen-
sors impacted the sensitivity and specificity of the assay for predict-
ing the identity of an individual kinase. We computed area under
the curve (AUC) values from repeated iterations of random peptide
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Fig. 3 | Measuring the effects of kinase inhibitors using kinases' biological peptide subsets as functional sensors of drug response and sensitivity.

a, Effects of kinase-targeting drugs on the activity of kinases using kinases’ respective subsets of biological peptides as functional sensors of changes

in phospho-catalytic activity (Supplementary Table 26). The chosen concentrations of imatinib and dasatinib correspond to ABL1's 0.01%, 1x and 100x
ICs, concentrations. Imatinib and dasatinib are anticipated to have less effect on LYN A (respective ICqos: 100 uM and 9nM), and minimal or no effect

on ABL1™"™ or AKTT. ‘@’ means control untreated (UNT). The biological peptides corresponding to the indicated kinase and included in the 228-peptide
sensor library are named by their substrate protein and phosphotarget site of origin (indicated to the left of each panel) and are sorted top-to-bottom from
highest-to-lowest activity per kinase measured in control untreated assay condition. Numbers of peptides in the control category were as follows: random,
n=5;Y/S/T free, n=16; reference, n=63. b, Shifts in activities comparing untreated versus inhibitor-treated ABL1, ABL1™"™ LYN A and AKT1 kinases,
calculated as averages of the differential kinase activity changes measured across their biological peptides (see Supplementary Fig. 5a). Staurosporine
serves as a control for the general shutdown of kinase activity. Data points and error bars represent means +s.d.

sampling. The sensitivity and specificity systematically improved
when including an increasing number of peptides, while any
single peptide performed poorly overall (Fig. 1c, Supplementary
Fig. 2a-e and Supplementary Tables 7 and 8). For any given num-
ber of peptides, specific subsets performed significantly better than
others, including kinases’ biological peptides (Fig. 1d, red lines).
For instance, for the haematopoietic cell kinase (HCK), the AUC
derived from the specific combination of its eight biological peptide
targets was higher than for most other eight-peptide combinations
(Supplementary Fig. 2f).

Next, we asked whether our system could find peptide sets that
best differentiate a kinase from others. We compared all phos-
pho-catalytic profiles of kinases using a dual-significance thresh-
old (P<0.05 for a false discovery rate (FDR)-corrected t-test and
Wilcoxon rank-sum test). This revealed that a unique differen-
tial phospho-signature could be systematically assigned to every
kinase (Fig. le,f and Supplementary Fig. 2g—j). Optimal signatures
included every type of peptide (biological, generic CON* and ref-
erence) associated with both significantly high and significantly
low phosphorylation activities. Thus, using a large spectrum of
phospho-catalytic activity sensors enables a highly sensitive report-
ing system with which to differentially identify a specific kinase or
kinase family.

Biological peptides are effective combinatorial activity sensors
of their kinase enzymes. We then asked whether kinases prefer-
entially phosphorylate their respective biological peptides. We
found that kinases were significantly more capable of phosphory-
lating the great majority of their biological peptide targets than
control pools of 63 reference, 5 random or 16 Y/S/T-free peptides
(Fig. 2a,b, Supplementary Fig. 3 and Supplementary Tables 9-12).
Unsupervised clustering of kinases’ activity using only biological
peptides showed that biological peptides distinguished individual
kinases, yet grouped them by functional relationships and kinase
families (Fig. 2c). Biological peptides contributed most to kinases’
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differential phospho-signature (Figs. 1e and 2c and Supplementary
Fig. 2g,h) and highest measurable activity (Supplementary Fig. 4).

These results show that biological peptides are excellent func-
tional discriminators of kinases’ phospho-catalytic signatures.
Genetically distant kinases are distinguishable. Non-receptor tyro-
sine kinases are functionally defined as related. Yet, differences in
the pattern and intensity of activity between members of the same
kinase subfamily can be identified, which functionally shows what
is so far inferred from differential protein-protein interactomes of
distinct protein isoforms™ (for example, LYN A/B) or family mem-
bers (AKT2 and SRMS). This also shows that kinases affected by
alternative splicing events or ‘minimal’ genetic/oncogenic muta-
tions (ABL1T315I) can exhibit specific and distinctive phospho-
catalytic activity profiles (as though encoded by unrelated genes),
thus expanding the complexity of signalling networks and their
alternative cancer states™.

Computational analysis revealed that the phospho-catalytic signa-
tures of kinases derived from their biological peptides outperformed
generic CON* peptides and provided excellent specificity and sen-
sitivity (average AUC>0.9; Figs. 1d and 2d and Supplementary
Fig. 2f;j). Noticeably, the somewhat lower AUC measured with SFK’s
biological peptides was attributable to specific differences in enzy-
matic properties between individual SRC family members (the AUC
augments from 0.859 to >0.92 when segregating SRMS, BRK, FGR
and FRK, which behave as functionally distinct SFK subclass(es)
and display little-to-no biological peptide overlap with other SFKs).
This underlines the strict precision of the HT-KAM assay/analy-
sis, and highlights how predictions based on functional distance
between kinases’ peptide phosphorylation signatures (instead of
genetic proximity between kinase genes) could reshape enzymatic
classifications and kinases’ biological roles/druggability. Along with
Fig. 1d-f and Supplementary Figs. 2f-i, 3 and 4, the results in Fig. 2
indicate that biological peptide subsets are well-suited combinato-
rial sensors to specifically, sensitively, differentially and predictably
detect the enzymatic activity of their respective kinases.
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Fig. 4 | Mapping the phospho-catalytic signatures of BRAFV¢°°E therapy-resistant CRC cells identifies druggable kinase vulnerabilities for combinatorial
therapy. a, Changes in the activity of kinase enzymes induced by BRAFV®0%-targeting therapy in WiDr cells. Heat maps (top) show changes in kinases' activity
using their respective subsets of biological peptides. Each horizontal coloured bar represents the differential activity measured in the presence of a kinase's
biological peptide (Supplementary Table 26), with higher (or unchanged or lower) biological peptide phosphorylation after VEM indicated in red (or white

or blue) (in nM of differential ATP consumption between VEM and UNT). Numbers of biological peptide sensors per kinase are shown in brackets. Bar plots
(bottom) show a relative cumulative index of kinases' activities (in nM ATP) as an indicator of their functional change in response to VEM (red versus gold bars;
activities were derived from kinases' biological versus CON* peptides). Significance was measured using a pairwise two-sided Student's t-test comparing VEM
and UNT across all runs (*/#: P<0.05; **/##*. P<0.01), including either all biological peptides (*/**) or 75% of biological peptides that follow the main activity
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pathways®-*>°', b, ldentification of other kinases mediating the VEM response. PRKD1, protein kinase D1. ¢, Examples of kinases' differential activity profiles
measured with their CON* peptides (top) or biological peptide subsets (bottom). A grey side bar outlines the top 75% of biological peptides that follow the
main activity trend. d, Response of WiDr to combinatorial drug treatments in three-day survival assays. Everolimus serves as a positive control for circumventing
intrinsic VEM resistance (n=3). e, WiDr colony formation assessing the cells’ sensitivity to BRAFV6°%€ + PDPK1 inhibition (n=2). f, Response of WiDr cells to
inhibitors targeting kinases whose phospho-catalytic activities are not upregulated after VEM. g, Sensitivity of different BRAFY6°%F CRC cell lines to combinations
of VEM plus a second drug (n>2). Bar plots display mean +s.d. fold-changes in VEM sensitivity at concentrations <Glg, of drug alone for each cell line. Pvalues
for drug interactions were calculated by two-way ANOVA (grey scale), while combination indices were calculated using the Loewe model (pink-green-blue
scale). The heat map to the far right shows the combination index derived from Bliss model analysis, and averaged from experimentally measured combination
indices at Glg,, 2X Gls, and 0.5 % Gl, concentrations of each drug. The drug responses serve as validation of the kinase activity signatures uncovered by

HT-KAM, and illustrate how such a strategy can help in the selection of drug candidates to restore therapeutic sensitivity.

threonine protein kinase 1 (AKT1) treated with the inhibitors
dasatinib, imatinib and staurosporine showed that biological pep-
tides effectively revealed the distinct drug sensitivities of kinases

To further evaluate the performance of biological peptides as
sensors of kinases, we measured the effect of kinase inhibitors.
The activity profiles of ABL1, ABL1™", LYN A and AKT serine/
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(Fig. 3a,b, Supplementary Fig. 5a-d and Supplementary Table 13).
Statistical analyses showed that biological peptide sets systemati-
cally and significantly correlated with kinases™ activity inhibition
(Supplementary Figs. 4b and 5b-d). Similar results were found
when measuring the effects of the SFK inhibitors PP2 and SU6656
on FYN, HCK, LCK and SRC (Supplementary Fig. 5e,f).

Along with Supplementary Figs. 4b and 5, the results in Fig. 3
show that biological peptides are adequate sensors to measure the
activity of their cognate kinases (and are also practical because
biological peptides are ‘naturally occurring’ targets derived from
kinases’ pools of specific protein substrates and target sites).
Noticeably, for each kinase, the kinetics of responses to drug treat-
ments are not exactly identical between the different peptides (for
example, top left in Fig. 3a or Supplementary Fig. 5¢, where the
measurable effects of different imatinib concentrations on ABLI
activity depend on biological peptides; such repeatable peptide-to-
peptide ‘variations’ are also detected with ABL1’s set of commonly
used generic CON* peptides). This suggests that kinases’ differen-
tial avidity for (and phosphorylation of) particular peptide sensors
is probably affected by inhibitors. This indicates that, to monitor
the enzymatic functionality of a kinase, drug responses established
from arrays of peptide probes could offer a level of confidence and
precision that most single-peptide reporting assays would inher-
ently lack. As such, the variety of biological peptides and control
peptides included in our assay provides the enzyme-screening per-
formance necessary to systematically identify, compare and validate
kinases’ activity profiles within and between technical replicates
and samples of different compositions. Since the adaptability of our
strategy allows for investigators to tailor peptide sensor libraries
and enzymatic assay conditions to their needs, the assay and ana-
lytical methods we developed constitute a practical framework with
utility towards pharmacological screens. Together, the results show
that the identity and activity of kinases can be measured using their
respective biological peptides.

Identifying druggable kinases that mediate intrinsic resistance
to BRAFVS™E- targeted therapy. Providing a functional assay that
identifies hyperactive, druggable kinases in cell culture models
would be valuable to investigators. In the case of BRAFV"E CRC,
finding effective targeted therapies has been a biomedical challenge.
RNA interference screens performed in the WiDr cell line model
originally found that parallel feedback activation of epidermal
growth factor receptor (EGFR) caused intrinsic resistance to vemu-
rafenib (VEM)*-*. Yet, patients’ limited response to BRAF+ EGFR
combination therapy’* underlines how crosstalk between signal-
ling pathways often confounds genetic screen-drug response rela-
tionships™. We applied our assay to explore whether other kinases
drive this unresponsiveness to BRAF therapy.

We used WiDr cells as a model system. WiDr cells treated with
VEM displayed reduced mitogen-activated protein kinase kinase 1
(MEK1) and ERK2 kinase enzyme activity, and increased EGFR
activity (Fig. 4a). This matched a reduction in the phospho-pro-
teins MEK1/2 and ERK1/2, and an increase in phospho-EGFR
(Supplementary Fig. 6a—c), which confirmed that the HT-KAM
assay could functionally replicate at the enzymatic level what is
anticipated from the literature. We then concentrated on exploring
additional targets. Examination of kinase signatures revealed that
AKT1 was overly active, while its downstream tumour suppressor
kinase, glycogen synthase kinase 3 beta (GSK3B), was inactivated
(Fig. 4b). Furthermore, the activities of 3-phosphoinositide-
dependent protein kinase 1 (PDPK1) and its downstream effector
kinases serum/glucocorticoid regulated kinase 1 (SGK1), pro-
tein kinase C alpha (PRKCA) and protein kinase N (PKN) were
increased (Fig. 4b). Protein kinase D1 (PRKD1)—an effector of
EGFR—was also upregulated (Fig. 4b). These changes in kinase
activity were significant (Fig. 4a—c and Supplementary Fig. 6d-f).
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Biological peptide subsets performed systematically better than
generic CON™ peptides in monitoring kinases’ phospho-cata-
lytic activity in cell extracts (Fig. 4a,b (red versus gold bars) and
Fig.4c), and were confirmed by immuno-detection (Supplementary
Fig. 6f-h). These switches in kinases’ functionality are cancer-
promoting processes implicated in the cell cycle, survival and
metabolism, suggesting that our assay functionally characterizes
an adaptive drug response as the coordinated reprogramming of
multiple, parallel signalling pathways.

