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EPIGRAPH

Dreaming when Dawn's Left Hand was in the Sky
I heard a Voice within the Tavern cry,

"Awake, my Little ones, and fill the Cup

Before Life's Liquor in its Cup be dry."

Omar Khayyam
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ABSTRACT OF THE DISSERTATION

Accurate Prediction of Causative Protein Kinase Polymorphisms in Inherited Disease
and Cancer

Ali Torkamani
Doctor of Philosophy in Biomedical Sciences
University of California, San Diego, 2008

Professor Nicholas Schork, Chair

Understanding the genetic basis of disease is importat, not only, for
understanding the molecular mechanisms driving a particular disease phenotype, but
also for providing informative prognostic, and diagnostic markers, as well as allowing
for the design of personalized therapeutic intervention. Identifying these causative
genetic variants is a complex problem because of the relatively small level of risk
some variants may contribute, the interplay of variants which may be neutral in
isolation, population stratification in purely statistical identification of risk variants,
and the overwhelming number of neutral variants present in any individuals genome
or tumor genome. A number of computational methods for prioritization of risk factors
have been developed, each with a large weakness due to efforts to form generalized

predictions. In this dissertation, I describe a specialized prediction method, tailored

X1X



towards identification of causative polymorphisms in the protein kinase gene family,
and demonstrate its applicability to identification of polymorphisms involved in
inherited disease as well as cancer. Chapter 1 describes the method itself, Chapter 2
describes its applicability to cancer, and Chapters 3 and 4 delve into further details of

the contributions of some of the predictive attributes.
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INTRODUCTION

The Problem

Understanding the genetic basis of disease is important for not only identifying
factors that mediate pathogenesis but also important in providing pharmaceutical
targets for treatments, as well providing potential diagnostic and prognostic markers of
an individual’s susceptibility to disease. Ultimately, identifying causative
polymorphisms allows for the possibility of personalized medicine. The challenge of
personalized medicine lies in distinguishing causative polymorphisms from an
overwhelming majority of neutral polymorphisms. In this dissertation, I describe a
method capable of accurately predicting protein kinase polymorphisms underlying

susceptibility to both inherited diseases and cancers.

Protein Kinases

Protein kinases are a large family of evolutionarily related proteins that control
numerous signaling pathways in the eukaryotic cell. They share a conserved catalytic
core, which catalyzes the transfer of the y-phosphate from ATP to the hydroxyl group
of serine, threonine or tyrosine in protein substrates [1]. Addition of this phosphate
moiety can have multiple effects. It can activate the kinase, it can serve as a docking
site for other proteins, or it can exert allosteric regulatory effects. It also influences
downstream signaling events through cascades that eventually lead to transcriptional
activation in the nucleus [2]. Since many of the most fundamental cellular processes

such as transcription, translation and cytoskeletal reorganization are regulated by



protein phosphorylation, the catalytic activity of protein kinases involved in these
pathways is very tightly controlled. Abnormal activation or regulation of protein
kinases is a major causes of human disease, [3,4] especially cancers and malformation
syndromes [5,6]. Due to their adoption of a stereotypical protein fold, involvement in
numerous intracellular and extracellular signal transduction pathways, implication in
many cancers, and fundamental role in many hereditary human diseases, protein
kinases are an ideal family for the development and application of a computational

method to distinguish neutral from causative polymorphisms.

Background

Many rare single nucleotide polymorphisms (SNPs) have been identified as
contributing to disease susceptibility [7]. According to the human gene mutation
database greater than 50% of disease associated polymorphisms occur within the
coding region of genes [8]. However, most of these highly penetrant nonsynonymous
single nucleotide polymorphisms (nsSNPs) account for a small proportion of all
disease in the general population [9]. For example, mutations f-amyloid precursor
protein, presenilin 1 and presenilin 2 are known to cause Alzheimer’s disease.
However, mutations in these genes account for less than 5% of all Alzheimer’s disease
cases [10]. Likewise, rare hereditary factors identified in known cancer causing genes,
such as the approximately 20 genes implicated in the etiology of prostate cancer,

account for only 5-10% of total cancer cases [11].



One hypothesis, the common disease, common variant hypothesis, postulates
that common low-penetrance variations, rather than multiple rare high-penetrance
variations, are likely to be greater contributors to disease susceptibility [12,13 ,14 ,15].
It is estimated that 10 million common SNPs (>1% minor allele frequency) are shared
by the human population at large [16]. Of these, 67,000 to 200,000 are
nonsynonymous coding SNPs (nsSNPs) [1,17 ,18]. Testing all of these
polymorphisms for disease association would be time consuming, expensive, and
suffer from low statistical power [19]. While genome wide association studies are a
powerful means of elucidating the common variants associated with disease,
population stratification, marginal risk ratios, gene by environment interactions,
various forms of ascertainment bias, marginal causative allele effect sizes, and
multiple testing issues all contribute to a high false positive rate [20,21,22].

An alternative hypothesis proposes that the majority of disease may be caused
by a large number of extremely rare mutations. In fact, the allelic heterogeneity of
many overtly monogenic Mendelian disorders suggests that this may indeed be a
possibility [23]. In this case, statistical power suffers from the high heterogeneity of
causative polymorphisms. It is likely that both rare and common polymorphisms
underlie disease susceptibility, though it is unclear which plays the dominant role. In
either case, it is clear that there is a need for a means to differentiate causative from
neutral polymorphisms.

Identification of polymorphisms contributing to neoplastic transformation

suffers from a similar problem. The progression of the tumorogenic state is thought to



be driven by the accumulation of somatic mutations, some of which confer a growth
advantage or some other viability advantage to the cancer cells. These advantageous
‘driver’ mutations promote the tumorogenic state, while the other neutral, or
‘passenger,” mutations result from general genomic instability [24]. Even when
cancers with DNA repair defects are excluded, the number of somatic mutations per
megabase of DNA in common cancer types ranges from 4.21 and 2.10 somatic
mutations per Mb in lung carcinomas and gastric cancers, to 0.19 and 0.12 somatic
mutations per megabase in breast and testis cancers respectively [25]. By extrapolating
these figures to the whole genome, the number of somatic mutations per tumor is
expected to range from hundreds to thousands of polymorphisms. The identification of
possible cancer ‘driver’ mutations is typically performed by statistical analysis of
mutation frequencies [26]. These methods are excellent for estimating the overall
number and frequency distribution of drivers, but do not have sufficient power or
resolution to pinpoint particular drivers. Thus, there is a need for a means to
differentiate between ‘driver’ and ‘passenger’ polymorphisms.

A possible solution to the problem of identifying causative polymorphisms in
both inherited disease susceptibility and acquired cancer is the computational
prioritization of candidate SNPs before association studies are performed, or to
computationally assess the potential biological significance of statistically significant
polymorphisms after the application of genetic association studies to help discriminate
between possible false positives and true disease associated variations. Computational

methods capable of determining whether common polymorphisms are likely to be



functional and or disease-causing are receiving a great deal of attention due to the fact
that their use could help prioritize polymorphisms for association and related studies,
thus saving time and money as well increasing the likelihood of identifying true

positives when investigating the contribution of a gene or genes to disease.

Current Strategies

A number of methods have been developed to computationally prioritize
candidate nsSNPs for their likely impact on disease susceptibility [for a review, see
27]. Many of these prediction schemes exploit only a few characteristics of the
nsSNPs, such as DNA or amino acid conservation. Others exploit a wider range of
characteristics but are limited to characteristics which can be easily generalized to the
entire range of proteins found in the human genome, or are restricted in coverage to
structurally characterized proteins. As a result, these methods typically either provide
a wide coverage (>50%) but also a high false positive and false negative rates (>30%),
or lower false positive and false negative rates (=<12% - 21%), but with extremely
restricted coverage that requires complete structural characterization of relevant
proteins.

Improvements can be made by exploiting physiochemical, sequence, and
structural information derived from sequence alone. These additional structural
features can readily be extracted and applied to any particular protein family, though
the specific characteristics of each feature which distinguish disease from non-disease

polymorphisms are likely to differ from protein family to protein family. Mutations in



DNA-binding proteins are a simple example, where mutations of positively-charged
residues are likely to disrupt binding to negatively charged DNA, and thus be more
likely to cause disease than mutations of positively charged residues in other gene
families [28]. In fact, it has been shown that the nature of the training data, when
forming predictions, heavily influences the outcome of any individual predictive tool
being used [29], thus restriction to a particular protein family should lead to enhanced
accuracy.

To this end, this dissertation describes the design and implementation of an
analysis method that can be used to predict disease causing nsSNPs within the human
protein kinase gene family — a family comprising 22% of the druggable genome [30],
and implicated in a wide variety of biological processes and human diseases,
especially cancers [4]. In addition, recent evidence suggests that cancer mutants have
characteristics similar to Mendelian disease mutations [31]. Thus, the proposed
prediction method will be shown to be capable of differentiating both between neutral
and deleterious germline polymorphisms, and between somatic ‘driver’ and
‘passenger’ cancer mutations. Chapter 1 will go straight into describing the prediction
method itself and how it compares to previous methods, Chapter 2 will describe the
analysis of cancer somatic mutations and give evidence for the accurate prediction of
cancer ‘drivers,” Chapter 3 will discuss the conservation characteristics of disease
causing mutations and suggest why conservation methods work well but are
insufficient, and Chapter 4 will describe, in detail, the individual attributes used in the

prediction method.



CHAPTER 1
1.1 Summary

Contemporary, high-throughput sequencing efforts have identified a rich
source of naturally occurring single nucleotide polymorphisms (SNPs), a subset of
which occur in the coding region of genes and result in a change in the encoded amino
acid sequence (nonsynonymous coding SNPs or ‘nsSNPs’). It is hypothesized that a
subset of these nsSSNPs may underlie common human disease. Testing all these
polymorphisms for disease association would be time consuming and expensive. Thus,
computational methods have been developed to both prioritize candidate nsSNPs and
make sense of their likely molecular physiologic impact.

This chapter describes a method to prioritize nsSNPs and its application to the
human protein kinase gene family. The results of the analyses provide high quality
predictions and outperform available whole genome prediction methods (74% vs. 83%
prediction accuracy). The analyses and methods consider both DNA sequence
conservation, which most traditional methods are based on, as well unique structural
and functional features of kinases. A ranked list of common kinase nsSNPs that have a
higher probability of impacting human disease based on the analyses are provided in

the appendix (Appendix A).

1.2 Introduction
Computational prioritization of candidate nsSNPs can be used to rank the

likely impact of nsSNPs upon disease susceptibility and then test the most probable



disease-causing SNPs for association with diseases. In addition, nsSNPs identified as
associated with a disease from whole genome association (WGA) studies may benefit
from insight into their putative functional significance [32]. A number of methods
have been designed for this purpose [for a review see 27]. Many of these prediction
schemes exploit only a few characteristics of the SNPs, such as their levels of DNA or
amino acid conservation. Others exploit a wider range of characteristics but are limited
to characteristics which can be easily generalized to the entire range of proteins found
in the human genome, or are restricted in coverage to structurally characterized
proteins [33]. As a result, these methods typically either provide a wide coverage
(>50%) but high false positive and false negative rates (>20%), or lower false positive
and false negative rates, but with extremely restricted coverage that requires complete
structural characterization of relevant proteins.

In this chapter, I describe a sequence-based method which exploits information
and nsSNP characteristics previously used by other prediction schemes (i.e.,
conservation, secondary structure, solvent accessibility, etc.), as well as information
not used in previous prediction schemes (group membership, domain residence,
protein flexibility, and five different amino acid metrics). These additional structural
features can be readily extracted and applied to any particular protein family.
Essentially, I sought to predict disease-causing nsSNPs using either subsets of these
characteristics or all of them together with different statistical prediction and analysis
tools. To showcase the proposed methodology, I have designed and applied analysis

methods in order to predict nsSNPs that cause disease falling within the human protein



kinase gene family. The best prediction model I developed outperforms previously
described prediction schemes (83% correctly predicted by the method vs. <74%
correctly predicted by previous methods; significance of the difference, p<0.0001) and
provides high quality predictions for probable disease-associated common nsSNPs in

the human protein kinase family.

1.3 Methodology

An extensive record of nsSNPs in kinases was compiled using public domain
resources [7,12,34,35]. 1 then developed a number of SNP databases including a
‘natural’ set of SNPs which included nsSNPs known to cause disease from genetic
studies, and an ‘experimental’ set of SNPs which included SNPs found to be
deleterious from specific experimental manipulations. The details of the construction
of these datasets can be found in Chapter 4. For the creation of the natural set, all
disease causing (DCs) SNPs were taken from published literature compiled in OMIM,
KinMutBase and the Human Gene Mutation Database (HMGD). SNPs not known to
cause disease (‘uDCs;’ i.e., nsSSNPs unknown to cause disease) were obtained from
dbSNP125 and PupaSNP. The majority of these nsSNPs are common and probably
“neutral” variations within the human genome, and are not associated with any overt
clinical phenotype. I want to emphasize, however, that the functional effects of many
of these SNPs have not been explored in full. For the creation of the experimental set,
all DCs were from experimentally generated and functionally characterized mutations

found in the SwissProt feature table (nsSNPs affecting protein function are
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characterized as disease causing) and all uDCs were obtained from dbSNP126. An
additional dataset, Swiss-Prot disease/polymorphism, was compiled by collecting
polymorphisms found in the SwissProt feature table labeled as ‘polymorphism’ and
‘disease.’

The SNP characteristics used to predict disease causing status were: 1. kinase
group; 2. wild type amino acid; 3. SNP amino acid; 4. domain; 5. subPSEC score
[36,37]; 6. the change in hydrophobicity, polarity and charge coded as 1, O, or -1
where 1 is a gain in the respective factor, O is no change, and -1 is a loss in the
respective factor; 7. the secondary structure coded as coil, helix, or sheet as predicted
by the Proteus server (http://129.128.185.184/proteus/index.jsp) [38]; 8. the solvent
accessibility coded as accessible, inaccessible, or intermediate, as determined by the
Predict Protein server (http://www.predictprotein.org) [39]; 9. the flexibility WMSA
and Union scores as determined by Wiggle [40], and 10. the differences in the
following characteristics: the five amino acid metrics from [41], Kyte-Doolittle
Hydropathy [42], water/octanol partition energy [43], and volume [44]. For mutations
falling within the kinase catalytic domain, an additional eleventh predictor, whether
the mutations falls within the N-terminal or the C-terminal lobe, was used. Additional
characteristics that were used as predictors, just not used in the model but rather used
to compare the performance of the model to others were the SIFT score [45], PMUT
score [46], and SNPs3D [47].

A Support Vector Machine (SVM) used for predictions was implemented in

the Sequential Minimal Optimization (SMO) package of the WEKA [48] data-mining
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software package. Other classifiers explored, but ultimately discarded in favor of an
SVM, were a neural network (Multilayer Perceptron), and the Decision Table, also
from the WEKA software package.

In creating the final prediction model, training of the SVM was performed on
the full natural set as well as a subset of the natural set containing only mutations
occurring within the kinase catalytic domain. An additional characteristic, the sub-
domain of the kinase catalytic domain, was considered in the second SVM. These
separate SVMs were then applied to the test set and predictions were combined to
form the final set of predictions. The threshold probability to declare a mutation as
disease causing was determined as the threshold resulting in the highest average F-
measure score when both training and testing was carried out upon the natural set, this
threshold was maintained for application to all test sets. Areas under the curve and

comparison of different ROC curves were determined empirically as described in [49].

1.4 Results
1.4.1 Selection of the Prediction Method

The SVM-based statistical classifier used to generate the prediction scheme
and model was chosen heuristically by comparison of its performance to other
prediction schemes in differentiating disease from non-disease causing variations
using two test data sets: 1. a ‘natural’ set, consisting of naturally occurring kinase
polymorphisms; and 2. an ‘experimental’ set, consisting of induced mutations. Among

other statistical classifiers, I compared a SVM, a Neural Network model, and a
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Decision Table (Table 1.1). Since experimental mutations are selected by
experimentalists and do not occur naturally in particular kinase groups, the ‘kinase
group’ characteristic was omitted for experimental mutation predictions. Comparison
of the different methods involved consideration of average F-measures, percent
correctly predicted, Matthew’s correlation coefficient [50], and the balanced error rate.
The comparisons suggested that, considering both the experimental and natural
datasets, the SVM performed best on average, and, as such, was chosen to generate the
final prediction scheme and model.

Table 1.1: Comparison of Classifiers

Classifiers compared for their performance on the natural set. Threshold = 0.50 for all
classifiers. Best performance on test set is bolded.

Proportion Matthew's Balanced
Classifier Data Set Correctly Correlation Error
Classified Coefficient Rate
Support Natural 0.81 0.60 0.20
Machior Experimental 0.73 0.35 0.32
Decision Natural 0.81 0.61 0.20
Table Experimental 0.70 0.28 0.36
Neural Natural 0.77 0.53 0.24
Network Experimental 0.70 0.29 0.35

1.4.2 Performance and Validation of the Prediction Model

First, the method was applied to the natural set on which it was trained. Figure
1.1 presents ROC curves derived from analyses of the natural set as the test set. The
model performs with a high degree of accuracy (AUC = 0.8925 + 0.0056, 83%
correctly predicted) and performs similarly to predictions made by training on the full
natural set alone (the p-value for a test of equality of the two models was 0.56). This

comparison did not take into account the different thresholds used for determining
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disease causing status, where the percent correctly predicted on the full data set alone

18 81% vs. 83%.

Figure 1.1: Performance of the Prediction Model

=
©

o
o

e
3

o
Y

Sensitivity
o
&

o
IS

o
w

o
[}

o
e

o

(1] 0.1 0.2 03 04 05 06 0.7 08 0.9 1
1-Specificity

Figure 1.1 ROC curves generated from training and testing using on the natural and
experimental set. Corresponding measures of accuracy are presented in Table 1.2, and
areas under the curves are presented in Table 1.3. The curves represented are: from the
natural set (red); kinase domain (red dashed line with open triangles as symbols), All
(red open squares as symbols), the combined model (red solid line), and from the
experimental set (blue); All (blue solid squares as symbols); kinase domain (blue solid
triangles), and the combined model (blue solid line with solid circles as symbols).

To demonstrate that the results using the natural set as the test set did not result
from overtraining, I performed 10-fold cross-validation (Table 1.2). As in the case

where the full natural set was used for training and testing, the model performs with a

high degree of accuracy (81% correctly predicted; AUC = 0.8709 + 0.0067).
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Table 1.2: Comparison of Prediction Methods

Thresholds: Model; 0.53 Full Set and 0.49 for Kinase, SubPSEC; 0.45, SIFT; 0.52,
PMUT set at highest average F-measure for each test set. Best performance in each
category is bolded. Structure presents predictions on nsSNPs where a crystal structure
is available for prediction with SNPs3D.

Proportion Matthew's Balanced
Classifier Test Set Correctly Correlation Error
Classified Coefficient Rate
Natural 0.83 0.66 0.18
Experimental 0.77 0.44 0.28
Model Swiss-Prot 0.77 0.55 0.21
Crossvalidation 0.81 0.60 0.21
Structure 0.76 0.46 0.19
Natural 0.74 0.45 0.29
SubPSEC Experimental 0.74 0.29 0.37
Swiss-Prot 0.63 0.40 0.30
Natural 0.70 0.40 0.30
SIFT Experimental 0.69 0.39 0.29
Swiss-Prot 0.74 0.43 0.28
Natural 0.63 0.24 0.38
PMUT Experimental 0.61 -0.002 0.50
Swiss-Prot 0.62 0.25 0.37
SNPs3D Structure 0.60 0.17 0.39

To confirm the method is ‘learning’ to differentiate between disease causing
and non-disease causing nsSNPs, I tested the ‘natural’ set trained method on the
Swiss-Prot dataset (Table 1.2 and 1.3), held as the best data set for deleterious SNP
prediction benchmarking [29]. The results confirm the model differentiates between
disease and nondisease causing nsSNPs (77% correctly predicted; AUC = 0.8714 +
0.0108).

