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% Check for updates Mass spectrometry-based phosphoproteomics offers a comprehensive view of

protein phosphorylation, yet our limited knowledge about the regulation and
function of most phosphosites hampers the extraction of meaningful biolo-
gical insights. To address this challenge, we integrate machine learning with
phosphoproteomic data from 1195 tumor specimens spanning 11 cancer types
to construct CoPheeMap, a network that maps the co-regulation of 26,280
phosphosites. By incorporating network features from CoPheeMap into a
second machine learning model, namely CoPheeKSA, we achieve superior
performance in predicting kinase-substrate associations. CoPheeKSA
uncovers 24,015 associations between 9399 phosphosites and 104 serine/
threonine kinases, shedding light on many unannotated phosphosites and
understudied kinases. We validate the accuracy of these predictions using
experimentally determined kinase-substrate specificities. Through the appli-
cation of CoPheeMap and CoPheeKSA to phosphosites with high computa-
tionally predicted functional significance and those associated with cancer, we
demonstrate their effectiveness in systematically elucidating phosphosites of
interest. These analyses unveil dysregulated signaling processes in human
cancer and identify understudied kinases as potential therapeutic targets.

Protein phosphorylation is a crucial post-translational modification
(PTM) that regulates a wide range of cellular processes, such as pro-
liferation, differentiation, motility, and apoptosis'. This modification is
tightly controlled by protein kinases and phosphatases®. Dysregulated
protein phosphorylation, often driven by aberrant kinase activity, is
implicated in many diseases, including cancer’>. Consequently, kina-
ses have become a promising class of drug targets for developing
cancer therapies, with more than 70 kinase inhibitors approved for
cancer treatment since the approval of imatinib for chronic myeloid

leukemia in 2001°. However, these inhibitors only target 50 out of the
more than 500 protein kinases encoded by the human genome, leav-
ing the majority of kinases open for further exploration and
investigation.

Mass spectrometry (MS)-based phosphoproteomics has trans-
formed the analysis of protein phosphorylation, enabling compre-
hensive profiling of phosphorylation events across the entire
proteome in biological samples’. Its application in cancer research has
been growing rapidly due to the central role of phospho-signaling in
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cancer biology and treatment®. A single phosphoproteomic study can
uncover tens of thousands of phosphosites, with quantitative com-
parisons often revealing hundreds to thousands of significantly regu-
lated sites. Annotating phosphosites with existing functional and
regulatory information is crucial for interpreting phosphoproteomics
data. However, this presents a significant challenge, as less than 5% of
the human phosphoproteome has been experimentally linked to
specific kinases, and even fewer phosphosites have been functionally
characterized. The paucity of knowledge on phosphosites has led to
the notion of the dark phosphoproteome’.

A common task in phosphoproteomic data analysis is to infer
upstream kinase activity changes based on phosphoproteomic data.
This analysis relies heavily on known kinase-substrate associations
(KSAs), excluding the vast majority of phosphosites without annotated
kinases, i.e., dark phosphosites. Many computational methods have
been developed to predict KSAs, with most leveraging consensus
sequence motifs or position-specific scoring matrices (PSSMs) derived
from known KSAs for individual kinases'®. Tools like NetworKIN"
enhance KSA prediction by integrating sequence-based approaches
with protein-protein interaction network data, adding a contextual
layer to improve specificity and accuracy. However, because 90% of
the annotated phosphosites are associated with just 20% of kinases
that are the most well-studied', the ability to predict KSAs and infer
activities for the understudied kinases is restricted, despite their
potential as therapeutic targets. Orthogonal approaches that combine
kinase inhibition profiles with computational analysis have been
developed to address this limitation*. For example, the expectancy
of being downstream target (EBDT) algorithm utilizes information on
kinase-inhibitor selectivity to identify the most probable kinase(s)
upstream of phosphosites detected in phosphoproteomics data from
cell lines, leading to the identification of thousands of phosphosites as
putative downstream targets (PDTs) of 103 kinases>. While these
methods are valuable, they are time consuming, costly, and restricted
by the limited availability and specificity of inhibitors. Importantly,
these approaches often include indirect kinase-substrate regulations,
making it difficult to deconvolute direct versus indirect phosphosite
abundance changes.

Biological networks, such as protein-protein interaction networks
and gene co-expression networks, are effective means of propagating
information from well-characterized molecular components to
understudied ones, leading to a better understanding of their regula-
tion and functions™. These networks have proven successful in pre-
dicting functions for understudied proteins and identifying cancer
genes™, In the field of protein phosphorylation, known KSAs are
often represented as a bipartite network, where edges connect kinase
nodes to phosphosite nodes, with no connections within the same
node type. This network model forms the foundation of most kinase
activity inference algorithms" and has also been utilized to predict
novel KSAs using missing link prediction methods such as
LinkPhinder'®. To expand this framework, researchers have developed
heterogeneous network models by introducing edges between phos-
phosites and between kinases, incorporating diverse functional infor-
mation such as coevolution and structural proximity for phosphosites
and protein-protein interactions for kinases. For the analysis of
phosphoproteomics data, individual phosphosite measurements have
been aggregated to the protein level and used as node weights in
protein-protein interaction networks to identify active signaling
pathways®. Alternatively, co-phosphorylation derived from the data
has been integrated as edge weights in heterogeneous networks to
identify context-specific subnetworks of interest”. Phosphosite co-
phosphorylation, akin to transcript and protein co-expression, offers
valuable insights into their co-regulation. However, despite the rapid
expansion of MS-based phosphoproteomics datasets, systematic
efforts to infer phosphosite co-regulation relationships absent from
existing networks remain scarce. This represents a significant

untapped opportunity to uncover into the
phosphoproteome.

In this study, we aim to construct a comprehensive, data-driven
co-regulation network of phosphosites by integrating publicly avail-
able large-scale cancer phosphoproteomic datasets. Co-regulated
phosphosites are more likely to participate in shared biological pro-
cesses, making these networks a valuable resource for uncovering
functional and regulatory insights, even in the absence of existing
knowledge about their regulatory enzymes. Additionally, the latent
information embedded in these networks has the potential to improve
KSA prediction, thereby advancing kinase activity inference and other
applications reliant on accurate kinase-substrate relationship data.

To realize this, we utilize machine learning and phosphoproteomic
data from 1195 clinical tumor specimens across 11 cancer types, recently
harmonized by the National Cancer Institute’s Clinical Proteomic Tumor
Analysis Consortium (CPTAC), to construct CoPheeMap, a co-regulation
network of 26,280 phosphosites. By incorporating network embedding
features from CoPheeMap into a second machine learning model called
CoPheeKSA, we achieve superior performance in predicting KSAs,
uncovering 24,015 associations, many of which involve unannotated
phosphosites and understudied kinases. Furthermore, we validate these
CoPheeKSA predictions by comparing them to substrate specificities
determined experimentally using the Kinase Library (KL) approach®. To
illustrate the practical utility of CoPheeMap and CoPheeKSA, we present
examples demonstrating their ability to systematically shed light on
phosphosites of interest, revealing dysregulated signaling processes in
human cancer, and identifying understudied kinases as putative ther-
apeutic targets.

deeper insights

Results

Phosphosite co-phosphorylation is an effective predictor of co-
regulation

This study utilized recently harmonized pan-cancer (PanCan) proteo-
genomic data from the CPTAC pan-cancer resource working group®.
The harmonized dataset contained phosphoproteomic data for 1,195
tumor samples across 11 cancer types, and phosphoproteomic data
was also available for normal samples of 9 cancer types (Fig. 1a). In
total, the dataset covered 158,796 phosphosites, including 77,442
quantified in at least 20% of samples in one tumor cohort (Supple-
mentary Data 1). Global proteomic and RNA-Seq data were also avail-
able for the same cohorts, covering a total of 14,103 and 21,592 protein-
coding genes, respectively (Fig. 1a). Among the quantified phospho-
sites, fewer than 5% were annotated with up-stream kinases or known
functions (Fig. 1b), echoing the widely recognized dark phosphopro-
teome challenge’.

