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INTRODUCTION

1. In Silico Phosphoprotein Match Prediction (IPMP) Service

This custom In Silico Prediction Service is designed to identify putative phosphorylation sites in a human protein of
special interest and differentiate the protein kinases that are most likely able to phosphorylate these phosphosites.
To identify phosphosites that potentially play important regulatory roles, this service includes an analysis of their
evolutionary conservation. The identification of protein kinase substrates is important for understanding the
architecture and operations of cell signalling networks. The locations of vast majority of human phosphosites in
human proteins and the specific protein kinases that target these phosphosites remain unknown despite more than
40 years of intense effort. Most protein kinases appear to have broad and overlapping substrate specificities. Many
phosphosites are likely to be targeted by multiple kinases.

We have identified at least 22,000 kinase-substrate phosphosite pairs from our literature and database searches,
but we believe that the actual number exceeds 10 million. With the emergence of protein kinases as one of the
most promising families of drug targets in the pharmaceutical industry today, it is vital to define the most critical



phosphosites in important proteins that are controlled by these regulatory enzymes. We expect that many of the
genetic mutations that facilitate disease arise from alterations in the amino acids that define the specificity of
protein kinases and in the amino acids in phosphosites that provide for kinase recognition. With the sequencing of
hundreds of thousands of human genomes that are anticipated in the coming decade, establishing linkages
between kinases, phosphosites and gene mutations will provide a major advance in the application of personalized
medicine. To help realize this potential, Kinexus offers a panel of unique and cost-effective services that permit the
discovery and validation of kinase substrate connections.

The “in silico” prediction services offered by Kinexus have been created using proprietary software that has been
developed by Kinexus and our academic partners at the University of British Columbia and Simon Fraser
University. The algorithms for kinase substrate prediction used our databases, which rely on the carefully aligned
sequences of 488 human protein kinase catalytic domains and 20,000 known kinase-substrate phosphosite pairs,
permit the elucidation of phosphosite amino acid frequency matrices for any classical protein kinase for which the
catalytic domain sequence is known. We have also deduced the consensus substrate amino acid specificities of
several of the phosphatidylinositol 3-kinase-related (PI3KR) protein kinases by alignment of their known in vitro
substrates. With the “cracking of the kinase code” Kinexus is positioned to predict the sequences of optimal peptide
substrates for most protein kinases. Conversely, we can take any known or putative phosphosite sequence and
generate a score for each of nearly 500 human protein kinases for their ability to target the sequence for
phosphorylation. While our prediction algorithm is not perfect and has limitations, it is the most accurate and
versatile bioinformatics method presently available to our knowledge. At this time, we cannot include phospho-
amino acids at other locations surrounding the phosphosite in the scoring of kinase hits for a phosphosite.

In parallel studies, through careful inspection of the scientific literature and other on-line databases, Kinexus has
annotated over 200,000 known phosphosites in ~20,000 human proteins, which are available for inspection in our
free online PhosphoNET KnowledgeBase (www.kinexus.ca). Through analyses of these empirically-derived
phosphosites, we have observed consistent properties with respect to their hydrophobicity and amino acid
compositions. Certain amino acids appear in higher frequencies, while others occur in lower than expect
frequencies around phosphorylatable serine, threonine and tyrosine residues. Furthermore, deduction of the
optimal substrate specificity determinants of nearly 500 different human protein kinases has permitted identification
of hundreds of thousands of promising phosphosites that may be subject to their covalent modification by kinases.

We have been able to identify over 21,000 different human proteins from careful analysis of the Uniprot database.
From this, we have determined that there is a maximum upper limit of approximately 1.8 million candidate
phosphosites with serine, threonine and tyrosine as the phospho-acceptor. We have performed hydrophobicity
scoring analyses to narrow down the more promising phosphosite sequences. From the inspection of a sampling of
over 93,000 known human phosphosites, it is quite evident that the vast majority possesses hydrophobicity scores
of less than 0. As a second filter, we have separately aligned all of these known serine, threonine and tyrosine
phosphosite sequences to create three P-site matrices for thhese phosphoacceptor sites. We have scored all 1.8
million candidate phosphosites against these P-site matrices to identify those phosphosites that best match the
predicted amino acid distributions around known phosphosites with either serine, threonine or tyrosine as the
phospho-acceptor residues. Finally, we have also used the deduced phosphosite substrate matrices (PSSM) for
492 human protein kinases using our algorithms and individually scored each of these against the 1.8 million
candidate phosphosites to identify those that are the best matches. Through analyses of all of the candidate
phosphosites with the application of all of these filters in combination, it appears the human phosphoproteome
contains at least 700,000 distinct phosphosites. However, we believe that the vast majority of these phosphosites
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are inconsequential, and only about 250,000 of these have been experimentally identified by primarily mass
spectrometry.

With our In Silico Phosphoprotein Match Prediction (IPMP) Service, for any one of these 21,000 human proteins,
we provide a listing of the most promising predicted as well as experimentally confirmed phosphosites and the
individual scores of approximately 500 different human protein kinase catalytic domains to target each of these
putative phosphosites. We also provided evolutionary analyses of the phosphosites in a target human protein for
their conservation in up to 20 different species. This is our premier bioinformatics service, because it offers our
most comprehensive analysis of a protein of interest and provides the greatest value.