To assess the role of these kinases as mediators of response
and resistance to VEM, we tested the sensitivity of WiDr cells to
drug combinations in cell survival assays. Besides AKT1, strong
synergy was observed when BRAFV*"® targeting was paired with
inhibitors of PDPK1 and PRKCA (Fig. 4d; colony formation vali-
dation for PDPK1 inhibition is shown in Fig. 4e). Conversely,
inhibiting kinases found to be less active after VEM (ABLI, Janus
kinase 2 (JAK2), c-Jun N-terminal kinase (JNK1) and p38a;
Fig. 4b) remained ineffective (Fig. 4f), showing that HT-KAM offers
an effective, logical framework to prioritize (and deprioritize) drug
combinations with the highest likelihood of success. We validated
the generalizability of these BRAFY**® therapy resistance dependen-
cies using additional kinase inhibitors and BRAFV**® CRC cell lines
(Fig. 4g, Supplementary Fig. 6h-j and Supplementary Table 14).
The results show that our strategy can serve as a discovery platform
to predict robust differences in kinase activity, and provide a ratio-
nal design for combination therapies to target adaptive mechanisms
of intrinsic resistance.

The phospho-catalytic signatures of cancer cells reveal their spe-
cific kinase dependencies. Next, we asked whether our approach
could be used to survey the activity of kinases across a panel of 20 can-
cer cell lines (Supplementary Fig. 6k,1 and Supplementary Table 15).
Figure 5a—d shows that all cancer cell lines could be systematically
distinguished based on either their 228-peptide phosphorylation
profiles (especially biological peptides) or their kinase activity
signatures. The results in Fig. 5b,c show that biological peptides
provide the broadest ranges and highest levels of measurable phos-
phorylation activities. Generic positive control peptides provide the
lowest range of activities, and levels of phospho-activities remain
lower than the overall mean activity per cell line across all cells.
While virtually all peptides participate in defining the unique pep-
tide phosphorylation activity signature of every cancer cell line,
biological peptides are particularly well-suited catalytic activity sen-
sors to measure and differentiate the unique functional phospho-
fingerprint of cancer cells.

We then evaluated whether the differential kinase activities of
these different cells could foretell their drug sensitivities. The results
of comparing kinase activities measured using the kinases’ biologi-
cal peptide subsets versus GI;, concentrations for individual drugs
(Fig. 5e and Supplementary Table 16) showed that the higher the
activity of a proto-oncogenic kinase, the more a cell line was sus-
ceptible to responding to a matching drug. For instance, PC9 cells
harbour an activating EGFR mutation, and their EGFR activity cor-
relates with higher sensitivity to gefitinib compared with other cells
(Fig. 5e, top left graph). We also found that cancer cells’ drug sensi-
tivities and their tumour of origin were best reflected when individ-
ual kinases’ activities and comprehensive kinase activity signatures
were derived from biological peptides, but not generic CON* pep-
tides (Fig. 5f,g and Supplementary Fig. 61,m).

As a specific biological question, we asked whether HT-KAM
could identify kinases that functionally distinguish between base-
line dependencies of BRAFV®*E CRC and BRAFV®*® melanoma
by comparing WiDr and A375 cells (Fig. 5h and Supplementary
Fig. 6n-p). We found that cyclin-dependent kinases (CDKs) and
MEKs were significantly more catalytically active in A375 cells
than in WiDr cells, and A375 cells responded to much lower
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experimental run, the average value of ATP consumption in sample-containing wells measured across 228 peptides and 14 peptide-free controls was
used for internal normalization (Supplementary Table 26). The activity per peptide was then calculated as the difference in ATP consumption between
individual peptide-derived readouts and the internal mean. Phospho-catalytic activities are colour-coded based on the relative level of activity measured in
the presence of each peptide for each cell line (blue, low activity; white, intermediate or mean activity; red, high activity; in nM of ATP consumption). The
bottom red / gold / grey streak indicates the category of biological peptides / generic CON* peptides / reference peptides out of the 228 peptides. The
heatmap on the right represents cells’ activity measured in the 14 control, peptide-free wells. b,¢, Peptide phosphorylation activity patterns across cancer
cells based on the range of activity per peptide, average level of phosphorylation intensity per peptide, and peptide class. In b, peptides are first sorted by
peptide category and then range of peptide-phosphorylation activity per peptide. In the plots of mean-centred ranges of phospho-activity, the data points
represent the mean, while the error bars represent maximum and minimum values. In ¢, peptides are first sorted by average peptide-phosphorylation
activity per peptide. d, Unsupervised hierarchical clustering of the kinase activity signatures of 20 cancer cell lines. For each cell line, kinase activities were
calculated as the average of the phosphorylation activities measured in presence of kinases' respective biological peptide subsets (deconvoluted from the
peptide phosphorylation profiles in a). Profiles were then mean-centred across cell lines. Profiles highlight the heterogeneity of kinases' activities across
cancer cells. e, Comparison of cancer cells’ drug sensitivity (x axis; GI50 concentration per drug per cell line) versus the kinase activity (y axis) derived
from the biological peptide subsets in d. Each data point represents a cell line. Pearson correlation coefficients (r) are included within each plot. CHEK,
checkpoint kinase; SYK, spleen tyrosine kinase. f, Pearson correlation heat maps highlighting the functional relationship between cancer cells based on
their kinase activity signatures established from kinases' subsets of biological peptides (left), versus kinases' subsets of generic CON* peptides (middle),
or individual generic CON* peptides of kinases (right). Cells are arranged by tumour origin (BC, breast cancer; LC, lung cancer; MEL, melanoma; PC,
prostate cancer). g, Comparison of cancer cells’ drug sensitivity versus the kinase activity derived from the kinases’ subsets of generic CON* peptides.
Each data point represents a cell line. Pearson correlation coefficients (r) are included within each plot. h, Pearson correlation between kinase activity and
drug sensitivity in A375 (melanoma) versus WiDr (CRC) BRAFV®%%E cells (n=2 per data point). i, Pearson correlation between kinase activity and drug
sensitivity across all results (373 data points derived from 35 drug treatments targeting 23 kinases are plotted).
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concentrations of the related drugs dinaciclib and trametinib.
Hence, BRAFVSE cells of different tumour origins inherently relied
on distinct kinase dependencies that were predictive of their drug
sensitivities. Data for all 23 kinases and 35 inhibitors tested across
20 cell lines are compiled in Fig. 5i. Together, these results indicate
that our platform provides a pragmatic solution to finding active,
druggable kinases in cell culture models.

Mapping the phospho-catalytic signatures of patients’ melano-
mas. Identifying which kinases are overly active in patient tumours
is of high clinical value. Malignant melanoma is a disease ultimately
refractory to most current forms of therapy, including BRAF/MEK/
ERK inhibitors used to treat metastatic BRAFV**® tumours*~*.
Thus, we evaluated the potential utility of our assay in mapping the
phospho-catalytic signatures of patients’ melanomas.

Nine surgically excised, fresh-frozen tumours from patients with
melanoma were tested in four independent HT-KAM technical repli-
cates (Supplementary Fig. 7a-c and Supplementary Tables 18 and 19).
The 228-peptide phosphorylation signatures were analysed using
unsupervised hierarchical clustering (Fig. 6a), principal component
analysis (PCA; Fig. 6b) and dual-significance threshold selection
(Fig. 6¢ and Supplementary Fig. 7a-c).

Figure 6b shows that survival and recurrence were highly asso-
ciated with PC1/2, revealing the strong predictive and prognostic
value of the peptide phosphorylation signature of tumours. Strong
association between BRAF therapy-resistant lethal tumours and
their phospho-signatures’ PCs (outlined in red) validates the clus-
tering results in Fig. 6a. Replicate runs from the same patient sample
were significantly similar, whereas days on which assays were run
were not associated with primary PCs of melanoma signatures,
showing the excellent performance and high reproducibility of the
HT-KAM system (that is, experimental procedure, instrumentation
and data analysis). The displayed PCA results were recapitulated
when normalized with the 63 reference peptides, 16 Y/S/T-free
peptides or 14 peptide-free tissue extracts alone, or when using raw
ATP consumption data, showing the robustness of the strategy, as
well as the reliability of its output in mapping the phospho-catalytic
signatures of tumours.

Together, the results in Fig. 6a—d show that the phospho-fin-
gerprints of tumours were highly robust signatures that strongly
associated with outcome (Fig. 6a-d, Supplementary Fig. 7d and
Supplementary Tables 20 and 21). The group of signatures that
retrospectively predicted poor outcome included all BRAFV6®®
tumours that did not respond to VEM (Fig. 6a,d (red squares)
and Fig. 6b).

Next, we asked whether peptide phosphorylation profiles could
reveal the hyperactive kinases of poor-outcome tumours. Figure 7a
and Supplementary Fig. 7e-g show that kinase activity signatures
established from biological peptides and compared across tumours
were associated with outcome. Enrichment analysis using the most
significantly and differentially phosphorylated biological peptides
in poor-outcome patients showed that proto-oncogene serine/thre-
onine protein kinase Pim (PIM), ribosomal protein S6 kinase Bl
(RPS6KB) and AKT kinases were most active and more prevalent
in poor-outcome melanomas, including VEM-resistant tumours
(Fig. 7a,b, Supplementary Fig. 7fh and Supplementary Table 22).
GSK3B was significantly downregulated in these tumours
(Fig. 7a,b). Hyperactive kinases suggest vulnerabilities that may be
exploitable in the clinic.

We validated the prognostic value of the kinase hits discov-
ered with HT-KAM by analysing >400 melanoma patients&rsqo;
data available from The Cancer Genome Atlas (TCGA)*
(Fig. 7c). Furthermore, we confirmed that the concerted upreg-
ulation of PIM1, RPS6KB1 and AKT1 occurred in 36 BRAFV60E
therapy-resistant patient-derived tumour xenografts (PDXs)*
out of a cohort of 96 PDX melanoma patient tumours (Fig. 7d,e).

TECHNICAL REPORT

Significantly more treatment-resistant PDXs display a combined
increase in gene expression for any pair of PIM1, RPS6KB1 or
AKT1 genes with a normalized zscore>0.5 (X*><0.007383;
Fig. 7d and Supplementary Table 23).

Translating kinase hits into therapeutic opportunities for
BRAFY® melanoma treatment. On the basis of patient tumour
kinase activity profiles found by HT-KAM screening (Fig. 7), we
assessed the growth response of A375 and Sk-Mel-28 cells to kinase-tar-
geting drug combinations. Figure 8a-c, Supplementary Fig. 8a-d and
Supplementary Table 24 show that inhibitors of PIM, RPS6KB or AKT
significantly potentiated the anticancer effects of BRAF inhibition, and
outperformed mechanistic target of rapamycin kinase (mMTOR) or MEK
inhibitors whose effects in patients are variable and transient. In addi-
tion, other kinases whose catalytic activities were less highly and less
significantly upregulated than PIM, RPS6KB or AKT in fatal BRAFV"
tumours were in fact less effective therapeutic targets, as exemplified
by inhibitors of RPS6KA or protein kinase C (PKC) (additive effects
only), and further confirmed in Mel888 cells, whereas kinases whose
activities were unchanged across patient tumours (for example, SRC)
did not augment VEM sensitivity (Fig. 8d and Supplementary Fig. 8e).
Furthermore, therapy-resistant/oncogenic mutant models derived
from A375 cells induced to exogenously express constitutively active
AKTI1 (myrAKT1), MEK (MEK-DD) or SRC (SRC™) remained
sensitive to RPS6KB or PIM targeting (Fig. 8d.,e, Supplementary
Fig. 8e-h and Supplementary Table 25), suggesting that these signalling
hubs can function independently and in parallel, and represent suit-
able alternative targets to alleviate therapeutic resistance. Importantly,
GSK3B inhibition antagonized VEM effects, thus mimicking a loss of
tumour suppressive function by promoting resistance to BRAF ther-
apy (Fig. 8a—e). The results support observations we made in patient
tumours (Fig. 7a,b), where unresponsiveness to BRAFY* therapy was
accompanied by coordinated inactivation of GSK3B and activation of
PIM, RPS6KB and AKT kinases.