Phosphosite co-phosphorylation may offer valuable insights into
their co-regulation. To formally assess the relationship between
phosphosite co-phosphorylation and co-regulation, we constructed a
ground-truth dataset of phosphosite co-regulation. This dataset was
derived from a previously published database containing 14,679
comprehensively curated KSAs from the literature, covering 362
kinases and 9526 unique sites*. In this study, kinases with more than
10 known substrates in this dataset were classified as well-studied,
while those with 10 or fewer substrates were considered understudied.
Among these KSAs, 4873 KSAs involved phosphosites quantified in our
PanCan datasets. Based on these 4873 KSAs, we created a ground-truth
dataset that included 192,926 pairs of phosphosites known to be
regulated by the same kinase (positives) and 1,956,116 pairs regulated
by kinases from different kinase groups (negatives) (Fig. 1c, Supple-
mentary Data 2-3). Since protein kinases are often either Serine-
Threonine (S/T) kinases or Tyrosine (Y) kinases, we considered two
types of pairs separately: S/T-S/T and Y-Y. This ground-truth dataset
included 2410 unique phosphosites, referred to as annotated sites.
Phosphosites not included in the ground-truth KSA dataset were
defined as unannotated sites for this study.
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As expected, compared to negative site pairs, positive site pairs
had significantly higher 15-mer peptide sequence similarities (Fig. 1d),
and their host proteins had significantly higher kinase interaction
profile similarities in the STRING protein-protein association network
(Fig. 1e, Methods). In addition, positive site pairs also showed sig-
nificantly higher abundance correlations than negative pairs across all
11 cancer types (Fig. 1f), largely independent of corresponding host
protein correlations as demonstrated in heatmaps co-visualizing the
distributions of log likelihood ratios (LLRs) between positive and
negative pairs at the site (binned in rows) and protein (binned in

columns) levels, respectively (Fig. 1g, Supplementary Fig. 1). These data
suggest that phosphosite co-phosphorylation, together with sequence
similarity and host protein kinase interaction profile similarity, are
effective predictors of co-regulation.

CoPheeMap: a co-regulation map of the human cancer
phosphoproteome

To construct a network of co-regulated phosphosites, we utilized the
Extreme Gradient Boosting (XGBoost) algorithm?, which offers several
advantages particularly suited to this study. Its robustness in handling
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Fig. 1| Pan-cancer datasets and features associated with phosphosites co-
regulation. a Overview of the pan-cancer phosphoproteomics data along with
matched global proteomics and RNA-Seq data. BRCA (Breast Cancer), CCRCC
(Clear Cell Renal Cell Carcinoma), COAD (Colon Adenocarcinoma), GBM (Glio-
blastoma), HCC (Hepatocellular Carcinoma), HNSCC (Head and Neck Squamous
Cell Carcinoma), LSCC (Lung Squamous Cell Carcinoma), LUAD (Lung Adeno-
carcinoma), OV (Ovarian Cancer), PDAC (Pancreatic Ductal Adenocarcinoma), and
UCEC (Uterine Corpus Endometrial Carcinoma). b Proportions of the quantified
phosphosites in the pan-cancer data with functional or regulatory information.

¢ Construction of a ground-truth dataset containing co-regulated phosphosite
pairs (positives) and independently regulated pairs (negatives). d-f Positive pairs
exhibit significantly higher scores in sequence similarity (d), kinase interaction

profile similarity (e), and Pearson’s correlation coefficients (PCC) across cancer
types (f) compared to negative pairs. The numbers of positive site pairs and
negative site pairs are 161,832 and 1,306,973 respectively. P-values derived from a
two-sided T test with Bonferroni correction. ***p < 0.0001. For boxplots, centerline
indicates the median, box limits indicate upper and lower quartiles, whiskers
indicate the 1.5 interquartile range. g Heatmap illustrating co-regulation levels of
phosphosite pairs with specific site co-phosphorylation (x axis) and host protein co-
expression (y axis) levels in the UCEC data. Colors indicating co-regulation levels
quantified by log-likelihood ratio (LLR). The density plots at the top and right
display the distributions of site co-phosphorylation and protein co-expression,
respectively. Source data are provided as a Source Data file.

missing values is especially important given the high prevalence of
missing data in phosphoproteomics datasets. Additionally, XGBoost
effectively manages imbalanced training and prediction data, ensures
efficient training and prediction processes, incorporates mechanisms to
prevent overfitting, and demonstrates strong performance across
diverse applications. Specifically, we developed an XGBoost classifier
that integrates sequence similarity, kinase interaction profile similarity
between two host proteins, and pairwise phosphosite correlations for
each of the 11 cancer types to distinguish the positive and negative
phosphosite pairs (Fig. 2a). This classifier was developed using carefully
prepared training, validation, and independent test data based on the
ground-truth dataset (Supplementary Data 2-3) and 10 repetitions of
Monte Carlo validation (Supplementary Fig. 2a-c, Methods). The
trained model incorporating all three types of features achieved an Area
Under the Receiver Operating Characteristic (AUROC) of 0.78 in the
independent test data, outperforming models constructed using only
subsets of features classified as static (sequence similarity scores and
kinase interaction profile similarity scores) or dynamic (site-site corre-
lations; Fig. 2b). This performance gain remained evident when we
applied a stringent False Positive Rate (FPR) threshold of 0.2% (Fig. 2b).

By applying the trained classifier to over 3 billion phosphosite
pairs, controlling FPR at 0.2% to account for the large number of
possible negatives, we identified 764,049 phosphosite pairs (0.03% of
all candidate pairs) as co-regulated phosphosite pairs. These pairs,
connecting 26,280 unique phosphosites, constituted a co-regulation
network referred to as CoPheeMap (Fig. 2a, Supplementary Data 4). To
gain global insights into the organization of CoPheeMap, we generated
16-dimensional vector representations of all phosphosites in the net-
work using the Node2Vec embedding algorithm. Node2Vec captures
both local connections between closely related nodes and broader
patterns across the network, making it a powerful tool for identifying
relationships and community structures within the network**?. For
visualization, we further reduced the representations to two dimen-
sions using a multi-scale t-distributed stochastic neighbor embedding
(tSNE) approach® with parameters recommended for large network
analysis®. The distance between two phosphosites in the tSNE plot
reflects their distance in the CoPheeMap network. In the tSNE plot,
phosphosites regulated by kinases in the same group tended to cluster
together, further supporting the effectiveness of CoPheeMap in cap-
turing co-regulation relationships between phosphosites (Fig. 2c).

Notably, the predicted co-regulated phosphosite pairs in
CoPheeMap showed significantly higher sequence similarity scores
and co-phosphorylation levels than the positive pairs in the ground-
truth data (Fig. 2d, e). Unlike the other two features, the median kinase
interaction profile similarity score for predicted co-regulated phos-
phosite pairs was relatively lower than that of the positive group
(Fig. 2f), indicating that this feature generally had a weaker contribu-
tion to the predictions. Nevertheless, the predicted pairs were still
enriched with instances showing high kinase interaction profile simi-
larity scores, as reflected by the higher upper quartile. This suggests
that while overall contributions were modest, the feature may have
played a significant role in certain specific predictions.

Indicative of common targets of the same kinase being better
connected than pairs of sites that are phosphorylated by different
kinases, the positive site pairs had significantly shorter shortest path
lengths (SPLs) than the negative site pairs did (Supplementary Fig. 2d).
Moreover, despite the sparsity of CoPheeMap, the known substrates of
CSNK1A1, CSNK2A1, CSNK2A2, the three kinases intentionally exclu-
ded from the ground truth, were mostly well-connected (Supplemen-
tary Fig. 2e-g). Particularly, the distribution of SPLs between all pairs of
substrates of CSNK2A1, which had sufficient numbers for statistical
assessment, was significantly lower than it was for pairs from a ran-
domly drawn set of sites of the same size (Kolmogorov-Smirnov test,
p=2.2 x10"; Fig. 2g), demonstrating the capacity of CoPheeMap to
effectively recover missing co-regulation relationships within ground
truth data.