To utilize this unique and insightful bioinformatics service for US$399 per analysis, clients just have to provide the
Uniprot ID for the human protein that they wish to have profiled for predicted phosphosites and the kinases that are
likely to target these phosphosites. The results of the analyses are provided back to clients by e-mail in an MS-
Excel spreadsheet for easy manipulation. Further information on all of the human protein kinases is available from
PhosphoNET (www.phosphonet.ca) and on KinaseNET (www.kinasenet.ca), and these interactions are graphically
shown on KINECTOR (www.kinector.ca). In combination with other information, our phosphosite and matching
kinase prediction for a phosphoprotein can provide excellent leads for further follow up.

The normal turnaround time for the IPMP service is usually within 7 working days.

2. Other In Silico Predictive Services

Kinexus offers three other types of custom In Silico Predictive services that provide less exhaustive analyses at
lower costs that may be appropriate for more focused studies.

If clients are interested in the identification of kinases that only target known human phosphosites, such information
for the top 50 best matching kinases is freely available on-line for over 960,000 known and predicted human
phosphosites in our PhosphoNET KnowledgeBase (http://www.phosphonet.ca/).

With our less expensive In Silico Kinase Match Prediction (IKMP) Services, we can take either a single known or
putative phosphosite and find the most promising protein kinase candidates that target this one phosphosite. This
custom In Silico service is particularly warranted if clients wish to predict kinases for uncharacterized or mutated
phosphosites in humans and other species. We also provide a ranking of the best 100 rather than 50 kinases if
their prediction scores are greater than 0. Mutations of the amino acids residues in phosphorylation sites may alter
result in recognition by additional protein kinases. The charge for this IKMP service is only US$89 per analysis of a
single phosphosite.

Also as another option with the In Silico Kinase Match Prediction (IKMP) Service, we start with a human protein
kinase of special interest to our clients and identify the top 1000 or 5000 known and predicted human phosphosites
that are likely to be targeted by that kinase. This is achieved by scoring ~700,000 known and putative phosphosite
sequences with the specific PSSM matrix that we have produced from about 492 for various human protein
kinases. One effective strategy to further identify the best kinase-substrate matches from this information is to
observe which putative substrates have multiple predicted phosphosites for a given kinase. The more phosphosites
with individual higher scores that are located close to each other on the same protein, the greater the probability
that the protein is a bona fide substrate for the kinase in vivo. To take advantage of this bioinformatics service for
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only US$99 for 1000 phosphosites or US$199 for 5000 phosphosites, clients just have to provide the name and
Uniprot ID number of the human protein kinase that they are interested in. The results of these analyses are also
provided back to clients by e-mail in an MS-Excel spreadsheet.

With our In Silico Kinase Substrate Prediction (IKSP) Service, we can take the primary structure of the catalytic
domain of a typical protein kinase for any eukaryote and generated a specific PSSM matrix for that kinase. Our
IKSP Service was originally developed to predict the importance of each of the amino acids surrounding the
phosphorylation sites of substrates of typical human protein kinases. However, our research has revealed that our
algorithms may have wider application to other species, including those as diverse as budding yeast. It is also
useful for prediction of the possible effects of mutation of human kinases within their catalytic domains on their
substrate specificities. With this service, clients simply provide the name and Uniprot ID or NCBI accession
numbers for the desired protein kinase, and Kinexus provides back a table with the expected probability
frequencies of each of the 20 amino acids, 7 amino acids before and after the phospho-acceptor amino acid. The
identification of positive and negative determinants in the surrounding amino acids of phosphorylation sites permit
the creation of position-specific scoring matrices (PSSM) for each protein kinase. The Introductory Price for the

IKSP Service is US$189 per protein kinase.

BACKGROUND ON KINASE SUBSTRATE PREDICTION ALGORITHM
3. Background

The following provides a fairly detailed overview on our proprietary protein kinase substrate prediction algorithm,
including how it was developed and its effectiveness.

Proteins like kinases feature functional domains, which are substrings of protein sequences that can evolve, and
even exist independently of the rest of the protein chain. The most common domain in protein kinases, known as
its catalytic domain, carries out the actual phosphorylation of protein substrates. Of 536 well documented protein kinases
in humans, 486 feature one or more highly conserved catalytic domains of about 247 amino acids in length.

There are specificity-determining residues (SDRs) distributed throughout the catalytic domain of the kinases that
interact with the side chains of amino acids neighbouring and including the phospho-acceptor residue on the
protein substrate. A phosphosite sequence on a substrate can involve amino acid residues even 6 or more
positions N- and C-terminal to the phospho-acceptor residue. Kinase-substrate binding commonly involves a semi-
linear phosphosite sequence fitting into a kinase active site in the vicinity of the SDRs.