To demonstrate the general applicability of the model, I also applied the
method to the experimental set, which contains no nsSNPs found within the natural
set. Figure 1.1 also depicts ROC curves derived from analyses involving the

experimental set as the test set. In this case, the method (77% correctly predicted)
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clearly outperforms an SVM in which predictions for the kinase catalytic domain are

not made separately (73% correctly predicted; p-value<0.0001).

Table 1.3: Comparison of ROC Curves
Comparison of performance on the natural, experimental and Swiss-Prot datasets.

Method | Test Set | AUC Model Comparison (P-value)
Natural Swiss-Prot Experimental

Natural 8:3(9)28 * | 1.0000

E/}l(fdel Swiss-Prot 8:31(1)2 *
Experimental 83(1)}(6) *
Natural 8:&2& * | <0.0001

SubPSEC | Swiss-Prot 8:52? *
Experimental 8:8?;? * <0.0001
Natural 8:882; * | <0.0001

SIFT Swiss-Prot 8:8818 *
Experimental 8:833? * <0.0001
Natural 8:(6)?82 * | <0.0001

PMUT Swiss-Prot 8(6)12(1) *
Experimental 8(6)?5 * <0.0001

To visually present the separation of disease from nondisease causing nsSNPs,

I generated a tree diagram based upon the ’distances’ of the SNP characteristics used

to discriminate disease from non-disease associated nsSNPs (Figure 1.2). Distances

were calculated as follows: for categorical characteristics, a distance of 0 was assigned

for a match or 1 for a mismatch, whereas for continuous variables the distance was
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taken as the absolute values of the difference between two characteristics divided by
the range of the values these characteristics can take on, thus leading a measure that
varies between 0 and 1. These distances were then either unweighted or weighted by
the SVM coefficients to generate two different trees. Graphical tree representations
were generated by the ‘Unweighted Pair Group with Arithmetic Mean’ method
implemented in MEGA 3.1 [51]. While both methods show separation of disease from
nondisease causing SNPs, weighting by SVM coefficients results in closer clustering
of the characteristics of the disease and nondisease causing SNPs with each other.

Figure 1.2: Tree Diagram Demonstrating Accuracy of Results

a %%C Unwelghted Weighted

Figure 1.2 Tree diagram depicting separation of disease and nondisease SNPs.
Distances are either unweighted (left) or weighted with the SVM coefficients (Right).
Disease SNPs (DC) are shown in red, unknown to cause disease SNPs (uDC) are
shown in blue.
1.4.3 Comparison to Previous Methods

The accuracy of the SVM-based prediction scheme and model on the natural,
experimental and Swiss-Prot sets was compared to three previous prediction schemes,

the SUbPSEC method (used in the model), the SIFT method — which is regarded as

one of the best methods for functional mutation prediction — and the PMUT method,
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which cites a level of accuracy similar to ours based on a completely different test set.
Figure 1.3, as well as Tables 1.2 and 1.3, demonstrate that the SVM-based model and
prediction scheme outperforms the SUubPSEC, SIFT and the PMUT methods, on all
data sets (p<0.0001 for all comparisons).

Figure 1.3: Comparison of the Model to Previous Methods
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Figure 1.3 Comparison of the Model, SubPSEC, SIFT, and PMUT methods of
predicting disease status of mutations. The model outperforms other methods.
Corresponding areas under the curve and statistical comparisons are presented in
Table 1.3. The curves include: natural data evaluated under the model (black solid line
with solid circles), SUbPSEC (red solid line with solid diamonds), SIFT (blue solid
line with solid squares), PMUT (green solid line with solid triangles), and the
experimental data evaluated under the model (black dashed line with open circles),
SubPSEC (red dashed line with open diamonds), SIFT (blue dashed line with open
squares), PMUT (green dashed line with open triangles).

Additionally, comparison was made to SNPs3D, a classifier capable of
performing predictions based upon solved crystal structures. When comparing the

performance of the model vs. SNPs3D on a subset of nsSNPs where structural
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information is available, the model (76% correctly predicted) outperforms SNPs3D
(60% correctly predicted) (Table 1.2). Importantly, 32% of DCs incorrectly classified

by SNPs3D as neutral variants were correctly classified by the method.

1.4.4 Contribution of the Attributes

The different SNP characteristics used as predictors of disease vs. non-disease
associated SNPs were evaluated for their individual contributions to the predictions by
either removing one set of characteristics from a larger total set of characteristics for
making predictions (Table 1.4; upper diagonal)), or performing predictions with only
one set of characteristics (Figure 1.4, Table 1.4; lower diagonal). The characteristics
were divided into categories, which included conservation, which is comprised of the
SubPSEC score; amino acid information, which is comprised of the wild type and
SNP amino acid identity; changes in the five amino acid metrics, and changes in
hydropathy, water/octanol partition energy, hydrophobicity, polarity, charge, and
volume; overall structural similarity, which is the group association; and general
structural information, which is comprised of secondary structure, solvent
accessibility, domain residence and flexibility predictions.

Using any single characteristic is significantly less accurate than combining all
the different characteristics (Figure 1.4, Table 1.4; (p<0.0001 for all comparisons) and
removal of any single characteristics also causes a significant decrease in model
accuracy (Table 1.4). This demonstrates that each characteristic makes a significant

positive contribution to the overall performance of the model, though predictability is
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still obtained with a subset of the parameters. Thus, any predictor of disease which
relies upon a single characteristic will fall short of the accuracy obtainable by a
combination of characteristics.

Figure 1.4: Contribution of the Attributes
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Figure 1.4 Comparison of the performance of any SNP characteristic on disease
prediction. Corresponding AUCs and statistical comparison are presented in Table 1.4.
No single data type performs as well as the combined model. Group shows the best
performance. Amino acid information and structural information perform similarly.
Curves include: the full model (black), SubPSEC (red), amino acid attributes (blue),
group attribute (violet dashed line), structural attributes (green).
1.4.5 Implementation

In contrast to most methods, which predict approximately 25-30% of human
nsSNPs to detrimentally affect protein function, I find that 12% of kinase nsSNPs are
predicted to detrimentally affect kinase protein function. Of the top three ranked

dbSNP SNPs predicted to cause disease, LRRK2(G2026S) lies in the DFG motif

(DYG for LRRK?2) and is associated with Parkinson’s disease, EGFR(G719) lies in
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Table 1.4: Comparison of Subsets of SNP Characteristics Used as Predictors
Upper diagonal contains comparisons when the attributes are removed. Lower
diagonal contains comparisons of the attributes performance alone.

Predictors AUC Comparison (P-value)

Removed | Alone Full Conservation AA Info Group Structural
Full 8(8)(9)28 = 1 0.8925 £0.0060 | 1.0000 | 0.0002 <0.0001 <0.0001 <0.0001
Conservation 2()8?)%)2 4 0.7403 +0.0099 | <0.0001 1.0000 0.0202  <0.0001 0.0218
AA Info 2082)?)2 5 0.7001 £0.0112 | <0.0001 <0.0001 1.0000 | <0.0001 0.9420
Group 208?)2)(7) 6 0.8009 +0.0087 | <0.0001 <0.0001 <0.0001 1.0000 | <0.0001
Structral | V37 1107075 200125 | <0.0001 <0.0001 0.0716  <0.0001 1.0000

the G-X-G-XX-G motif and has been identified as a mutation in nonsmall cell lung
cancer responsive to gefitinib [52], and PKCh(D487Y) also lies in the DFG motif.
Another SNP, ATM(F2827C), which was mistakenly labeled as a nondisease
associated SNP in the dataset, was also detected with a probability of causing disease
of 83%. A number of SNPs not conclusively implicated in disease, but for which weak
disease associations have been observed, such as rs2234909 in FGFR3 and rs4647902
in FGFR1 — both of which have been associated with craniosynostosis — are also
predicted to be disease causing. The results of the analysis as to which nsSNPs,
currently not known to contribute to a specific disease within the human protein kinase
gene family, but that are likely to contribute to human disease, are presented in rank

order in Appendix A.

1.5  Conclusions
The improved performance of the prediction scheme over other methods

presented herein likely reflects biases in the distribution of disease-causing mutations
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within the protein kinase gene family. These biases, at the level of group, domain, and
amino acid are detailed in Chapter 4. It is quite likely that the weight of characteristics
used in determining the functional status of a mutation differs from gene family to
gene family. A simple example is mutations in DNA-binding proteins, where
mutations of positively-charged residues are likely to disrupt binding to negatively
charged DNA, and thus be more likely to cause disease than mutations of positively
charged residues in other gene families [28]. Additionally, when a prediction method
is trained and applied to a particular gene family, additional characteristics, such as
large scale structural similarities determined by group or domain membership, can be
exploited to improve accuracy. These statistical signals would more than likely be
dampened to the level of random noise when the prediction method is trained and
applied to the whole genome. This loss of information is especially significant
considering that group, as a predictor of large scale structural similarity, is among the
most informative characteristics for functional classification (Table 1.4). The lack of
correlation between experimentally-induced mutations within kinase groups and their
occurrence in disease, as detailed in Chapter 4, demonstrates that this observation is
not an artifact of the training data but reflects a real increased propensity for disease
causing mutations in specific kinase groups. Additionally, the close phylogenetic
relationship between RGC, TK, and TKL kinases, kinase groups strongly associated
with disease (Chapter 4), further suggests a relationship between their overall
structural or evolutionary similarities and an increased propensity to cause disease.

Though different protein families may require a different set of informative attributes
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to perform predictions, the results indicate that expert knowledge can be leveraged to
greatly improve prediction accuracy of deleterious protein polymorphisms. The
specific predictors used herein may not apply directly to other protein families, and
intensive analysis of the unique determinants of disease in each individual protein
family will be required to generate enhanced prediction accuracy.

The results suggest that conservation information alone is not sufficient to
differentiate nsSNPs likely to cause disease from those that are not likely to cause
disease. This is consistent with the results of the recent survey of functional genomic
elements in the genome by the ENCODE Project Consortium [53]. The ENCODE
researchers identified a number of regions of the genome that exhibited clear
biological activities but were not conserved across species, suggesting a role for
lineage-specific variations in mediating particular biological functions. On the other
hand the results suggest that phylogeny, domain, or other attributes relevant to overall
structural features are powerful predictors for disease causing status. An in depth
description of the conservation characteristics separating disease from non-disease
causing polymorphisms is presented in Chapter 3.

In the particular case of human protein kinases, disease causing mutations tend
to be clustered within the highly conserved catalytic core [54]. Within this catalytic
core the probability of a disease causing mutation occurring at a specific amino acid is
different than the probability observed on a whole genome scale (Chapter 4). Thus, in
addition to training the method on kinase proteins in general, the method performs

separate predictions for mutations occurring both outside of, and within, the conserved
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catalytic core, further exploiting biases in the distribution of predictive characteristics
at the domain level. When predictions are performed using mutations occurring within
the kinase catalytic core, an additional structural characteristic, the sub-domain of the
kinase catalytic core, is also included. Ultimately, I have found that disease causing
mutations tend to cluster within the C-terminal lobe rather than the N-terminal lobe
(Chapter 3). Similar biases have been observed within structural features of other gene
families as well [55].

An additional SNP structural characteristic not used previously in other
prediction methods, but ranking as one of the more powerful predictors in the model,
is the protein flexibility measure, Wiggle [40]. The importance of this predictor is
described in respect to its prediction performance within the kinase catalytic core and
discussed further in Chapter 4. The Wiggle measure tends to give large negative
scores (inflexible) to residues towards the center of helices. The centers of these
helices tend to be enriched with disease causing mutations, while the edges of the
helices tend to be enriched with neutral mutations. Additionally, conserved residues
and motifs tend to occupy central positions within these helices adding extra emphasis
upon these residues as highly conserved and structurally inflexible. The score
performs well on mutations occurring outside of the catalytic core as well, suggesting
that disease causing mutations tend to occur at structurally inflexible locations in
general, and may be particularly enriched within the centers of secondary structures.

The combined contributions of all the characteristics taken as predictors

described above lead to a prediction accuracy that significantly exceeds those of the
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SubPSEC, SIFT, PMUT or SNPs3D methods on both the natural and experimental
datasets (Figure 1.3, Table 1.2, Table 1.3). While methods based on conservation, like
SubPSEC and SIFT, are excellent for whole genome predictions, experimentalists
interested in a large number of nsSNPs in a particular gene family, for example
nsSNPs in kinases implicated in cancer samples, can benefit from improved accuracy
by including additional predictors designed to target unique determinants of disease
causing status within the gene family of interest. Some of these predictors, such as
group membership, derive from real biological tendencies towards disease causing
status, thus while the method outperforms other methods on the experimental dataset,
it performs less well on the experimental dataset as compared to the natural dataset.
The method also compares favorably to the PMUT method, which uses a combination
of conservation and structural attributes, and SNPs3D, which is able to perform
predictions based upon solved crystal structures. It is likely that the datasets which
PMUT and SNPs3D were trained on contained disease associated and neutral
mutations whose characteristics vary wildly from those in the kinase mutations
dataset. This further demonstrates that non-conservation predictors of disease
association vary significantly from protein family to protein family and suggests that
caution should be used in applying these methods as general predictors [29,55].
Therefore, while PMUT and SNPs3D exhibit excellent performance on the datasets
they were trained with, and should perform well on protein families represented in
their training sets, they do not appear to be well suited for predictions within the

protein kinase gene family.
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To my knowledge, all available methods for disease SNP prediction, except for
PMUT, demonstrate <75% correct predictions and estimate that 25-30% of mutations
found in dbSNP are deleterious. The studies indicate, at least for the kinase gene
family, that this figure is closer to 10% and likely even lower since many of the SNPs
presented in Appendix A are rare, have not been validated, or not strongly predicted to
be disease causing. It has been estimated that a limited number of disease
susceptibility genes with common variants can explain a major proportion of common
diseases in the population [56], thus, a much lower proportion of deleterious common
SNPs than currently estimated is in agreement with this estimate.

I believe that the predictions presented herein represent a highly accurate
analysis of nsSNPs within the human kinase gene family, and present an excellent
starting point for the elucidation of common SNPs within this family that may
contribute to common diseases. The importance of human protein kinases to nearly
every biological process suggests that this gene family is likely to contribute
significantly to common disease. The applicability of the prediction method to
characterization of the properties of precancerous somatic mutations will be described
in the next chapter (Chapter 2). This is a logical extension of the method since both
inherited disease susceptibility and the DNA changes in somatic cells associated with
cancers are, at least in part, a result of altered protein function.

An important caveat in not only the analyses but all analyses seeking to
differentiate disease causing from non-disease causing polymorphisms, is the

delineation of the ‘control’ variations that do not cause disease. It is very likely that
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the chosen control variations include amongst them variations that do, in fact,
contribute to disease, although the role of these variations in mediating disease
susceptibility has not been worked out. Although likely true, this fact does not
invalidate the analyses for at least two reasons: First, the inclusion of actual disease
causing variations in the control set should, if anything, bias the results towards the
null hypothesis of no differences between the defined disease and non-disease causing
variations on the basis of conservation and structural characteristics of those
variations. Thus, the fact that I could distinguish disease from non-disease causing
variations corroborates the use of the variations I chose as controls. Second, if disease
causing variations do exist amongst the control variations, then their influence on
disease must be subtle if it has not been revealed yet. As such, the analyses may be
best considered as providing results more relevant to the prediction of overt,
Mendelian, largely monogenic diseases influenced by highly penetrant variations than
to polygenic, multifactorial diseases. As the genetic bases of polygenic, multifactorial
diseases are characterized, a reapplication of the ideas and methods would be in order.
The text of Chapter 1 is derived, in part, from the following publication: A.
Torkamani, N.J. Schork (2007) Accurate Prediction of Deleterious Protein Kinase

Polymorphisms. Bioinformatics 23: 2918-25.



CHAPTER 2

2.1 Summary

A large number of somatic mutations accumulate during the process of
tumorogenesis. A subset of these mutations contributes to tumor progression (known
as ‘driver” mutations) while the majority of these mutations are effectively neutral
(known as ‘passenger’ mutations). The ability to differentiate between drivers and
passengers will be critical to the success of upcoming large-scale cancer DNA
resequencing projects. Here I demonstrate the method described in Chapter 1 is
capable of discriminating between drivers and passengers in the most frequently
cancer associated protein family, protein kinases. I apply this method to multiple
cancer datasets, validating its accuracy by demonstrating that it is capable of
identifying known drivers, has excellent agreement with previous statistical estimates
of the frequency of drivers, and provides strong evidence that predicted drivers are
under positive selection by various sequence and structural analyses. Furthermore, I
identify particular positions in protein kinases which appear to play a role in
oncogenesis and describe pathways essential to tumor predisposition and progression.
Specifically, I predict that genes involved in tumor proliferation and metastasis drive
tumor progression while genes involved in immunity underlie cancer predisposition.

Finally, I provide a ranked list of candidate driver mutations (Appendix B).

2.2 Introduction

27



28

Cancers are derived from genetic changes that result in a growth advantage for
cancerous cells. These genetic changes, or mutations, either occur as a result of errors
during replication or may be induced by exposure to mutagens. More than 1% of all
human genes are known to contribute to cancer as a result of acquired mutations [57].
The family of genes most frequently contributing to cancer is the protein kinase gene
family [57], which are both implicated in, and confirmed as drug targets for, a number
of tumorogenic functions, including, immune evasion, proliferation, anti-apoptotic
activity, metastasis, and angiogenesis [58,59]. As mutations accumulate in a
precancerous cell, some mutations confer a selective advantage by contributing to
tumorogenic functions (known as ‘drivers’), while others are effectively neutral
(known as ‘passengers’). Passenger mutations may occur incidentally because of
mutational processes, and are often observed in the mature cancer cells, but are not
ultimately responsible for any pathogenic characteristics exhibited by the tumor.

Recent systematic resequencing of the kinome in cancer cell lines has revealed
that most somatic mutations are likely to be passengers that do not contribute to the
development of cancers [25]. A challenge posed by these systematic resequencing
efforts is to differentiate between ‘passenger’ and ‘driver’ mutations. Differentiating
passengers from drivers is critical for understanding the molecular mechanisms
responsible for tumor initiation and progression, but also ultimately provides
prognostic and diagnostic markers as well as targets for therapeutic intervention. An
effective method for identifying cancer drivers is also critical for customizing or

individualizing the treatment of a cancer patient based on his or her specific
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tumorogenic profile. Currently, statistical models comparing nonsynonymous to
synonymous mutation rates are used to both identify and estimate the number of
possible cancer drivers out of a total set of identified genetic variations [26]. These
methods are excellent for estimating the overall number and frequency distribution of
potential drivers out of a larger set of variations, but do not have sufficient power or
resolution to pinpoint particular drivers.

Recent evidence suggests that cancer drivers have characteristics similar to
Mendelian disease mutations [60]. Based on this information, a computational tool for
predicting cancer-associated missense mutations, CanPredict, was developed [61].
CanPredict is a generalized prediction method, but is limited to predictions made upon
missense mutations falling within specific functional domains of proteins. Here I
apply the support vector machine (SVM)-based method from Chapter 1 to somatic
cancer mutations. The method designed to differentiate between common, likely non-
functional genetic variations and Mendelian disease-causing polymorphisms,
specifically within the protein kinase gene family [62], is shown to be an effective
method for differentiating cancer driver from passenger mutations.