Given that sites involved in the same biological function are
more likely to be associated with common pathways regulated by
common kinases, we reasoned that they would be closer together
than random sites in the network. To test this, we collected func-
tional annotations from PhosphoSitePlus for sites in CoPheeMap and
parsed them into five categories of related functions: cell growth and
proliferation, cellular degradation (apoptosis and autophagy), gene
product regulation, microenvironment and mobility, and signaling
pathway regulation. Despite the heterogeneity within these high-
level classifications, the distribution of SPLs between pairs of sites
that are associated with the regulation of cell growth and prolifera-
tion is significantly lower than that of pairs of sites from a randomly
drawn set of the same size (Kolmogorov-Smirnov test, p=2.2 x 107;
Fig. 2h). Similar results were obtained for all other functional cate-
gories (Supplementary Fig. 2h-k), demonstrating that functionally
related sites are closer together in CoPheeMap than randomly
selected sites.

Further analysis showed that the phosphosites in CoPheeMap
were more likely to be quantified in multiple cancer types compared
with the other quantified phosphosites (Fig. 2i). Sites included in
CoPheeMap had higher abundance (Supplementary Fig. 2I) and higher
predicted functional scores® (Fig. 2j) compared to those not included,
suggesting high functional relevance for sites featured in CoPheeMap.
The degree distribution plot of CoPheeMap (Supplementary Fig. 2m)
revealed that most nodes (phosphosites) had a very small degree
(number of connections), while a small number of nodes exhibited
degrees exceeding 1000. The presence of these hubs, with degrees
several orders of magnitude larger than those of most nodes, is a
defining characteristic of a scale-free network, commonly observed in
real-world and biological systems®. As expected, the annotated sites
used for training tended to have higher degrees in the network com-
pared to the unannotated sites; however, the latter also had a sub-
stantial number of connections in the network, with a median degree
of 3.2, and some unannotated sites even acted as the hubs (Supple-
mentary Fig. 2n). For example, 55 sites had more than 1000 connec-
tions, such as RFC1.S368 (1873), API5_S464 (1307), and TOP2A _S1106
(1283). In total, 753,243 edges in CoPheeMap (98.6%) involved at least
one unannotated site. This extensive network of connections enabled
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the propagation of information from annotated to unannotated sites,
an opportunity explored later in this paper.

CoPheeKSA: a network-based generic KSA prediction model

Conventional methods for predicting KSAs typically rely solely on
sequence motif information derived from known kinase targets”.
These approaches are kinase-specific and lack generalizability when it

comes to predicting KSAs for understudied kinases. To develop a
general KSA prediction model that could be applied to both well-
studied and understudied kinases, we hypothesized that biological
relationships among phosphosites, kinases, and between kinases and
phosphosites could all be utilized to improve generic KSA prediction.

To systematically capture phosphosite co-regulation, we used
CoPheeMap. For kinase co-expression or co-function, we used kinase
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Fig. 2 | Construction and evaluation of the CoPheeMap. a Three types of features
(sequence similarities, kinase interaction profile similarities and phosphosite cor-
relations) were used in the XGBoost machine learning algorithm to predict co-
regulated phosphosite pairs for the construction of CoPheeMap. b The machine
learning model incorporating all three types of features achieved higher AUROC
than models using only a subset of features. Red dot line: cut-off of the model
controlling False Positive Rate at 0.2% to account for the large number of possible
negatives. ¢ tSNE visualization of the Node2Vec embedding of the phosphosites in
CoPheeMap, with phosphosites color-coded by kinase groups, and the number of
phosphosites in each kinase group labeled. d-f Comparison of sequence simila-
rities (d), Pearson’s correlation coefficients (e), and kinase interaction profile
similarities (f) between the site pairs included in CoPheeMap and those from the
ground-truth positive set. The numbers of CoPheeMap site pairs and the positive
site pairs are 764,051 and 103,457, respectively. P-values derived from a two-sided T
test with Bonferroni correction. ***p < 0.0001. BRCA (Breast Cancer), CCRCC
(Clear Cell Renal Cell Carcinoma), COAD (Colon Adenocarcinoma), GBM (Glio-
blastoma), HCC (Hepatocellular Carcinoma), HNSCC (Head and Neck Squamous

Cell Carcinoma), LSCC (Lung Squamous Cell Carcinoma), LUAD (Lung Adeno-
carcinoma), OV (Ovarian Cancer), PDAC (Pancreatic Ductal Adenocarcinoma), and
UCEC (Uterine Corpus Endometrial Carcinoma). g, h Comparison of shortest path
length distributions between pairs of phosphosites regulated by CSNK2A1 and
random site pairs (g), or pairs of phosphosites involved in regulating cell growth
and proliferation and random site pairs (h). i Comparison of the frequency of
identification of phosphosites in CoPheeMap across cancer types versus other
quantified sites. Black: the number of quantified phosphosites in the pan-cancer
data set, green: the number of CoPheeMap phosphosites. j Comparison of the
functional scores of phosphosites in CoPheeMap versus those not in CoPheeMap.
The numbers of CoPheeMap sites and non-CoPheeMap sites are 19,538 and 25,759,
respectively. The phosphosites and functional scores were downloaded from
Ochoa et al. Nature Biotechnology*°. P-values derived from a two-sided T test.
**p < 0.0001. For boxplots, centerline indicates the median, box limits indicate
upper and lower quartiles, whiskers indicate the 1.5 interquartile range. Source data
are provided as a Source Data file.

co-expression data from the PanCan proteomics datasets and func-
tional associations from the STRING protein-protein association net-
work. The STRING database includes direct protein-protein
interactions, pathway membership, and other functional relationships
relevant to kinase co-activation within shared signaling pathways and
biological processes. Combining these data types, we constructed a
kinase network (KMap) with 352 kinases and 3238 edges (Methods,
Supplementary Data 5). To generate phosphosite and kinase features
for machine learning, we applied the Node2Vec embedding algorithm
to CoPheeMap and KMap. This produced low-dimensional vector
representations for the 25,028 S/T phosphosites in CoPheeMap and
the 352 kinases in KMap (Fig. 3a). Node2Vec models both local and
global network contexts, enabling the embeddings to capture the
intrinsic characteristics of each phosphosite or kinase. These embed-
dings add a mechanistic layer of information to improve KSA
prediction.

To capture relationships between each kinase and phosphosite
pair, we first concatenated the corresponding kinase embedding from
KMap with the respective phosphosite embedding from CoPheeMap.
Next, we computed PSSM scores for each kinase-phosphosite pair
using the consensus motif of known substrates for that kinase
(Methods). Moreover, since kinases typically interact with phosphor-
ylation sites in a dynamic manner, utilizing proteomics and phospho-
proteomics data, we further computed correlations between kinase
protein abundance and phosphosite abundance, as well as between
inferred kinase activity and phosphosite abundance, in each CPTAC
cohort to capture their dynamic relationships (Methods).

We used these features to train XGBoost models for KSA prediction
(Fig. 3a) based on a carefully prepared ground truth KSA dataset (Sup-
plementary Data 6, Methods). Of note, to avoid information leakage, we
computed kinase activity scores for each positive KSA separately,
removing the corresponding phosphosite in our computation. The
model integrating all features achieved a median AUROC of 0.95 in 10
repetitions of Monte Carlo validation, significantly outperforming PSSM-
based prediction and XGBoost classifiers using only subsets of features
(Fig. 3b, Supplementary Fig. 3a), suggesting that these features held
complementary information. To ensure high-quality predictions, we set
a stringent prediction threshold of 0.76, corresponding to an LLR of 5.5
(Supplementary Fig. 3b). This means that the selected KSA predictions
were 244 times (&> = 244) more likely to be positive KSAs than negative
KSAs within the independent ground-truth test data. Using this thresh-
old, CoPheeKSA predicted 24,015 KSAs involving 9399 phosphosites
and 104 kinases, including 26 understudied kinases (Supplementary
Data 6). This represents a fivefold increase in the number of KSAs
compared to the ground truth positives (Fig. 3c).

To assess the quality of the CoPheeKSA predictions, we leveraged
substrate specificities experimentally determined via the KL

approach®. For each kinase, this method ranked all 82,735 sites in a
reference proteome based on their likelihood of being phosphory-
lated by the kinase. Each site was assigned a percentile score (Sup-
plementary Data 7), with higher scores indicating greater
kinase-substrate specificity. For well-studied kinases, KSAs predicted
by CoPheeKSA showed significantly higher KL percentile scores than
the ground-truth positive KSAs (two-sided T test, p < 0.0001; Fig. 3d,
Supplementary Fig. 3c). For understudied kinases, no significant dif-
ference was observed between the score distributions of the two
groups (two-sided T test, p>0.01; Fig. 3d, Supplementary Fig. 3c).
These results demonstrate the high quality of the CoPheeKSA
predictions.