Atypical kinases have completely different structures when compared to the typical protein kinases. Atypical protein
kinases do not possess a catalytic domain similar to those found in the typical kinases and appear to have evolved
separately. No equivalent catalytic domain has been computed for them using alignment techniques. We have
determined the amino acid substrate specificities of several of the PI3KR kinases, including mTOR/FRAP, ATM, ATR
and DNAPK. We have predicted the locations of SDRs in 488 human kinase catalytic domains and generated
position-specific scoring matrices (PSSM) for each kinase.

There are many previous attempts to predict kinase specificities for protein substrate recognition and identify
potential phosphorylation sites in the human or yeast proteomes. These methods are usually based on computing
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consensus kinase recognition sequences, PSSM matrices or machine learning methods. Scansite
[www.scansite.mit.edu], artificial neural networks (ANN) and support significant efforts for modeling cell
phosphorylation networks. NetworKIN [www.networkin.info/search.php] uses artificial neural networks and
PSSM to predict kinase domain specificities and uses protein-protein interaction databases such as STRING
[www.string.embl.de] to increase the accuracy of the prediction. For a kinase and a substrate that are
connected or if there is a short path linking them in the STRING database, these are better candidates to be
selected in a phosphorylation network than those kinase-substrates, which are absent in STRING. However,
NetworKIN covers only 108 kinases of the 516 known human kinases NetworKIN does not compute the kinase
phosphorylation specificity of those kinases where there is no consensus phosphosite specificity data.
NetPhorest [www.netphorest.info/index.php] has wider coverage compared to NetworKIN with 179 kinases.
NetPhorest is similar to Networkin and uses a combination of ANN and PSSM matrices for prediction, but it puts
related kinases in the same groups and assumes that all the kinases in the same group have identical kinase
phosphorylation specificities.

More recently, Cell Signaling Technologies has offered kinase-substrate prediction on their PhosphoSite Plus website
(www.phosphosite.org) with their “The Kinase Library” module. The Kinase Library is a comprehensive Python

package for analyzing phosphoproteomics data, focusing on kinase-substrate relationships for at least 404 human
protein kinases.

All the mentioned methods have two major problems. Firstly, they can only compute specificity of those kinases
that are available in the kinase-phosphorylation site pair databases. Secondly, they are highly dependent on the
number of confirmed phosphorylation sites available for each kinase. The training dataset for all these methods
is usually from PhosphoSitePlus [www.phosphosite.org] and PhosphoELM [http://phospho.elm.eu.org/], which
store annotated information on kinase-phospho site pairs. At this juncture, PhosphoSitePlus has gathered at
least 295,327 phosphorylation sites (177,479 phosphoserine; 72,875 phosphothreonine, and 44,973
phosphotyrosine) in over 20,000 distinct proteins, while Phospho.ELM featured 42,914 sites in 8,698 proteins.
For the vast majority of these phosphosites, the kinases that phosphorylate them are not known. Only about
22,000 kinase-substrate phosphosites have been described.

4. Kinase Phosphosite Specificity

Generally, there is a recognition pattern in the phospho-peptide amino acid sequence that a specific kinase
will phosphorylate. We shall refer to this pattern as its kinase phosphosite specificity. This pattern is usually
represented by amino acid profile (frequency) matrices that show the frequency of the 20 common amino
acid at each position surrounding the phospho-acceptor residue of the phospho-peptide. Optimal consensus
sequences are also another way of representation of kinase specificity in which the most important amino
acids at each position are presented. Other methods such as PSSM matrices and machine learning methods
(e.g., ANN) generate a score for a given kinase and phospho-peptide. Higher scores show that a kinase is more
likely to phosphorylate that phosphosite it is a better match than a lower scoring phosphosite sequence.

As we mentioned above, to determine a recognition pattern for a kinase within a phosphosite, all of the
aforementioned methods rely on kinase-phosphosite pairs that are found in databases such as PhosphoSitePlus
and Phospho.ELM. It is known that phospho-peptides should have at least nine amino acids (centering at
phosphorylation site with four amino acids in right and left of the site) to represent the pattern properly, but we
decided to explore phosphopeptides of 15 amino acid lengths, because by inclusion of more amino acids we may
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obtain further information about the specificities for some kinases. After computing the profile matrices of several
hundred kinases we determined that there could be some additional specificity information from the added
positions -7, -6, 6, and 7 (where 0 is the phosphorylation site, - means left and + means right of the
phosphosite). However, increasing the length of the phospho-peptide more than 15 may lead to the higher noise
in the training data and makes the prediction task harder.

We created a new PSSM matrix to predict kinase phosphosite specificities, which is computed in the 3 steps
described below.

Profile matrix of each kinase. We first compute the probability matrix, called the profile matrix for each kinase.
Assume that kinase k phosphorylates n different phosphosite regions {p1, p2, ...pn} of length 15, which are found
experimentally. The profile matrix Pk of kinase k is 21 x 15 matrix, where rows represent amino acids (including
unknown amino acid or space x’) and columns represent amino acid residue positions in phosphosite region.