I have evaluated the utility of this method in a number of ways. First, 1
demonstrate that the method outperforms CanPredict upon classification of known
drivers within the protein kinase gene family. Second, I show that the method shows
excellent agreement with previous statistical estimates of the number of likely drivers
observed in the resequencing study by Greenman et al (i.e., 159 specific drivers vs.

158 predicted drivers by the method). Third, I present sequence, structural, and
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frequency analyses of mutations catalogued within the Cosmic database [63], that
strongly suggest that predicted driver mutations by the method are under positive
selection during oncogenesis and are, in fact, true cancer drivers. Fourth, I identify
specific positions, including a position corresponding to BRAF V599, whereby
mutations at these positions are observed across eight different kinases, suggesting a
generalized role for this position in mediating oncogenesis. Fifth, I present pathway
analyses and identify specific mutations that suggest that predisposition to cancer
appears to involve defects in immune function, while tumor progression involves
mutation of protein kinases involved in proliferation and metastasis. A ranked list of
candidate driver mutations, as well as suspected cancer predisposing germline

mutations, is provided in Appendix B.

2.3 Methodolgy

Known somatic driver mutations were obtained by searching OMIM [64].
Somatic and germline mutations from cancer cell lines were obtained from the kinome
resequencing study by Greenman et al [25]. The catalogue of observed somatic
mutations was obtained from the Cosmic database [58]. The protein kinase sequences
and residue numbering corresponds to the position in KinBase
(http://kinase.com/kinbase/) sequences [3]. SNPs were mapped to protein kinases by
blasting Kinbase sequences vs. Cosmic database sequences [65]. SNPs from the
Cosmic database were assigned to Kinbase sequences with the best E-value scores and

mapped to specific positions as described in Chapter 4. SNPs mapping to Obscurin
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and Titin were filtered out as these proteins are currently unamenable to the prediction
method. This filtering resulted in 563 SNPs from Greenman et al. and 1036 SNPs
from the Cosmic Database.

Sub-domain distribution and motif based alignments of 175 kinase catalytic
domains containing somatic mutations found within the Cosmic database were
generated as described in Chapter 3. Briefly, motif based alignments were generated
by implementation of the Gibbs motif sampling method of Neuwald et al [66,67].
Given a set of protein kinase sequences used to generate conserved motifs, as in
Kannan et al [68], the Gibbs motif sampling method identifies characteristic motifs for
each individual sub-domain of the kinase catalytic core, which are then used to
generate high confidence motif-based Markov chain Monte Carlo multiple alignments
based upon these motifs [69]. These sub-domains define the core structural
components of the protein kinase catalytic core. Intervening regions between these
sub-domains were not aligned.

The quality of these alignments was assessed using available crystal structures
of human protein kinases by the APBD [70] method. The sequences and crystal
structures used in APBD were: 1A9U (p38a), 1AQ1 (CDK2), 1B6C (TGFbR1), 1BI7
(CDKG6), ICMS8 (p38g), 1QPJ (LCK), IFGK (FGFR1), 1FVR (TIE2), IGAG (INSR),
1GJO (FGFR2), IGZN (AKT2), 11A8 (CHK1), 1K2P (BTK), 1IM14 (EGFR), IMQB
(EphA2), IMUO (AurA), 1QCF (HCK), IR1W (MET), 1RJB (FLT3), and 1U59
(ZAP70). The average alignment accuracy was 92%. After visual inspection of the

multiple alignment score distribution, manual tuning of the alignments was deemed
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unnecessary. Score accuracy was evenly distributed across the entire alignment,
suggesting no loss of alignment resolution at any particular region.

Calculations concerning the enrichment of somatic mutations within particular
sub-domains are discussed in-depth in Chapter 3. In short, the average length of each
sub-domain was calculated as the weighted average of the region length in each kinase
considered, where weights correspond to the total number of SNPs occurring within
each kinase. Though sub-domains are generally of the same length, these weights are
used to avoid biases in the length of intervening regions between sub-domains (those
labeled with an “a,” in Table 2.2) due to the large inserts occurring in a few protein
kinases. The probability of a SNP occurring within a particular region purely by
chance was computed as its weighted average length over the sum of every region’s
weighted average length. The probability (p-value) of the observed total number of
SNPs occurring within each region, was then calculated using the general binomial
distribution. A simulation study to determine the significance of the position-specific
distribution of CASMs was carried out by randomly placing the same number of SNPs
observed in the Cosmic database per kinase, 10,000 times. The results were used to
determine the 95% confidence interval of the expected number of sites where one to
eight kinases would be expected to be mutated by chance.

Predictions were performed as described in Chapter 1. Briefly, a support vector
machine (SVM) was trained upon common SNPs (presumed neutral) and congenital
disease causing SNPs characterized by a variety of sequence, structural, and

phylogenetic parameters (described in detail in Chapter 1). Predictions are performed



33

using somatic mutations occurring within and outside of the kinase catalytic core
separately. As in Chapter 1 the threshold taken for calling a SNP a driver is 0.49 for
catalytic domain mutations, and 0.53 for all other mutations.

The Ingenuity Pathway Analysis tool was used to determine which pathways
each protein kinase gene participates in. Standard least squares regression, with
pathways as the independent variable and the SVM predicted probability that a
polymorphism is deleterious as the dependent variable, was then applied to all
germline mutations with the number of times a germline mutation is observed as its

weight. All statistical analyses were performed using JMP IN 5.1

2.4  Results
2.4.1 Prediction of Known Drivers

All known cancer associated somatic mutations (CASMs) occurring within the
kinase gene family were extracted from the Cosmic database. A nonredundant set of
CASMs was generated from this dataset and subjected to predictions by the SVM
method. Within this dataset of 1036 CASMs, 512 (49.42%) were predicted to be
driver mutations. The OMIM database contains a small number of these mutations that
are known to be drivers and whose functional significance in sporadic, non-familial
cases of cancer is supported by substantial evidence (Table 2.1). These 28 known
driver mutations and 1 known passenger mutation are predicted with 100% accuracy
by the SVM method. Given that 49.42% of the mutations within the CASMs dataset

are predicted to be driver mutations, this degree of accuracy for these 29 mutations can



Table 2.1: Known Cancer Drivers and Passenger

ND = not determined. Mutations incorrectly predicted by CanPredict are bolded.
Mutations with no CanPredict predictions are italicized.
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Kinase Mutation Driver? Prediction CanPredict
BRAF R4611 Yes Yes Yes
BRAF 14628 Yes Yes Yes
BRAF G463E Yes Yes Yes
BRAF G465V Yes Yes Yes
BRAF L596R Yes Yes Yes
BRAF L596V Yes Yes Yes
BRAF V599E Yes Yes Yes
BRAF K600E Yes Yes Yes
EGFR G719C Yes Yes Yes
EGFR G719S Yes Yes Yes
EGFR T790M Yes Yes No
EGFR L858R Yes Yes Yes
FGFR2 S267P Yes Yes Yes
FGFR3 R248C Yes Yes ND
FGFR3 $249C Yes Yes ND
FGFR3 E322K Yes Yes Yes
FGFR3 K650E Yes Yes Yes
ErbB2 L755P Yes Yes Yes
ErbB2 G776S Yes Yes No
ErbB2 N857S Yes Yes No
ErbB2 E914K Yes Yes Yes
KIT V559D Yes Yes Yes
KIT V560G No No No
KIT D816V Yes Yes Yes
LKB1/STK11 Y49D Yes Yes Yes
LKB1/STK11 G135R Yes Yes Yes
PDGFRa V561D Yes Yes Yes
PDGFRa D842V Yes Yes Yes
RET M918T Yes Yes No

be expected to occur, at random, one time in a billion. Given that most of these known

driver mutations occur within the kinase catalytic core, and that mutations within the

catalytic core are more likely to be predicted as driver mutations (74.50% of mutations

within the catalytic core are predicted to be drivers), the probability with which this

predictive accuracy can be expected at random, adjusted for the rate at which catalytic

core mutants are predicted to be drivers, is p = 6.71 x 10-5, and thus is highly

statistically significant. The performance of the method on this small subset of known
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cancer drivers suggests that predictions of drivers by the method are highly accurate.
The performance of the method on the protein kinase gene family is also superior to
that of CanPredict [56], a whole genome cancer ‘driver’ prediction method (Table
2.1). CanPredict only performs predictions on the 27 SNPs falling within functional

domains. Of these SNPs, four are incorrectly predicted as passengers.

2.4.2 Agreement with Re-sequencing-based Predictions

The SVM prediction technique was applied to 583 missense mutations
identified, by Greenman et al., in cancer cell lines [25], to identify which of these
mutations are likely to be cancer drivers. 159 missense mutations (28.24% of missense
mutations) in 99 kinases were predicted to be cancer drivers
(Appendix B1). These figures demonstrate excellent agreement with the analysis of
selection pressure using synonymous vs. nonsynonymous mutational frequencies by
Greenman et al., which suggested that 158 (95% confidence interval, 63-246) driver
mutations in 119 kinase (95% confidence interval, 52-149) exists within this dataset.
The analysis by Greenman et al. revealed that selection pressure is only slightly higher
within the catalytic domain (1.40) as compared with mutations outside this domain
(1.23). Consistent with this finding, I predict 66.67% of drivers fall within the catalytic
domain, while the rest of the predicted drivers fall outside, especially within receptor
structures (11.95%) and unstructured interdomain linker regions (13.84%). Within the
kinase catalytic domain, Greenman et al. demonstrated that mutations within the P

loops and activation segments showed a higher selection pressure (1.75) than the
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remainder of the catalytic domain. In agreement with their analysis, the method also
predicts a higher proportion of drivers (64.29%) within these regions as opposed to the
rest of the catalytic domain (44.63%) (p=0.0258).

Additionally, the SVM prediction technique was applied to germline mutations
observed by Greenmen et al. to predict which mutations may underlie cancer
predisposition. Interestingly, SNPs predicted to underlie inherited cancer
predisposition were observed less often than those predicted to be neutral (p=0.0006),
suggesting that, potentially, a variety of rare polymorphisms underlie inherited cancer
predisposition (Appendix B2). Furthermore, when pathway analysis is performed (see
Methods) the majority of identified pathways encompassing the genes that the
predisposing variations are within appear to lend to a predisposition to developing
cancer by reducing the effectiveness of the immune response or by allowing immune
evasion. These pathways include toll-like receptor signaling (p<0.0001), integrin
signaling (p=0.0001), TGF-f signaling (p=0.0143), T-Cell receptor signaling
(p=0.0143) and interferon signaling (p=0.0446) pathways. This analysis suggests
immune deficiencies are a major mechanism underlying cancer predisposition

(discussed further in following sections).

2.4.3 Analyses of the Cosmic Database
Predicted Drivers are Observed Frequently in Different Cancer Samples. To
further validate the accuracy of the SVM approach, I extracted a nonredundant set of

cancer-associated somatic mutations (CASMs) occurring within the kinase gene
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family from the Cosmic database [58], noting the number of times each specific
mutation is recorded within the database [58], and performed predictions on the
CASMs using the SVM method. Within this dataset of 1036 CASMs, 512 (49.42%)
were predicted to be driver mutations (Appendix B3). I postulate that driver mutations
are positively selected; and if so, they should be observed within the Cosmic database
more often than random passenger mutations. I compared the number of times
predicted driver mutations (Mean 19.5 + 9.4 observations of 512 SNPs) have been
observed in cancer against predicted passenger mutations (Mean 1.4 + 0.07
observations of 524 SNPs), using the nonparametric Wilcoxon Rank Sums Test.
Nonparametric analysis allows us to control for major outliers, such as the BRAF
V599E mutation, which has been observed in cancer over 3000 times. The result of
this analysis was that the predicted driver mutations (mean rank score = 559.8) are
indeed observed more frequently than predicted passenger mutations (mean rank score

=478.14) (standardized score 5.41, p<0.0001).

2.4.4 Sub-domains Analyses

Further validation was sought by generating multiple motif based alignments
of the kinase catalytic core and mapping cancer mutants to catalytic core sub-domains
and specific positions, as described in Chapter 3 and Methodology (Figure 2.1,
Appendix B4). A simulation study suggested that cancer mutations are not observed in
a statistically significant position-specific manner, likely due to random noise

generated by passenger mutations (see Methods). However, analysis of the



Figure 2.1: Sub-domains Mapped to PKA

Figure 2.1 The sub-domains of PKA (PDB ID 1ATP) are colored and labeled by
color-matched roman numerals.

38
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sub-domain distribution of cancer mutations using the method described in Chapter 3
(see Methods) suggested that cancer mutations, regardless of the noise of passenger
mutations, do show a bias in distribution throughout the catalytic core (Table 2.2, left).
For example, sub-domain I, containing the glycine loop which is directly involved in
ATP binding, and sub-domains VII, VIII, and VIIla, comprising the catalytic and
activation loops are significantly enriched for cancer-associated mutations, while sub-
domains Va, X(ii)a, and XI-XII, which are not directly involved in either ATP binding
or catalysis are significantly devoid of cancer associated mutations. If driver mutations
are positively selected, driver mutations should be more likely to occur within the sub-
domains where cancer associated mutations are enriched in general, and passenger
mutations should occur more frequently in sub-domains where cancer associated
mutations occur less frequently in general. To test this hypothesis, a nominal logistic
regression analysis, with sub-domains taken as the independent variables and
predicted driver/passenger status (i.e., predictions as to whether a variation is likely to
be driver or passenger based on the SVM method) taken as the dependent variable,
was performed (Table 2.2, right). If the proposed prediction method has randomly
selected residues from within the catalytic core as possible cancer drivers, at a rate of
74.50% drivers and 25.50% passengers, then the proportion of mutations predicted as
drivers vs. passengers should not stray far from this ratio on a sub-domain by sub-
domain basis. However, if the variations chosen by the method to be drivers are biased

towards residing in particular kinase sub-domains, then a higher proportion of
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mutations within particular sub-domains should be predicted as driver mutations. As

can be seen in Table 2.2, this is indeed the case.

Table 2.2: Sub-domain Distribution of Cancer SNPs

" Statistically Significant. Sub-domains enriched in CASMs are bolded, sub-domains
devoid of CASMs are italicized. % Catalytic core denotes the fraction of the catalytic
core composed of the individual sub-domain. % SNPs denotes the percentage of
CASMs occurring within the individual catalytic core. % Driver and % Passenger
denotes the fraction of SNPs within the individual sub-domain that are drivers or

passengers. Sub-domains are labeled by roman numerals, those followed by “a

correspond to intervening regions.
Distribution P-

Sub-domain % Catalytic Core % SNPs Value %Driver %Passenger Regression P-Value
I 6.32 11.09 <0.0001° 86.67 % 13.33% 0.0038"
Ia 1.50 1.66 0.4505 88.89% 11.11% 0.0443"
1T 5.38 5.18 0.4307 67.86% 32.14% 0.1319
lia 2.00 2.59 0.1304 71.43% 28.57% 0.1289

-1V 10.71 10.35 0.2202 73.21% 26.79% 0.0550
Iva 0.81 0.74 0.9657 75.00% 25.00% 0.2388
v 6.72 6.84 0.2053 81.08% 18.92% 0.0196
Va 582 2.40 0.0069" 61.56% 35.29% 0.2897
VI 7.46 6.28 0.9167 64.71% 35.29% 0.1699
VIa 0.07 0.18 0.5185 100.00% 0.00% 0.8334
VI 5.69 6.65 0.0426" 86.11% 13.89% 0.0076"
Vlla 0.73 0.92 0.4496 80.00% 20.00% 0.1554
VIII 5.36 16.82 <0.0001" 87.91% 12.09% 0.0018"
Villa 4.19 9.98 <0.0001" 83.33% 16.67 % 0.0094
IX 4.98 4.25 0.8983 82.61% 17.39% 0.0236
Ixa 1.00 1.29 0.3139 71.43% 28.57% 0.7150
X(i) 391 2.03 0.1398 72.73% 27.27% 0.1342
X(ii) 5.55 3.33 0.1992 50.00% 50.00% 0.5567
X(ii)a 7.52 2.77 0.0004" 53.33% 46.67% 04716
XI-X11 11.79 3.33 <0.0001" 27.78% 72.22% 0.6213
Xlla 2.50 1.29 0.2701 14.29% 85.71% 0.3259

Sub-domains enriched in cancer associated mutations, in general, show a higher
proportion of predicted driver mutations than the rest of the catalytic domain, while
sub-domains devoid of cancer associated mutations in general are populated more

frequently by passenger mutations. This is depicted visually in Figure 2.2, where the
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driver and CASM density is depicted in color. Note that both the CASM and driver

density is enriched in sub-domains surrounding the nucleotide binding pocket.

Figure 2.2: CASM and Driver Density Mapped to PKA

CASM Density Driver Density

Bi71-24 88 - 100%

0-0.99 B 63-75%

Figure 2.2 The sub-domains of PKA (PDB ID 1ATP) are colored depending on their
CASM or Driver Density. CASM density is the ratio of expected to observed CASMs
from Table 2.2 (left panel). Driver density is the percentage of CASMs per sub-
domain predicted to be drivers by the SVM method. Note that CASMs and drivers are
enriched around the nucleotide binding pocket.
2.4.5 Predicted Drivers Occur At Sites Enriched in CASMs

The previous analysis suggested that, although the statistical signals from the
position-specific distribution of cancer associated mutations is dampened on a

position-by-position basis, it is likely that cancer driver mutations will occur more

often at positions harboring a larger number of cancer associated mutations across all
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kinases, while passenger mutations will occur at positions mutated rarely or in
isolation within one (or a random few) kinases only. Therefore, as further validation
that the SVM-based prediction technique is identifying true driver mutations, a
nonredundant set of the cancer associated mutations was mapped to specific catalytic
core positions based upon multiple alignments of the catalytic domain. This
nonredundant set ensures that each position is only considered once per individual
protein kinase gene. For each cancer associated mutation, the number of kinases
harboring a mutation at its equivalent corresponding position within the multiple
alignment was calculated. The frequency at which predicted driver (Mean 3.2 + 0.1
SNPs per position / 135 total SNPs) and passenger (Mean 2.4 + 0.1 SNPs per position
/ 406 total SNPs) mutations fall at positions mutated in multiple kinases was then
compared by the Wilcoxon Rank Sums Test. This analysis confirmed that predicted
driver mutations (Score Mean 287.0) occur at positions mutated frequently among all
kinase genes while predicted passenger mutations (Score Mean 223.0) occurred at
positions rarely mutated in other kinase genes (Standardized score 4.2, p<0.0001).
This is depicted visually in Figure 2.3, where the number of drivers and CASMs per
position is depicted in color. Note the close correspondence between the two figures
and the preponderance of green CASM sites (2 — 3 SNPs per position) which become

blue driver sites (0 — 1 SNPs per position).

2.4.6 Driver Hotspots
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Greenman et al. discuss the abundance of CASMs observed in the glycine loop
and the DFG motif, positions which I also observe as mutational hotspots. However,
upon performing a simulation study to determine what positions are statistically
enriched in somatic mutations, only one specific site reached significance. This site,
even among the noise of passenger mutations, is mutated in a eight difference kinases,
a frequency that is not expected to occur purely by chance, by the simulation study:

Figure 2.3: Position Specific Distribution of CASM and Driver SNPs

CASM Density Driver Density
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Figure 2.3 The position specific distribution of CASM and driver SNPs mapped to
PKA (PDB ID 1ATP). The positions are colored by the number of SNPs per site
(either CASMs or drivers). Note the preponderance of green CASM sites which
become blue driver sites, especially in the C-terminal lobe.
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one would expect 8 mutations at 0.4 £+ .08 residues (95% confidence interval)). This
position corresponds to the known driver mutations BRAF V599, KIT D816, and
PDGFRa D842 (R190 in PKA). Upon further examination of the literature, this
mutation, which also occurs in EGFR L861 (Figure 2.4), ABL L387, ErbB2 L869,
FLT3 D835, and MET D1246, has been shown to cause kinase activation and, in some
cases, resistance to inhibitors, in KIT [71], BRAF [72], EGFR [73], ABL [74], FLT3
[75], and MET [76].