For comparison, we evaluated predicted kinases for all 77,442
quantified phosphosites in our PanCan data using other KSA predic-
tion models, including NetworKIN", LinkPhinder™ and PDT™. For both
well-studied and understudied kinases, the KSAs predicted by these
tools had significantly lower KL percentile scores compared to ground-
truth KSAs (two-sided T test, p < 0.0001; Supplementary Fig. 3c). While
LinkPhinder and PDT predicted more regulatory kinases per site than
CoPheeKSA, the quality of their predictions was considerably lower,
approaching the level of random pairs. NetworKIN predictions were of
higher quality than those of LinkPhinder and PDT and closer to
CoPheeKSA, but it identified far fewer KSAs compared to CoPheeKSA
(Supplementary Fig. 3d). Notably, CoPheeKSA identifications also
covered more understudied kinases (Supplementary Fig. 3e). Given
that these two KSA prediction approaches employ different meth-
odologies and have different phosphosite coverage scopes, it is not
surprising that NetworKIN and CoPheeKSA made positive predictions
for different phosphosite sets in the PanCan data (Supplemen-
tary Fig. 3f).

Many KSAs with high KL percentile scores (>99%) received low
scores in CoPheeKSA predictions (Supplementary Fig. 3g). This dis-
crepancy could be because KL scores represent a kinase’s potential to
phosphorylate a substrate in vitro, which might not translate to actual
interactions in vivo due to cellular conditions or protein structure
constraints. To investigate if CoPheeKSA, trained with dynamic tumor
data, more accurately predicts in vivo KSAs, we used STRING func-
tional association scores. For phosphosites with different top kinase
predictions by CoPheeKSA and KL, CoPheeKSA’s top kinase had a
higher STRING score for 1621 sites (red points above the black line in
Fig. 3e), compared to only 577 sites for KL’s top kinase (blue points).
Further analysis showed that KSAs predicted by CoPheeKSA generally
had higher STRING scores than those not supported by it
(Kolmogorov-Smirnov test, p = 2.2 x 10™; Fig. 3f). Additionally, protein
abundance of kinases supported by CoPheeKSA correlated more
strongly with their associated sites compared to unsupported kinases
(Kolmogorov-Smirnov test, p=2.2 x 10™; Supplementary Fig. 3h).
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Because the KL approach captures only peptide-based in vitro binding
information, these data suggest that, by incorporating dynamic in vivo
information in CoPheeMap and CoPheeKSA, our approach can discern
between KSAs supported by functional associations from those that
are not. This is particularly useful for identifying the subset of high-
scoring KSAs predicted by the KL approach that are more likely to
manifest in vivo.

STRING score

Evaluating KSA predictions

To gain more insights into the KSAs predicted by CoPheeKSA, we
colored the phosphosites according to the up-stream kinases from
prior knowledge and CoPheeKSA in the tSNE plot (Fig. 4a). The co-
clustering of the predicted substrates with previously annotated sub-
strates supports the ability of CoPheeMap to connect phosphosites
regulated by the same or similar kinases.
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Fig. 3 | The CoPheeKSA algorithm and evaluation of prediction results.

a Overview of the ground-truth data and features used in the XGBoost machine
learning algorithm for CoPheeMap-powered KSA (kinase-substrate association)
prediction (CoPheeKSA). b AUROCs (Area Under the Receiver Operating Char-
acteristic Curve) of the KSA classifiers trained with different feature combinations.
The number of AUROC:s for each class is 10. P-values derived from a two-sided T test
with Bonferroni correction. ns: 0.05 <p <1, **0.001 <p < 0.01, **0.0001 <p < 0.001,
****p < 0.0001. For boxplots, centerline indicates the median, box limits indicate
upper and lower quartiles, whiskers indicate the 1.5 interquartile range. PSSM
(Position-Specific Scoring Matrix). ¢ Venn diagram comparing KSAs predicted by
CoPheeKSA and the known KSAs used as ground truth positives. d The kinase

library percentile score distributions for different groups of kinase-substrate pairs.
e Scatter plot comparing STRING scores for the associations between the host
protein of a phosphosite and two sets of kinases. Each dot represents a unique site,
with the y-axis showing the STRING score for the kinase with the highest
CoPheeKSA prediction score and x-axis showing the STRING score for the kinase
with the highest Kinase Library percentile score. The red and blue dots highlight
sites where the two methods predicted different top kinases. f Cumulative dis-
tributions of STRING scores for associations between the host protein of a phos-
phosite and the top kinase predicted by the kinase library. The KSAs were separated
into two groups for comparison: predicted by CoPheeKSA (red) and not predicted
by CoPheeKSA (blue). Source data are provided as a Source Data file.

For each kinase, we further compared the KL percentile score dis-
tributions among ground-truth positive KSAs, random KSAs, and
CoPheeKSA predicted positive KSAs. For most kinases, both ground-
truth positives and predicted positives had median KL percentiles over
90%, clearly higher than those of the random group (Fig. 4b). However,
for some kinases, such as CAMK2G, CDK7, DYRKIB and PAK4, the dis-
tribution of the KL percentile scores for the ground-truth positives were
similar to that for the random (Fig. 4b). Interestingly, for these kinases,
the predictions from CoPheeKSA had much better alignments with the
KL data, evidenced by significantly improved KL percentile scores.

The number of KSAs predicted by CoPheeKSA for each kinase is
visualized in Fig. 4c. Not only did well-studied kinases like CDK8 and
MAPK1 obtain more substrates, understudied kinases, such as CDK12,
SGK3, SMGI, and NUAKI, were also associated with hundreds of pre-
dicted substrates. This could significantly enhance downstream ana-
lyses of understudied kinases. Accordingly, we constructed a
comprehensive KSA database integrating the KSA information from
the ground-truth positives and CoPheeKSA (Methods). Briefly, when a
kinase had more than 100 known substrates, no predicted substrates
were added. When a kinase had fewer than 100 known substrates,
predicted substrates from CoPheeKSA ranked by predicted
scores were added until the total reached 500. This KSA database
included 7423 unique substrates (Supplementary Data 6).

As an additional method to validate the CoPheeKSA predicted
KSAs, we utilized IDPpub, a tool for mining phosphosites from
abstracts in PubMed™. Sentences extracted by IDPpub from the
abstracts may include KSAs missed in the ground-truth dataset. A
manual review of the IDPpub extracted evidence sentences confirmed
56 of the KSAs predicted by CoPheeKSA and refuted four (Supple-
mentary Data 8). Some of the confirmed KSAs expanded the known
substrates for well-studied kinases such as AKT1, CDK1, MAPK1, PKN1,
SGK1, and SIK2. Importantly, supporting evidence was also identified
for KSAs involving understudied kinases such as AKT3 and MAP4K1
(A.K.A. HPK1). This analysis shows that CoPheeKSA can capture KSAs
supported by literature but not included in our ground-truth dataset.

Illuminating dark functional phosphosites
To illustrate the utility of CoPheeMap and CoPheeKSA for illuminating
phosphosites of interest, we investigated phosphosites that had pre-
viously been prioritized by a machine learning algorithm as function-
ally important sites, but without known up-stream kinases. The
functional scores of the phosphosites were computed through
machine learning-based integration of 59 features indicative of pro-
teomic, structural, regulatory, or evolutionary relevance® (Supple-
mentary Data 9). Among the top 50 phosphosites in CoPheeMap with
the highest functional scores, 39 had known up-stream kinases (Fig. 5).
The higher ratio of phosphosites with known up-stream kinases in this
group was expected because of the intrinsic bias toward well-studied
phosphosites in the ground truth dataset used to train the machine
learning model for functional scoring®. Despite the bias, 11 out of the
50 did not have known up-stream kinases.