Finally, we investigated tumour cells, isolated from PDXs established
from BRAFV*® melanoma patients refractory to VEM*, that main-
tained high levels of phospho-RPS6KB1 (Fig. 8f and Supplementary
Fig. 8i-k). Colony formation showed that such tumours were particu-
larly sensitive to RPS6KB inhibition. Thus, the activation of RPS6KB
is a confirmed vulnerability that can be targeted to restore therapeutic
sensitivity in BRAF therapy-resistant melanomas.

Discussion

A key to successful therapy is the identification of critical aberrant
signalling networks whose inhibition would result in system fail-
ure of diseased cells. Here, we showcase the use of an innovative
proteomic approach to identify specific kinase vulnerabilities that
lie within the proto-oncogenic phospho-circuits of cancer cells and
tumour tissues.

We developed a system that relies on collections of peptides to
directly monitor the phospho-catalytic signatures of biological sam-
ples. Our strategy provides access to a vast, untapped resource of
meaningful measurements, whether readouts are interpreted irre-
spective of which enzymes phosphorylate which probes, or anal-
ysed to convert global phospho-signatures into functional profiles
of kinase activities.

In-depth computational analyses and systematic drug targeting
of kinases established the advantages of our system to gain biological
insights into signalling circuits. The combination of single phospho-
activities measured across peptide sensors collectively distinguished
the activity of different kinases within or between samples of simple
or complex composition (purified kinases, cells and tissues). Unlike
other currently available kinase enzyme activity assays, the unique
advantage of our approach is to use a multiplicity of peptides as com-
binatorial and differential sensors to measure the catalytic activity of
kinases. Particular subsets of peptides (especially kinases’ biological
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Fig. 6 | Mapping the peptide phosphorylation signatures of melanoma tumours is predictive of patients' outcome and BRAF therapy resistance.

a, Peptide phosphorylation signatures of nine patient tumours (Supplementary Table 26). Data analysis followed the same steps as for cell extracts

(n=4 per sample). HT-KAM-generated profiles were clustered using Euclidean distance and ward linkage. Retrospective information on survival outcome,
recurrence and treatment resistance is indicated above the heat map, along with BRAFV¢0%F mutational status (see Supplementary Table 18). Colour

bar values are in nM ATP. b, PCA investigating the potential association between variables of interest and principal components (PCs) defining the
phosphorylation signatures of tumour samples (linear regression; overall fit of univariate model PC i for variable j). Graphs display the results for a

clinical or technical variable and its significance. F-statistic Pvalues are presented in the bottom right of each plot. Each data point corresponds to one
experimental run for one tumour sample (9 patients x 4 independent experimental replicates for each patient tumour =36 dots per graph). ¢,d, Methods
to find peptides that qualify as the best predictors of patients’ outcome. ¢, Waterfall plot showing the differential activity profile (y axis) across 228-peptide
sensors (xaxis), comparing alive versus deceased patient groups. Significance values are provided underneath, along with the numbers of peptides
displaying a Pvalue of <0.05 (to the right). d, Peptides were selected from ¢ when phosphorylation activities concurrently passed both the FDR-adjusted
two-sided t-test and Wilcoxon rank-sum test at P < 0.05, and subjected to semi-supervised clustering to compare the differential phosphorylation activity
in patients who were alive and those who were not. The rigorous dual-significance threshold selection identified 34 peptides as the most significantly
differentially phosphorylated peptides associated with poor outcome, as shown across individual patients. Two-thirds of these peptides were biological
peptides (substrate and target sites of origin listed on the right), most of which displayed higher phospho-activity. BH, Benjamini-Hochberg.

targets) provided superior sensitivity, specificity and discernibility =~ needs (for example, interchangeable peptide libraries or assay condi-
over any single probe-derived measurement, including any individ-  tions) and practical to both laboratory research and clinical settings.
ual generic CON* peptide used in current screening methods. The We established that we could systematically deconvolute the
identity and activity of kinase enzymes across a broad range of kinase ~ peptide phospho-signatures of tumour cells to identify hyperactive,
families could be simultaneously assessed from their respective sub-  druggable kinases. We showed that the intrinsic and adaptive kinase
sets of biological peptides in various cancer cells and tumour tissues. ~ dependencies of different tumours and cancer cells, including
The HT-KAM strategy is a versatile platform adaptable to users’ those harbouring an oncogenic BRAFV®E, were distinctive and
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Fig. 7 | The phospho-catalytic signatures of tumours reveal kinase activities associated with poor outcome and unresponsiveness to VEM in melanoma
patients. a, Kinase activity signatures of tumour tissues (n=9 patients; n=60 kinases). Analysis followed the same steps used to deconvolute the profiles
of cell lines. For each tumour, the activity of kinases was calculated as the average of phosphorylation activities measured in presence of their respective
biological peptide subsets (kinases detected with >4 independent biological peptides are shown). Kinase activity profiles were mean-centred per tumour
and then per kinase across samples, and color-coded as a blue-to-black-to-yellow scale of relative low-to-medium-to-high activity (in nM ATP).

Kinases indicated by an arrow underline the balance between the up-/down-activation of proto-oncogenic kinases (RPS6KB, PIM and AKT) and

tumour suppressor kinase (GSK3B) within a patient (top versus bottom) or between patients/patient groups (left versus right). b, Sub-heat maps and
significance levels of biological peptide phosphorylation activity signatures for AKT, PIM, RPS6KB and GSK3B. Significance values were calculated either
by enrichment analysis (EASE; that is, a Fisher's one-sided test using the 34 most differentially phosphorylated peptides associated with survival outcome
out of the 228-peptide sensors (see Fig. 6d)) or from FDR-corrected, one-sided Student's t-tests using all (unselected) biological peptides per kinase

and comparing all experimental runs between surviving and deceased groups. Dots indicate that a biological peptide was identified among the top 25%
most differential phospho-activities. NA, not applicable. ¢, Kaplan-Meier curves (left; log-rank test Pvalues) and enrichment analyses (right; derived from
one-sided Student's t-tests; box edges represent the 25th and 75th percentiles, the central line is the median, and whiskers represent the 25th and 75th
percentiles+1.5x the IQR) for AKT1 (top; n =445 patients) and PIM1 (bottom; n=402 patients) using the TCGA resource. High AKT1and PIM1 levels are
poor prognosis factors. mRNA, messenger RNA. d, RNA-Seq data from 96 melanoma PDXs (Supplementary Table 26). A lighter z-score colour indicates
higher expression (compared across all PDX profiles). Black bars indicate patients/PDX models resistant to BRAF therapy. The pie chart displays the
percentage of VEM-resistant PDXs with a zscore > 0.5 for either AKT1, RPS6KB1 or PIM1in VEM-resistant PDXs, which was then validated using a
chi-squared test comparing gene expression profiles across PDXs (X?< 0.0074). e, Protein levels in the 36 BRAF therapy-resistant PDXs (Supplementary
Fig. 9) (n=1per PDX). The pie chart displays the percentage of VEM-resistant PDXs with an above-average intensity across all tumours for either pAKTT,
pRPS6KB1 or PIM1.

predictive of their drug sensitivity to single or combinatorial targeted
therapies. HT-KAM functionally defined therapeutic resistance as
the coordinated reprogramming of specific, parallel pathways. In
CRC, the revealed kinase vulnerabilities driving VEM resistance
in BRAFY*E CRC cells included signalling cascades orchestrated
by PDPK1, PRKCA and SGKI. In melanoma, PIM1 and RPS6KB1
were identified as druggable vulnerabilities predictive of poor out-
come in BRAFY®"® patients.

These results suggest that drug resistance can result from a
combination of pathways that are upregulated, working in con-
cert and interdependent on each other, such that it requires their
coordinated signalling activities to drive resistance. As such, the
HT-KAM approach can identify a finite number of key cooperative

dependencies, thus offering a highly selective choice of relevant
targets to explore.

The fact that our assay identifies multiple kinases underlying
drug resistance obviates the conventional approaches designed to
sequentially identify individual drivers of collective resistance. Such
a herd-like mode of resistance can only be discovered by the kind of
mass-scale functional proteomic approach we have developed.

In particular, our approach effectively identified targets beyond
those previously found by synthetic lethality genetic dropout screens
or gene overexpression systems in the same CRC* or melanoma“
cell models, and without requiring laborious, exogenous genetic
interventions that inevitably alter signalling circuits. Instead, our
platform is an analytical platform, not an experimental system, that
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Fig. 8 | Responses of BRAFY$°%t melanoma cell lines, oncogenic mutant models and therapy-resistant PDX-derived cells to drug combinations. a, Effects
of kinase inhibitor combinations on A375 and Sk-Mel-28 cells. To test whether the phospho-catalytic signatures of tumours predictive of poor outcome
and VEM unresponsiveness in BRAFVS% patients (Fig. 7) could also help reveal druggable kinase dependencies, we tested the sensitivity of cell line
models to multiple drug combinations. Top, details of the methods and colour scales. Bottom, results from three-day survival assays for cells maintained
in 5% FBS media and treated with a range of VEM concentrations (x axis) combined with a second inhibitor (yaxis) (n>3). Growth responses to
mTOR/MEK inhibitors are included as positive controls. Sk-Mel-28 cells are inherently highly resilient to BRAF therapy. b, Streamlined side-by-side
comparison of drugs' effects on cells’ responses to BRAFY6% targeting. Graphs show the percentage of growth inhibition (yaxis) resulting from combining
VEM at various concentrations (xaxis) with a second inhibitor at its Gls, concentration alone. Rectangles highlight the highest achievable response elicited
by these drug combinations. ¢, Percentage cell death at Gls, concentrations measured by fluorescence-activated cell sorting. d, Response to VEM plus a
second kinase-targeting drug in different cell models. Waterfall plots (means +s.e.) are sorted by highest to lowest relative change in growth inhibition
effect per cell model compared with VEM alone. Measurements were taken at the respective Gls,, Glsyx 2 and Glgyx 0.5 concentrations of each drug in
5% FBS culture (the results were calculated from nine separate drug treatment conditions measured in n> 2 independent experiments; Supplementary
Table 26). The individual combination indices across the six cell models and per drug combination (provided underneath the bar graphs) were then
averaged, and results are shown to the right (sorted top to bottom from most synergistic to most antagonistic, along with kinase names and inhibitors).
The 12 kinase-targeting drug combinations with VEM are listed to the right. e, Ranked treatment effects by comparison of the combination index values
between melanoma cells. Data from all drug concentration ranges and culture conditions displayed in Fig. 8a and Supplementary Fig. 8a,g are included.

f, Primary tumour cells derived from a VEM-resistant melanoma PDX displaying high levels of phospho-RPS6KB1 protein (used as a readout of kinase
activity) are sensitive to a RPS6KB-targeting drug in a three-week colony formation assay (n=1). DMSO, dimethyl sulfoxide.

can directly be applied to the interrogation of tumour biospeci- kinases represents the most proximal readout of actionable targets,
mens or cells in their native state. Moreover, not all genes found significantly increasing the translational impact of discoveries.
by genetic screens are druggable, whereas identifying hyperactive ~ Furthermore, large-scale gene expression/mutation analyses would
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not identify the targets that HT-KAM found because no evident
genetic alterations have been reported for these genes in cell lines or
patient tumours (for example, PDPK1 or PRKCA in BRAFY¢"® CRC
or RPS6KB1 in BRAFY®E melanoma)'>*%>%  Also, the results
from considerable genomic study efforts suggest that, for many can-
cers, including CRC, therapeutic resistance is probably not driven
by individual genetic dependencies or caused by a unique driver
mutation.