Figure 2.4: Sub-domains and Driver Hotspot in EGFR
Active EGFR Inactive EGFR

Figure 2.4 The sub-domains of EGFR are colored and labeled by color-matched
roman numerals. The structure on the left represents EGFR in the active conformation
(PDB ID: 2GS6), while the structure on the right represents EGFR in the inactive
conformation (PDB ID 2GS7). Note that 861 interacts with the N-lobe in the inactive
conformation while it does not in the active conformation, suggesting that mutations
of L861 disrupt the inactive conformation leading the increased kinase activity.
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Thus, mutations at this position appear to be commonly occurring activating mutations
in tyrosine kinases, appear insensitive to inhibitors, and bear important implications
for targeted inhibitor therapies.

Though other sites are not statistically enriched in CASMs, the functional
significance of other high ranking positions (i.e., those positions mutated in 6 or more
protein kinases) is immediately apparent. Two sites are mutated in six separate
kinases. The first is the glycine of the DFG motif. The second corresponds to M120 of
PKA. This site too appears to mediate resistance to inhibitors targeting ABL T315
[77], EGFR T790 [78], KIT [79] T670, and PDGFRa [80]. I observe additional
mutations at this site in NEK11 T108, suggesting it may be involved in colorectal
cancer, and FGFR4 V550. Though FGFR4 carries a valine, rather than threonine, at
this position, it should be noted that mutations in RET, which also carries a valine at

this position, are implicated in inhibitor resistance [81].

2.4.77 Pathway Analysis

The Ingenuity Pathway Analysis1 tool was used to determine which pathways
each protein kinase gene participates in. Standard least squares regression was then
applied to all cancer associated mutations together and separately based upon the
cancers tissue of origin, with pathways as the independent variable and the SVM
predicted probability that a polymorphism is deleterious as the dependent variable.

This analysis revealed that predicted drivers are significantly over represented in

" Ingenuity ® Systems, www.ingenuity.com
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axonal guidance (p=0.0007), PPAR signaling (p=0.0025), leukocyte extravasation
signaling (p=0.0038), Huntington’s disease signaling p=0.0399), GM-CSF signaling
(p=0.041), nitric oxide signaling (p=0.0417), and PPARo/RXRa activation (p=0.0487)
pathways.

Modulation of proliferation and apoptotic pathways appear to be the major
targets of predicted cancer drivers. These pathways include axonal guidance, PPAR
signaling, Huntington’s disease signaling, and nitric oxide signaling. Axonal guidance,
especially involving ephrin receptor signaling, has been implicated in angiogenesis
and tumor progression [82]. Proliferative and chemotaxic mechanisms underlying
branching morphogenesis, the primary similarity between axonal guidance and
angiogenesis, may be promoting cancer progression, as predicted drivers involved in
axonal guidance are specifically enriched in breast (p=0.0014) and lung (p<0.0001)
cancers - tissues in which branching morphogenesis is a fundamental feature during
development [83,84]. Similarly, PPAR/RXRa signaling was specifically predicted to
be involved in the progression of gastric cancers. Consistent with this notion,
phosphorylated RXRa, a modification which results in loss of transactivation activity,
was recently found to be constitutively increased in colon cancer, and inhibition of the
phosphorylation of this protein induced apoptosis in colon cancer cell lines [85].
RXRa has been shown to act as a carrier of TR3 during transport to the mitochondria
where TR3 contributes to apoptosis of gastric cancer cells [86]. The link between
Huntington’s disease signaling and cancer also appears to lie in programmed cell

death. The association of Huntington’s disease with cancer drivers is due to only three
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mutations in PKD1, IGF1R, and MLK?2, with a high predicted probability of being
deleterious. Each of these three kinases are involved in promoting apoptosis, and, in
the case of PKD1 and IGF1R, lead to uncontrolled growth phenotypes when
deactivated [87,88,89]. The role of nitric oxide signaling in tumor progression or
apoptosis is controversial. Nitric oxide drivers were enriched in melanoma, though
nitric oxide signaling has been shown to have both apoptotic [90] and antiapoptotic
[91] affects.

Metastasis of tumors, specifically the extravasation of tumor cells from the
vasculature to the site of metastasis, is thought to be mediated by the same mechanism
used by leukocytes [92]. Consistent with this notion, when predicted cancer drivers
involved in leukocyte extravasation signaling are compared in primary and metastatic
melanomas I find leukocyte extravasation signaling is associated much more strongly
with metastatic melanomas (p<0.0001). Additionally, metastatic melanomas contain
predicted drivers involved in chemokine signaling (p<0.0001), which is also important
signaling pathway for leukocyte extravasation.

The role of GM-CSF signaling and tumor progression is unclear and likely to
be specific to each particular tumor type. GM-CSF has been shown to be
constitutively released by tumors [93], used as immunotherapy for the treatment of
tumors [94], and has shown contradictory effects in the progression of lung cancer
[95]. In this case, I observe three mutations in HCK, LYN, and PIM1 with a high

probability of being loss of function polymorphisms, especially the HCK and LYN



48

polymorphisms which occur at the DFG catalytic aspartate. The functional
significance of these polymorphisms in nonhematopoeitic cells is unclear.

Germline mutations were subject to the same least squares regression analysis
described above, with inclusion of the number of times a germline mutation is
observed as its weight. Germline mutations predicted to underlie cancer predisposition
were observed less often than those predicted to be neutral (p=0.0006), suggesting a
variety of rare polymorphisms underlie cancer predisposition. Some similarities in the
pathways affected by predicted kinase mutations that may predispose one to cancer
were observed; namely, effects on axonal guidance (p=0.0194) and nitric oxide
signaling (p=0.0028) pathways. However, the majority of pathways appear to lend to a
predisposition to developing cancer by reducing the effectiveness of the immune
response or allowing immune evasion. These pathways include toll-like receptor
signaling (p<0.0001), integrin signaling (p=0.0001), TGF-f signaling (p=0.0143), T-
Cell receptor signaling (p=0.0143) and interferon signaling (p=0.0446) pathways.
Toll-like receptor signaling is used by promotes tumoricidal activity [96] and are
involved in immune evasion by cancer cells [97]. In particular, I find germline
mutations in IRAK2, the receptor for interleukin-1, which was recently shown to
induce murine tumor regression [98]. Integrin signaling promotes immune evasion by
expression of adhesion molecules on the tumor surface [99]. Alternatively, a lack of
adhesion molecules can cause failures in lymphocyte homing [100]. TGF-f is

subverted by tumors to suppress the immune response [101], though mutations may
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also cause misregulation of cell proliferation [102]. Finally, immune cells, such as T-
cells, use immune effector molecules such as interferon-y to stop tumor growth [103].
Additionally, neuregulin (p<0.0001) and neurotrophin signaling (p=0.0027)
pathways are predicted to drive cancer because of common mutations in ErbB2 and
TRKA respectively. ErbB2 has been shown to be amplified in breast cancer [104] and
is thought to be activated in some lung cancers [105]. One common germline
polymorphism in ErbB2, P1170A, is predicted to be a cancer driver by the method.
This polymorphism lies in the regulatory C-terminal tail of ErbB2, which inhibits
ErbB2 activity after autophosphorylation [106]. This suggests that the P1170A
mutation may disrupt this autoinhibitory process, and potentially lead to increased
kinase activity. Two germline mutations in TRKA H604Y and G613V are responsible
for the prediction of germline mutations in neurotrophin signaling driving cancer. In
fact, these two mutations have been shown to cause a predisposition to sporadic
medullary thyroid carcinoma [107], and may cause a predisposition to other cancer

types as well.

2.5 Conclusions

Tumorogenesis is an evolutionary process, acting upon the accumulation of
somatic mutations during tumor progression. The underlying source of this
accumulation of mutations, whether it be successive rounds of selection and clonal
expansion [108], or the acquisition of a mutator phenotype [109], is controversial.

However, the underlying theme is that of an accrual of a large number of mutations, of
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which only a subset contributes to cancer progression. Identification of these ‘driver’
mutations amongst a preponderance of ‘passenger’ mutations is of utmost importance
for the successful exploitation of information obtained by large scale tumor
resequencing studies [110]. These predictions will be particularly important in protein
kinases, which are major participants in tumor progression and especially important
targets for pharmaceutical intervention [58,59]. Thus, the large number of observed
somatic mutations in protein kinases [25] and their importance in tumorogenesis,
substantiate the value of a specialized method capable of highly accurate predictions
within the protein kinase gene family.

The accuracy of the prediction method is supported by a battery of tests
including: (1) perfect accuracy based on a small set of known driver mutations, (2)
excellent agreement with previous statistical estimates of the number of likely drivers
on an overall basis, within particular functional domains, and within key functional
elements of the catalytic core, and (3) frequency analyses at various levels, including,
individual mutations, the sub-domain distribution of mutations, and the occurrence of
mutations at positions within motif based multiple alignments, indicating that
predicted driver mutations are under positive selection. This preponderance of
evidence strongly suggests the method is capable of quickly identifying driver
mutations in large kinase mutation datasets.

The sub-domain distribution of CASMs suggests that enrichment of sub-
domains with CASMs is indicative of the presence of drivers. Specifically, sub-

domains I, VII, VIII, and VIlla are greatly enriched in CASMs and predicted drivers
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(Table 2.2, Figure 2.2). Sub-domain I contains the G-loop, one of the most flexibile
elements of the catalytic core, which plays a key role in nucleotide binding and
phosphoryl transfer. All glycines of this loop are mutated heavily. Mutations in this
loop are known to affect kinase activity, for example substitutions of the third glycine
by serine or alanine are known to increase activity in BRAF [111]. Sub-domain VII
participates in phosphoryl transfer, substrate binding and regulation. Interestingly, the
histidine and regulatory arginine of the HRD motif as well as the tyrosine kinase
specific arginine (E170 in PKA), which is involved in substrate binding [112] are
mutated while the HRD aspartate, responsible for the orientation of the P-site hydroxyl
acceptor group in the substrate [113] is not. This implies that residues involved in
regulation, rather than those more directly involved in catalysis, are targeted.
Similarly, in sub-domain VIII the DFG-glycine and residues downstream of this
glycine in both sub-domain VIII and VIIIa, which contribute to flexibility and
rearrangements of this loop [114] and adoption of the active conformation through
phosphorylation of sub-domain VIlla residues, are highly mutated. However, the
catalytic aspartate is mutated in pro-apoptotic proteins LKB1, DAPK3 (as well as
BRAF and HCK), suggesting this sub-domain is involved heavily in both activation
and deactivation of protein kinases.

As aresult of using motif-based multiple alignments, as opposed to multiple
pairwise alignments, a specific position, corresponding to BRAF V599 (R190 PKA),
was observed and predicted to be a driver in BRAF, EGFR, ABL, ErbB2, FLT3, KIT,

MET, and PDGFRa. This position is involved in maintaining the inactive
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conformation, for example by interaction with the P-loop in BRAF [72] and
interaction with the C-helix in EGFR [115]. The analysis suggests a generalized role
for this position in mediating oncogenesis by disrupting the inactive conformation,
esepcially in tyrosine kinases (Figure 2.4).

Another interesting position is the M120 (PKA) ‘gatekeeper’ position, of sub-
domain V, which forms part of the hydrophobic binding pocket for ATP. M120 is
important for the shape of the nucleotide binding pocket, and is mutated frequently in
drug resistant tumors [116]. In fact, though sub-domain V is not statistically enriched
with CASMs, I do predict an enrichment of drivers in this sub-domain, demonstrating
the importance residues involved in nucleotide binding. Another highly mutated
residue in this sub-domain, G126 (PKA) (mutated in five different kinases, all
predicted to be drivers) is responsible for interlobe movements [117]. Yet another
example of the importance of protein kinase residues involved in transitions between
the active and inactive conformation in cancer progression.

In addition to the positions mentioned above, three positions contain four or
more predicted drivers. One of them, L49, provides an additional example of the
importance of residues involved in determining the size and shape of the nucleotide
binding pocket [118]. The other two, K105 and S109 lie in the aC-B4 region, do not
appear to be conserved, are not positioned to disrupt the K72-E91 salt bridge which
forms upon activation, and their side chains extend away from the nucleotide binding
pocket. It is unclear what the functional significance of these residues are and thus

would be interesting targets for further investigation.
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To further strengthen the evidence that the method identifies cancer drivers, |
conducted pathway analyses of the predicted drivers. As expected, these analyses
determined that predicted drivers are involved in cell proliferation pathways, affecting
both oncogenes and tumor suppressors, as well as metastasis pathways. Significantly,
predicted drivers involved in metastatic pathways are enriched in metastatic tumor
samples. However, pathway analyses of germline mutations suggests that inherited
predisposition to cancer generally involves defects in immune function. In fact, it has
been demonstrated that patients with common varied immunodeficiency, such as that
arising from HIV infection, or on immune suppression therapy have an elevated risk
of cancer [119,120]. Two possible mechanisms for increased cancer risk are plausible,
either a defect in immune surveillance responsible for eliminating malignancies [121],
or a susceptibility to infectious agents known to underlie some cancers. Though most
cancers that occur at increased rates in immune suppressed populations are of
infectious etiology, it is not clear which would play a dominant role in inborn cancer
predisposition.

Overall, the analyses indicate that the method is capable of accurately
determining driver mutations in protein kinases. These driver mutations appear to be
involved heavily in nucleotide binding, possibly driven by resistance to inhibitors
mimicking ATP, and regulatory functions, especially movements from the inactive to
active conformation. Though protein kinases are key players in cancer development
and progression, accurate predictions of drivers in other protein families, such as

transcription factors or phosphatases, will also be useful in determining a more
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‘holistic’ picture of tumorigenesis and cancer treatment. Despite this limitation,
application of the method to upcoming resequencing studies should be extremely
useful in identifying cancer driver mutations among a sea of passenger mutations.

The text of Chapter 2 is derived, in part, from the following work: A.
Torkamani, N.J. Schork (2008) Prediction of Cancer Driver Kinase Mutations. Cancer

Res 68: 1675-82.



CHAPTER 3

3.1 Summary

Chapters 1 and 2 demonstrate the efficacy of the prediction method in
distinguishing between neutral and functional protein kinase polymorphisms. In this
chapter, I provide evidence suggesting why the method works better than conservation
based methods. The catalytic domain of protein kinases harbors a large number of
disease causing single nucleotide polymorphisms (SNPs) as well as common or
neutral SNPs that are not known or hypothesized to be associated with any diseases.
Distinguishing these two types of polymorphisms is critical in accurately predicting
the causative role of SNPs in both candidate gene and genome-wide association
studies, and a structural description of these polymorphisms can aide in this aim. In
this chapter, I have analyzed the structural location of common and disease associated
SNPs in the catalytic domain of kinases, and find that while common kinase SNPs are
randomly distributed within the catalytic core, known disease causing SNPs
consistently map to regulatory and substrate binding regions. In particular, a buried
side-chain network that anchors the substrate binding pocket (P+1) to the F-helix is
frequently mutated in disease patients. This network was recently shown to be absent
in eukaryotic-like kinases (ELKs) that bind to small molecule substrates, suggesting
mutations at recently evolved elements are likely to play a fundamental role in disease

pathogenesis.

3.2 Introduction

55
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Many genes, including kinases, are known to harbor a variety of both common
and rare sequence variations [6] whose ultimate significance in mediating disease
susceptibility is unknown. It is estimated that 67,000-200,000 nsSNPs occur naturally
in the human population at large [7,17,28]. However, it is unknown as to both the
overall degree to which nsSNPs influence disease, as well as the frequency of these
nsSNPs. As a result, some researchers have turned to Whole Genome Association
(WGA) studies as well as large-scale studies of nsSNPs to find DNA sequence
variations that influence diseases [122,123,124].

Although potentially quite powerful, such large-scale studies are hampered by
cost, potential heterogeneity of the disease in question, gene by environment
interactions, multiple testing issues, population stratification, marginal causative allele
effect sizes, and various forms of ascertainment bias, all of which may contribute to
false positive and false negative results [20,21,22]. A possible solution to these
problems is to computationally prioritize candidate nsSNPs to be tested for association
with a disease, or assess the potential biological significance of variations identified as
statistically associated with a particular disease or phenotype. A few methods have
been designed for this purpose, many of which do not exploit sequence and structural
information related to variations in question, but typically rely solely on sequence
conservation, have relatively high false negative rates, and can improve their false
negative rates only by reducing their coverage and/or relying upon solved crystal
structures of relevant genes [27,33]. However, as described in Chapter 1, it is possible

to extract structural information from representative solved crystal structures of a
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particular gene family, and derive sequence-based properties of a large collection of
variations based upon the insights these structures provide. In this way, not only can
insights be obtained that might help either draw researchers to, or shed light on the
functional significance of, particular nsSNPs, but also provide additional insights into
the functional significance of key residues within a specific protein family.

Here I focus on the protein kinase gene family, the catalytic domain of which
was recently shown to harbor a large number of single nucleotide polymorphisms
(SNPs) that underlie inherited disease (Chapter 4). The catalytic domain, however,
also harbors common SNPs, the majority of which are not thought to cause disease
(Chapter 4). Therefore, an examination of the sequence-based and structural properties
of the disease causing vs. non-disease causing kinase nsSNPs may reveal important
biomedical features of kinases and help make sense of variations either targeted or
merely identified in genetic association studies. To this end I first systematically
catalogued disease and common SNPs, i.e., those not known to cause disease
(described in Chapter 4), residing within the kinase catalytic core and then mapped
them to individual sub-domains, which are characterized by patterns of conserved
residues, and whose functions are known to varying degrees [54]. Rigorous statistical
methods were then used to identify residue positions that are significantly
overrepresented among disease vs. common SNPs. The ultimate goal was to determine
kinase nsSNP sequence-based features that discriminate between common and disease
SNPs that goes beyond what one could determine by surveying disease associated

nsSNPs across the genome without regard to the unique features and functional
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properties of specific protein families [33, Chapter 1]. These unique features suggest
that simple conservation based methods are not sufficient for accurately distinguishing
between disease causing and neutral polymorphisms, and provides an explanation for
the superior results demonstrated in Chapter 1. Note that I refer to common SNPs not
known to cause disease as simply “common SNPs” and nonsynonymous coding SNPs
(nsSNPs) as simply SNPs for purposes of brevity.

Surprisingly, the analyses suggest that a significant number of disease
associated nsSNPs are not directly involved in ATP binding or catalysis, but are rather
buried in the catalytic core. Structural analysis of these residues suggests that they are
involved in substrate binding and regulation. In particular, a conserved side-chain
network, which was recently shown to be unique to eukaryotic protein kinases (ePKs)
[58], appears to be profoundly affected in many human disease states. This result
could not have been anticipated or appreciated without an in-depth study of the unique
evolutionary and functional features of kinases. These results also suggest a basis for
the improvement of prediction accuracy beyond conservation based methods by

identifying more recently evolved functional elements.

3.3 Methadology

Kinase sequences were obtained from KinBase
(http://kinase.com/kinbase/index.html). Disease causing and common SNPs were
obtained and mapped to kinase sequences as described in (Chapter 4). A nonredundant

set of SNPs was generated so that no site within a particular kinase was counted more
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than once. Kinase sequences were aligned to characteristic catalytic site motifs. These
alignments, using all human ePK sequences harboring common or disease causing
mutations, were used to generate all logo figures using WebLogo [125]. Regions are
denoted based on the definitions provided by Hanks and Hunter [54], where a denotes
the intervening region between sub-domains. Note that sub-domain X is split in two
halves, X(i) and X(ii). For a detailed description of the characteristics of the sub-
domains and their resident conserved amino acids, see Hanks and Hunter [54]. SNPs
were remapped to motifs computationally.