CoPheeKSA predicted up-stream kinases for seven of these 11
functional sites (Fig. 5). One example is Ser 8 on CD74, a cell-surface

receptor and oncogene that has significantly higher protein abun-
dance in tumors compared to normal tissues in multiple cancer
types®*°. RAC-gamma serine/threonine-protein kinase (AKT3) and
serum/glucocorticoid regulated kinase family member 3 (SGK3) were
predicted by CoPheeKSA as potential kinases regulating this functional
site, and both kinases had KL percentile scores >99% for this phos-
phosite (Supplementary Data 9). Consistent with the previously
reported role for CD74 in immune stimulation®’, AKT3 can be activated
when immune cells are stimulated, performing essential functions in
both innate and adaptive immune cells®.

As another example, Thr 497 is located in the activation loop of
PRKCA, a Protein Kinase C family member that has been reported to
play important roles in different cellular processes®. For this phos-
phosite, Pyruvate Dehydrogenase Kinase 1 (PDK1) was a kinase pre-
dicted by CoPheeKSA (Fig. 5), and PDK1 also ranked first in the KL
prediction (Supplementary Data 9). Although the database we used to
generate ground truth data does not list any up-stream kinases for this
site, PDK1 has been reported to phosphorylate Thr 497 on PRKCA,
leading to secondary autophosphorylation events and conformational
changes in the molecule*’.

The third example is Ser 226 on heat shock protein 90 alpha
family class B member 1 (HSP90ABI). CoPheeKSA predicted Casein
Kinase 2 Alpha 1 (CSNK2A1, A.K.A. CK2A1) as the regulatory kinase
(Fig. 5), which was also ranked among the top by KL (Supplemen-
tary Data 9).

For the remaining four dark phosphosites without confident
CoPheeKSA predictions, CoPheeMap connected them to neighbors
with known up-stream kinases or functional annotation, which could
provide useful information for these sites because neighboring sites in
CoPheeMap are likely to be co-regulated. For example, Ser 25 on VIM, a
type lll intermediate filament protein, is connected to substrates of
PRKACA, PRKCA, and PRKD1 in CoPheeMap (Fig. 5). The regulatory
kinases of these neighboring substrates were derived from both
ground truth KSAs and CoPheeKSA predicted KSAs. Supporting this
network neighborhood-based inference, 11 AGC kinase family mem-
bers, including PKCE, PKG2, PKCZ, PKCH, PKCT, PKCI, PKCG, PKCB,
PKCD, PKGI, and PKACG ranked among the top 25 kinases predicted
by the KL for Ser 25 on VIM (Supplementary Data 9).

Elucidating cancer-associated phosphosites and their reg-
ulatory kinases

To demonstrate the utility of CoPheeMap and CoPheeKSA in facil-
itating the analysis and interpretation of data from phosphopro-
teomics experiments, we conducted differential analysis of
phosphosites between tumor and normal adjacent tissue (NAT) sam-
ples in each of the eight CPTAC cohorts with both tumor and NAT
samples and then calculated meta-p values to identify phosphosites
that were differentially regulated across multiple cancer types
(Methods).

First, we examined individual sites among the top 50 with the
most significant differential abundance between tumor and NAT
samples. Although only 12 of them had an annotated kinase,
CoPheeKSA and CoPheeMap provided insights for all 50 sites (Fig. 6a).
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Fig. 4 | KSA predictions from CoPheeKSA. a tSNE visualization of the Node2Vec
embedding of the phosphosites in CoPheeMap, with phosphosites color-coded by
known or predicted kinase. Phosphosites with multiple predicted kinases are not
included in this plot. b Kinase library percentile score distributions for individual
kinases across three types of KSAs: ground-truth positive KSAs (positive),
CoPheeKSA predicted KSAs (CoPheeKSA), and random KSAs. n(positive) = 1205,

n(random) = 38,734, n(CoPheeKSA) = 18,439, detailed numbers for each kinase
could be found in the Source Data. For boxplots, centerline indicates the median,
box limits indicate upper and lower quartiles, whiskers indicate the 1.5 interquartile
range. ¢ Numbers of substrates predicted for each kinase. Source data are provided
as a Source Data file.

Several of these sites, including the most significant ones, Ser 67 on
Nucleolin (NCL) and Ser 153 on ESF1 nucleolar pre-rRNA processing
protein homolog (ESF1), were predicted by CoPheeKSA to be regulated
by CDK2 (Fig. 6a). Consistently, CDK2 was also the top kinase pre-
dicted by KL for these two sites (Supplementary Data 10). Although the
abnormal activation of cyclin-dependent kinases (CDKs) is widely

recognized for its association with tumor cell proliferation and cancer
development*, some of these predicted substrates could potentially
act as critical effectors in these processes.

To systematically identify kinases regulating cancer-associated
phosphosites across cancer types, we used the meta-p values from our
pan-cancer tumor versus normal comparisons as inputs for
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mapped in CoPheeMap. Source data are provided as a Source Data file.

phosphosite set enrichment analysis based on our expanded KSA
database. Consistent with our initial observations that many individual
phosphosites highly up-regulated in the PanCan datasets were regu-
lated by CDKs, we confirmed the enrichment of CDK targets in this
systematic analysis (Fig. 6b). While hyperactivation of CDK1, CDK2,
CDK4, and CDK®6 could be inferred without expanding the KSA data-
base to include CoPheeKSA predictions, up-regulated activity for the
less well-studied CDKs, including CDK12, CDK9, CDK7, CDKS, and
CDKS5, was only identifiable by adding targets predicted by
CoPheeKSA. Using CDKI12 as an example, among the 496 sites that
contributed to the enrichment signal, 492 were uniquely associated
with CDK12 by CoPheeKSA (Supplementary Fig. 4a). Although the two
previously curated target sites of this kinase were up-regulated in
cancer samples, without CoPheeKSA predictions, they were insuffi-
cient to produce statistically significant enrichment in phosphosite set
enrichment analysis. Consistent with the substrate-based hyper-
activation inference for CDK12 and other less well-studied CDKs, they
all showed elevated protein abundance across cancer types (Supple-
mentary Fig. 4b-f).

Our analysis also identified other kinases that would have not been
identified without CoPheeKSA predictions (Fig. 6b). These included
serine-arginine protein kinase 1 (SRPK1), TATA-box binding protein
associated factor 1(TAF1), Raf-1 proto-oncogene, serine/threonine kinase
(RAF1), MAPK interacting serine/threonine kinase 1 (MKNK1), dual spe-
cificity tyrosine phosphorylation regulated kinase 1A (DYRKIA), and
several mitogen-activated protein kinases (MAPKs). Many of these
inferences were also supported by elevated mRNA and protein

abundance of the kinases in tumors compared to NATs (Supplementary
Fig. 4g-1). Moreover, some of these kinases, such as SRPK1, have been
previously associated with cancer prognosis*’. Thus, enrichment analysis
using our expanded KSA database linked previously unannotated
cancer-associated phosphosites to upstream kinases and associated
numerous understudied kinases with human cancer, generating viable
hypotheses for further experimental validation.

Discussion

The guilt-by-association strategy is commonly used to predict func-
tions of understudied genes and proteins'*'**>**, Leveraging the vast
amount of CPTAC pan-cancer phosphoproteomics data, our study
expands this strategy to address the dark phosphoproteome challenge
through the construction of CoPheeMap, a machine-learned co-reg-
ulation network of the human phosphoproteome. Together with
CoPheeKSA, which predicts KSAs using latent information embedded
within CoPheeMap, these tools provide a comprehensive framework
for investigating the regulation and functions of phosphosites, parti-
cularly in the context of human cancer.