Background frequency of amino acids. Next, we compute the probability of each type of amino acid on the
surface of proteins. We refer to it as the background frequency of each amino acid type and denote them by B(j),
where 1 £j < 21. To compute background frequency we use all of 93,000 confirmed phosphosite sequences in the
human proteome. The reason is that all of these confirmed phosphosites are on the surface of the protein, and
hence, they can be a good sampling of the protein surface. By looking at the profile matrix of the kinases, we
determined that positions -3, -2, 0, and 1 are particularly important and therefore biased for kinase recognition,
since all of them had a very low entropy. Therefore, we excluded these positions for the computation of the
background frequency of each type of amino acid.

PSSM matrix of each kinase. With a profile matrix for each kinase and the background frequency of each amino
acid type, the PSSM matrix for each kinase is typically computed using log odds ratio measure:

M(ij) = log P(i,j) (1)
B(i)

where 1 < i < 21 and 1 < j < I5. The problem with this method is that there are many zeros in the profile
matrices P which are computed using experimental data, therefore the resulted PSSM matrix will have many —
o and consequently will not be smooth enough for the prediction. Usually different smoothing techniques [11] are
applied here to avoid zeros and —oo’s, but we used a different approach which results in improved matrices for

prediction. Equation (2) shows the way we compute PSSM matrix of each kinase.

M, j) = sgn(P(, j) - B()) - |PG, j)- BGi)|'"? (2)

The exponent 1.2 was determined experimentally to produce the best results.

The logic behind this method is similar to log odds ratio. If the probability of one amino acid i is bigger in the profile
matrix than the background frequency then that amino acid is a positive determinant, while if it is less than
background frequency it is a negative determinant to be recognized by that specific kinase. For a given candidate
phosphosite sequence for a specific kinase, we expect to see more positive and less negative determinant amino
acids to predict it as a substrate.
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Figure 1. Some of the best characterized protein kinases with respect to their substrate amino acid specificities
are shown for the 10 most critical amino acids in their catalytic domains that appear to interact with or influence
binding to the —3 amino acid residue position relative the phospho-acceptor amino acid on the protein substrate.
The positions of the kinase amino acids are based on the precise alignment in the catalytic domain. Positively
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charged amino acids are represented as blue, Histidine (H) as light blue (because it much less positively
charged that Arginine (R) and Lysine (K)), negatively charged amino acids as red, hydrophobic amino acids as
green, and Proline (P) as purple.

Score of each peptide. With a PSSM matrix Mk for kinase k, we can compute how likely a given candidate
phosphosite region p = a;a; . . . a;5 is going to be phosphorylated by kinase k. This value is called kinase specificity
score S and is computed as follows.

15

Stk, p) = 2 Mk (a;, j) 3)
J=1

5. Prediction of Position-specific Scoring Matrices (PSSM) for Kinases without Substrate Data

In this section, we introduce our algorithm for prediction of PSSM matrices based on their catalytic domains. The
idea is that those catalytic domains in different kinases that have similar SDRs tend to have similar patterns in the
phosphosite sequences of their substrate proteins. To quantify the similarity of catalytic domains of kinases we
performed multiple sequence alignment (MSA) of catalytic domains using the ClustalW algorithm The result of the
MSA is not quite accurate as it has many gaps and inserts, so the alignments were manually modified. We perform
this alignment on all 488 catalytic domains of the typical protein kinases. The length of each kinase catalytic
domain after MSA is 247 positions, which includes any gaps or inserts as a single position. For 229 of the domains
in the alignment we also compute consensus sequences using 9,125 confirmed kinase—phosphosite pairs. Figure 1
represents key amino acid positions of the catalytic domain after MSA of some of the best characterized kinases
for which the most phosphosites in substrates are known. These amino acid positions appear to be the most critical
for recognition of the —3 amino acid residue position before the phospho-acceptor site in the substrate peptide
sequence.

In the following parts we use the examples in Figure 1 and will explain how mutual information and charge
information are used to find SDRs on the catalytic domains of the kinases.

Mutual Information. Each position in catalytic domains or consensus sequences can be considered as a random
variable which can take 21 different values. Both random variables can take any of the 20 amino acids. In addition,
the random variables in domains can also take gap value ~, while the random variables in consensus sequence
can take ‘x’ value. In information theory the mutual information of two random variables is a quantity that measures
the mutual dependence of the two variables. We can use this measure here to find out which two positions in
consensus and catalytic domain are highly correlated. Formally, the mutual information of two discrete random
variables X and Y is defined as:

IX Y)= 22 px.y)log _p(xy) 3)
XedyeB p1(X)p2(y)

where p(x, y) = P(X =x, Y =), pl(x) = P(X = x), and p2(y) = P(Y = y). The higher mutual information, the
more the random variables are correlated. In our context, X is a position in the kinase catalytic domain, Y is a
position in the consensus sequence, A is a set of amino acids plus ~ and B is a set of amino acids plus ‘x’.
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Amino Acids in Protein Kinase Catalytic Domain
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Figure 2. Residue interaction matrix R. Rows shows the amino acids in the phosphosite regions of substrates and
columns are amino acids in the catalytic domain of kinases. Negatively charged amino acids are orange, positively
charged amino acids are blue, hydrophobic amino acids yellow, proline as purple, and phosphorylatable amino
acids are represented as gray. X’ also corresponds to the absence of an amino acid residue, which occurs for
phosphosites located at the N- and C-termini of proteins. This table was derived from knowledge of the structure
and charge of the individual amino acid side chains and the nature of their predicted interactions.