Additionally, studies relying on antibody arrays and mass spec-
trometry proteomic approaches did not find the targets discovered
with HT-KAM. Protein quantification tools can only indirectly
infer the functional state of proteins and cannot directly measure
the levels of catalytic activity of enzymes or kinases, which is what
most targeted therapies are designed to inhibit if or when they are
aberrantly hyperactive®”*. Hence, the readouts from our innova-
tive system do not overlap with the results from current proteomic
technologies, and instead offer a unique opportunity to reveal a
molecular depth that complements these other platforms to better
understand the mechanisms of diseases.

Functional proteomic platforms designed to detect the activity
of kinase enzymes (and eventually the functionality of the whole
kinome), such as HT-KAM, are missing from the current biotech-
nology landscape, yet are really needed to start elaborating the
functional maps of signalling networks that can directly pinpoint
actionable vulnerabilities of tumours. Such strategies may initiate a
paradigmatic shift in our comprehension of cell and tissue responses
to drug interventions and therapeutic resistance.

From a clinical standpoint, knowledge of how to choose and
pair limitless combinations of drugs has become a pressing need
for pharmaceutical industries and physicians who grapple with
treatment resistance in patients****. The HT-KAM platform pro-
vides a rational design to help prioritize (and de-prioritize) drug
combinations and maximize the likelihood of success (for example,
RPS6KB proto-oncogenic kinase versus GSK3B tumour suppres-
sor kinase). Furthermore, the peptide phosphorylation signatures
discovered here represent a yet-unexplored parameter that has the
potential to be configured into diagnostic tests, especially since
we showed using computational analyses that it will be possible to
build fit-for-purpose kits’ relying on narrow sets of best-predictor
peptides customized to monitor the activity of particular kinases
for research or diagnostic purposes. For instance, BRAFV**** mela-
noma patients who retrospectively displayed phospho-signatures
indicative of aggressive disease may have benefited from targeting
BRAF+RPS6KBI1 or PIM1, instead of standard therapies on which
patients almost inevitably relapse. Some of the diagnosable suscep-
tibilities we uncovered represent therapeutic alternatives that may
be tested in the clinic. Since kinase circuits are probably cell/patient
specific, it will become important to profile the kinome signatures
of individual patients’ tumours to personalize medical treatments.

In conclusion, combinatorial peptide-sensing systems constitute
an effective way to capture the functionality of kinase enzymes in
cells and tissues. Such a modular strategy addresses a central chal-
lenge in the biomedical field, and could play an integral role in
improving research productivity and guiding therapeutic decisions.
Mapping the phospho-catalytic signatures of diseases innovates the
molecular exploration of signalling networks and supports the dis-
covery of actionable dependencies for precision medicine.
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Methods

Kinase enzyme activity assay. The phospho-catalytic signature of samples was
established from simultaneously occurring ATP consumption tests measured in the
presence of peptides that were experimentally isolated from each other in multi-well
plates. Assays were run in 384-well plates (solid, white flat-bottom plates; Corning;
catalogue number: 3570), where each experimental well contained one type of
peptide. The final 8l reaction mixtures per well contained the following final
concentrations of reagents: (1) 1x kinase assay buffer (prepared daily and diluted

in double-distilled water from a 10X stock solution of 25 mM Tris-HCl (pH7.5),
10mM MgCl,, 0.1 mM Na,VO,, 5mM f-glycerophosphate and 2mM dithiothreitol,
or purchased from Cell Signaling Technology; catalogue number: 9802); (2) 250 nM
ATP (prepared from a 10mM stock solution of adenosine-5’-triphosphate in
double-distilled water and diluted daily with 1x kinase assay buffer; Cell Signaling
Technology catalogue number: 9804); (3) 200 ug ml™ 11-mer peptide (lyophilized
stocks originally prepared as 1 mgml~" in 1X kinase assay buffer and 5% dimethyl
sulfoxide); and (4) samples typically made of either 5ngul~' recombinant kinase
enzyme protein or 10 ugml protein extract from cell or tissue lysates (see below
for the protocol) that were kept on ice and diluted in 1x kinase assay buffer <30min
before experimental testing. Controls with no ATP, no peptide or no sample, as well
as ATP standards, were run side by side within each 384-well plate.

High-throughput liquid dispensing of all reagents was achieved using
the Biomek FX Laboratory Automation Workstation from Beckman Coulter
(hosted by the Center for Advanced Technologies at the University of California,
San Francisco), and was programmed to specifically address the dispensing
requirements of the assay (timing, sequence, tip-touch location, height and depth,
and so on). Accurate dispensing was thoroughly and regularly validated. All
reagents were kept on ice and plates were kept on cold blocks (VWR/BioCision;
CoolRack XT PCR96 (catalogue number: 89239-498) and CoolSink XT 96F
(catalogue number: 89239-504)) until enzymatic reactions were started. For
all intermediary steps over the course of the assay (that is, buffer and sample
preparation, dispensing, and so on), we used microcentrifuge tubes (Costar;
catalogue number: 3621) and clear 96-well PCR-plates (VWR; catalogue
number: 83007-374).

Once the dispensing of reaction mixtures was completed, 384-well reaction
plates were typically incubated for 30 min at 30 °C. After enzymatic reactions were
completed, the final detection step used Kinase-Glo revealing reagent (Promega;
catalogue number: V3772; dispensed using a Biomek Automated Workstation),
which stopped the activity of the kinase enzymes and produced a luminescent
signal directly correlated with the amount of remaining ATP in the samples over
a broad range of ATP concentrations (the repeatability and accuracy of the ATP-
dependent luminescence assay measurements were tested and validated over 5
logs of ATP standard concentrations; R? (coefficient of determination) > 0.99, and
measurements from the large variety of peptides offered a broad dynamic range of
measurable catalytic activities (over 4 logs of magnitude) that were observable for
each individual kinase and between different kinases). Luminescence was inversely
correlated with the amount of kinase activity. Luminescence was measured using
the Synergy 2 Multi-Mode Microplate Reader from BioTek, and occasionally the
Molecular Devices Analyst AD microplate reader from McKinley Scientific. We
systematically checked that all samples’ ATP profiles fitted within the limits of the
range of the ATP standard and that no evidence for any ATPase or phosphatase
contamination was present, hence allowing for activity profiles to be interpreted
with confidence, and for measurable variations in phospho-catalytic activities
measured in the presence of peptides to be considered as both peptide dependent
and cell, tissue or kinase specific.

Peptide sensors. 11-mer amino acid sequences were made to order and mass
synthesized by GenScript at >95% purity. The 228-peptide library included 151
biological peptides, 14 generic CON* peptides and 63 reference peptides that
included 27 mutated (tyrosine (Y)/serine (S)/threonine (T) — glycine (G)) and

31 pre-phosphorylated (Y/S/T — pY/pS/pT) peptides, as well as 5 random peptide
sequences (Supplementary Table 1 provides the peptide sequence details and
connectivity between peptides and kinases). Biological peptides corresponded

to phosphorylatable amino acid regions of substrate protein identified from the
literature and curated in resources such as PhosphoAtlas® (Supplementary Fig.
la,b; http://cancer.ucsf.edu/phosphoatlas) or Phospho Site Plus’’. Each generic
CON* peptide corresponded to a kinase activity-reporting probe commonly

used in single-peptide assays as available/advertised from the literature or
manufacturers, and may have corresponded to a commonly known ‘consensus’
amino acid sequence. As such, biological peptides and generic CON* peptides
could be classified as ‘predicted’ or not (that is, ‘other’); for instance, in Fig. le,
where ‘predicted’ defines a peptide previously identified in the literature as a target
of a given kinase (that is, an amino acid sequence corresponding to a known
phosphorylatable protein region for a biological peptide’ and a commercially
available amino acid sequence advertised as a kinase probe/sensor for a CON*
peptide). Some of the generic positive control peptides were purchased from
SignalChem (for example, Abltide (catalogue number: A02-58) and Poly (4:1

Glu, Tyr) peptide (catalogue number: P61-58)). Biological peptides were selected
based on the sentinel cancer-regulating role of their kinase-substrate target sites, as
identified in PhosphoAtlas™.
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Recombinant kinases. The following purified, recombinant kinase enzymes

were purchased from SignalChem: ABL1/c-ABL (catalogue number: A03-18H),
ABL1™"! (catalogue number: A03-12DG), ABL2/ARG (catalogue number:
A04-11H), AKT1/PKB/RAC (catalogue number: A16-10G), AKT2 (catalogue
number: A17-10G), AKT3 (catalogue number: A18-10G), BLK (catalogue number:
B02-10G), BRK/PTK® (catalogue number: P94-10G), CSK (catalogue number:
C63-10G), EGFR/human epidermal growth factor receptor 1 (HER1) (catalogue
number: E10-11G), ErbB2/HER2/NEU (catalogue number: E27-11G), ErbB4/
HER4 (catalogue number: E29-11G), ERK2/MAPK1/p42 (catalogue number:
M28-10G), FGR (catalogue number: F10-10G), FRK (catalogue number:
F14-11G), FYN isoform A (catalogue number: F15-10G), FYN isoform C (inactive;
catalogue number: F15-14G-20), HCK (catalogue number: H02-11G), JAK2
(catalogue number: J02-11H), LCK (catalogue number: L03-10G), LYN isoform

A (catalogue number: L13-18G), LYN isoform B (catalogue number: L13-10G),
p38a/MAPK14 (catalogue number: M39-10BG), SRC/c-SRC (catalogue number:
$19-18G), SRM/SRMS (catalogue number: $S20-11G) and YES/YES1 (catalogue
number: YO1-10G). The same concentration of every kinase was used in all
experiments (Figs. 1-3 and Supplementary Figs. 1-5).

Kinase inhibitors. The following inhibitors were used in biochemical assays or
cell culture. Inhibitors purchased from Selleck Chemicals were: 1-Azakenpaullone
(catalogue number: S7193), AT13148 (catalogue number: $7563), AZD1208
(catalogue number: S7104), AZD7762 (catalogue number: S1532), BAY-61-3606
(catalogue number: S7006), BI-D1870 (catalogue number: S2843), bosutinib/
SKI-606 (catalogue number: S1014), BX-912 (catalogue number: $1275), CI-
1040/PD184352 (catalogue number: $1020), CID755673 (catalogue number:
$7188), CHIR-99021 (catalogue number: S1263), dasatinib (catalogue number:
$1021), dinaciclib/SCH-727965 (catalogue number: S2768), everolimus/RAD001
(catalogue number: $1120), fedratinib/SAR302503 (catalogue number: S2736),
gefitinib/ZD-1839 (catalogue number: $1025), Go-6983 (catalogue number:
$2911), GSK2334470 (catalogue number: S7087), GSK650394 (catalogue number:
$7209), H89 (catalogue number: S1582), imatinib (catalogue number: $1026),
IPA-3 (catalogue number: S7093), JNK Inhibitor VIII (catalogue number: S4901),
LFM-A13 (catalogue number: S7734), LY2584702 (catalogue number: S7704),
MK2206 (catalogue number: $1078), nilotinib/ AMN-107 (catalogue number:
$1033), OSU-03012 (catalogue number: S1106), pelitinib/EKB-569 (catalogue
number: $1392), PLX-4720 (catalogue number: S1152), PF-4708671 (catalogue
number: $2163), ponatinib/AP24534 (catalogue number: $1490),

RO-3306 (catalogue number: S7747), ruxolitinib/INCB018424 (catalogue number:
$1378), saracatinib/AZD0530 (catalogue number: S1006), selumetinib/AZD6244
(catalogue number: $1008), sotrastaurin (catalogue number: S2791), SP600125
(catalogue number: $1460), TAK-715 (catalogue number: $2928), trametinib/
GSK1120212 (catalogue number: $2673), VEM/PLX4032 (catalogue number:
$1267) and VX-702 (catalogue number: S6005). Inhibitors obtained from other
companies were AS601245 (Cayman; catalogue number: 17542), bryostatin 1
(Sigma-Aldrich; catalogue number: B7431), PP2 (Invitrogen; catalogue number:
PHZ1223), PP3 (Tocris; catalogue number: 2794), SL 0101-1 (Tocris; catalogue
number: 2250), staurosporine (Sigma-Aldrich; catalogue number: $4400) and
SU6656 (EMD/Calbiochem; catalogue number: 572635). The conditions of use are
indicated in the text (except for data on cell lines’ sensitivity to the NPK76-ii-72-1
inhibitor, which were derived from Garnett et al.”” and used to validate the HT-
KAM-predicted activity of polo-like kinase (PLK)). IC;, and GI;, correspond to the
concentrations of a given drug that cause 50% inhibition of kinase activity (ICs,) or
cell growth (GL,).