The expected probability (E(p)) of a SNP occurring in a sub-domain or
intervening region was calculated separately for common and disease SNPs as
follows: The average length of each region was calculated as the weighted average of
the region length in each kinase considered, where weights correspond to the total
number of SNPs occurring within each kinase. This weighting helps avoid biases that
might arise as a result of some kinases simply harboring more SNPs than others. The
probability of a SNP occurring within a particular region purely by chance was
computed as its weighted average length over the sum of every region’s weighted
average length.

The probability (p-value) of the observed total number (x) of SNPs occurring
within each region, where n is the total number of SNPs considered, was calculated
using the general binomial distribution as follows:

If x/n < E(p):

p - value(x) =[ (ZJ *E(p)* (- E(p))"‘)‘J- 2

x=0
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If x/n > E(p):

n

p -value(x) = [z (ZJ e E(p) (1- E(p))n—xJ °?

Comparisons of the average length per region in the common and disease
SNPs sets (used as a control to validate the similarity of the regions between the two
datasets), as well as the comparison of the number of SNPs per region, and the number
occurring within sub-domains vs. intervening regions were calculated using the
normal distribution approximation to the binomial distribution.

Multiple alignments were generated by aligning the motif generated
alignments to one another. Sites with multiple disease SNPs were considered for
further structural analysis. To estimate whether disease SNPs are position-specific or
distributed randomly throughout the catalytic domain, in addition to a pairwise
correlation, I ran 10,000 Monte Carlo simulations involving random assignment of
disease SNPs. The SNP distribution resulting from this simulation study compared to
the observed distribution was that zero SNPs occurred at an average of 19.52+0.03
positions in the simulation vs. 46 observed positions; 1 SNP at 67.58+0.06 positions
vs. 65 observed positions; 2 SNPs at 76.95+0.07 positions vs. 47 observed positions; 3
SNPs at 35.04+0.04 positions vs. 18 observed positions, 4 SNPs at 7.20+0.03
positions vs. 21 observed positions, 5 SNPs at 0.69+0.01 positions vs. 3 observed
positions, 6 SNPs at 0.03+0.002 positions vs. 3 observed positions, 7 SNPs at
0.0002+0.0001 positions vs. 3 observed positions, and 8 SNPs at 0.0+0.0 positions vs.
1 observed position. Thus, the observed distribution is enriched for position specific

mutations, especially at positions where four or more mutations are observed.
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The DSSP software package was used to calculate solvent accessibilities for
twenty structurally characterized human kinases. PDB IDs: 1A9U (p38a), 1AQ1
(CDK2), 1B6C (TGFbR1), 1BI7 (CDK6), 1ICM8 (p38g), 1QPJ (LCK), 1IFGK
(FGFR1), 1IFVR (TIE2), IGAG (INSR), 1GJO (FGFR2), 1GZN (AKT?2), 11A8
(CHK1), 1K2P (BTK), IM14 (EGFR), IMQB (EphA2), IMUO (AurA), 1QCF

(HCK), IR1W (MET), 1RJB (FLT3), and 1U59 (ZAP70).

34  Results
3.4.1 Distribution of Disease causing vs. Common SNPs

In order to determine the distribution of disease and common SNPs within the
catalytic domain, I represented the catalytic domain by the twelve characteristic sub-
domains, as defined by Hanks and Hunter [54,126], and by intervening regions
connecting these sub-domains (Table 3.1). Mapping of common and disease SNPs to
these regions (described in Methods) revealed strikingly different distributions (Figure
3.1, Table 3.2). Specifically, the distribution of common SNPs within sub-domains
and intervening regions conforms to random or chance expectations, while disease
SNPs tend to occur more frequently than expected by chance within sub-domains and
less frequently within intervening regions (p=0.0006). To verify that the difference in
these distributions is not a result of bias in sub-domain length, I compared the average
lengths, in terms of amino acids, of corresponding regions across the proteins
containing common or disease SNPs and observed no significant differences

(p=0.8269). Thus, although both disease and common SNPs are widely distributed
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throughout the catalytic core, common and disease SNPs occur with different
frequencies within sub-domains and intervening regions.

Table 3.1: Sub-domain Definitions
Residue positions correspond to PKA residues

Sub-domain PKA Residues
I 43-60
Ia 61-62
II 63-77
lia 78-84
I-1v 85-114
Iva 115
A% 116-134
Va 135-138
VI 139-159
Via -
VII 160-175
Vila 176
VIII 177-191
VIlIa 192-198
IX 199-212
Ixa 213-214
X() 215-225
X(@)a -
X(ii) 226-240
X(ii)a 241-256
XI 257-279
XII 280-294
XlIla -

3.4.2 The Substrate Binding C-Lobe is Enriched in Disease SNPs

I next examined the distribution of common and disease SNPs within the
individual sub-domains of the catalytic core. The ratio of expected to observed SNPs
is shown in Figure 3.1C. As can be seen, the C-terminal substrate binding lobe,

roughly defined by sub-domains VI-XII, shows a greater frequency of disease SNPs as
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Figure 3.1: Kinase Sub-Domains and SNP Distribution

C Ratio of Observed to Expected SNPs

Ratio

Figure 3.1 (A) The sub-domains PKA (PDB ID 1ATP). Grey residues are intervening
loops. Sub-domains are numbered by roman numerals and color coded. (B) The
distribution of kinase disease SNPs. Spheres denote residues with high disease SNP
frequencies; red = 8 SNPs, yellow 7 SNPs, orange = 6 SNPs, green = 5 SNPs, and
blue =4 SNPs. (C) Ratio of Observed to Expected SNPs per region. Roman numerals
correspond to sub-domains of (A), where a denotes the intervening region between
sub-domains. Black bars = Disease SNPs, Grey bars = Common SNPs. Image created
in part with Protein Workshop [127].

compared to common SNPs. (Table 3.2, Figure 3.1C). Pairwise correlation analysis (r

=-0.1551, p = 0.0264) as well as a simulation study (as described in Methods)
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revealed that specific positions within the catalytic core, especially within the C-
terminal lobe, are enriched in disease mutations (Figure 3.1B, Table 3.3). A detailed
description of all the disease SNPs and their structural location is given following the
main results. In the following sections, I focus on the sites that harbor four or more
disease SNPs.

Table 3.2: Sub-domain Distribution of SNPs

tStatistically Significant. Sub-domains are identified by Roman numeral numbering
and PKA positions in parenthesis. Length(%) refers to portion of the catalytic domain

made up by each sub-domain. SNPs(%) refers to the percentage of SNPs falling within
each sub-domain.

Sub-domain Common Disease Comparison
Length(%) SNPs(%) P-value Length(%) | SNPs(%) P-value Length SNPs
1(43-60) 5.98 5.63 0.8965 6.16 5.37 0.4592 0.9704 0.9091
la (61-62) 1.35 141 1.0000 1.46 0.93 0.4471 0.9628 0.6604
11 (63-77) 5.14 5.07 1.0000 5.36 3.04 0.0209+ 0.9616 0.3049
1Ta (78-84) 2.34 1.97 0.8160 1.69 2.34 0.4365 0.8179 0.8010
III-1V (85-114) 10.55 10.42 1.0000 10.70 9.81 0.4582 0.9817 0.8398
IVa (115) 2.10 1.97 1.0000 1.69 0.70 0.1171 0.8826 0.2631
V (116-134) 6.42 5.92 0.8050 6.62 5.37 0.2609 0.9681 0.8145
Va (135-138) 2.39 1.69 0.5083 5.23 1.87 0.0004F 0.5009 0.8919
VI (139-159) 7.23 6.48 0.6729 7.36 7.71 0.9973 0.9807 0.6313
Vla (-) 0.17 0.00 1.0000 0.56 0.00 0.1635 0.7663 1.0000
VII (160-175) 5.49 3.10 0.0487 5.61 10.05 0.0008 0.9798 0.00317
VIla (176) 2.92 141 0.1032 0.40 0.23 0.9463 0.2184 0.1701
VIII (177-191) 5.13 2.25 0.0107F 5.32 7.71 0.0680 0.9671 0.0079
VIlIIa (192-198) 5.08 4.23 0.5530 472 4.21 0.6055 0.9355 0.9921
IX (199-212) 4.78 2.82 0.0923 4.90 9.11 0.0007F 0.9786 0.0050F
IXa (213-214) 1.10 1.69 0.3962 1.30 0.93 0.6335 0.9301 0.5074
X() (215-225) 3.77 1.69 0.03817 3.85 5.61 0.1213 0.9846 0.02767
X(@a (-) 0.02 0.00 1.0000 <0.0001 0.00 1.0000 0.9033 1.0000
X(ii) (226-240) 5.19 4.51 0.6651 5.87 8.88 0.0267F 0.8884 0.0751
X(ii)a (241-

256) 9.76 14.37 0.0071} 7.26 3.97 0.0038} 0.6614 0.0002}
XI(257-279) 7.88 15.21 <0.0001} 8.12 6.31 0.1313 0.9662 0.00367
XII (280-294) 3.57 5.63 0.0639 3.51 5.37 0.0850 0.9873 0.9091

Xlla (-) 1.65 2.54 0.2706 2.30 0.47 0.0043F 0.8261 0.0747
Sub-domains 71.12 68.73 0.3320 73.37 84.35 <0.0001} 0.8269 0.00067F
Intervening 28.88 31.27 0.3320 26.62 15.65 <0.0001} 0.8269 0.0006F

Table 3.3: Disease Associated Residues

Significantly disease associated residues. C-lobe residues are bolded, N-lobe residues
are in italics. All positions containing 5 or more disease causing mutations exceed the
expectation by random chance. Approximately 65% of positions containing 4
mutations are in excess of the expectation by random chance.

# Disease SNPs

PKA Position

Sub-domain

Proposed Function

8

E208

IX

Forms a salt bridge with R280
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Table 3.3 Continued...

# Disease SNPs

PKA Position

Sub-domain

Proposed Function

R165

VII

Coordinates with activation loop
phosphate [128]

E170

VII

Hydrogen bonds to the P-2 arginine in
the inhibitory peptide in PKA [129]

R280

XII

Forms a salt bridge with E208 (see
text)

G55

The C-terminal glycine in the
GXGXXG motif. Contributes to the
conformation flexibility of the P-loop
[130,131]

1150

VI

Located in the middle of the E-helix
and is part of the hydrophobic core

W222

X()

This tryptophan forms a CH-pi
interaction with the proline of the APE
motif and also hydrogen bonds to a
conserved water molecule (see text).

F108

II-1v

Located in the B4 strand , which is
located right above the aC-helix and
forms a docking site for the regulatory
C-tail in AGC kinases [132].

D166

VII

Catalytic residue that coordinates with
the hydroxyl group of the substrate

F238

X(ii)

Conserved in ePKs and is part of
hydrophobic core in the C-lobe [68]

K92

II-1v

Located in the C-helix. The equivalent
residue in Cdk?2 interacts with cyclin,
which is a regulator of Cdk2 [133]

F100

II-1v

A conserved residues in AGC kinases,
which interacts with the C-terminal tail
[132]

T153

VI

Located in the E-helix

N171

VII

Catalytic residue

1180

VIII

Located in the B8-strand and packs up
against 1150 in the E-helix

T183

VIII

Located right before the catalytic
aspartate in the DFG motif and
undergoes a backbone torsion angle
change when the DFG-Phe protrudes
into the ATP binding pocket [134]

G186

VIII

Located within the DFG motif and
contributes to the conformational
flexibility of the activation loop

K189

VI

Coordinates with the phosphate of the
residue that gets phosphorylated in the
Activation Loop [135]

R190

VIII

Solvent exposed and interacts with a
Tryptophan (W30) in the N-terminal
helix of PKA

E203

IX

Hydrogen bonds to the peptide
substrate in PKA
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Table 3.3 Continued...

# Disease SNPs PKA Position

Sub-domain

Proposed Function

Y204

IX

Interacts with substrate and is part of
an essential hydrophobic core in the C-
lobe. Hydrogen bonds to the Catalytic

Loop.

L205

IX

Part of the substrate binding (P+1)
pocket

A206

Located in the APE motif

P207

IX

Located in the APE motif

V226

X(ii)

Located in the F-helix and part of the
C-lobe hydrophobic core. Anchors the
Catalytic Loop.

Y229

X(ii)

Located at the C-terminus of the F-
helix. Anchors the F-helix to the G-
helix through a hydrogen bond to the
F-H loop.

E230

X(ii)

Located in the F-helix and hydrogen
bonds to Y204 in the P+1 pocket.
Recognition of the P-2 residue in the
substrate.

G234

X(ii)

Located in the loop connecting F and
G-helix and likely contributes to the
conformational flexibility of this loop

P258

XI

Located in the loop connecting G-helix
and H-helix and packs up against
Y229 in the F-helix (see above)

L272

XI

Located in the H-helix and anchors the
I-helix, which defines the end of the
catalytic core.

H294

XII

H294 located in the I-helix.
Recognition of the P-2 residue in the
substrate.

3.4.3 Sub-domain I

The most frequently mutated residue in sub-domain I corresponds to a

conserved glycine (G55) within the glycine rich G(50)XG(52)XXG(55) loop (G-loop)

(Figure 3.2A). The G-loop is one of the most flexible elements of the catalytic core

and plays a key role in phosphoryl transfer. Specifically, G50 and G52 within the G-

loop participate in the phosphoryl transfer reaction [131], while G55 primarily

contributes to the conformational flexibility of the G-loop [130]. Because
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conformational flexibility of the G-loop is critical for protein kinase regulation,
disease SNPs at G55 are likely to causes disease by altering kinase regulation. In fact,
mutation of G55 shows multiple effects on kinase activity. Replacement of G55 with
valine or arginine decreases activity in INSR (G1035) (Table 3), [136], while
substitutions of G55 by alanine or serine increase activity in BRAF [111] or leave
activity unaffected in PKA [130].

Figure 3.2: Distribution of Disease and Common SNPs in N-lobe Sub-domains
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Figure 3.2 The distribution of disease and common SNPs and the degree of
conservation per residue in (A) sub-domain I and (B) sub-domain III-IV. Black bars =
disease SNPs, Grey bars = Common SNPs. The character height is proportional to the
degree of conservation. The number of common SNPs is adjusted for the difference in
total common and disease SNPs occurring throughout the catalytic core. Arrow
denotes disease hotspot — G55.

3.4.4 Sub-domains III-IV
Sub-domain III-IV contains three residues frequently harboring disease SNPs

(Figure 3.2B). These correspond to K92 in the aC-helix, H100 (F in PKA) in the aC-
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4 loop and F108 in the B 4 strand. K92 is located in the flexible aC-helix, which
serves as a docking site for regulatory proteins. In Cdk2, for instance, the K92
equivalent (I52) directly interacts with cyclin A, which is a key regulator of Cdk2
activity [133]. Likewise, in AGC kinases, K92 positions the C-terminal tail, which
serves as a cis-regulatory element [132]. Moreover, K92 is strategically located
relative to the kinase conserved E91, which positions the ATP by forming a salt bridge
interaction with K72. Thus, mutation of K92 is likely to alter regulation either by
decreasing catalytic activity as seen in INSR (A-D) [137] and RSK2 (R-P) [138], or
constitutively activating the kinase as seen in KIT (K-E) [139]. Additionally,
mutations may cause structural instability as demonstrated by the inactive kinase
CYGD (F-S) [140].

H100 (F in PKA) is located in the aC-B4 loop, which anchors the flexible C-
helix. H100 is part of the HXN motif, which is conserved in eukaryotic protein kinases
(ePKs), but absent in distantly related eukaryotic-like kinases (ELKs) [134]. This loop
is the only part of the N-lobe that is firmly anchored to the C-lobe, and moves as a
regulator with the C-lobe. Because the C-helix in eukaryotic-like kinases is less
flexible as compared to eukaryotic protein kinases, the HxIN motif was recently
proposed to play a role in C-helix movements [134]. Notably, within the Src kinases,
ZAP70 kinases, and AGC kinases, the HxN motif is proposed to alter C-helix
movement by interacting with the SH2-kinase-linker region, SH3 domain and the C-

terminal tail, respectively. Mutations at this site produce severe [141,142] and/or
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dominant-negative effects [143], indicating a role for the aC-B4 loop in kinase
regulation.

F108 is located in the 4 strand, which forms a docking site for the C-tail in
AGC kinases. F108 is specifically conserved in AGC kinases, but the precise role of
this residue in AGC kinase functions is unclear. This residue is conserved as a glycine
in tyrosine kinases and as an arginine in PINK1. All known diseases caused by F108
equivalent mutations result from impaired catalytic activity, are developmental/cell
differentiation diseases, and follow a recessive pattern of inheritance with relatively

mild phenotypes for this particular lesion [144,145,146,147,148].

3.4.5 Sub-domain VII

Sub-domain VII (Figure 3.3A) contains key conserved residues that participate
in diverse functions such as phosphoryl transfer, substrate binding and regulation. Not
surprisingly, this sub-domain is frequently mutated in disease populations. Positions
that harbor the most number of SNPs in this sub-domain include the kinase conserved
aspartate (D166) and asparagine (N171), involved in catalysis, the tyrosine kinase
specific arginine R170 (E in PKA) implicated in substrate binding [112], and the
regulatory arginine (R165) that coordinates with the phosphorylated residue in the
activation loop. Notably, R165 and R170 are more frequently mutated in disease states
as compared to D166 and N171 (Table 3.3 and 3.4). This implies that regulatory
functions are more frequently altered in diseases states as compared to catalytic

functions. The amino acid changes for these arginines generally result in altered
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residues with dramatically different physiochemical properties (Table 3.4). In some
instances, such as INSR or ZAP70, examples of mild and severe transitions at the
same position of the same kinase have been identified and studied. For instance in
INSR, mutation of R1158 to tryptophan results in Rabson-Mendenhall syndrome
[149] while mutation of the same arginine to glutamine results in Insulin resistance
[150]. Similarly, in ZAP70 mutation of R465 to histidine results in a selective T-cell
defect [151] while mutation of the same arginine to cysteine results in T-, B- severe
combined immunodeficiency [152]. On the other hand, D166 mutations are
characterized by a severe phenotype and lack of autophosphorylation activity

Figure 3.3: Distribution of Disease and Common SNPs in Sub-domains VII and

VIII
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Figure 3.3 The distribution of disease and common SNPs and the degree of
conservation per residue in (A) sub-domain VII and (B) sub-domain VIII. Black bars
= disease SNPs, Grey bars = Common SNPs. The character height is proportional to
the degree of conservation. The number of common SNPs is adjusted for the
difference in total common and disease SNPs occurring throughout the catalytic core.
Arrow denotes disease hotspots — R165 and E170.