Charge Information. Negatively charged amino acid side-chains interact favorably with the side chains of
positively charged amino acids, and hydrophobic amino acids with hydrophobic ones. Therefore, if a position in
the catalytic domains (see Figure 1) tends to have many negatively charged amino acids and a position in the
consensus sequences tends to have more positively charged amino acids, it is likely that these two positions are
interacting with each other. Therefore, we define charge dependency C(X,Y) of two positions (random variables),
one in kinase catalytic domains (X) and the other in consensus sequences (7), as follows.

n

CX Y)= 2 R(xiyy)

i=1

(4)

25JN1 — In Silico Phosphoprotein Match Prediction Services
Customer Information Package

Kinexus Bioinformatics Corporation

10



where 7 is the number of kinases with consensus pairs (in our case 229 kinases w?lre used). R is also residue
interaction score of two different amino acids (Figure 2), x; is the amino acid of the . kinase at position X of the
catalytic domain and y; is the amino acid of the corresponding consensus sequence at position Y.

Residue interaction matrix shown in Figure 2 estimates the strength of a bond created between amino acids in the
average case independent of their distance. Negatively (positively) charged amino acids repel themselves (score -
2 in the interaction matrix R) and they attract positively (negatively) charged amino acids (score +2). Histidine (H)
has a smaller positive charge than Lysine (K) and Arginine (R). Therefore, scores for it are +1 for interacting with
negatively charged amino acids and -1 for interacting with positively charged amino acids. Hydrophobic amino
acids attract each other (score +2) while they repel both positively and negatively charged amino acids. S, T and Y
residues have a weak tendency to bind to each other (score 0.5), while they are completely neutral with the other
amino acids (score 0). For all the amino acids discussed so far, it is not relevant whether they are in the kinase
catalytic domain or phosphosite region. In both situations the score is the same, which makes the interaction matrix
symmetric. However, Glycine (G) is favored to be in the phosphosite region, because it is a small amino acid
residue that creates a pocket on the surface of the region and permits the catalytic domain of the kinase come
closer to the phosphosite region. The reason that we did not consider effect of G in the catalytic domain is that we
are less clear about the 3D structure of the most kinase catalytic domains, while phosphosite regions are likely to
be linear or semi-linear.

In general, the amino acid positions 69, 135, and 161 in the catalytic domains of protein kinases are quite
conserved with negatively charged amino acids. These amino acids are found in the highly conserved kinase
subdomains V, VII and VIII, respectively. In the example shown in Figure 1, since at (-3) position of the consensus
sequences of the peptide substrates of these kinases are mostly positively charged amino acids (e.g. arginine (R)
commonly appears), these three positions have a high charge dependency score C and would be considered as
strong candidate positions for interaction with (-3) position of the phosphosite regions of the protein substrate.
However, in addition to being very well conserved, the amino acids at these positions in the catalytic domain do not
correlate well with the (-3) position of the phosphosite regions of a large number of known substrates for kinases
where their specificities are well characterized (i.e., when the (-3) position features a negatively charged or neutral
amino acid, positions 69, 135, and 161 are still often negatively charged). Therefore, we needed a criterion to
combine correlation and charge dependency measures. The following equation combines these two measures.

Ce(X)Y) = 22 R(x.y) . pk.y)log pxy) (5)
Xed yeB p1(X)p2(y)

where Ce(X,Y) is called correlation—-charge dependency of two positions X in catalytic domains and Y in
consensus sequences.

Using this hybrid criterion Ce(X,Y) in our example, amino acid position 120 gets the maximum correlation charge
dependency in Figure 1. It might be expected that for a particular amino acid position in a substrate surrounding a
phosphosite, SDRs in the kinase catalytic domain might reside near each other. For example, positions 120 and
121 might be preferred to positions 120 and 220. However, in the 3D structure of the protein kinase domain, amino
acids that are well separated in the primary structure could be situated next to each other, whereas the side chains
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of neighboring amino acid residues could be orientated in opposite directions. In view of such exceptions, we did
not model it mathematically in our equations and algorithms. The following algorithm computes the best SDRs
(positions X in the catalytic domain) for each kinase consensus sequence position Y and their interaction
probabilities P(Y|X) = P(X,Y) / P(X) using correlation—charge dependencies. By examination of the x-ray
crystallographic 3D structures of 11 protein kinases co-crystallized with peptide substrates, we determined that
usually at most seven SDRs may interact with a single amino acid position within the substrate phosphosite region.
Therefore, we set the value m in Algorithm 1 to 7. From 516 known human protein kinases, 478 kinases are typical
kinases with 488 known catalytic domains and the remaining 38 kinases are all atypical kinases and we have
appreciable phosphosite specificity data only for four of them.