Cell culture, and cell viability, cell death and colony formation assays. The cells
used in this study included cell lines, primary PDX tumour cell lines, drug-treated
cells and genetically modified cell lines. The cancer cell lines used in this study
were purchased from the American Type Culture Collection or provided by the
laboratories of R.B., S. Ortiz-Urda, M. Bissell or E. McCormick (CRC: WiDr, HT29,
SK-CO-1, HCT116, RKO-1, LIM2405, KM20 and Colo-205; melanoma: A375,
A375 myrAKT1, A375 MEK-DD, A375 SRCY**, A375 controls (A375 pCON
empty vector and A375 SRC wild type), Sk-Mel-28, Mel888, MM485 and Sk-Mel-2;
lung: H1755, H3122 and PC9; breast: AU565, HCC70, MCF7, MDA-MB-231,
MDA-MB-436, T47D, HMT-3522 S1 and HMT-3522 T4; prostate: PC-3; and
thyroid: 8505C), from which 15 lines were BRAFY*** mutated (WiDr, HT29, RKO-1,
LIM2405, KM20, Colo-205, A375 (plus five oncogenic/therapy-resistant variants
of A375), Sk-Mel-28, Mel888 and 8505C), 2 melanomas were NRAS mutated
(MM485 and Sk-Mel-2) and 2 CRCs were KRAS mutated (SK-CO-1 and HCT116).
Cells were cultured following the American Type Culture Collection’s instructions
or as previously described™.

We used primary melanoma cell lines established in previously performed
studies’>* (that is, no cell line derivation processes and no animal experiments
were directly performed over the course of this study). The cell lines we used were
identified as M032R6.X1.CL and M061R.X1.CL, and were previously described
and derived from therapy-resistant BRAF'*"* melanoma PDXs respectively
identified as M032R6.X1 and M061R.X1 (refs. %),

To assess the growth/survival response of cell lines to single or combinatorial
drug treatments (Figs. 4, 5 and 8 and Supplementary Figs. 6 and 8), we used a
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CellTiter-Glo cell viability assay (Promega; catalogue number: G7571). Cell culture
and luminescence readouts were performed in 96- and 384-well plates after 3-day
treatments. The effects of drug combinations on cell growth were assessed by
calculating the drug interaction (two-way analysis of variance (ANOVA) using
Prism or SigmaPlot software) and combination index (following either: (1)

the Loewe additivity model**~** and arbitrary threshold (synergy: combination
index <0.6; additivity: 0.6 < combination index <1.0; antagonism: combination
index > 1); or (2) the Bliss independence model”~**, which uses experimental
profiles avoiding inaccuracies from dose-effect curve estimations, and is calculated
as combination index=1log,(E,/(E, X E,)], where E, and E, correspond to the
effects of drugs A and B alone at a given concentration, and E,, corresponds to the
combined effects of drugs A and B at the same concentration, and a combination
index of <0 indicates synergy while a combination index of >0 relates to an
antagonistic effect). We systematically tested the effects of drugs in both regular
and low-serum culture conditions (that is, 5.00 and 0.25% foetal bovine serum
(FBS) media). Specifically, in the left panel of Fig. 4g, characteristics of the
response to drug combinations are provided as colour-coded squares underneath
each corresponding bar of the graph, where the combination index follows the
Loewe additivity model and was measured as the average growth inhibition for
VEM <2uM and a second drug concentration of <GI,. For the right panel of Fig.
4g (heat map) and the colour-coded banners underneath the graphs in

Fig. 8d and Supplementary Fig. 8¢, combination index values were derived from
the Bliss model and averaged from values for nine individual combination indices
experimentally measured around drugs’ GI, (that is, at Gy, 2 X Gly,, 0.5X GI5,
concentrations of each drug).

To generate the results in Fig. 5e,g and Supplementary Tables 16 and 17, we
tested the effects of 27 kinase-inhibiting drugs in 3-day dose-response cell viability
assays using a core set of cell lines (A375, AU565, H3122, HCC70, HCT116, HT29,
MCF7, MDA231, MDA436, SK-CO-1, SkMel2, T47D and WiDr; additional cell
lines were tested on a case-by-case basis where it was deemed useful, such as PC9
to compare EGFR activity versus gefitinib sensitivity’). We intentionally chose
to test more than one inhibitor per kinase for some of the kinases to validate the
results: the 27 drugs inhibit 20 different kinases/kinase families. We also further
corroborated Gl results from the literature®>*"2, Kinase activity levels were
extracted from the signatures available in Fig. 5d and Supplementary Fig. 61,m (that
is, kinase activities calculated from kinases’ biological peptide subsets (or CON*
peptide subsets) extracted from much larger arrays of peptide phosphorylation
profiles). We then correlated cancer cells’ GI,, values with their kinase activity for
each drug, thus allowing us to evaluate the performance and biological relevance
of the HT-KAM assay. The results for the PLK inhibitor NPK76-ii-72-1 were
derived from HT-KAM-derived PLK activity levels (computed in Supplementary
Fig. 61) and compared with GI, profiles available from the literature*’. A negative
correlation between kinase activity and drug GI,, values across cells indicated
that, overall, cell lines were more susceptible to inhibitors for which they displayed
higher proto-oncogenic kinase activity, such as AKTs or SFKs. (In principle, the
opposite would happen when blocking a kinase with tumour-suppressive activity;
for example, GSK3B.) The goal of this method was to assess whether profiles
measured by HT-KAM assays accurately predict differences in kinase activity, and
whether HT-KAM screening makes it possible to find kinases with higher activity
levels and higher likelihood of responding to kinase-targeting drugs. It may also
be used to identify unanticipated outliers with exploratory value in alternative
signalling cascades and drug treatments.

In Fig. 5i, the differential kinase activities and drug GI, values were first
compared for each kinase—drug pair across tested cancer cell lines (as shown in
Fig. 5e and Supplementary Fig. 6n). Then, the differential profiles were pooled
across all tested kinase-drug pairs.

To quantitate cell death (Fig. 8 and Supplementary Fig. 8), fluorescence-
activated cell sorting analysis of nuclear degradation was performed as
previously described®.

Colony formation assays (Figs. 4 and 8 and Supplementary Fig. 8) were
performed as previously described*.

Preparing protein lysates from cell lines for kinase assay. To measure the
phospho-catalytic activity of cancer cell lines (Figs. 4 and 5 and Supplementary
Fig. 6), cultured cells were lysed for 5min in ice-cold cell lysis buffer. Freshly
prepared lysis buffer (1 ml per 5.10°cells) contained non-denaturing Cell Lysis
Buffer 1x (diluted in double-distilled water from 10X stock of 20 mM Tris-HCI
(pH?7.5), 150mM NaCl, 1 mM Na2EDTA, 1 mM EGTA, 1% Triton, 2.5mM sodium
pyrophosphate, 1 mM B-glycerophosphate, 1 mM Na,VO, and 1 pgml~" leupeptin,
or purchased from Cell Signaling Technology (catalogue number: 9803)),
complemented with 1x Halt Protease and Phosphatase (Thermo Fisher Scientific
(catalogue number: 1861281), which contains inhibitors of Ser/Thr phosphatases
and Tyr phosphatases). Scraped off lysates were then spun down at 14,000 r.p.m.
in a cold/+4°C centrifuge for 15 min, and supernatants were systematically stored
at —80°C. When experiments were performed at the Netherlands Cancer Institute,
samples were shipped on dry ice to the University of California, San Francisco.
Protein and ATP concentrations were quantified. Since every HT-KAM assay plate
includes 14 wells with sample alone (that is, without peptide), internal controls for
ATP levels were systematically available for all assays/samples. To test the kinase

activity responses of the WiDr cell model to VEM (Fig. 4a-c and Supplementary
Fig. 6a-f), cells were treated as previously described™.

Tumour specimens from melanoma patients. Biospecimens were collected in a
separate study being performed independent of the present work. Briefly however,
patient samples were collected at the Rudolfstiftung Hospital (Vienna, Austria)
and University of California, San Francisco (United States) under the Institutional
Review Board numbers 13-204-VK and 12-09483, respectively. The study was
compliant with all relevant ethical regulations regarding research involving human
participants, and informed consent was obtained from all participants. Sample
collection was in line with the declaration of Helsinki and Good Clinical Practice,
and was reviewed by the Ethical Committee of the City of Vienna. Clinical details
regarding patients are available in Supplementary Table 18. Within the group

of deceased patients (that is, poor-outcome patients 2, 4, 5, 8 and 9), patients

4, 5 and 9 were VEM resistant, patients 2, 4 and 8 were ipilimumab resistant,

and patient 2 was BRAFV’ negative. Within the group of surviving patients

(that is, good-outcome patients 1, 3, 6 and 7), patients 3 and 7 were BRAFV*"E
positive, and patient 3 initially recurred/relapsed. Tumour tissues not needed for
diagnostic purposes were collected intraoperatively, macroscopically dissected and
flash frozen. A small piece of tumour tissue was embedded in Optimal Cutting
Temperature compound, sectioned, stained with haematoxylin and eosin and
analysed to ensure >80% tumour cell content in the tumour tissue samples.

Preparing protein lysates from tumour tissues for kinase assay. Flash-

frozen melanoma tissue specimens were pulverized using a BioSpec 59012MS
instrument. Protein extracts from powdered samples were prepared following
the lysis protocol used for cultured cells (see above). All samples were stored at
—80°C. Internal controls for ATP levels in peptide-free wells were systematically
measured (see Supplementary Fig. 7b and Supplementary Table 19). The total
amount of tumour tissue sample necessary to profile the activity of kinases
across 384-well plates ranged from 20-30 ug (which is less than the typical 100 ug
collected per core biopsy).

TCGA data analysis. Messenger RNA data from melanoma specimens available
from the TCGA resource* (TCGA Research Network: http://cancergenome.nih.
gov/) were analysed to identify samples with altered gene expression compared
with reference samples using a z-score cut-off of +2 (shown in Fig. 7¢). The z-
score was defined as (expression in tumour sample — mean expression in reference
sample)/(s.d. of expression in reference sample), where the reference population
was either all tumours that were diploid for the gene in question or, when available,
normal adjacent tissue.

BRAFY*"* melanoma PDXs. We used samples that were collected in a previously
performed study*>* (that is, no animal experiments took place over the course

of the present study). For information regarding melanoma PDXs and BRAF
therapy (VEM)-resistant models, please refer to previous work by Kemper and
colleagues*™. The collection and use of human tissue was approved by the Medical
Ethical Review Board of the Antoni van Leeuwenhoek Hospital (Amsterdam, the
Netherlands). Animal experiments were approved by the animal experimental
committee of the Netherlands Cancer Institute and performed according to Dutch
law. This study was compliant with all relevant ethical regulations regarding animal
research. As a validation of the phospho-catalytic profiles defined by the HT-KAM
platform and the kinase hits we found in patients’ biospecimens, we analysed tissue
extracts from 96 PDXs including 36 BRAF therapy-resistant patients/PDXs for
gene expression (see Fig. 7d and raw RNA sequencing (RNA-Seq) data available

in Supplementary Table 26; RNA-Seq data were generated by O. Krijgsman et al.,
manuscript in preparation) and protein expression (Fig. 7¢).

Statistics and reproducibility. Below, we provide general information on how
statistical analyses of the data were conducted, and general information on the
reproducibility of the experiments. We specifically concentrate on details of the
analysis of phospho-catalytic profiles, as well as the statistical methods, logical
steps and computational tools developed to analyse the peptide phosphorylation
profiles and kinase activity signatures (further complementing explanations are
available in the main text and Supplementary Information).