We demonstrated that co-phosphorylation is an effective pre-
dictor of phosphosite co-regulation. It is important to note that the
phosphosite abundance data used in this study were not normalized
by host protein abundance. Some studies with matched phospho-
proteomic and proteomic measurements employ such normalization
based on the premise that it may better capture phosphosite abun-
dance changes driven by kinase activity, independent of changes in
host protein levels. In our analysis, positive site pairs showed
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significantly higher abundance correlations than negative pairs across
cancer types, largely independent of correlations in their corre-
sponding host protein levels (Fig. 1g, Supplementary Fig. 1).
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phosphorylation levels of these pairs. When we normalized phospho-
site abundance by protein abundance, the PCC differences between
positive and negative pairs decreased markedly compared to the
results shown in Fig. 1f. As this study is based on steady-state data from
human tumors rather than acute perturbation data, one possible
explanation is that certain oncogenic signaling pathways exhibit con-
cordant regulation of all components—kinases and substrates—at
multiple levels, including expression, phosphorylation, and activity, to
maximize pathway function. In such cases, normalizing phosphosite
abundance by host protein abundance may inadvertently remove the
impact of kinase activity, as it assumes that similar alterations in pro-
tein and phosphosite abundance reflect no change in kinase activity.
Supporting this hypothesis, we recently showed in a benchmarking
study that normalizing phosphosites by host protein levels in steady-
state tumor data reduces kinase activity inference performance".
Together, these findings suggest that normalizing phosphosite abun-
dance by host protein abundance may not always be advantageous,
particularly in steady-state measurements.

Notably, co-phosphorylation data alone cannot distinguish
between direct phosphorylation by the same kinase and indirect
relationships mediated by different kinases in the same signaling cas-
cade. To address this, sequence features were incorporated into both
the CoPheeMap and CoPheeKSA models to help constrain predictions
to direct relationships. The effectiveness of this approachis evident, as
CoPheeKSA predictions demonstrated higher agreement with sub-
strate specificities experimentally determined via the KL approach®
compared to KSAs predicted by other methods (Supplementary
Fig. 3¢c). Conversely, the KSAs included in PDT predictions, which rely
solely on kinase inhibition profiles, performed poorly in this evalua-
tion, underscoring the importance of integrating phosphoproteomics
with sequence features.

For some kinases, the predictions from CoPheeKSA aligned much
better with the KL scores than the ground truth positives, suggesting
that our generic model may overcome noise in the ground truth data.
Additionally, we observed that many KSAs with high scores in the
Kinase Library had low scores in CoPheeKSA, suggesting that
CoPheeKSA could be used to refine predictions from the KL approach.
This is particularly valuable, as the KL approach evaluates a kinase’s
ability to phosphorylate a substrate under in vitro conditions, which
may not accurately reflect in vivo interactions influenced by protein
structure and the cellular environment.

Although comprehensive measurements of protein phosphor-
ylation events are now possible, our ability to interpret phosphopro-
teomics data remains constrained by limited knowledge of the
regulatory mechanisms and functional roles of many phosphosites.
Using computationally predicted functional sites from a published
study® and cancer-associated phosphosites identified through a pan-
cancer analysis, we demonstrated how CoPheeMap and CoPheeKSA
can generate hypotheses about the regulatory mechanisms and func-
tional roles of biologically significant yet underexplored phosphosites
and kinases. It is important to highlight that these are computational
predictions, and the resulting hypotheses for individual phosphosites
and kinases require further experimental validation. For instance, our
analysis of the cancer-associated phosphosites predicted multiple
hyperactivated kinases that have been largely overlooked but could be
further explored as potential therapeutic targets. One such kinase is
CDK12, which is implicated in regulating MYC expression, Wnt/[3-
catenin signaling, RNA splicing, and ErbB-PI3K-AKT signaling®. CDK12
inhibitors have been shown to suppress cancer cell transcription and
growth and enhance drug susceptibility"”™*¢. Further experimental
research into CDKI12 inhibitors could validate their therapeutic
potential and identify phosphosite biomarkers for monitoring CDK12
activity and the effectiveness of its inhibitors.

We identified several areas for improvement in future research.
Firstly, during the development of the ground truth of co-regulated

phosphosite pairs for the construction of CoPheeMap, we found that
certain kinases can phosphorylate both serine and tyrosine residues.
This occurrence, though rare, introduces noise that may affect the
training of machine learning models. Therefore, we limited our dataset
to pairs of either Ser/Thr-Ser/Thr or Tyr-Tyr sites. Due to the scarcity of
tyrosine data from the experimental methods used by CPTAC, parti-
cularly across multiple cancers, the phospho-tyrosine subnetwork in
CoPheeMap includes only about 300 tyrosines. Consequently,
CoPheeKSA was not applied to this subnetwork, limiting insights into
tyrosine kinases, which are crucial targets for oncology and therapy
development. Future studies should incorporate tyrosine-enriched
datasets to enhance CoPheeMap’s coverage. Additionally, in our con-
struction of the CoPheeKSA models, the requirement for a kinase to
have at least five known substrates left some serine/threonine kinases
unexplored. Integrating Kinase Library data into our model training
could be a significant enhancement.

Secondly, to minimize bias towards well-researched kinases,
CoPheeMap focuses only on co-regulated site pairs without consider-
ing specific kinase information. This strategy allowed CoPheeMap to
include a substantial number of unannotated phosphosites, and some
even acted as hubs. However, sites regulated by well-known kinases are
more likely to be the hubs in the network. This intrinsic bias in the
training data is difficult to avoid because it is already present in the KSA
databases used for ground truth construction. The use of the unbiased
Kinase Library data may provide a solution to address this bias.

Thirdly, in constructing CoPheeMap, our ground truth data for co-
regulation was derived from known KSAs. Notably, phosphatases also
play a pivotal role in modulating phosphorylation dynamics. Because
the co-phosphorylation and sequence similarity features utilized in the
machine learning model are not constrained by kinase-specific reg-
ulation, CoPheeMap has the potential to capture phosphosites co-
regulated by phosphatases, even though their regulation was not
explicitly modeled. This inherent flexibility underscores the capability
of CoPheeMap to identify regulatory relationships beyond kinase-
mediated mechanisms, which may provide valuable insights into
broader regulatory networks. To enhance the model further, future
iterations could incorporate phosphatase interaction profile similarity
as an additional feature in the XGBoost framework, alongside kinase
interaction profile similarity, to better capture phosphatase-mediated
co-regulation. Additionally, as more datasets on phosphatase-
substrate relationships become available, these data can be inte-
grated into the ground truth to provide a more balanced representa-
tion of phosphorylation dynamics. Such enhancements would allow
for more holistic modeling of phosphosite co-regulation, ultimately
improving our understanding of the interplay between kinases and
phosphatases in complex signaling networks.

Finally, in our study, we utilized data from 11 CPTAC cancer types
to construct the pan-cancer CoPheeMap. As additional phosphopro-
teomics data for other cancer types become available, we plan to
incorporate them in our network construction process to improve the
network’s comprehensiveness. Our approach can also be used to
integrate phosphoproteomics datasets from a single cancer type,
allowing for the creation of cancer-type-specific CoPheeMaps. Fur-
thermore, this strategy extends beyond cancer to enable the con-
struction of disease-specific networks for various diseases, offering
wide-ranging applications in biomedical research.

Methods

Pan-cancer omics data

Data for Breast cancer (BRCA), Clear Cell Renal Cell Carcinoma
(CCRCC), Colon Adenocarcinoma (COAD), Glioblastoma (GBM), Head-
and-neck squamous cell carcinoma (HNSCC), Lung squamous cell
carcinoma (LSCC), Lung adenocarcinoma (LUAD), Ovarian Cancer
(OV), Pancreatic Ductal Adenocarcinoma (PDAC) and Uterine Corpus
Endometrial Carcinoma (UCEC) were generated by CPTAC and
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processed by the CPTAC pan-cancer working group, as described
previously?*’. Processed RNA-Seq, proteomics, and phosphopro-
teomics data matrices were downloaded from the CPTAC pan-cancer
portal at https://pdc.cancer.gov/pdc/cptac-pancancer. For pro-
teomics, the file name is proteome_bcm_gencode v34_harmoni-
zed vl.zip. For Phosphoproteomics, the file name s
phosphoproteome_bcm_gencode_v34_harmonized_vl.zip. For RNA-
Seq, the file name is rna_bcm_vl.zip. Samples excluded in the original
CPTAC studies®°°¢ for quality and other issues were also excluded
in the current study.

RNA-Seq, proteomics, and phosphoproteomics data for hepato-
cellular carcinoma (HCC) were obtained from a published proteoge-
nomic study” and processed using the same CPTAC Pan-Cancer
Working Group pipelines*°. The processed data matrices are avail-
able at https://zenodo.org/records/14553766.