Algorithm 1 Computing SDRs

Input: 229 human kinase catalytic domains and their consensus sequences. Parameter m < 247.
Output: SDRs and their interaction probabilities for each position in the phosphosite region.

1: forj <—1,15do

N

Let ¥; be the jth position in consensus sequences
fori <— 1,247 do

Let X; be the ith position in catalytic domains
Compute C.(X; ¥))

end for

N o g A

Order positions X; based on C.(X;, Y¥;) (decreasingly)
Let Z; x be the kth position in this order.
8: OutputZ;;,...,Z;, as SDRs for
position Y; and interaction probabilities
P(Y;1Z.1), - .. P} |Zm).
9: end for

Next, we present Algorithm 2 which computes the profile and PSSM matrices for 488 catalytic domains in 478
different human kinases and uses the SDRs determined by Algorithm 1. The formula in Line 5 of the Algorithm 2 is
based on the observation that those interactions which have higher correlation—charge dependency are more
important in estimation of profile matrices.

Algorithm 2 Prediction of PSSM matrices of all kinases.

Input: SDRs and interaction probabilities from Algorithm 1 and 488 catalytic domains.
Output: Profile and PSSM matrices of all kinase catalytic domains.

1: > Estimation of the profile matrix of each kinase.

2: fork < 1,488 do

3: forj < 1,15do

4: > Estimation of interaction probabilities

5: Compute P(Y; Z; 1, Z 5, . . . . Zim) as
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6: end for

7 Store 21 x15 computed values in profile matrix Py

8: end for

9: > Computing PSSM matrices.

10: Compute the background frequencies B using the idea described earlier for kinase phosphosite specificity.
11: Compute the PSSM matrix of each kinase using Equation (2).

6. Examples of PSSM’s for Protein Kinases

We have applied our algorithms to deduce PSSM for 488 human protein kinase domains. To illustrate the power
and accuracy of these analyses, six examples of well characterized and distinct protein kinases are provided on
the next two pages in Figure 3. For each kinase, we first show the PSSM that is predicted with our algorithm
purely from the primary amino acid sequence of the kinase. In the second PSSM, the calculated values for the
scoring of each amino acid surrounding the phosphosite is based on the alignment of the amino acid sequences
of phosphosites in known in vitro substrates. Careful comparison of these predicted and empirically derived
PSSM'’s reveals them to be remarkably similar despite the fact that the experimentally generated PSSM uses
phosphosite sequences from many in vitro substrates that were not necessarily optimal for the kinases shown.

For 309 kinases we gathered 9,125 confirmed phosphosites from websites such as PhosphoSite and
Phospho.ELM and from the scientific literature. PSSM profiles these kinases were computed using the method
of alignment of the amino acids in the phosphosites targeted by each kinase (empirical matrices) and also with
Algorithm 2 (predicted matrices). We performed both methods to evaluate the over all reliability of the predicted
matrices. To measure the difference of predicted matrices with empirical matrices we use sum of squared
differences. We obtained 309 error values, each one representing how close the predicted matrix is to the
empirical one. The vast majority of the predicted matrices were extremely similar to those generated by known
substrate alignments. In addition to the numerical results, we confirmed that Algorithm 2 was successful for
predicting all the assignments of the serine—, threonine—, and tyrosine—phospho-acceptor specificities correctly.

Figure 3. The PSSM’s that are generated using our kinase substrate prediction algorithm (left tables) and from
the alignments of phosphosites in known in vitro substrates of the same 6 protein kinases (right tables) are
compared. The short name and Uniprot identification numbers are provided for each of these protein kinases.
The “0” position corresponds to the phospho-acceptor amino acid.
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7. Comparison of Optimal Recognition Sequences for Protein Kinases from Prediction and
Consensus from Empirically-derived Substrate Phosphosite Alignments

To further evaluate the reliability of our kinase substrate prediction matrices, we compared the optimal
consensus sequences for kinase recognition based on the predicted PSSM and those generated from the
alignment of known substrate phosphosites for each kinase. Figure 4 below provides the deduced optimal
phosphorylation site sequences for 45 of the best characterized human protein kinases for their substrate
selectivities. The predicted optimal phosphosite sequences feature more information about amino acid residues
that could contribute to binding to the target kinase. Careful inspection of this figure reveals a remarkable
convergence in the predicted optimal phosphorylation site sequences generated by these two methods for the
large majority of the protein kinases. However, for some kinases there are some discrepancies. It should be
appreciated that the consensus alignment method is based on the use of sequences of phosphosites in
physiological proteins. These phosphosites, while phosphorylated in vitro by a kinase, may not necessarily
feature the best amino acid sequences for recognition by that kinase. Physiological phosphosites have probably
evolved to permit the recognition by multiple protein kinases in vivo.