Normalization methods were used to transform raw ATP consumption
measurements into interpretable peptide phosphorylation profiles. First, for
biochemical samples (Figs. 1-3 and Supplementary Figs. 1-5), the average value
of ATP consumption across 228-peptide sensors for each experimental run was
systematically used for internal normalization of each experimental run. To further
analyse and cross-validate the output of these results, we also used three other
normalization schemes relying on specific peptide sensor subsets: (1) 63 reference
peptides; (2) 16 Y/S/T-free peptides; or (3) 5 random peptides. Second, for cell
or tissue samples (Figs. 4-7 and Supplementary Figs. 6 and 7), the average value
of ATP consumption across the 228 peptides and 14 data points from cell/tissue
extract alone (that is, established from 14 peptide-free control wells per 384-well
plate) was systematically used for internal normalization of each experimental run.
We further analysed and cross-validated these results using the subsets of: (1) 14
peptide-free control wells (that is, cell or tissue extract alone); (2) 16 Y/S/T-free
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peptides; or (3) 63 reference peptides. The results of these different normalization
schemes for either biochemical samples, cell extracts or tumour tissue extracts
were then subjected to statistical and comparative analyses, as described elsewhere
in the text.

Methods to compare phospho-signatures between samples were implemented.
First, readouts from normalized peptide phosphorylation profiles were compared
using statistical analyses and predictive methods, allowing profile analyses and
interpretations irrespective of which kinase enzymes phosphorylate which probes.
Second, for the kinase signature profiles, the activity of the kinases was calculated
as the average of the phosphorylation activities measured in the presence of their
respective biological peptide subsets. This defines how peptide libraries can be
used as combinatorial sensors of enzymes’ activity to convert complex peptide
phosphorylation profiles into kinase activity signatures. Here, we systematically
analysed cell/tumour kinase signatures for individual kinases or kinase families
detected with >4 biological peptides available in the 228-peptide library used in
this study (that is, 60 kinases). Statistical analyses and predictive methods were
then applied to compare kinase activity profiles between cancer cell extracts and
tumour tissue samples. As the HT-KAM platform was intentionally designed as
a modular system, investigators may adapt it to their needs using different, larger
or smaller probe libraries, or different assay conditions, normalization, analytical
processes or deconvolution strategies (for example, numbers of peptide sensors per
kinase, Pvalue thresholds, and so on).

In the analysis of AUC progression profiles in Fig. 1c and Supplementary
Fig. 2a,b, the ‘outcome’ we wanted to predict was the identity of a kinase based
on peptide phosphorylation profiles. For example, for AKT, the outcome of the
analysis was ‘does this activity profile belong to the AKT family: yes or no?” when
using activity profiles from one or multiple peptides that were randomly drawn
from any of the 228 peptides, then comparing the activity profiles derived from
the same peptide set across all recombinant kinases and all experimental repeats.
To do so, diagonal linear discriminant analysis (DLDA) class predictors were built
for each kinase (or kinase family) using randomized combinations of an increasing
number of peptides to discriminate one given kinase (or kinase family) from all
others. The performance of the DLDA classifier was defined as the AUC (that is
sensitivity and specificity) for predicting the identity of a kinase (or kinase family)
from repeated iterations (i=1,000) of random peptide sampling. The confidence
intervals of AUCs were computed using the DeLong method (from the pROC
package of R). In Fig. 1c and Supplementary Fig. 2a,b, graphs of AUC values
(yaxes) obtained for any number (1) of combined peptides (xaxes) show AUC
progression profiles as box plots. Plots show the effect of increasing n on AUC
values, where n random peptides are drawn from 228 peptides, and where n spans
from 1 to a combination of 50 peptides (Fig. 1c and Supplementary Fig. 2a) or from
1 to a combination of 100 peptides (Supplementary Fig. 2b). We chose to analyse
individual kinases for which enough experimental repeats were executed (stringent
cut-off > 6 repeats; that is, ABL1, AKT1, EGFR, ERK2, p38a, HCK and SRC), and
kinase families with sufficient (>6) repetitions across individual kinases belonging
to each family (that is, ABL, AKT, HER, MAPK and SFK). Such a method answers:
(1) how does including an increasing number of combined peptide sensors
impact the sensitivity and specificity of a kinase assay intended to measure a
kinase’s phospho-catalytic activity?; (2) can particular subsets of peptides perform
significantly better than other combinations within a particular iterative number of
peptides? (that is, higher AUC’s within a given number of peptides)?; and (3) can
we find some unique combinations of fewer peptides that behave as highly specific
and sensitive reporters of a given kinase? (that is, peptide subsets would be located
towards the top left corner of each plot in Fig. 1c and Supplementary Fig. 2a,b).
However, this method cannot find which combinatorial set of peptides would
differentiate (with the highest probability and specificity/sensitivity) between a
kinase and other kinases, which is a question resolved with the method developed
for Fig. le,f and Supplementary Fig. 2g-i.

For the analysis in Fig. 1e and Supplementary Fig. 2g,h, we implemented
computational methods to define which unique set of peptides most significantly
distinguishes a kinase from all other kinases. The first step of the analysis was
to systematically compare each of the 228-peptide activity signatures of an
individual kinase (or all kinases belonging to a given family) with >6 experimental
repeats (that is, ABL1, AKT1, EGFR, ERK2, p38a, HCK, SRC, ABL, AKT, HER,
MAPK and SFK) versus the 228-peptide signatures of all other kinases (or all
other kinases belonging to all other families) and all repeats, and then to select
peptides associated with the most differential activities based on whether or not
any of the 228-peptide-associated activity values passed a significance threshold
of P<0.05 for both an FDR-corrected ¢-test and a Wilcoxon rank-sum test.
Importantly, this implies that: (1) the selected, most differential peptides can be
associated with either low, high or ‘average’ phospho-catalytic activities specific
to a kinase family as long as they significantly contrast with activities observed
across all other kinases (following this principle, a peptide can be found as part of
the differential signature of multiple kinase families owing to activity levels and
significances that are specific to the differential signature of its given kinase family
versus all other kinases); and (2) the activities from the selected, most significantly
differential peptides specific to a kinase family follow a trend that may vary from
one individual kinase to another within that family (and/or between experimental
readouts), and some individual kinases may also cluster away from the majority of
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other kinase family members (which would also underline the functional precision
of combinatorial measurements provided by the HT-KAM strategy towards the
systematic identification of specific enzymatic activity features unique to most
kinases within a kinase family, yet remaining capable of functionally distinguishing
some subfamily members). To confirm the validity of the differential peptide
signature, the analysis was complemented using Monte Carlo cross-validation

to further estimate how accurately our predictive model performed. Once

this first part of the computational process was completed, the second step

of this analysis was to extract all phospho-activity values established with the
significantly differential peptides out of the 228-peptide profiles across all kinases
and experiments, and then apply unsupervised hierarchical clustering to group
peptides and kinases based on their functional relationships (see ranking trees to
the top and left of each heat map shown in Fig. 1e and Supplementary Fig. 2g,h).

For the analysis in Fig. 1f and Supplementary Fig. 2i, the receiver operating
characteristic (ROC) curves and AUC values for the specific subset of the most
differential peptide combinations for each kinase or kinase family identified in
Fig. le and Supplementary Fig. 2g,h were calculated using the method developed
in Fig. 1c and Supplementary Fig. 2a,b, but adapted to the exact set of peptides
contributing to kinases’ differential signatures. The same principle was used in
Fig. 1d and Supplementary Fig. 2f to compute ROC curves and AUCs from
the specific peptide phosphorylation profiles established with kinases’ specific
biological peptide subsets, generic CON* peptide subsets or random peptides.

For the analysis to generate heat maps in Fig. 4a,b, changes in the activity of
kinases after VEM were measured using their respective subsets of biological
peptides. Briefly, for each experimental run, the average value of ATP consumption
across the 228 peptides and 14 data points from cell extract alone (that is,
established from 14 peptide-free control wells per 384-well plate) was used
for internal normalization. Each sample’s kinase activity per peptide was then
calculated as the difference in ATP consumption between individual peptide-
derived readouts and the internal mean. Next, the peptide-specific activity values
were averaged across repeats. Finally, the difference in phosphorylation activity per
peptide between the VEM and control untreated (UNT) profiles was calculated
across all 228 peptides. The results are represented as a series of kinase-focused
heat maps using their particular subset of biological peptides. Each horizontal
coloured bar within each heat map represents the differential activity in the
presence of a biological peptide of the indicated kinase, ranging from blue
to white to red, to respectively indicate lower to unchanged to higher activity after
VEM treatment.

For the analysis generating the stacked bar plot in Fig. 4a,b, the relative
cumulative index of kinases’ activities was calculated as the average of the
differential activity values (VEM — UNT) across all kinase-specific biological
peptides, divided by the number of peptide sensors.

For the analysis leading to the heat map in Fig. 5a, the average value of ATP
consumption in sample-containing wells measured across 228 peptides and 14
peptide-free controls was used for internal normalization for each experimental
run. The activity per peptide was then calculated as the difference in ATP
consumption between individual peptide-derived readouts and the internal mean.
Next, peptide phosphorylation activity values were averaged across replicates.
Finally, phospho-catalytic activity signatures measured across the 228-peptide
sensors were subjected to unsupervised hierarchical clustering.

In Fig. 5b, the results are sorted by peptide class, then by highest to lowest
range of phosphorylation activity per peptide. In Fig. 5c, the results are sorted by
highest to lowest average phosphorylation activity per peptide, then subgrouped
and counted to define which peptide class reports on the highest to lowest
levels of phosphorylation activity. The technical reason to examine patterns of
phosphorylation activity across peptide classes in Fig. 5b,c is that, for an assay
to best distinguish the phosphorylation activities of different samples, it would
be most appropriate to rely on phospho-sensing probes that capture the widest
possible dynamic range of phosphorylation activities between cells, and/or provide
the overall highest level of phosphorylation activity across cells. While asking
this question, we also considered the possibility that the results of these two first
variables may be different depending on the class of peptide used in the
HT-KAM assay (that is, biological peptides, generic CON* peptide probes or
reference peptides).

In Fig. 7a, semisupervised hierarchical clustering was applied across the kinases
(Euclidean distance) while maintaining the order of patients established in Fig. 6a.

To generate each kinase-focused subheat map of biological peptide
phosphorylation activity profiles in Fig. 7b and Supplementary Fig. 2h, the levels of
phosphorylation per peptide belonging to a kinase’s biological peptide subset were
averaged between different patients from specific groups.

In the bottom graph in Supplementary Fig. 11, we calculated z-factor profiles
because comparing the dynamic range with data variation of ‘positive’ versus
‘negative’ controls (that is, the z-factor or z’) is a standard method in the field to
evaluate the performance of an enzymatic assay. We used this method to: (1) assess
the quality of individual assays included in HT-KAM experimental sets; and
(2) evaluate how using different peptide probes impacts assay readout performance
(since comparing z" outputs depending on peptides can be considered as a measure
of the fitness of a probe in a kinase assay). The value of z’ is calculated as z' =
1- (3% (positive s.d. + negative s.d.)/|positive mean - negative mean|), where
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negative values are ATP consumption values measured in the absence of any
peptide (measured in the 14 peptide-free wells) and positive values are ATP
consumption values measured in the presence of a peptide probe. Such a peptide
probe is usually a commonly used generic CON* peptide, but can also correspond
to other peptide probes included in our assay, such as either the best activity-
reporting peptide among any other/non-advertised generic CON* for a tested
kinase, or the best activity-reporting peptide among biological peptides (see graphs
in Supplementary Fig. 1k,1).

In Supplementary Fig. 2e, AUCs of individual peptides (generic CON* or
biological peptides) were calculated from repeated iterations of single-peptide
sampling for kinases tested >6 times (that is, ABL1, AKT1, EGFR, ERK2, p38a,
HCK and SRC). This analysis compared all 228-peptide phospho-catalytic profiles
across all 25 recombinant kinases and all experimental repeats using the principles
described in Fig. 1c and Supplementary Fig. 2a,b, but applied to the particular case
of n=1. This method answers the question ‘how good is an individual peptide
at predicting the identity of a kinase?, and the results can be interpreted as: ‘the
higher a peptide’s AUC for a particular kinase, the more this peptide (and this
particular level of phosphorylation for this peptide) is good at discriminating this
kinase from all other kinases’

For the analysis in Supplementary Fig. 4a, each kinase was tested independent
of all others, and we used 2 separate computational methods to compare the levels
of ATP consumption per individual peptide with the pool of 63 reference peptides.
In the first method, the average of 228 activity data points from all experimental
repeats was used in a Kalmagorov-Smirnov test comparing each of 165 non-
reference peptides (that is, 151 biological peptides and 14 generic CON* peptides)
with the 63 reference peptides (Pvalues with or without Benjamini-Hochberg
correction controlling for the FDR). In parallel, the mean and s.d. of the 63
reference peptides was computed to then identify which peptides among the 165
non-reference peptides displayed activity signals greater than twofold s.d. from the
mean (greater than the highest 2.5% of reference peptides). In the second method,
instead of averaging the experimental replicates (as in the first method), they
were used in either a linear additive model with Benjamini-Hochberg-corrected
Pvalues from each of the 165 non-reference peptides versus 63 reference peptides
(threshold: BH.p.lam <0.05), or an ANOVA model with Benjamini-Hochberg-
corrected replicate error. The overlapping results of the statistical cut-offs of these
two separate computational methods identify the most significantly and stringently
selected high (and low) activities per peptide per kinase.