Ground-truth dataset for CoPheeMap development

Kinase substrate associations were downloaded from the supplemen-
tary data in GPS 5.0 (DOI: 10.1016/j.gpb.2020.01.001), which includes
14,679 curated experimentally identified associations. Based on the
ground truth kinase substrate associations, we classified kinases as
understudied kinases (<10 known substrates) and well-studied kinases
(>10 known substrates). We further annotated the kinases with kinase
group information from KinBase, http://kinase.com/web/current/
kinbase. Phosphosite pairs regulated by the same protein kinases
were defined as the positive pairs. Three kinases—CSNK1A1, CSNK2A1,
and CSNK2A2—were intentionally excluded from the ground-truth
data for evaluation purposes. Phosphosite pairs regulated by the
kinases from different kinase groups were defined as the negative
pairs. We used fifteenmer (+/- 7 amino acids) to represent the positive
and negative phosphosite pairs (Supplementary Data 2-3). If phos-
phosites were annotated to be regulated by multiple kinases, no
overlapping known up-stream kinase families were allowed in the
negative pairs. Only Ser/Thr-Ser/Thr (S/T-S/T) pairs or Tyr-Tyr (Y-Y)
pairs were retained in the ground-truth dataset.

Sequence similarity scores

To calculate phosphopeptide sequence similarities, we used the
BLOSUM®62°® matrix. The similarity score between the pair of fifteen-
mers (+/- 7 amino acids) of phosphosite A and phosphosite B was
defined as the sum of the log-odds ratios from BLOSUM®62 for all
flanking positions (=7 to -1 and +1 to +7).

Kinase interaction profile similarity scores
We downloaded the STRING functional protein association network
(protein.links.v11.5) and filtered it to retain links with STRING scores
greater than 400, creating a dataset referred to as PPl _kinase 400.
From this dataset, PPI_kinase_400, we identified, for each phosphosite,
a list of kinases associated with its host protein, considering only
kinase-protein pairs with STRING scores above 400. To calculate the
kinase interaction profile similarity score for phosphosites a and b, we
computed the Jaccard index of their respective kinase lists A and B:
Kinase Interaction Profile Similarity Score (a, b) = Jaccard Index
(A, B)=) (A, B)

|AN B
JA, B)= JAUB|’
where
A = List of kinases associated with the host protein of phosphosite
a in PPI kinase 400
B = List of kinase associated with the host protein of phosphosite
b in PPI kinase 400
TheJaccard index measures the similarity between the kinase lists,
providing a quantitative metric for kinase interaction profile similarity.

Co-phosphorylation versus co-regulation

For each phosphosite pair and their corresponding host protein pair,
we required quantification in at least 20 overlapping samples within a
single cancer type/cohort to calculate Spearman’s correlation coeffi-
cient. We then grouped all the phosphosite pairs into 361 bins (19 x 19)
based on their site-site correlation and host protein-host protein cor-
relation. Each bin was defined by ranges of correlation values in two
dimensions: site-site correlations on one axis and host protein-host
protein correlations on the other axis. Both site-site correlations and
host protein-host protein correlations ranged from -0.9 to 1, divided
into increments of 0.1. This means that each bin contained pairs whose
site-site correlations and host protein-host protein correlations fell
within specific 0.1-wide intervals (e.g., a bin might include site-site
correlations between —0.9 and —0.8 and host protein-host protein
correlations between -0.8 and -0.7). The log-likelihood ratios (LLRs)
of co-regulation were defined as the fraction of ground-truth positive
site pairs divided by the fraction of negative site pairs in each of the 361

bins. Specifically, LLR=In (W), where PP represents the

set of positive pairs in a bin (or based on other inclusion criteria, such
as predicted scores in later applications in the paper). P and N denote
the sets of positive and negative pairs in the background dataset,
respectively. Set intersection is denoted by &, while the function C(.)
returns the size of a set.

Data for CoPheeMap training, validation, testing, and
application
We divided all phosphosites in the ground-truth phosphosite pairs
into training, validation, and test groups, ensuring no overlap to
prevent information leakage (Supplementary Fig. 2a). Phosphosite
pairs within the same group were included in their respective sets.
Pairs between training and validation sites were assigned to the
validation set, while any pairs involving test sites were assigned to
the test set.

For Ser/Thr phosphosites, the ratio between training + validation
and test sites, as well as between training and validation sites, was 9:1.
For Tyr phosphosites, due to a smaller sample size, the ratio was 5:5.
The ratios of positive to negative pairs in the training, validation, and
test data were 1:5, 1:5, and 1:50, respectively (Supplementary Fig. 2b).

Over three billion phosphosite pairs had at least one site-level
correlation calculated in one or more CPTAC cohorts. All these site
pairs were included as the application data.

Extreme Gradient Boosting (XGBoost) classifier for CoPheeMap
development

XGBoost was trained on the ground truth data to generate models for
classifying each pair of sites as being co-regulated by the same kinase
or not. For each pair of sites, there were 14 input features: 11 for pair-
wise phosphosite correlations from the 11 CPTAC cohorts, one for
sequence similarity score, one for kinase interaction profile similarity
score, and one label indicating Ser/Thr-Ser/Thr or Tyr-Tyr. Missing
values were retained and handled by XGBoost.

We fine-tuned the XGBoost hyper parameters using the validation
data. Three classifiers were trained: one using all the 14 features, one
using the 11 dynamic features (co-phosphorylation), and one using the
two static features (sequence similarity and kinase interaction profile
similarity). AUROCs were calculated for each classifier using the
test data.

Network embedding and dimensionality reduction

The networks (CoPheeMap and KMap) were embedded using the
Node2Vec algorithm? with the following parameters: dimensions =16,
window =1, min_count = 1, batch_words = 4. tSNE was used to reduce
the dimensionality of CoPheeMap embedding features from 16 to 2,
using parameters recommended for large network analysis®.
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Network visualization
Node link diagrams of the networks were generated using Cytoscape
3.9.1 or Gephi 0.10.1.

Shortest path length (SPL)

The iGraph R (networkx Python) package was used to calculate the SPL
between each pair of nodes in CoPheeMap that belong to the indicated
group (i.e., targets of CSKN2ALI or sites annotated as regulating the
same functional category) or a set of random pairs of the same size.

Analysis of functionally annotated sites

We downloaded the Regulatory sites database file from PhosphoSite-
Plus (phosphosite.org) on October 26, 2023. The ON_PROCESS column
in this file includes information about cellular processes that are
annotated as being regulated by specific phosphosites. After filtering
the sites in this file to those that matched the host protein HGNC
symbols and fifteenmers of the sites included in the CoPheeMap
embedding, sites were grouped into 5 selected categories with suffi-
cient numbers of sites (n>100) associated with functionally distinct
cellular processes included in the network. These groupings included
cell growth and proliferation (all ON_PROCESS categories including
cell growth or cell cycle regulation, regardless of direction of regula-
tion), gene product regulation (ON_PROCESS categories including the
key words transcription, translation, chromatin organization, RNA
splicing, or RNA stability), cellular degradation (ON_PROCESS cate-
gories including apoptosis or autophagy), tumor microenvironment
and mobility (ON_PROCESS categories including cytoskeletal reorga-
nization or cell motility), and signal transduction (ON_PROCESS cate-
gories including signaling).

Phosphosite functional scores

The functional scores were acquired from the functional landscape of
human phosphoproteome paper®® (DOI: 10.1038/s41587-019-0344-3).
The sites were mapped using UniProt IDs and site positions.

Kinase network (KMap)

The links between kinases were defined as the STRING protein-protein
association score >400 or at least one protein-protein correlation >0.5
in one CPTAC cohort. This network covered 352 kinases connected by
3,238 edges (Supplementary Data 5).

Ground-truth data for CoPheeKSA development

To construct the positive KSAs for CoPheeKSA development, we
overlapped the substrates from the ground truth with CoPheeMap
(Ser/Thr) using fifteenmer sequences (+/- 7 amino acids), identifying
2353 positive KSAs.

For negative KSAs, we assigned known substrates of kinase A to
kinase B if kinase A and B belonged to different kinase families and
both phosphorylated Ser/Thr. If phosphosites were annotated as
regulated by multiple kinases, the negative KSAs included only those
where the site was not a target of any overlapping upstream kinases
from the kinase groups of the kinases known to regulate the site. This
approach yielded 114,530 negative KSAs (Supplementary Data 6).