8. Comparison of Protein Kinase Substrate Prediction from our Predictor Algorithm and from
Other Websites

As indicated earlier, NetPhorest [www. netphorest.info/index.php] uses a combination of ANN and PSSM
matrices for prediction, and it puts related kinases in the same groups and assumes that all the kinases in
the same group have identical kinase phosphorylation specificities. NetPhorest contained 10,261 confirmed
phosphosites and has 50 specified groups for a total of 169 kinases linked to phosphorylation of 8,746 of those
sites. In this dataset, some phosphosites had more than one kinase phosphorylating them. To compare our
predictor with NetPhorest more readily, we removed these duplicated phosphosite records, and for each
phosphosite we retained only the highest scoring kinase. As a result, the number of phosphopeptides with their
corresponding kinases was reduced to 6,299 pairs. To examine how many of these kinase-phosphosite pairs
were consistent with our predictor, we subjected these 6,299 phosphosites to our predictor algorithm to
determine which individual kinases were more likely to phosphorylate these sites. We ranked 492 protein
kinases (488 kinase domains, and 4 atypical kinases for which we had PSSM matrices using phosphosite
regions) based on their calculated PSSM scores for each NetPhorest confirmed phosphosite region. It was
desirable that the experimentally confirmed kinases for each phosphosite region had high PSSM scores in our
predictor. However, we cannot expect these confirmed kinases always have maximum PSSM scores, because
although these kinases were experimentally demonstrated to phosphorylate those phosphosites, it was unclear
that they were always the best possible matches. We observed that 1058 NetPhorest kinase groups were
similarly predicted by our algorithm as the best kinase groups for the specific phosphopeptides, and 651 kinase
groups were predicted as the second best kinase groups. On average each NetPhorest kinase family has 3.3
kinases, and because our algorithm works based on individual kinases and not a group we adjusted the ranks
and intervals for the results from our algorithm accordingly to provide direct comparison. With this compensation,
approximately, 35 percent of the NetPhorest predicted kinases groups (72 percent of the individual kinases in
these groups) corresponded to the top 10 candidate kinases proposed by our algorithm. Therefore, our predictor
had similar prediction accuracy to NetPhorest, but we achieved coverage with three times as many different
protein kinases and with individual assignments rather than groups of kinases. This allows our kinase predictor
algorithm to better identify the best candidate kinases for any human phosphosite sequence.
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Predicted Optimal Recognition Sequences

Empirical Consensus Recognition Sequences

Uniprot
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Figure 4. The predicted most favorable amino acids including and surrounding the phosphorylation sites (P-
sites) targeted by 45 well characterized protein kinases are provided. The predicted optimal P-sites using our
algorithms and the catalytic domain sequences of the kinases are shown on the left. The consensus P-sites
based on alignment of known in vitro substrates of these kinases is given on the right. The number of P-site
peptides that were used to generate the consensus phosphorylation site sequences is indicated in a middle

25JN1 — In Silico Phosphoprotein Match Prediction Services

Customer Information Package

Kinexus Bioinformatics Corporation




column. Amino acids letter provided in upper case represent the most critical amino acid positions for kinase
recognition; lower case letter correspond to less important positions. The “0” position corresponds to the
phospho-acceptor amino acid. The short name and Uniprot identification numbers are provided for each of these
protein kinases.

FORMS TO COMPLETE AND FOLLOW-UP

9. Forms to be Completed

All of the forms necessary to use the In Silico Phosphoprotein Match Prediction Services are provided in the
Appendices section of this Customer Information Package. Fillable MS-Word versions of these forms are directly
downloadable from the Kinexus website at

http://www.kinexus.ca/ourServices/substrate profiling/phosphoprotein_match.html and by request by e-mail or by

phone. Please contact our Technical Service Representatives by e-mail at info@kinexus.ca or by phone at 604-323-

2547 Ext. 11 for all enquiries related to technical/research issues, work orders, service fees or request of fillable

order forms.

All customers are required to complete the following forms for each order placed:

A. Service Order Form (IPMP-SOF)

Please ensure:
e Shipping address and contact name and numbers are specified
e Pricing information is completed as outlined in Section C on the Service Identification Form (IPMP-SIF)
e Any promotional vouchers or quotations are listed in the billing sections
e Include a Purchase Order, Visa or MasterCard number for payment

e This form is certified correct and signed and dated

B. Service Identification Form (IPMP-SIF)

For each sample submitted, please ensure the following:

e In Section A, the customer should assign a unique Client Screen Identification Name so that they can track
their order internally

e In Section B, the type of analysis is specified: IPMP-PK (Phosphosite prediction with protein kinases
matching to each phosphosite sequence).

e This form is certified correct, signed and dated

Upon completion and transmission of these forms to Kinexus, we will endeavor to return the results of our analyses

back to you within 7 working days.
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10. Follow-up Services

Our In Silico Phosphoprotein Match Prediction (IPMP) Services permit the prediction of promising phosphosites
and the kinases most likely to target these phosphosites. With our Custom Peptide Synthesis Services

(https://www.kinexus.ca/services/peptide production), Kinexus can produce synthetic peptides both in soluble

form and on arrays with the amino acid sequences that correspond to phosphosites of high interest.