Table 3.4: Disease Hotspots

Mutation Kinase Disease
BTK (G-R) Agammaglobulinaemia
INSR (G-V) Diabetes, non-insulin dependent
Third Glycine of GxGxxG KIT (G-R) Piebaldism
RSK2 (G-R) Coffin-Lowry syndrome
TRKA (G-R) Pain insensitivity
FLT4 (G-R) Lymphoedema
AKT2 (R-H) Severe insulin resistance and diabetes mellitus
ALK1(R-H) Haemorrhagic telangiectasia 2
.. BTK (R-Q,G) Agammaglobulinaemia
Arginine of HRD (R165) INSR (R-W,Q) Rabson—Mendinhall (gW), Insulin resistance (Q)
KIT (R-G) Piebaldism
RET (R-Q) Hirschsprung disease
TRKA (R-W) Pain insensitivity, congenital
BTK (R-Q,P,G) Agammaglobulinaemia
FLT4 (R-P,Q,W) Lymphoedema, primary
JAK3 (R-W) Immunodeficiency, severe combined
Arginine of VII (E170) KIT (R-G) Piebaldism
PHKg2 (E-K) Phosphorylase kinase deficiency and cirrhosis
TRKA (R-C) Pain insensitivity, congenital
ZAP70 (R-H) Selective T-cell defect (H),
ZAP70 (R-C) T-B- severe combined immunodeficiency (C)
ALKI1 (E-K) Haemorrhagic telangiectasia 2
BMPR?2 (E-G) Pulmonary hypertension, primary
BTK (E-D,K) Agammaglobulinaemia
Glutamate of APE (E208) INSR (E-K,D) Leprechaunism
JAK3 (E-K) Immunodeficiency, severe combined
KIT (E-K) Childhood-onset sporadic mastocytosis
PINK1 (E-G) Parkinson disease, early-onset
RET (E-K) Hirschsprung disease
ALK1 (W-S) Haemorrhagic telangiectasia 2
ANPb (Y-C) Acromesomelic dysplasia, Maroteaux type
Tryptophan of X(i) (W222) BTK (W-R) Agammaglobulinaemia
INSR (W-L) Insulin resistance, type A
LKB1 (W-C) Peutz-Jeghers syndrome
TGFbR2 (Y-C) Head and neck squamous carcinoma
ALK1 (R-L) Haemorrhagic telangiectasia 2
ANPD (R-W) Acromesomelic dysplasia, Maroteaux type
.. BMPR2 (R-W,Q) Pulmonary hypertension, primary
Arginine of XII (R280) BTK (R-C) Agammaglobulinaemia
LKBI1 (R-K,S) Peutz-Jeghers syndrome
RHOK (R-H) Retinitis pigmentosa
TGFbR2 (R-H,C) Loeys-dietz syndrome

71
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[153,154,143], and relatively mild substitutions of N171 by lysine result in severe
diseases such as Robinow syndrome or Coffin-Lowry syndrome [138,155].
3.4.6 Sub-domain VIII

Sub-domain VIII (Figure 3.3B) also displays a similar trend where sites not
directly involved in ATP binding or catalysis are more frequently altered in disease as
compared to the catalytic residues. Within the DFG motif, for instance, the DFG-
aspartate which chelates the magnesium ion, harbors only one disease SNP (D194N in
LKB1 causing Peutz-Jeghers [156]), while the DFG-glycine, which contributes to the
conformational flexibility of the DFG motif and the adjoining activation loop is
mutated in four different kinases. Likewise T183, which contributes to the
conformational flexibility of the DFG motif by undergoing backbone torsion angle
changes [134], and K189 which contacts the primary phosphorylation site in the
activation loop [135], are also frequently altered in disease states. Movements of these
residues, as well as the DFG+1 and DFG+2 residues (residues where no common
polymorphisms are observed), are required for adoption of the active conformation, by
rearranging disease associated residues K189 and R165, building up the hydrophobic

‘spine,” and flipping the C-helix to secure the K72-E81 salt-bridge [114].

3.4.77 Sub-domains IX-XII
Sub-domains IX-XII (Figure 3.4) constitute the substrate binding region of the

catalytic core and are defined by alpha helices F, G, H, and 1. Though the knowledge
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Figure 3.4: Distribution of Disease and Common SNPs in C-lobe Sub-domains
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Figure 3.4 The distribution of disease and common SNPs and degree of conservation
per residue in (A) sub-domain IX, (B) sub-domain XII and (C) sub-domain X. Black
bars = disease SNPs, Grey bars = Common SNPs. The character height is proportional
to the degree of conservation. The number of common SNPs is adjusted for the
difference in total common and disease SNPs occurring throughout the catalytic core.
Arrow denotes disease hotspots — E208, W222, and R280. Hotspot region, P+1 Loop,
is also shown.
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of these sub-domains is limited as compared to sub-domains in the N-terminal lobe,
some studies have shown a role for the C-terminal sub-domains in protein substrate
interactions [157], tethering of substrates [158], and in allostery [159]. The emerging
theme from these studies is that tethering of substrates and regulatory proteins to distal
sites in the C-lobe may help optimize catalysis at the active site. A recent comparative
analysis of eukaryotic protein kinases (ePKs) and distantly related eukaryotic-like
kinases (ELKs) has demonstrated that key differences between ePKs and ELKs lie in
the C-lobe of the catalytic core [68]. In particular, the P+1 pocket in the activation
segment and all the key residues that anchor this pocket to the C-lobe were shown to
be absent in the distantly related ELKs. Because the P+1 pocket structurally links the
sub-domains in the C-lobe with the ATP and substrate binding regions in the N-lobe,
it was suggested to play a role in ePK allostery [134]. Surprisingly, the P+1 pocket
and the residues that anchor this pocket are some of the most enriched in disease

associated mutations.

3.4.8 Sub-domain IX

The P+1 motif is located in Sub-domain IX (Figure 3.4A) and is roughly
defined by residues G200-E208 in the activation segment. Within this region is the
conserved APE motif. This segment is critical, not only for substrate recognition, but
also as the hydrophobic glue that holds the sub-domains of the C-lobe together.

Throughout the catalytic core, the highest concentration of disease associated residues
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occurs within the P+1 pocket. Residues G200 and T201, directly at the site of
catalysis, are not significantly disease associated, whereas residues 203-208 are. Of
these residues E203 and L2035 directly interact with substrates, while Y204 and the
APE motif (A206, P207, and E208) do not. Y204 hydrogen bonds to E230 in the F-
helix which directly interacts with the peptide substrate in PKA, however, mutagenesis
has revealed that the primary role of Y204 is to provide a hydrophobic surface to
mediate allosteric regulation across the C-lobe [160]. The APE motif, likewise, may
be involved in this allosteric regulation, as it is anchored to the F, G and I-helices
(discussed below), thereby providing direct communication between the activation
segment and C-terminal sub-domains. APE-glutamate, E208, is the only conserved
electrostatic interaction that serves to stabilize cross communication across the C-Lobe

and is a major hotspot for disease mutations (Table 3.4).

3.4.9 Sub-domain X

Sub-domains X (Figure 3.4C) contains the hydrophobic F Helix. This
completely buried helix, an unusual element in soluble globular proteins, constitutes
the ‘core’ of the C-lobe to which every other C-lobe sub-domain is anchored. Many
hydrophobic residues in this helix are disease-associated, the most prominent of which
1s W222 (Table 3). W222 mediates a CH-p1 interaction with the proline of the APE
motif, and also positions the backbone of the APE motif via a conserved water

molecule [68] (Figure 3.5).
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3.4.10 Sub-domains XI-XII

Sub-domains XI-XII, defined by helices G, H, and I (Figure 3.4D, Figure 3.6),
are sparsely populated by disease causing SNPs. The exception is R280, which is
located between the H and I helices, and mutated in seven distinct kinases (Table 3.4).
R280 forms a salt bridge interaction with the glutamate of the APE motif and also
packs up against the W222 in the F-helix. (Figure 3.5). Mutation of this arginine to a
lysine reduces catalytic activity in PKA but does not alter the overall structure or fold
of the kinases (unpublished results). It is especially noteworthy that this residue is so

frequently altered in disease states.

Figure 3.5: SNPs and Allostery

Figure 3.5 The ePK conserved allosteric network of the C-terminal lobe. Red balls =
oxygen, blue balls = nitrogen, dashed lines = hydrogen bonds. Zoom box shows the
ePK conserved side-chain network.
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Figure 3.6: Distribution of Disease and Common SNPs in Sub-domains XI
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Figure 3.6 The distribution of disease and common SNPs and the degree of
conservation per residue in sub-domain XI. Black bars = disease SNPs, Grey bars =
Common SNPs. The character height is proportional to the degree of conservation.
The number of common SNPs is adjusted for the difference in total common and
disease SNPs occurring throughout the catalytic core.

3.5 Detailed Results

Sub-domain 1

Sub-domain I (Figure 3.2A) contains the glycine flap, which envelopes and

anchors ATP. The second glycine (G52) of the glycine loop directly interacts with
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ATP and is not a heavily mutated residue. Owing to its direct role in catalysis, very
few mutations of this residue are observed. No common SNPs reside at this position
and it contains only three disease SNPs: ALK1 (G-D), FLT4 (G-S) and the second
catalytic domain of RSK2 (G-D). However, the third glycine of the glycine flap (G55),
responsible for the conformational flexibility of the nucleotide binding loop,
conserved in ePKs but not ELKSs, is the site of six different disease SNPs; five tyrosine
kinases; BTK (G-R), INSR (G-V), KIT (G-R), TRKA (G-R), FLT4 (G-R), and the
first catalytic domain of the AGC kinase RSK2 (G-R). In both tyrosine kinases and
non-tyrosine kinase kinases this residue is the least conserved of the three glycine
residues, although still highly conserved. Nevertheless, no common polymorphisms
are observed at this position. This glycine may play an important regulatory role in the

adoption of the active state in protein kinases.

Sub-domain 11

Sub-domain II (Figure 3.7) contains an invariant lysine (K72) termed the
activating lysine, which forms a salt bridge with the conserved glutamate of Sub-
domain IIT (E91) and also positions the ATP for catalysis by interacting with its o and
B phosphates. This sub-domain is scarcely populated by disease SNPs. Interestingly,
the activating lysine only harbors three known disease SNPs ALK1 (K-R), BTK (K-
E), and the second catalytic domain of RSK2 (K-N). Again, owing to the fundamental

role this residue plays in kinase activity, no common polymorphisms are observed at



79

this position. This residue is often mutated experimentally to create an inactive kinase,
but does not have a major role in mediating human disease.

Figure 3.7: Distribution of Disease and Common SNPs in Sub-domains IT
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Figure 3.7 The distribution of disease and common SNPs and the degree of
conservation per residue in sub-domain II. Black bars = disease SNPs, Grey bars =
Common SNPs. The character height is proportional to the degree of conservation.
The number of common SNPs is adjusted for the difference in total common and
disease SNPs occurring throughout the catalytic core.

Sub-domain III-1V
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Sub-domain III (Figure 3.2B) contains a nearly invariant glutamic acid (E91).
This residue is harbors one disease SNP: BTK (E-D). This very conservative transition
is likely to maintain some level of kinase function without completely inactivating the
kinase. Interestingly, one common SNP ACTR2B (E-G) is observed at this position.
Analysis of the CEPH population reveals 100% occurrence of the glutamate,
suggesting this reported common SNP is extremely rare and possibly disease
associated or a result of sequencing error. Sub-domain IV contains no highly
conserved residues and is not thought to be involved in substrate binding or catalysis.
Sub-domains III-1V (Figure 3.2B) contain three residues frequently harboring disease
SNPs. K92, a docking site for regulatory proteins, is mutated in 4 different kinases
(discussed in the text). Only one common SNP occurs at this site, a conservative
substitution of I to T in ALK 1. However, disease SNPs at this residue occur in four
different kinases (A to D in INSR, K to E in KIT, R to P in RSK2, and F to S in
CYGD). F100 is a highly conserved histidine, part of a conserved HXN motif
(discussed in previous sections) in mutated in 4 different kinases, two TKs BTK (H-R)
and KIT (H-P), as well as PINK1 (H-Q) and the first catalytic sub-domain of RSK2
(H-Q). This motif modulates interactions between the N-lobe and C-lobe. Two
common SNPs are observed at this position, MAP3K7 (H-P) and the first catalytic
domain of RSK4 (H-P). Analysis of HapMap frequency data for both the RSK4 and
MAP3K7 mutants reveals 100% occurrences of the histidine, suggesting this reported
common SNP is extremely rare and possibly disease associated or a result of

sequencing error. However, in MAP3K7 the HPN motif is changed to HRN and in



81

other kinases with an arginine at this position the HPN motif is not conserved,
suggesting this SNP may be tolerated in MAP3K7.

F108 is mutated in 5 different kinases (discussed in previous sections). Three
of the mutations occur in TKSs at glycine residues, BTK (G-D), JAK3 (G-V), TRKA
(G-R), a highly conserved amino acid in this family. The other two mutations are R to
H in PINK1 and N to K in PEK. One common SNP PAKS5 (S-N) occurs at this
position, resulting in the wild type amino acid observed in PAK4 and likely to be a

tolerated neutral variation (discussed in the text).

Sub-domain V

Sub-domain V (Figure 3.8) links the amino-terminal and carboxy-terminal
lobes together. Sub-domain V does not contain any particularly highly mutated
residues; however, it is also not devoid of disease SNPs. The conserved glutamate
(E121) is only mutated once in disease FGFR2 (E-A), which results in severe Pfeiffer
syndrome [161]. No common SNPs are observed at this position. The flanking
residues which form hydrogen bonds to ATP or form part of the hydrophobic binding
pocket surrounding ATP contribute to the spectrum of disease causing mutations,
though they are not highly mutated and appear to be adaptable to accepting neutral

variation.
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Figure 3.8: Distribution of Disease and Common SNPs in Sub-domains V
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Figure 3.8 The distribution of disease and common SNPs and the degree of
conservation per residue in sub-domain V. Black bars = disease SNPs, Grey bars =
Common SNPs. The character height is proportional to the degree of conservation.
The number of common SNPs is adjusted for the difference in total common and
disease SNPs occurring throughout the catalytic core.

Sub-domain VI
Sub-domain VI (Figure 3.9) forms a large helix (E-helix) in the carboxy-
terminal lobe, which does not directly interact with either ATP or substrate. The sub-

domain contains a highly mutated residue (I150), mutated in six separate kinases of
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Figure 3.9: Distribution of Disease and Common SNPs in Sub-domains VI
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Figure 3.9 The distribution of disease and common SNPs and the degree of
conservation per residue in sub-domain VI. Black bars = disease SNPs, Grey bars =
Common SNPs. The character height is proportional to the degree of conservation.
The number of common SNPs is adjusted for the difference in total common and
disease SNPs occurring throughout the catalytic core.

different families (Table 3.4). This residue is located in the middle of the helix, and
mutation in this region may likely introduce a kink in the helix or play a role in protein

folding. No common SNPs are observed at this position. While the amino acid identity

of this position is not strongly conserved, the physiochemical properties of this
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position are highly conserved. This position generally houses a small hydrophobic
residue and appears to be extremely important for maintaining the positioning of the
C-lobe relative to the N-lobe. Interestingly, the highly conserved histidine (H158),
which forms a hydrogen bond with the highly conserved aspartic acid in sub-domain
X(1), is only mutated in two different kinases: ALK1 (H-Y) and PHKg2 (H-Y). These
mutations are severe in comparison to the common SNP PKACDb (H-N) occurring at
this position. Analysis of HapMap frequency data for this common SNP reveals 100%
occurrences of the histidine, suggesting this reported common SNP is extremely rare
and possibly detrimental though the amino acid change is conservative.

T153 is also mutated in four kinases. This residue is typically mutated to a
serine in ALK1, to an aspartic acid in LKB1, tryptophan in TGFbR2 and an aspartate
in BTK. Mutations at this position may disrupt the hydrogen bond between the highly
conserved histidine of position 158 and the conserved aspartic acid in sub-domain X(i)
by either introducing an interfering hydrogen bond acceptor in the case of serine or
aspartic acid or a large donor in the case of tryptophan. In fact, one common SNP is
observed at this position in RON (G-S), which has an alanine in place of the conserved

histidine (H158).

Sub-domain VII
Sub-domain VII (Figure 3.3A), termed the catalytic loop, contains the HRD
motif which is likely to participate directly in the phosphotransfer reaction. Mutations

at the HRD arginine and the tyrosine kinase specific arginine (E170 PKA) are
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discussed in the text. The catalytic aspartic acid of the HRD motif is highly mutated in
disease five times for the aspartic acid: ALK1 (D-N), BTK (D-H), KIT (D-Y), LKB1
(D-N), RKS2 (D-N). A rare (0.5% frequency) SNP CHK?2 (D-N) has been observed at
this position, and is very likely to be a deleterious mutation. The conserved
asparginine, at position 171, which hydrogen bonds to the catalytic aspartic acid and
chelates the second magnesium ion interacting with ATP is also mutated in four
different kinases, TKs BTK (N-K) and ROR2 (N-K), the CAMK LKB1 (N-Y), and
the second catalytic domain of AGC kinase RSK?2 (N-K). No common SNPs are
observed at this position.

Interestingly, the conserved lysine (K168), is not highly mutated while an
arginine two positions afterwards, position 170, is mutated in seven separate kinases,
most of which are tyrosine kinases: BTK (R-Q), JAK3 (R-W), KIT (R-G), PHKg2 (E-
K), TRKA (R-C), ZAP70 (R-H), FLT4 (R-P). In fact, this arginine has replaced the
conserved lysine (K168) in the tyrosine kinase family. Thus, this family specific
change is among the most frequently mutated positions in diseases caused by tyrosine
kinases and is a result of charge shift. A common SNP FGFR4 (R-L) occurs at this
position and is very likely to be disease causing, though the SNP has not been
validated. Intriguingly, the two mutations observed at K168 also occur in TKs and are
BTK (A-E) and INSR (A-T), changing the charge or polarity of this residue. On the
other hand, two common SNPs occurring at lysine are observed at this position:

p70S6Kb (K-M), which is observed very rarely (0.017%) in Japanese population and
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never in HapMap populations, and PAK4 (K-N), an unvalidated SNP, both highly

likely to be associated with disease.

Sub-domain VIII

Sub-domain VIII (Figure 3.3B) contains the DFG motif, which chelates the
first magnesium ion interacting with ATP (discussed in previous sections). The motif
is stabilized by hydrogen bonding between the aspartic acid and glycine, of which
only the glycine is highly mutated. This glycine is conserved in ePKs but not ELKs
[68]. Disease causing mutations occur in three TKs, BTK (G-D), KIT (G-V) and RET
(G-S) as well as one TKL ALK1 (G-R). No common SNPs are observed at this
position. The conserved lysine (Q181) is also not highly mutated, being mutated only
in FGFR2 (K-R) and no common SNPs are observed. However, the preceding residue,
1180, is mutated in four separate kinases. Three of these mutations occur at cysteines
in the tyrosine kinase like kinases ALK1, BMPR1A, and BMPR?2 all (C-Y) and
additionally BTK (V-F). While not a particularly well conserved cysteine in the TKL
group, these mutations are drastic cysteine to tyrosine mutations and occur in kinases
that do not have the conserved lysine of the following position. The one common SNP
observed at this position DYRK3 (T-]) is a mild mutation and not likely to be
associated with disease.

Additionally both K189: BTK (R-G), KIT (R-K), LBK1 (E-K), RET (R-Q),
and R190: FLT3 (D-H), KIT (D-H), MET (D-H), TRKA (D-Y), are mutated in four

different kinases, usually an arginine at position 189 and an aspartic acid at 190 in
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tyrosine kinases. K189 contacts the primary phosphorylation site in the Activation
loop. The importance of K189 is validated by the observation that no common SNPs
occur at this site. On the other hand, three common SNPs occur at R190: MARK4 (E-
Q), MAST4 (I-M), and ROCKI1 (K-E), all non-TKs. This suggests an aspartate at this

position is especially important for TK functions.