For the analysis in Supplementary Fig. 5d, every experimental phospho-
signature was initially measured across all 228 peptides, and either in the presence
or absence of the inhibitor (that is, each sample profile was normalized against
the mean activity level measured across 228 peptides, then averaged across three
independent replicates of each of the eight different conditions). The average
activities measured in the presence of biological peptide targets of ABL1, ABL1™',
LYN A or AKT1 were then measured.

In Supplementary Fig. 6d, data plotted on the xaxis display the average of
the activity differences across all biological peptides per kinase. Data plotted on
the yaxis use kinase activity levels calculated as: (1) the mean activity measured
from the peptide subset that specifically differentiates the kinase in question
from all other kinases, and that is associated with greater phosphorylation by
the recombinant kinase in question, minus (2) the mean activity measured from
the differential peptide subset specifically associated with lower phosphorylation
by this kinase (that is, kinases’ differential peptide sets identified in Fig. le,f and
Supplementary Fig. 2g-i). For example, AKT1’s increase activity is estimated
at +82 based on its 20 biological peptide targets (xaxis) and +46 based on
the difference between the average activity measured from AKT1’s 21 most
differentially high-activity peptides minus the average activity measured from
AKT1’s 6 most differentially low-activity peptides (yaxis). Such a method cross-
validates the use of biological peptides as reporters of the activity of their kinases.

Other statistical and predictive methods used to compare sample groups and
reproducibility between signatures included: unsupervised or semi-supervised
hierarchical clustering using Euclidean distance, (absolute) correlation (centred or
uncentred) and Ward linkage, or complete or average linkage to group phospho-
activity signatures based on their similarities or differences; PCA; Student’s ¢-test
(FDR (Benjamini-Hochberg) corrected or not); Wilcoxon rank-sum test (FDR
corrected or not; used either individually or as a dual-significance selection
threshold (P <0.05)); chi-squared (X?) test; and enrichment analysis using Fisher’s
one-sided test (EASE) to identify kinases whose peptides were most represented
among sensor sets composed of a peptide signature.

Immunodetection and antibodies. Cell lysates were resolved by sodium dodecyl
sulfate gel electrophoresis (gels from Bio-Rad), followed by immunoblotting, as
previously described**** and following the manufacturer’s instructions. Antibodies
to detect ABL1 (catalogue number: 2862), ABL1 pY245 (catalogue number:
2861), AKT1/2/3 (catalogue number: 4691), AKT1/2 pS473 (catalogue number:
4060), AKT1/2 pT308 (catalogue number: 2965), EGFR (catalogue numbers 4267
and 3771), EGFR pY1068 (catalogue numbers 3777 and 2234), ERK1/2 (that is,
MAPKI1/ERK2/p44 and MAPK3/ERK1/p42; catalogue number: 4695), ERK1/2
pT202/Y204 (catalogue number: 4370), GSK3B (catalogue number: 9315), GSK3B
pS9 (catalogue number: 9323), MAPK8/JNK1 (catalogue number: 3708),

MAPKS/JNK1 pT183/pY185 (catalogue number: 9255), MAPK14/p38a (catalogue
number: 8690), MAPK14/p38a pT180/pY182 (catalogue number: 9215), MEK1/2
(that is, MAP2K1 and MAP2K2; catalogue number: 4694), MEK1/2 pS217/221
(catalogue number: 9121), mTOR (catalogue number: 2972), mTOR pS2448
(catalogue number: 2971), MYC (catalogue number: 5605), PIM1 (catalogue
number: 3247), PDPK1/PDKI1 (catalogue number: 3062), PDPK1/PDK1

pS241 (catalogue number: 3438), PKN1/PRK1 pT774 and PKN2/PRK2 pT816
(catalogue number: 2611), PRKCA/PKCa (catalogue number: 2056), PRKCA/
PKCa pT514 (catalogue number: 9379), RPS6KA1/p90RSK1 (catalogue number:
8408), RPS6KA1/p90RSK1 pT353 (catalogue number: 8753), RPS6KB1/p70S6K1
(catalogue number: 2708), RPS6KB1 pT389 (catalogue number: 9234), RPS6KB1/
p70S6K1 pT421/pS424 (catalogue number: 9204), SGK1 (catalogue number: 3272)
and SGK1 pS78 (catalogue number: 5599) were from Cell Signaling Technology.
Antibodies to detect ERK1 (C-16), ERK2 (C-14), ERK1/2 pT202/pY204 (E-4),
GAPDH (catalogue number: sc-32233) and HSP90 (catalogue number: sc-7947)
were from SantaCruz. MYC pT58 (catalogue number: ab85380) was from Abcam.
A mixture of ERK1 and ERK2 antibodies was used for the detection of total ERK*.
Dilutions followed the manufacturers’ instructions.

Technical notes. Below, we provide technical considerations related to the assay, its
utility and how we envision continuing to develop and improve its output.

We developed advanced computational methods and predictive statistical
tools to demonstrate that the differential spectrum of low to medium to high
phospho-catalytic activities measured across peptides makes it possible to
use multipeptide libraries as modular systems to map many kinases with high
sensitivity, specificity, differentiability and accuracy. This is the logical premise for
using biological peptides of kinases as specific discriminators of kinases’ respective
identities and activities, and for using peptide libraries as a combinatorial system
to simultaneously and directly measure the activities of many kinases at once
in biological samples. Currently, no other enzymatic assay uses a multiplicity of
(biological) peptide libraries as combinatorial sensors to concurrently identify and
distinguish the catalytic activity levels of many kinases in cell or tissue extracts.

All existing kinase enzyme activity assays are ‘one-probe-to-many-kinases assays
that systematically rely on an individually used broad-spectrum consensus peptide
with inherently limited specificity, and that cannot be used as a comprehensive,
reliable, biological activity-testing system. As such, the strategy we developed (that
is, a multipeptide-screening platform with computational/statistical analytical
methods) is a fundamental conceptual and technical advance.

The 228 peptides we showcase in this study were selected based on the sentinel
cancer-regulating role of the kinase/substrate targets they relate to, as defined
in PhosphoAtlas®. Their selection was not based on the 25 recombinant kinases
tested in Figs. 1-3. Instead, these 25 kinases were chosen as a means to validate the
assay performance. We showed in cell lines and tumours that our assay identifies—
and differentiates between—the altered, targetable activities of many other kinases
than these 25 tested recombinant kinases (for example, MEKs, PDPK1, PIMs,
RPS6KBs, GSK3, p38s, SGKs, p21-activated kinases (PAKs), PKNs, RPS6KAs,
PKCs and JNKs; see Figs. 4, 5, 7 and 8 and Supplementary Figs. 6-8). We are
currently developing and exploiting vastly expanded peptides libraries (including
biological peptide sequences available from resources such as PhosphoAtlas;
see Supplementary Fig. 1a,b) to explore, map and cover larger cancer signalling
networks of kinase-dependent circuits.

To the full potential of the technical advances offered by the HT-KAM systems
we showcase in this study, we currently concentrate on two main technological
developments. First, we are expanding our peptide sensor library. Indeed, the
results of our computational analyses of the differential spectrum of low-to-
high phospho-catalytic activities measured across peptides directly predict that
expanding the library beyond the current 228 peptides will enable the detection of
many more kinases with even finer accuracy. Therefore, we are in the process of
building a >600 peptide-screening platform, where biological peptide sensors are
derived from hundreds of kinase-substrate nodes selected based on their critical
function across malignancies and signalling pathways. Second, we are working
towards computationally integrating HT-KAM-generated kinase activity signatures
with the curated blueprint of kinase-substrate circuits available in PhosphoAtlas™.
Indeed, progressing beyond a collection of siloed discrete data points, kinase
activity profiles are of greatest value in their inherently integrated state to reflect
the interconnected biological processes that wire tumours or cancer cells. Thus,
we are in the process of developing novel computational methods to elucidate
these higher functional orders, initially by projecting phospho-catalytic profiles
onto PhosphoAtlas directional maps of protein—protein interaction networks,
and then by deriving pathways to identify and rank dominant signalling modules.
This will address the current limitations of our technology, and effectively extend
the functional coverage of the HT-KAM platform beyond its direct experimental
readout and provide pathway-level coverage of phospho-signalling networks.

Concomitantly, and as part of the Cancer Cell Map Initiative consortium’,
we are also considering complementing our innovative experimental strategy
and computational analyses described above with additional layers of molecular
information, including ontology (for example Gene Ontology functions), as well
as other proteomic scores (for example, mass spectrometry) or genomic data and
large-scale drug responses. Our vision is that the integration of these
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non-overlapping/complementary layers of biological knowledge and high-
throughput assay readouts will enable the mapping of signalling circuits with

the breadth and detail necessary to reveal how dysfunctional, aberrant networks
converge on vulnerable hotspots, which will substantially refine our understanding
of the differential functional susceptibilities of tumours and be exploitable to
overcome therapeutic resistance.

As an additional technical point, levels of phosphorylation measured with
biological peptides available in the HT-KAM platform can be linked to both the
functionality and phospho-protein states of the signalling circuits and adaptive
response mechanisms that these biological peptides originate from (for example,
EGFR, cell division cycle 25C*, transforming growth factor beta receptor
(TGFBR)*! and mTOR in CRC (Supplementary Fig. 6e), and AKT, PIM RPS6KB,
SFKs, Rapidly Accelerated Fibrosarcoma (RAF) and mTOR in melanoma*®¢*-’
(Figs. 6d and 7a and Supplementary Fig. 7d-f)), with changes in biological peptide
phosphorylation directly substantiated by western blots and internally validated
with control-mutated biological peptide counterparts (CRC in Supplementary
Fig. 6f-i and melanoma in Fig. 7d and Supplementary Fig. 7d). Noticeably,
some of these biological peptides also match those that are ‘paradoxically’ more
phosphorylated within kinases’ phospho-signatures that otherwise exhibit low-
activity profiles after VEM. For example, the subset of biological peptide sensors
of ERK2 includes peptides related to the EGFR reactivation circuit (peptides
derived from GAB1 T476/T312, GRB10 S150 and cRAF $289) and TGFBR
pathway (SMAD?2 S250; Fig. 4c, top left panel). The same applies to RPS6KA1
versus AKT1 (shared CREB1 S133 peptide), MAPK14 versus AKT1 (ATF2 T71)
and MEKI1 versus PDPK1 (cRAF T338), thus the phosphorylation status of some
biological peptides can be associated with the early signs of activation of intrinsic
resistance pathways (for example, reactivation of MEK/ERK signalling contributes
to the insensitivity to RAF inhibition***"*), which outlines a valuable alternative
potential utility for arrays of biological peptides such as those incorporated into the
HT-KAM platform.

HT-KAM can be used as an exploratory/discovery platform to concurrently
survey numerous kinases/kinase families and their activity levels, which is
especially valuable in the case of diseases that cannot be defined by a single driver
mutation or individual genetic dependencies (for example, BRAFV*t CRC or
therapy-impervious melanoma). This advantage contrasts with short hairpin RNA
(shRNA) or clustered regularly interspaced short palindromic repeats (CRISPR)
genetic dropout screens that inevitably focus on finding a single, dominant
genetic dependency, and necessarily require extrinsic interventions limited to
cell culture models and that alter the dynamics of signalling circuits (details that
are particularly critical for understanding the adaptive rewiring of signalling
circuits affecting drug responses). As such, the HT-KAM proteomic strategy can
substantially refine the understanding of drug responses and help select drug
candidates that target orthogonal modes of resistance with a high likelihood of
circumventing adaptive responses, thus providing an innovative, rational approach
to the prioritization and design of novel treatment opportunities capable of
inducing maximum lethal effect on tumours. The fact that our platform is focused
on a subset of actionable targets and identifies wild-type and mutated targets
significantly increases its translational impact.