Kinase activity scores

The kinase activity scores for a sample were calculated as the mean
values of all known substrates from the ground truth quantified by
phosphoproteomics for the sample. Each kinase activity score
required the quantification of at least three substrates. To prevent
information leakage, phosphosites in the test set were excluded before
calculating the kinase activity scores using the known substrates.
Additionally, for each KSA in the ground truth where the target site was
on the kinase itself, the site abundance was excluded from the calcu-
lation of the kinase’s activity score.

Kinase motif scores

We derived kinase motifs from the positive ground-truth KSAs by
collecting substrate sequences for each kinase, ensuring at least five
substrates per kinase. For each kinase, using the 15-mer sequences of
the substrates, we constructed a PSSM by calculating the frequency of
each amino acid at each position and converting these frequencies to
probabilities. The PSSMs were then used to score new substrates by
summing the probabilities for each position. To prevent information
leakage, test sites were excluded when deriving PSSMs for scoring the
test sites.

Correlations between kinase and substrate

For correlations between kinase protein abundance/kinase activity
scores and phosphorylation abundance, we require quantification in at
least 20 overlapping samples in one cohort to calculate the Spearman’s
correlation coefficient (PCC).

Data for CoPheeKSA training, validation, testing, and
application

The KSAs from different kinases were combined to generate positive
and negative KSAs. The positive KSAs were divided into training and
test groups for Monte Carlo cross-validation (10 iterations). Each test
group contained 235 positive KSAs. The test groups were further split
into validation and test subsets, with 25 positive KSAs in each valida-
tion set. To minimize the impact of missing values, the ratio of missing
values for the dynamic features was maintained consistently across the
groups. All potential kinase-substrate associations were prepared as
the application data.

XGBoost classifier for CoPheeKSA development

XGBoost was trained using ground truth KSA data to classify each
potential KSA (kinase-site pair) as positive or negative. Each KSA was
represented by 55 features: 16 features from CoPheeMap embedding,
16 features from KMap embedding, 22 dynamic features representing
correlations between the kinase and substrate, and one static feature
representing the kinase motif score.

We retained missing values for dynamic features. To address
the higher ratio of missing values in the kinase activity scores for
the positive KSAs due to the exclusion of site abundance when
calculating these scores, we randomly removed some dynamic
feature values in the negative data to match the missing value ratio
of the positive KSAs to avoid bias. The ratio of positive to negative
KSAs in the training, validation, and test data was main-
tained at 1:10.

Various classifiers were trained using different combinations of
features: all features, only motif scores, only network embedding
features, network embedding features and motif scores, only dynamic
features, and network embedding features and dynamic features.
AUROCs were calculated for each classifier. The XGBoost parameters
were {max_depth: 2, eta: 0.2, objective: binary: logistic, num_round:
300} with AUC as the evaluation metric.

The kinase library scores

Percentile scores for each phosphosite and kinase pair were com-
puted as described in Johnson, et al.”%. Briefly, all phosphosites in this
study were scored by all the characterized kinases (303 S/T kinases).
Their ranks within an a-priori score distribution, based on curated
phosphoproteome, were then determined to yield the percentile
scores.

NetworKIN prediction

We used the webtool of NetworKIN" to predict the up-stream kinases
for all the phosphosites quantified in the PanCan datasets, using a
threshold of 5.
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Comparison of STRING PPI scores and pan-cancer kinase-site
correlations for CoPheeKSA and KL KSAs

To assess whether CoPheeKSA better captures KSA relationships that
are more likely to occur in vivo compared to predictions from the
kinase library, we utilized STRING scores as a measure of the biological
relevance of KSAs. Specifically, we extracted functional association
scores from the 9606.protein.links.v12.0.txt file from STRING (string-
db.org). For each site with a predicted KSA by CoPheeKSA (prediction
score > 0.7676), we considered the top-scoring kinase identified by
CoPheeKSA or the top-scoring kinase (percentile score) from the KL
prediction. In cases where multiple kinases were predicted for the
same site by CoPheeKSA, only the highest-scoring kinase was included
in the analysis in Fig. 3e.

Since STRING only provided scores for interactions with a mini-
mum value of 150, any interaction not included in the STRING dataset
was assumed to have little or no support and set to 149 unless scores
were not available for the best kinase nominated by both CoPheeKSA
and the KL, in which case the site was excluded. For the analysis in
Fig. 3f, a score of 149 was assigned to all KSAs with no STRING scores.

We also compared KSAs from CoPheeKSA and the KL by evalu-
ating the correlations between the kinase protein levels and the pre-
dicted target phosphosite levels using the results from a recently
published analysis of pan-cancer associations in CPTAC datasets". For
the distribution plot shown in Fig. S3h, loglO meta-p values from
combining the p-values from Spearman rank correlations between the
kinase protein and target phosphosite levels across ten cancer types
(calculated as described in the Liao, et al. paper*’) were signed by
direction of correlation; for each site with a KSA prediction from
CoPheeMap, the kinase with the top prediction score for that site was
chosen to compare with the top kinase from the KL (based on per-
centile score), and the cumulative distributions for the two sets as the
signed loglO p-values decrease are plotted.

IDPpub validation

We downloaded evidence sentence data from IDPpub® available at
https://idppub.ptmax.org/ and searched for exact matches for sub-
strate HGNC symbols and site amino acid positions corresponding to
all KSAs predicted by CoPheeKSA. Each matched sentence was then
cross-referenced with the kinases_for_idppub.txt file, which lists any
kinases mentioned in the evidence sentences, to search for references
to kinases predicted by CoPheeKSA. Given that IDPpub was specifically
trained to identify phosphosites rather than KSAs, most of the identi-
fied sentences simply co-mention the kinase and the phosphosite
without describing their regulatory relationship. To address this, we
conducted a manual review of the sentences to determine which
explicitly supported or refuted the predicted KSAs. The validated or
refuted KSAs from this review were documented in Supplemen-
tary Data 8.

KSA database

We constructed the KSA database in the gmt file format for GSEA/
ssGSEA analysis (Supplementary Data 6). When a kinase has more than
100 known substrates, no predicted substrates were added. When
kinase has fewer than 100 known substrates, the predicted substrates
from CoPheeKSA were added up to the maximum number of 500
(ranked by predicted scores).

Tumor versus normal comparison

Tumor and normal samples from 8 CPTAC cancer types (CCRCC,
COAD, HNSCC, LSCC, LUAD, OV, PDAC, and UCEC) underwent dif-
ferential expression analysis using both proteomics and phospho-
proteomics data. Proteins were required to be detected in at least 20
tumor samples and 10 normal samples for proteomics and phospho-
proteomics datasets. Statistical significance was determined using the
unpaired Wilcoxon Rank Sum test. Meta p-values were calculated with

the sumz method from the R package metap (V1.4). P-values of indi-
vidual cohorts were first converted to one-sided p-values and the sign
for p-values not consistent with the majority were reversed. The cal-
culated meta p-value was converted back to two-sided p-values and
then the major sign of association was added.

Gene set enrichment analysis (GSEA)

We used Webgestalt (https://www.webgestalt.org/) to conduct the
GSEA on the phosphosites, using —loglO(p-values) as the input®. The
organism was set to others. The functional database was uploaded
using self-defined gmt files.

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

Data availability

For BRCA, CCRCC, COAD, GBM, HNSCC, LSCC, LUAD, OV, PDAC and
UCEC, processed RNA-Seq, proteomics, and phosphoproteomics
data matrices were downloaded from the CPTAC pan-cancer portal
at https://pdc.cancer.gov/pdc/cptac-pancancer. For proteomics, the
file name is proteome_bcm_gencode v34 harmonized_vl.zip. For
Phosphoproteomics, the file name is phosphoproteome_bcm_gen-
code_v34_harmonized_vl.zip. For RNA-Seq, the file name is
rna_bcm_vl.zip. For HCC, processed data matrices are available at
https://zenodo.org/records/14553766. Source data are provided with
this paper.

Code availability
The code for CoPheeMap and CoPheeKSA is available on GitHub at:
https://github.com/bzhanglab/CoPheeMap®°.
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