Sub-domain IX

Sub-domain IX (Figure 3.4A) is thought to play a role in substrate recognition
and is extremely highly mutated in disease. The APE motif is mutated in four different
kinases at the alanine: BTK (P-T), RET (A-V), TRKA (P-L), ZAP70 (A-V), four at
the proline: ALK1 (P-H), BTK (P-S), INSR (P-L), RSK2 (P-S), and eight at the
glutamic acid: ALK1 (E-K), BMPR2 (E-G), BTK (E-K), INSR (E-K), JAK3 (E-K),
KIT (E-K), PINK1 (E-G), RET (E-K) (discussed in the text). The residue before the
APE motif, L.205, is mutated in four different kinases, all tyrosine kinases or tyrosine
kinase like kinases and all at methionine: ALK1 (M-R), MET (M-T), RET (M-T),
TGFbR2 (M-V). Three of the four mutations are transitions from methionine to either
arginine or threonine, suggesting these mutations disrupt the hydrophobic binding
pocket by introducing polar amino acids. Likewise, the two positions preceding this
methionine, E203: ALK1 (R-W), BTK (R-P), INSR (R-W), JAK3 (P-S), and Y204
ALKI1 (Y-H), BTK (W-L), FGFR1 (W-R), KIT (W-R), are also mutated in four
different kinases, all either tyrosine kinases or tyrosine kinase like kinases. The

mutations all result in a change in polarity or charge, suggesting they are all active
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participants in substrate binding. No common SNPs are observed at any of these
positions preceding the APE motif. However, two common SNPs occur at the P of the
APE motif MNKI1 (P-L) and PCTAIREI (P-L). Leucine is observed at this position in
some kinases and though these mutations are candidates for disease associated
common SNPs it is possible that these mutations are tolerated. On the other hand, the
glutamate is mutated in AKT1 (E-G). This unvalidated SNP is very likely to be

disease associated.

Sub-domain X(i)

Sub-domain X(i) (Figure 3.4C) interacts with and stabilizes the catalytic loop.
This sub-domain contains three highly conserved residues, an aspartic acid at position
220 and a glycine at position 225 which are mutated only in three different kinases
ALK1 (D-G), PHKg2 (D-N), and TGFbR1 (D-G) at D220 and BTK (G-W), LKB1
(G-E), TRKA (G-S) at G225, and a conserved tryptophan, position 222 mutated in six
different kinases: ALK1 (W-S), BTK (W-R), INSR (W-L), LKB1 (W-C), TGFbR2
(Y-C), ANPDb (Y-C) (discussed in the text).

No common SNPs are observed at either D220 or W222. One common SNPs

DYRKS3 (G-R) occurs at G225 and is unvalidated but likely to be disease causing.

Sub-domain X(ii)
Sub-domain X(ii) (Figure 3.4C) contains a number of highly mutated residues.

V226 is mutated in four different kinases: BTK (V-F), RHOK (V-D), TRKA (V-A),
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MUSK (V-M). The mutated residue is always a valine, three of which are valines in
tyrosine kinases. The one common SNP occurring at this position is a conservative
valine to isoleucine transition in EphB1. Y229 is always a tryptophan mutated in four
different TKs and TKLs: ALK1 (W-C), BTK (W-C), INSR (W-S), RET (W-C). One
common SNP at this position is a threonine to methionine transition in LCK and not
likely to be disease associated. However, a mutation in ACTR2B (W-R) is likely to be
disease causing. Analysis of HapMap data reveals 100% occurrence of tryptophan at
this position, indicating this may be a rare disease associated SNP. E230 is always a
glutamic acid mutated in four different TKs ALK1 (E-D), BTK (E-G), ErbB2 (E-K),
and KIT (E-A). No common SNPs are observed at this position. F238 is mutated in
five different kinases BTK (P-T), KIT (P-S), RSK2(1) (F-S), CYGD (Y-C), and FLT4
(P-L). One common SNP PKACg (F-L) occurs at this position, this unvalidated SNP
is a possible candidate for disease association. The side groups of all these previously
described sites project in towards the hydrophobic binding pocket suggesting they play
an indirect role in substrate binding and specificity.

However, G234: ALK1 (R-Q), BMPR1A (R-C), LKB1 (G-S), and TGFbR2
(R-C), is mutated in four different kinases and projects towards the terminal alpha
helix of sub-domain V. The mutated residue is arginine in three TKLs and glycine in
one CAMK. An unvalidated common SNP, AurA (G-W) is also observed at this
position and is a candidate for disease association. The interaction between this
residue and sub-domain V may modulate interactions between substrate and

nucleotide binding.
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Sub-domains XI-XII

The functions of sub-domains XI (Figure 3.6) and sub-domain XII (Figure
3.4C) are largely obscure. However, the sub-domain contains a number of highly
mutated residues. P258 is mutated in four different kinases, BTK (P-A), RET (P-L),
CYGD (M-L), and FLT4 (P-L), three of which are prolines in TKs and one of which is
methionine in RGC. This position lies within a turn preceding the large helix of sub-
domain XI. The common SNPs observed at this position are CaMKK1 (E-G) and
MAST4 (D-E). This position does not play the same functional role in these kinases
and is not likely to be disease causing. L272 is a cysteine mutated in three TKs and
TKLs and a leucine in PINK1: BMPR2 (C-R), BTK (C-Y), JAK3(1) (C-R), and
PINK1 (L-P). No common SNPs are observed at this position. R280 is a highly
conserved arginine mutated in seven different kinases ALK1 (R-L), BMPR2 (R-W),
BTK (R-C), LKB1 (R-K), RHOK (R-H), TGFbR2 (R-H), and ANPb (R-W). This
arginine forms a hydrogen bond with the glutamic acid of the APE motif (discussed in
previous sections). One common SNPs CLK1 (R-K) is observed at this position.
Analysis of HapMap frequency data reveals 100% occurrence of arginine in these
populations, suggesting this is a rare SNP likely associated with disease. H294 is
mutated in four different kinases. Three of the mutations are arginines in TKs and
TKLs and one is a histidine in CAMK: LKB1 (H-Y), MISR2 (R-C), TGFbR2 (R-C),

TRKA (R-P). No common SNPs are observed at this position.
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3.6  Physiochemical Attributes of Disease Causing Mutations

Since common SNPs do occur within functionally important regions of the
catalytic core, I compared the physiochemical properties of disease and common SNPs
overall, in sub-domains or loops, and within specific sub-domains in order to
determine what properties may be differentiating between common and disease SNPs
within these specific regions. The properties, from Chapter 1, compared were whether

Table 3.5: Changes in Residue Physiochemical Categories
"Increased in disease SNPs. * Increased in common SNPs.

AHph AP AC
Overall 0.0005" 0.8262 0.0010"
Sub-domains 0.0066" 0.7353 0.0013"
Loops 0.0708 0.8764 0.2655
i 1.0000 0.0180° 0.5282
la 0.4444 1.0000 0.5238
Il 0.7007 1.0000 0.4130
lia 0.3382 0.3043 0.5928
-1V 0.6435 0.3713 0.2507
Iva 1.0000 1.0000 1.0000
\% 0.1252 0.3539 0.0602
Va 1.000 1.0000 1.0000
VI 0.1696 0.7786 0.1198

Via n/a n/a n/a
VII 1.0000 0.4979 0.7363
VIla 1.0000 1.0000 1.0000
VIII 1.0000 0.4072 0.6446
VIlla 0.6992 0.4905 0.0383"
X 0.4962 0.7095 0.4626
Ixa 0.5000 1.0000 0.1905
X(@) 1.0000 0.0237" 0.6599

X(i)a n/a n/a n/a
X(ii) 0.0717 0.03917 0.3358
X(ii)a 0.0021° 0.5654 0.5349
XI-XII 1.0000 0.7117 0.1355
XIla 1.0000 1.0000 0.4909
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hydrophobicity (HP), polarity (P), or charge (C) as determined by a contingency table

test (Table 3.5), as well as the average absolute changes in residue volume (V), the

hydrophobicity measured on two scales (water/octanol free energy (WO) and

hydropathy (H)), and the five factors (fI-fV), as described by Atchely et al. [41],

which were compared by the Wilcoxon Rank Sums Tests (Table 3.6).

Table 3.6: Changes in Residue Physiochemical Properties
"Increased in disease SNPs. * Increased in common SNPs.

AV AWO AH AfT AfIT AT AfTV AfV
Overall <0.0001" | <0.0001" | <0.0001" | <0.0001" | 0.0713 | 0.4713 | 0.7924 | 0.0583"
dosm“;'ns <0.0001" | <0.0001" | <0.0001" | <0.0001" | 0.2226 | 0.1522 | 0.5829 | 0.1437
Loops 0.0126" | 0.1707 | 0.2480 0.1128 | 0.1383 | 0.2028 | 0.9617 | 0.1121
I 0.1305 | 0.1960 | 0.9805 0.6696 | 0.1158 | 0.4571 | 0.7237 | 0.7792
Ia 0.0651 | 0.0365" | 0.3832 0.2683 | 0.7122 | 0.3893 | 0.5386 | 0.2683
1l 0.2453 | 0.02617 | 0.5606 0.2294 | 0.9680 | 0.0145% | 0.3568 | 0.0276
Ila 0.9218 | 0.0242° | 0.8440 0.9219 | 0.6241 | 0.03117 | 0.3777 | 0.2026
-1V 0.6196 | 0.1841 0.6365 02101 | 09373 | 0.9882 | 0.1192 | 0.6196
IVa 0.1373 | 0.9090 | 0.5676 0.9090 | 0.9090 | 0.1373 | 0.7317 | 0.3036
\% 0.1021 0.0949 | 0.0056" | 0.0023" | 0.4732 | 0.0170" | 0.6980 | 0.0495
Va 0.9484 | 0.1363 | 0.3313 0.2185 | 03998 | 0.1738 | 0.9484 | 0.6503
VI 0.5319 | 0.0419" | 0.1186 0.5709 | 03548 | 0.3770 | 0.3952 | 0.2236
Via n/a n/a n/a n/a n/a n/a n/a n/a
VII 0.0324° | 05118 | 0.2722 0.2970 | 0.9058 | 0.5983 | 0.2244 | 0.1860
Vila 0.5582 | 02416 | 0.2416 1.0000 | 0.5582 | 0.5582 | 1.0000 | 0.5582
VIII 0.4227 | 0.4758 1.0000 0.7216 | 0.9149 | 0.3015 | 1.0000 | 0.1874
Vlla 0.3851 0.1476 | 0.5370 0.3851 | 0.2939 | 0.7174 | 0.0960 | 0.6906
IX 0.5842 | 0.8131 0.5924 0.9603 | 0.5422 | 0.6365 | 0.6724 | 0.0816
IXa 0.5918 | 0.0535 | 0.6679 0.3909 | 1.0000 | 0.8302 | 0.1981 | 0.2835
X(@i) 0.6780 | 0.0355" | 1.0000 0.8154 | 0.6971 | 0.0917 | 0.6971 | 0.1072
X(@)a n/a n/a n/a n/a n/a n/a n/a n/a
X(ii) 0.0152" | 0.0702 0.0508 | 0.0055" | 0.9622 | 0.2144 | 0.1224 | 0.0933
X(i)a 0.1195 0.4357 | 0.0309" | 0.1444 | 0.0917 | 0.5612 | 0.0457" | 0.6604
XI-XII <0.0001" | 0.0009" | <0.0001" | <0.0001" | 0.4995 | 0.0525 | 0.0486" | 0.2504
XIla 0.1949 | 0.7237 | 0.5557 0.9062 | 0.9062 | 0.4094 | 0.9062 | 0.2888

I found that the physiochemical factors differentiate common from disease

SNPs to varying extents within individual sub-domains and loops, corresponding to
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the chemical process each sub-domain is involved in. For example, the VIIIa or
activation loop disease SNPs are largely SNPs that result in a change in the amino
acids charge. This loop is known to neutralize the positively charged inhibitory
arginine in the HRD motif upon kinase activation. C-terminal sub-domains are known
to modulate substrate specificity, and are populated by disease SNPs which result in a
change in hydrophobicity or polarity, and the greatest strength appears to be garnered
when sub-domains are considered as a whole. Note that some of the loops are very
short and populated by few SNPs, reducing the statistical power to differentiate
between common and disease SNPs.

To supplement the physiochemical properties, I determined whether mutations
occurring at a specific amino or to a specific amino acid occur at different frequencies
within sub-domains vs. loops by performing an additional contingency analysis (Table
3.7). A differential distribution is observed, though the trends are not strong when
broken down on an individual sub-domain by sub-domain basis.

The amino acid and physiochemical properties analysis was used to inform a
search for functionally important regions sites of the kinase catalytic domain
(described in previous sections). The kinase catalytic domains were aligned by their
sub-domains to determine functionally important residues. While common SNPs were
distributed randomly between the different sub-domains, visual inspection of the
alignments suggested that common SNPs occur more frequently at the extremities of
each sub-domain, closer to the intervening loops, while disease SNPs occurred more

centrally within each sub- domain. To determine whether this observation was
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significant, for each common or disease SNP occurring within a sub-domain, the
distances from the center of its respective sub-domain was calculated and the average
distances for common and disease SNPs were calculated by the Wilcoxon Rank Sums
test. This comparison was made on the basis of absolute distances in amino acids, and
on distances as a proportion of each sub-domain length (Table 3.8).

Table 3.7: Differential Distribution of Mutations within Sub-domains
"Increased in disease SNPs, *Increased in common SNPs.

Sub-domains Loops

From To From To

DC uDC P DC uDC P DC uDC P DC uDC P

5.56% 8.30% 0.2864 2.78% 2.07% 0.7723 3.85% 7.27% 0.5035 3.85% 6.36% 0.7197

3.97% 2.07% 0.2961 4.76% 1.66% 0.0732 0.00% 0.00% 1.0000 7.69% 3.64% 0.2706

6.35% 6.22% 1.0000 5.95% 4.15% 0.4152 5.77% 5.45% 1.0000 13.46% 1.82% 0.0053"

6.75% 7.05% 1.0000 3.57% 4.56% 0.6514 5.77% 10.00% 0.5512 7.69% 0.91% 0.03717

2.78% 3.32% 0.7969 3.17% 6.64% 0.0937 1.92% 3.64% 1.0000 1.92% 2.73% 1.0000

9.52% 3.32% 0.0057" 3.17% 5.81% 0.1921 7.69% 1.82% 0.0844 5.77% 3.64% 0.6814

3.17% 5.39% 0.2676 4.76% 4.56% 1.0000 3.85% 6.36% 0.7197 5.77% 3.64% 0.6814

3.17% 8.71% 0.0018* 3.17% 3.32% 1.0000 0.00% 4.55% 0.1772 1.92% 10.00% 0.1053

2.38% 6.64% 0.0280" 6.75% 2.9% 0.0591 11.54% 3.64% 0.0767 1.92% 14.55% 0.0130°

6.35% 8.71% 0.3931 5.56% 9.13% 0.1655 5.77% 8.18% 0.7531 5.77% 3.64% 0.6814

6.35% 2.49% 0.0486" 1.98% 6.64% 0.0131% 3.85% 1.82% 0.5941 0.00% 8.18% 0.0588

2.78% 4.15% 0.4648 3.97% 5.39% 0.5246 3.85% 2.73% 0.6564 5.77% 5.45% 1.0000

3.97% 4.15% 1.0000 8.73% 3.32% 0.0138" 3.85% 6.36% 0.7197 9.62% 3.64% 0.1476

0.00% 2.9% 0.0064" 5.95% 6.22% 1.0000 1.92% 6.36% 0.4382 5.77% 5.45% 1.0000

15.48% 9.13% 0.0397" 9.92% 5.81% 0.0976 17.31% 12.73% 0.4735 3.85% 5.45% 1.0000

4.76% 4.56% 1.0000 6.75% 8.30% 0.6087 7.69% 5.45% 0.7279 5.77% 4.55% 0.7123

3.57% 4.56% 0.6514 4.76% 7.47% 0.2588 3.85% 4.55% 1.0000 1.92% 6.36% 0.4382

5.16% 5.81% 0.8439 5.95% 7.88% 0.4779 1.92% 8.18% 0.1701 3.85% 8.18% 0.5052

3.57% 0.83% 0.0632 4.76% 1.66% 0.0732 1.92% 0.00% 0.3210 5.771% 0.00% 0.0318"

=<|Z|<[8|wn|mo|w|Z|Z|C|R |~ |z|an|m|o|al>

4.37% 1.66% 0.1142 3.57% 2.49% 0.6030 7.69% 0.91% 0.03717 1.92% 1.82% 1.0000

Table 3.8: Distance of Mutations from the Middle of the Sub-domain

Absolute Relative
) P-value . P-value
Distance Distance
Cqmmon 6.63+0.28 <0.0001" 0.289:+0.0098 0.0001"
Disease 4.69+0.19 0.240+0.0077

Upon further inspection, it became apparent that many sub-domains
correspond to secondary structure spans. Thus, many disease causing mutations are
occurring towards the middle of these secondary structure spans. An alternative
method was sought to identify the middle of these spans without breaking the catalytic

domain into sub-domains in the prediction model. It was later determined that protein
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flexibility was able to strongly reflect the middle of secondary structure spans by
assigning a highly inflexible score to these sights. Thus, protein flexibility was added

as a predictive determinant.

3.7  Protein Flexibility

Protein flexibility is calculated based upon a sequence based prediction method
developed by Gu et al [40]. Disease causing polymorphisms tend to occur at
structurally inflexible sites as compared to common polymorphisms (p<0.0001). This
trend is apparent in most functional domains, here I focus my analysis upon the
catalytic domain.

Plotting protein flexibility vs. disease SNP density (the average density of
disease SNPs in a window size of 9 residues), a clear correlation between protein
flexibility and disease SNP density is observed (Figure 3.10). The two plots strongly
mirror one another, suggesting the association of protein flexibility with disease SNP
density is a general trend throughout the catalytic domain. The bottom of the troughs
in protein flexibility are associated with the centers of secondary structure spans and
provide an excellent surrogate for the association of disease SNPs with the centers of
sub-domains (described in the previous section).

To determine whether the association of disease SNPs with protein flexibility
held true in a site specific manner, I generated a heat map of disease SNP density vs.
common SNP density (adjusted for the differences in total SNP numbers) per site, and

colored by the corresponding protein flexibility (Figure 3.11).
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Figure 3.10: Protein Flexibility vs. Disease SNP Density
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Figure 3.10 Protein flexibility (blue) plotted vs. disease SNP density (red) throughout
the catalytic core. Note that the two plots strongly mirror one another.

As can be observed in Figure 3.11, sites containing a large number of disease
causing SNPs and few common SNPs tend to have low protein flexibility, and the
converse is also true. As expected, there are exceptions to the rule, but a strong
association is observed overall.

In order to emphasize the point further, and to demonstrate that disease causing
and common SNP densities correspond to the overall mode of protein flexibility
observed throughout the catalytic domain I calculated a short-time fourier transform of
protein flexibility and plotted a similar heat-map (Figure 3.12). The short-time fourier
transform is a signal analysis technique which is capable of identifying positions (in

this case particular residues) which contribute most significantly to the overall



97

frequency of a signal. In this instance, the more positive a value, the greater its
contribution to the protein flexibility signal throughout the catalytic domain.

Figure 3.11: Protein Flexibility Heatmap of Disease and Common SNP Densities

Wiggle
<=-1.250
<=-1.000

Bl <=-0.750

Il <=-0.500
<=-0.250
<= 0.000

N > 0.000
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Figure 3.11 Position specific occurance of disease causing polymorphisms (x-axis),
vs. common polymorphisms (y-axis), adjusted for the difference in total number of
SNPs. Heatmap of protein flexibility is overlayed, where negative values correspond
to inflexible sites and values approaching or above zero correspond to flexible sites.
As can be observed in 3.12, positions with a large number of disease causing
polymorphisms and a small number of common polymorphisms are those sites which

contribute greatly to the overall protein inflexibility signal throughout the catalytic

core. Once again, there are exceptions to this rule, observable by the highly disease
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associated sites which do not contribute much to the protein flexibility signal, but an
overall trend is readily apparent.