Step-by-step protocols. The step-by-step biochemical assay protocol and the step-
by-step data/computational analysis protocol developed in this study can be found
at Nature’s Protocol Exchange® .

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

Data availability
The human melanoma data were derived from the TCGA Research Network
(http://cancergenome.nih.gov/). The RNA-Seq dataset derived from this resource
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that supports the findings of this study is available in the TCGA, Skin Cutaneous
Melanoma repository accessed and analysed online using cBioPortal (http://www.
cbioportal.org). RNA-Seq data that support the findings of this study have been
deposited in the Gene Expression Omnibus under accession code GSE129127.
Source data for Figs. 1, 2, 3a, 4a,b, 5a, 6a and 7d and Supplementary Figs. le-h, 1k,
2-5, 6d-fand 7c have been provided as Supplementary Table 26. All other data
supporting the findings of this study are available from the corresponding author
on reasonable request.

References

52. Garnett, M. J. et al. Systematic identification of genomic markers of drug
sensitivity in cancer cells. Nature 483, 570-575 (2012).

53. Kemper, K. et al. Intra- and inter-tumor heterogeneity in a vemurafenib-
resistant melanoma patient and derived xenografts. EMBO Mol. Med. 7,
1104-1118 (2015).

54. Breitinger, H.-G. Drug Synergy—Mechanisms and Methods of Analysis
(InTech, 2012).

55. Chou, T. C. & Talalay, P. Quantitative analysis of dose-effect relationships: the
combined effects of multiple drugs or enzyme inhibitors. Adv. Enzyme Regul.
22, 27-55 (1984).

56. Berenbaum, M. C. Synergy, additivism and antagonism in
immunosuppression. A critical review. Clin. Exp. Immunol. 28,

1-18 (1977).

57. Foucquier, J. & Guedj, M. Analysis of drug combinations:
current methodological landscape. Pharmacol. Res. Perspect. 3,
€00149 (2015).

58. Berenbaum, M. C. What is synergy? Pharmacol. Rev. 41, 93-141 (1989).

59. Bliss, W. L. Early man in western and northwestern Canada. Science 89,
365-366 (1939).

60. Arao, T. et al. Small in-frame deletion in the epidermal growth factor

receptor as a target for ZD6474. Cancer Res. 64, 9101-9104 (2004).

. Yang, W. et al. Genomics of Drug Sensitivity in Cancer (GDSC): a resource
for therapeutic biomarker discovery in cancer cells. Nucleic Acids Res. 41,
D955-D961 (2013).

62. Daemen, A. et al. Modeling precision treatment of breast cancer. Genome

Biol. 14, R110 (2013).

63. Moasser, M. M., Srethapakdi, M., Sachar, K. S., Kraker, A. J. & Rosen, N.
Inhibition of Src kinases by a selective tyrosine kinase inhibitor causes
mitotic arrest. Cancer Res. 59, 6145-6152 (1999).

64. Nazarian, R. et al. Melanomas acquire resistance to B-RAF(V600E) inhibition
by RTK or N-RAS upregulation. Nature 468, 973-977 (2010).

65. Sun, C. et al. Reversible and adaptive resistance to BRAF(V600E) inhibition
in melanoma. Nature 508, 118-122 (2014).

66. Girotti, M. R. et al. Paradox-breaking RAF inhibitors that also target
SRC are effective in drug-resistant BRAF mutant melanoma. Cancer Cell 27,
85-96 (2015).

67. Poulikakos, P. I, Zhang, C., Bollag, G., Shokat, K. M. & Rosen, N. RAF
inhibitors transactivate RAF dimers and ERK signalling in cells with
wild-type BRAF. Nature 464, 427-430 (2010).

68. Ahronian, L. G. et al. Clinical acquired resistance to RAF inhibitor
combinations in BRAF-mutant colorectal cancer through MAPK pathway
alterations. Cancer Discov. 5, 358-367 (2015).

69. Mori, M., Pan, B. & Coppé¢, ]. P. High-throughput kinase activity mapping
(HT-KAM) system: biochemical assay. Nat. Protoc. Exch. https://doi.
org/10.1038/protex.2019.029 (2019).

70. Yau, C., Wolf, D. M. & Coppé, J. P. High-throughput kinase activity mapping
(HT-KAM) system: analysis of phospho-catalytic profiles. Nat. Protoc. Exch.
https://doi.org/10.1038/protex.2019.030 (2019).

6

—


http://cancergenome.nih.gov/
http://www.cbioportal.org
http://www.cbioportal.org
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE129127
https://doi.org/10.1038/protex.2019.029
https://doi.org/10.1038/protex.2019.029
https://doi.org/10.1038/protex.2019.030
http://www.nature.com/naturecellbiology

nau.lre researCh Corresponding author(s): Jean-Philippe Coppé

Reporting Summary

Nature Research wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Research policies, see Authors & Referees and the Editorial Policy Checklist.

Statistical parameters

When statistical analyses are reported, confirm that the following items are present in the relevant location (e.g. figure legend, table legend, main
text, or Methods section).

Confirmed

>
~
[))

|X| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|X| An indication of whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

|X| The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[X] A description of all covariates tested
|X| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X| A full description of the statistics including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) AND
variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Clearly defined error bars
State explicitly what error bars represent (e.g. SD, SE, Cl)

O o 0o oo

X XXX X

Our web collection on statistics for biologists may be useful.

Software and code

Policy information about availability of computer code

Data collection XLS, TXT
Data analysis XLS (versions 14.0 and 16.0), R (version 3.5.0), Prism (version 6.0e), MATLAB (version 8.5), SIGMAPLOT (version 12.5.0.38), cBioPortal,
HTseg-count (version 0.10.0), DESeq2 (version DESeq2_1.18.1)

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers
upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

All data supporting the findings of this study are available in the main or supplementary sections of the manuscript, or from the corresponding author on reasonable
request.
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Field-specific reporting

Please select the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

[X Life sciences [ ] Behavioural & social sciences [ | Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/authors/policies/ReportingSummary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample size was defined by technical replicates and biological replicates. Sample sizes were sufficient based on the confidence of the data
output of computational methods we applied.
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Data exclusions  No data were excluded.

Replication Unsupervised and Supervised Clustering, Principal Component Analysis, confidence intervals of AUC’s computed using the DeLong methods,
FDR-corrected t-test and Wilcoxon rank sum test, averages/median and SD, were systematically used to compare samples (biochemical
samples, cell extracts or tumor extracts). All independently repeated experiments generated successfully replicated results and allowed cross-
validation/replication between experiments and within experiments.

Randomization  We applied Diagonal Linear Discriminant Analysis (DLDA) class predictors to test repeated iteration (i=1,000) of random peptide sampling
(see supplementary figures).

Blinding Owing computational/statistical analyses and how samples were generated, all investigators were effectively blinded to group allocation
during data collection and analysis.

Reporting for specific materials, systems and methods

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study

|:| Unique biological materials |X| |:| ChlP-seq
Antibodies |X| |:| Flow cytometry
Eukaryotic cell lines |X| |:| MRI-based neuroimaging

|:| Palaeontology
|:| Animals and other organisms

[]
[]
X
X

|:| Human research participants

Unigue biological materials

Policy information about availability of materials

Obtaining unique materials  All unique materials used are readily available from the authors

Antibodies

Antibodies used Antibodies to detect ABL1 (cat.# 2862), ABL1 pY245 (cat.# 2861), AKT1/2/3 (cat.# 4691), AKT1/2 pS473 (cat.# 4060), AKT1/2
pT308 (cat.# 2965), EGFR (cat.# 4267 and 3771), EGFR pY1068 (cat.# 3777 and 2234), ERK1/2 (i.e. MAPK1/ERK2/p44 and
MAPK3/ERK1/p42; cat.# 4695), ERK1/2 pT202/Y204 (cat.# 4370), GSK3B (cat.# 9315), GSK3B pS9 (cat.# 9323), MAPK8/JNK1
(cat.# 3708), MAPKS/INK1 pT183/pY185 (cat.# 9255), MAPK14/p38a (cat.# 8690), MAPK14/p38a pT180/pY182 (cat.# 9215),
MEK1/2 (i.e. MAP2K1 and MAP2K2; cat.# 4694), MEK1/2 pS217/221 (cat.#9121), MTOR (cat.# 2972), MTOR pS2448 (cat.#
2971), MYC (cat.# 5605), PIM1 (cat.# 3247), PDPK1/PDK1 (cat.# 3062), PDPK1/PDK1 pS241 (cat.# 3438), PKN1/PRK1 pT774 and
PKN2/PRK2 pT816 (cat.# 2611), PRKCA/PKCa (cat.# 2056), PRKCA/PKCa pT514 (cat.# 9379), RPS6KA1/p90RSK1 (cat.# 8408),
RPS6KAL/p90RSK1 pT353 (cat.# 8753), RPS6KB1/p70S6K1 (cat.# 2708), RPS6KB1 pT389 (cat.# 9234), RPS6KB1/p70S6K1 pT421/
pS424 (cat.# 9204), SGK1 (cat.# 3272), SGK1 pS78 (cat.# 5599), were from Cell Signaling. Antibodies to detect ERK1 (C-16), ERK2
(C-14), ERK1/2 pT202/pY204 (E-4), GAPDH (cat.# sc-32233), HSP90 (cat.# sc-7947) were from SantaCruz, and MYC pT58 (cat.#
ab85380) from Abcam.
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Validation

Eukaryotic cell lines

The validation of each primary antibody for the species and application is available from manufacturers (statements on
manufacturers' website) as well as from the results provided in our study, which confirm and are confirmed by our kinase activity
profiling system.

Policy information about cell lines

Cell line source(s)

Authentication

Mycoplasma contamination

Commonly misidentified lines
(See ICLAC register)

Cell lines used in this study were either purchased from ATCC, or provided by the laboratories of Drs. R. Bernards, S. Ortiz-
Urda, M. Bissell, F. McCormick or D.S. Peeper.

List of cell lines: WiDr, HT29, SK-CO-1, HCT-116, RKO-1, LIM2405, KM20, Colo-205, A375, A375 myrAKT1, A375 MEK-DD,
A375 SRCY530F, A375 pCON empty vector, A375 SRC wild type, Sk-Mel-28, Mel888, MM485, Sk-Mel-2, H1755, H3122, PC9,
AU565, HCC70, MCF7, MDA-MB-231, MDA-MB-436, T47D, HMT-3522 S1, HMT-3522 T4, PC-3, 8505C, M032R6.X1.CL,
MO61R.X1.CL

The cell lines were not authenticated.

The cell lines were not tested for mycoplasma contamination.

No cell lines used in this study were found in the database of commonly misidentified cell lines that is maintained by ICLAC
and NCBI Biosample

Human research participants

Policy information about studies involving human research participants

Population characteristics

Recruitment

Tumor tissues not needed for diagnostic purposes (left-over tissue), including tissue from the primary tumor (n=1) or metastases
(skin: n=7; lymphnode: n=1) as indicated in Sl table 18, were collected intraoperatively from Caucasian male (n=5) and female
(n=4) patients. Samples were flash frozen and stored at -80C. Specimens were express-shipped on dry ice. A small piece of tissue
was 0.C.T.-embedded sectioned, H&E stained and histologically analyzed to ensure >80% tumor cell content in tumor tissue
samples. On average patients were 56 years of age (range: 47 to 69). Patients with the ID 2,4,5,8,9 died from melanoma.

Patients were recruited at the Krankenanstalt Rudolfstiftung Vienna, Austria and the University of California San Francisco, CA,
USA. The study was compliant with all relevant ethical regulations regarding research involving human participants, and
informed consent was obtained by all participants. Sample collection was in line with the declaration of Helsinki and Good
Clinical Practice. The study was reviewed and approved by the local ethical authorities.
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