Kinexus is able to assist our clients with any of the proposed follow on experiments with our diverse panel of
proteomics services. Further information for our diverse service platform is available in customer information

packages that can be download from the Kinexus website

To find out more about how we can further assist our clients in these types of customized studies, please contact

our Customer Services Representatives to learn more about our custom proteomics services.
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IN SiLIcO PHOSPHOPROTEIN SERVICE ORDER FORM
MATCH PREDICTION SERVICES

Form: IPMP-SOF

KINEXus ORDER NUMBER
For Kinexus internal use only.

CUSTOMER INFORMATION [ | REPEAT CusTOMER OR [ NEw CUSTOMER

D&Dﬂm Ms.

Name of Authorized Representative or Principal Investigator Title/Position

Company Name or Institute Department

Street Address

City State or Province Country Zip or Postal Code
Email Address (Area Code) Telephone Number (Area Code) Facsimile Number
Contact Person (if different from Authorized Representative) Email Address (Area Code) Telephone Number

IPMP SERVICE REPORTS
RESULTS SENT BY EMAIL TO: [_| AUTHORIZED REPRESENTATIVE/INVESTIGATOR AND/OR || CONTACT PERSON

ORDERING INFORMATION

In Silico Phosphoprotein Match Prediction (IPMP) Services are offered for the prediction of phospho-sites, their evolutionary
analyses, and the human kinases that are likely to phosphorylate these phospho-sites for a target protein.

NOTE 1: THIS FORM MUST BE ACCOMPANIED BY AN IPMP-SIF FORM
NOTE 2: EACH IPMP ANALYSIS IS SEPARATELY COSTED

All prices in U.S. Funds

No. of IPMP analyses — ~30 phospho-sites for a defined human protein @ US $349 per analysis=  §
(~500 kinases scored per human phospho-site)

(each phospho-site analyzed in up to 20 other species)

|66

Quotation or Reference Number: (apply any special discount) =

TOTAL COST FOR THIS ORDER = $
FOR CANADIAN CUSTOMERS ONLY:

Add an additional 12% to the above total for HST (No. 893907329 RT0001): + $ = $

TOTAL AMOUNT PAYABLE IN U.S FUNDS

PAYMENT METHOD

I:l PURCHASE ORDER ~ ACCEPTED FROM COMPANIES AND INSTITUTES WITH APPROVED CREDIT. P.O. NUMBER:
I:l VISA OR I:l MASTERCARD

Print Cardholder Name Credit Card Number Expires (M/Y) cvv Cardholder Signature

BILLING INFORMATION |:| SEND INVOICE TO CUSTOMER AT ABOVE ADDRESS OR |:| SEND INVOICE TO ACCOUNTS PAYABLE CONTACT:

Clor [ me [1wms

Accounts Payable Contact Name

Company Name or Institute

Street Address City

State or Province Country Zip or Postal Code (Area Code) Telephone Number

AUTHORIZATION - CUSTOMER AGREES TO PAYMENT WITHIN 30 DAYS OF RECEIPT OF AN INVOICE FOR THESE SERVICES THAT HAS BEEN ISSUED
FOLLOWING THEIR COMPLETION:

Print Name of Authorized Representative or Principal Investigator Authorized Signature Date (D/M/Y)

How did you originally hear about the IPMP Services? I:l Direct Mail I:l Email I:l Web Site I:l Advertisement I:l Referral I:l Conference or Trade Show I:l Other




Form: IPMP-SIF

IN SILICO PHOSPHOPROTEIN MATCH PREDICTION
SERVICE IDENTIFICATION FORM

KINEXUS ORDER NUMBER

NAME: COMPANY/INSTITUTE:

(Authorized Representative or Principal Investigator)

STANDARD IN SiLico PHOSPHOPROTEIN MATCH PREDICTION SERVICES REQUESTED:

Use this form to order one or more of the Standard In Silico Phosphoprotein Match Prediction (IPMP) Services currently offered by Kinexus. Please check the
appropriate tick boxes. If you need assistance, please contact a technical service representative by calling toll free in North America 1-866-KINEXUS (866-546-

3987) or by email at info@kinexus.ca.

D STANDARD SERVICES REQUESTED: IPMP A. CLIENT SCREEN ID
Prediction Services with Kinexus’ proprietary algorithms and databases to permit KINEXUS ID NAME:
identification of phosphosites (P-sites), their evolutionary conservation, and targeting NUMBER Customer ID:

protein kinases.

(GEAEe e B Provide ID name of your choice for
A short name with a corresponding Uniprot ID number for each desired target phosphoprotein Number) . f 4 y
must be provided by the client. . this order for your own reference
For Kinexus Internal Use
Only.
B. PHOSPHOPROTEIN SELECTIONS: Complete the table below for each target protein to be analyzed. Only C. PRICING:

human phosphoproteins can be analyzed with this service. Consult the IPMP Customer Information Package D

for more details. IPMP service for analysis

(multiple P-sites

in multiple species with
multiple kinases)

of each target human protein

Short Name for Protein| Uniprot ID Number (available at www.uniprot.org) = US$349
D Protein 1
D Protein 2 Use this pricing inforn_1at_ion for
] proeins B e ek
D Protein 4
D Protein 5
D Protein 6
D Protein 7
D Protein 8

Name of person completing this form Signature Date (Y/M/D)