Figure 3.12: Short Time Fourier Transform of Protein Flexibility vs. SNP Densities
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Figure 3.12 Short time fourier transform values plotted vs the position specific
occurance of disease SNPS (x-axis) and common SNPs (y-axis), corrected for the
difference in the total number of SNPs. A high value in the fourier transform
corresponds to positions contributing greatly to the protein flexibility signal.
The association of protein flexibility with disease SNPs holds true for all
secondary structures considered in the model — coils, sheets, and helices (p<0.0001 for

all comparisons). However, coils tend to cause problems for many types of

predictions, especially structure based predictions. The Wiggle method of Gu et al
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[40] provides an additional measure of protein flexibility based upon short sequences
(W200 predictions). This score, combined with the initial protein flexibility score,
leads to a final score called Union, or the agreement between the two scores. It was
observed that the Union score, strongly differentiates between disease and common
mutations occurring within coils while does not within sheets and secondary structures
(p<0.0001). Therefore, to provide further prediction strength within these regions, the

union score was also added to the prediction model (Chapter 1).

3.8 Solvent Accessibility

Solvent accessibility is another predictor investigated in depth in the context of
the catalytic domain. The solvent accessibilities of the kinase sub-domains were
calculated for twenty structurally characterized human kinases using the DSSP
software package [162]. In order to determine whether the solvent accessibilities of the
sub-domain residues are generalizable to all kinases, all 190 pairwise correlations
were calculated. All pairwise correlations were significant (p <0.0001, mean r* =
0.5740 = 0.0069). Therefore, an average solvent accessibility for each position was
calculated as the average of the solvent accessibility at that position over the 20
structurally characterized human kinases.

When the solvent accessibilities of disease causing and common SNPs were
compared by the Wilcoxon Rank Sums Test (Table 3.9), overall, disease causing SNPs
tend to occur at more buried sites within the catalytic domain (p<0.0001). For the sub-

domains enriched in disease causing SNPs (VII-X), the solvent accessibilities of
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disease causing and common SNPs were not significantly different, while disease
causing SNPs tended to occur in more buried sites within sub-domains not enriched
with disease causing SNPs (I-VI and XI-XII) (Table 3.9). It should be noted that the
low number of common SNPs occurring within sub-domains VII-X reduce the power
of comparisons within those sub-domains.

Table 3.9: Solvent Accessibility in the Catalytic Domain
i Statistically Significant.

Subdomain Solvent Accessibilit.y P_value
Common Disease

I 57.74 + 6.82 34.84 +5.27 0.0039°

1l 81.31 + 6.88 38.96 + 9.64 0.0039"
-1V 58.94 + 6.04 42.02 +4.51 0.0524
\% 44.05 +7.23 20.90 +2.99 0.0235"
VI 38.62 +7.42 12.39 +4.03 0.00177
VII 34.41 + 8.73 36.05 +4.10 0.8970
VIII 36.36 + 13.19 32.90 +5.07 0.8292
X 33.86 + 10.84 23.95 +3.13 0.7176
X(i) 33.43+7.22 11.85 +3.64 0.0841
X(ii) 23.70 + 6.48 18.13 £3.04 0.8519

XI-XII 64.05 + 4.67 35.20 +4.99 <0.00017

All 5273 +2.42 28.47 + 1.46 <0.0001"

Additionally, highly mutated vs. less mutated sites were compared. The

catalytic domain positions were split into three groups based upon the number of

kinases bearing a disease causing mutation at that position: highly mutated (> 4

kinases), less mutated (1-3 kinases), or not mutated (O kinases). The solvent

accessibilities of these three groups were significantly different (P<0.0001) with

highly mutated positions tending to be the most buried sites (mean solvent

accessibility = 20.97 + 3.79), less mutated positions being intermediately buried (mean

solvent accessibility = 35.46 + 2.83) and unmutated positions were the most exposed
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(mean solvent accessibility = 66.09 + 4.22). The converse trend was observed for
common SNPs (highly mutated > 3 kinases), less mutated (1-2 kinases), not mutated
(0 kinases), where highly mutated positions were the most solvent exposed (mean
solvent accessibility = 71.67 £ 6.91) and positions with less (mean solvent
accessibility = 39.44 + 3.03) or no mutations (mean solvent accessibility = 32.41 +
3.61) were similarly buried (p<0.0001). Thus, the use of solvent accessibility in the

prediction model is strongly justified by these results.

39 Conclusions

The results indicate that perturbed kinase residues involved in functional
regulation, allosteric networks, as well as substrate binding, especially residues
indirectly involved in protein-protein interactions and allostery, are extremely
important contributors to human disease. In contrast, SNPs resulting in disease do not
occur frequently at residues directly involved in catalysis, probably because
perturbations at these highly conserved sites result in a complete loss of function and
are only likely to occur in proteins whose functions are not essential for survival. The
preponderance of disease SNPs observed in kinases whose functions are presumably
essential for survival occur at regulatory, allosteric, or substrate binding sites where
partial activity is conserved, viability is retained, albeit often with severe biological
deficits. It is possible that the preference of disease SNPs for regulatory or substrate
binding sites, rather than catalytic sites, may be a general property of disease SNPs in

other catalytic enzymes - the largest class of disease causing proteins [163]. The
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protein kinase family provides an ideal framework for analyses regarding the
functional and structural implications of known disease causing vs. common
polymorphisms because of the wealth of biological, structural and functional
knowledge available for examination.

The analyses reveal that hotspots for disease SNPs occur at sites conserved in
eukaryotic protein kinases (ePKs) and not in eukaryotic-like kinases (ELKs) [68] and
are likely to be involved in functions specific to ePKs. Of ten key residues, conserved
across ePKs and ELKs - G52, K72, E91, P104, H158, H164, D166, N171, D184, and
D220 [68], only D166 is among the top ten disease associated residues. These results
are consistent with the recent results of a survey of functional genomic elements by
the ENCODE Project Consortium [53]. The ENCODE researchers identified a number
of regions of the genome that exhibited clear biological activities but were not
conserved across species, suggesting a role for lineage-specific variations in mediating
particular biological functions.

It is these lineage-specific functions, built on top of the more ancient catalytic
machinery, that appear to be the major target of disease SNPs. For example, the highly
disease associated residues of the N-lobe: the third glycine of the G-loop (G55), the
histidine of the HxN motif (H100), and the putative regulatory molecule docking sites
K92 and F108, which cap the aC-4 region, have been shown, in the case of G55,
K92, and H100, or are likely (F108), to be key players in the movements of the C-

helix from the inactive to active conformation in ePKs (Figure 3.13). In contrast, the
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C-helix is held in a constitutively active conformation in ELKs. Anchoring of the C-

helix is a key regulatory element in ePKs.

Figure 3.13: The aC-p4 Region

Figure 3.13 The aC-p4 region and the AGC C-terminal tail. K92 and F108 cap the
aC-p4 region whereas F100 anchors the aC-4 loop to the C-lobe. Regulatory
molecules docking at the cap of the aC-p4 at K92 or F108, as well as movements of
the C-lobe transferred through F108, induce C-helix movements and adoption of the
active conformation.

Though the N-lobe contains a few disease associated residues, the majority
reside within the C-lobe. The C-lobe contains a number of regions which further

demonstrate the importance of ePK specific residues and functions in disease. C-helix

movements, an N-lobe ePK specific function, are influenced by regulatory events in
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the C-lobe, such as movement of sub-domain VIII. However, the majority of disease
hot spot residues are involved in the side-chain network formed by the APE motif,
W222 and R280 (Figure 3.6), recently shown to be a unique feature of ePKs [68].
Distantly related ELKSs in prokaryotes that phosphorylate small metabolites lack these
residues [134], suggesting a role for the ePK-specific network in substrate binding
function and allosteric regulation. Consistent with this notion, mutation of the APE
glutamate to lysine in ILK dramatically reduces substrate affinity [164]. Likewise,
mutation of the arginine of sub-domain XII in yeast PKA was shown to affect binding
and release of protein substrates [165]. It is interesting that although these residues are
not exposed to solvent, they are indirectly contributing to substrate binding. It is also
possible that mutation of these residues alters the structural stability of the C-lobe so
that it is no longer primed for substrate recognition. Further characterization of these
residues is required to precisely understand the role of these residues in protein kinase
structure, function and disease.

Ultimately, the results could not have been anticipated without an in-depth
study of the unique evolutionary and functional features of kinases and hence extends
the findings of research that considers general or ubiquitous sequence-based features
of nsSNPs [33, Chapter 1]. In this light, I can speculate about kinase SNPs that may
cause disease by extrapolating the results and hypothesize that SNPs within the coding
regions of kinase genes could influence common disease if they occur at positions
which mildly affect substrate binding or allosteric regulation, — especially if they

appear to be lineage-specific residues -- although their ultimate functional affects may
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not be immediately obvious without structural or functional characterization. A major
challenge for the future will be to delineate the role of SNPs within individual kinase
families using computational and experimental methods.

In light of these results, it is apparent that conservation based approaches may
lack the power to identify important disease causing residues which may be more
recently evolved. I find that other structural parameters, including but not limited to
protein flexibility and solvent accessibility, provide an excellent means of identifying
these functionally or structurally important sites. Their importance is clearly
demonstrated within the context of the catalytic domain, and to some extent,
demonstrates differences in predictive power within the C-lobe and N-lobe. Thus,
splitting the catalytic domain into these two separate lobes within the prediction model
should provide additional predictive resolution. Further details of some of the
predictive attributes used in Chapter 1 will be discussed in the following Chapter.

The text of Chapter 3 is derived in part, from the following work: A.
Torkamani, N. Kannan, S.S. Taylor, N.J. Schork. Congenital Disease SNPs Target

Lineage Specific Elements in Protein Kinases. PNAS (Submitted).



CHAPTER 4

4.1 Summary

The human kinase gene family is comprised of 518 genes that are involved in a
diverse spectrum of physiological functions. They are also implicated in a number of
diseases and encompass 10% of current drug targets. Contemporary, high-throughput
sequencing efforts have identified a rich source of naturally occurring single
nucleotide polymorphisms (SNPs) in kinases, a subset of which occur in the coding
region of genes (cSNPs) and result in a change in the encoded amino acid sequence
(nonsynonymous coding SNP, nsSNPs). What fraction of this naturally occurring
variation underlies human disease is largely unknown (uDC), and much of it is
assumed not to be disease-causing. I pursued a comprehensive computational analysis
of the distribution of 1463 nsSNPs and 999 disease causing nsSNPs (DCs) within the
kinase gene family and have found that DCs are overrepresentated in the kinase
catalytic domain, as well as receptor structures. In addition, the frequencies with
which specific amino acid changes occur differ between the DCs and uDCs implying
different biological characteristics for the two sets of human polymorphisms. The
results provide insights into the sequence and structural phenomena associated with
naturally occurring kinase nsSNPs that contribute to human diseases. This Chapter
provides a more detailed look at the distribution of predictive attributes used in

Chapter 1.

4.2 Introduction

106
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The human protein kinase family contains 518 members, which regulate the
activity of their substrates through reversible phosphorylation. As a group, they are
involved in extracellular and intracellular signal transduction [3]. They are also
involved in a number of other cellular processes, including metabolism, transcriptional
regulation, cell cycle and apoptosis regulation, cytoskeletal rearrangements, and
developmental processes [4]. Kinases, except for the atypical kinases, all contain a
highly conserved catalytic core that can be complemented by a number of different
regulatory domains (Figure 2.1). These domains are involved in the determination of a
particular kinase’s specific set of substrates through a wide assortment of interactions
including protein-protein, protein-membrane, and protein-carbohydrate interactions, as
well as kinase localization and response to a variety of signals including calcium,
carbohydrates, and peptide hormones [166]. Alterations in protein kinase signaling
play both fundamental and contributory roles in human disease [6]. In fact, kinases are
the second largest family of current drug targets, and are predicted to be the largest
family of putative drug targets at 22% of the druggable genome [30].

An expanding body of literature and genomic databases consider single
nucleotide polymorphisms that alter the coded amino acid sequence (nsSNPs) of
kinases [8,30,64,167,168]. Many of these nsSNPs are known to cause a distinct and
overt disease phenotype and are classified in this study as “disease causing” or “DCs.”
However, the majority of these nsSNPs are common and probably “neutral” variations
within the human genome, and are not associated with any overt clinical phenotype. 1

want to emphasize, however, that the functional effects of many of these SNPs have
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not been explored in full. As a result, I classify them as unknown as to whether they
cause disease (uDC). In this study, I have analyzed the distribution of nsSNPs in
kinase domains, secondary structures, as well as the frequency of specific amino acid
transitions in order to predict and characterize the likely functional effects of nsSNPs
in kinases. In this light, I pursued a number of different analyses that addressed the
properties associated with kinase uDCs and DCs. These included: 1. an analysis of the
evolutionary conservation of the amino acids implicated in kinase nsSNPs as derived
from the panther database and analysis tools (http://www.pantherdb.org/); 2. an
analysis of the distribution of nsSNPs (both uDCs and DCs) within different kinase
groups; 3. an analysis of the domain distribution of the SNPs; 4. an analysis of amino
acid distributions; 5. an analysis of amino acid changes induced by the nsSNPs; 6. an
analysis of the nucleotides implicated in nsSNPs; and 7. a comprehensive and
integrated analysis in which I tried to predict which groups, domains, etc. as well as
their potential interactions, differentiate uDCs from DCs. In this chapter, I also
describe some of the basic structural characteristics of DCs and uDCs. Additionally, I

also considered the comparison of mouse kinase SNPs and human kinase SNPs.

4.3 Methodology

Kinase protein and DNA sequences were obtained from Kinbase. uDCs were
determined as follows: Ensembl Gene ID’s were determined by BLAST search using
the Ensembl website (http://www.ensembl.org/Homo_sapiens/blastview). To collect

uDCs Ensembl Gene IDs were used to query PupaSNP using the PupaSNP website
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and dbSNP using the Ensembl data mining tool, Biomart

(http://www .ensembl.org/Homo_sapiens/martview). For genes that produced no
results, Entrez Gene IDs, UniProt IDs, GenBank IDs or HGNC approved symbols
were used as the query. These IDs were determined using a combination of Biomart,
the Genecards database (www.genecards.org), and the HUGO Gene Nomenclature
Committee website (http://www.gene.ucl.ac.uk/nomenclature/). A number of genes
with no appropriate Ensembl Gene ID were directly queried in dbSNP. Mouse uDCs
were determined by obtaining the predetermined ensemble ID’s for mouse homologs
of human kinases and using those as the query in Biomart.

DCs were determined as follows: Entrez Gene IDs were used to query OMIM,
returning OMIM IDs that were used as a query in the OMIM website to determine
DCs. KinMutBase DCs were assigned to kinases by name with the Genecards
database being used to determine alternate names. The Human Gene Mutation
Database was queried by HGNC IDs. All deletions, insertions, and nonsense
mutations were not considered in the analyses.

All nsSNPs were assigned to positions in Kinbase protein sequence using
flanking sequences in the Ensembl and Entrez Gene sequences because of higher
confidence in Kinbase sequences versus other publicly available sequences.
Corresponding positions in DNA sequences were determined using a combination of
flanking sequences given in dbSNP data and Genewise [169]

(http://www .ebi.ac.uk/Wise2/). For situations in which protein and DNA sequences

did not agree, the DNA sequence was assumed to correspond to the major allele (43
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cases in uDCs). SNPs were discarded in the rare case that nsSNPs had no match in
either protein or DNA sequences, or the SNP could not have resulted from a single
mutation as determined by the corresponding codon. In two cases the amino acid in
the Kinbase sequence did not match either major or minor alleles from SNP
information while all flanking sequences matched. It was noticed that the amino acid
appearing in the Kinbase sequence could have been a result of a SNP and was added
to the list as a novel SNP. Similar complications did not occur in the DCs list. The
accuracy of amino acid positions was validated computationally. Once the major
codon was determined, nucleotide transitions were elucidated with a combination of
computational methods, to the extent that it was possible, and SNP information
provided by dbSNP and Ensembl data.

Functional domain structures were determined by using InterProScan using
mainly Prosite and Pfam predictions. Domains were then classified into more general
categories depending on their function. The categories and their constituents are as
follows:

Other - Not a domain, PKC term, FAT, Guanylate cyclase, cation channel

Kinase — kinase catalytic domain

Receptor - SEMA, 1G-like, WIF

src homology - SH3, SH2

PH - pleckstrin homology

FN3 - fibronectin
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Protein-Protein Interaction- Furin, Cadherin, Ankyrin, bromodomain,
Mad3_BUBI1 binding, FHA, Death, Armadillo, UBA, POLO Box, TPR, SAM, Focal
AT, DNAJ, LIM, LRR, FZ, CRIB, HR1, IQ, FATC

Protein-Membrane Interaction - FERM, C2, FA58C

Carbohydrate Binding - Concanavalin A -like, C1_1, PDZ

IG-like - immunoglobulin

Cytoskeletal Interactions - Coffillin, Spectrin, FCH, Myosin

G-protein related - RGS, rhogef, rhogap, CNH, RCC, TBC

Nucleic Acid Interactions - ZF_PHD, ZF_Ring, NUC194, BBC, RIO1.

IG-like domains occurring outside the cell membrane as determined by
TMHMM Server (http://www.cbs.dtu.dk/servicess TMHMMY/) in tyrosine kinase
receptors were grouped with other receptors. Placement of nsSNPs in functional
domains was then determined computationally.

SubPSEC scores were determined using the PANTHER database[36,37]

All statistical analyses were performed using JMP IN 5.1%

4.4  Results
4.4.1 SNP Identification

Using public sources, I have compiled an extensive record of nsSNPs in
kinases [7,12,34,35]. nsSNPs resulting in a premature stop codons were excluded as

these represent a rare, special class of nsSNPs that are very likely to be disease

2JMPIN 5.1 (SAS Inistitute Inc. Cary, NC USA)
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causing. In total, 999 DCs (41% of total nsSNPs identified) in 52 kinases and 1463
uDCs (59% of total nsSNPs identified) in 393 kinases were catalogued. Most kinases
in the DC set had 20 or less DCs, while a few, BTK and RET, had over one hundred
DCs. All DCs were from published literature compiled in OMIM [64]

(http://www .ncbi.nlm.nih.gov/entrez/query.fcgi?db=OMIM), KinMutBase [6]
(http://bioinf.uta.fi/KinMutBase/main_frame.html) and the Human Gene Mutation
Database (HMGD)[8] (http://www.hgmd.cf.ac.uk/ac/index.php). The DCs that I
identified were associated with a vast spectrum of inherited diseases including
cancers, metabolic disorders, developmental diseases, and endocrine related diseases. |
obtained uDCs from dbSNP [167] (http://www.ncbi.nlm.nih.gov/projects/SNP/) and
through the use of the PupaSNP [168] server (http://pupasnp.bioinfo.ochoa.fib.es/) to
compile a list of SNPs that have not been functionally characterized. The wildtype or
major amino acid was assumed to be the corresponding amino acid from published
sequences in Kinbase (http://kinase.com/human/kinome/). nsSNP domain distribution
was determined by using InterProScan [170] (http://www.ebi.ac.uk/InterProScan/)
using mainly Prosite [171] and Pfam [172] domain determinations. Domains were
then classified into more general categories including kinase catalytic (kinase, kin),
extracellular receptor (receptor, recp), src homology (SH), pleckstrin homology (PH),
fibronectin (FN), protein-protein interaction (PPI), protein-membrane interaction
(PMI), carbohydrate binding (CB), immunoglobulin like (IGL) domains that do not
function as receptors, cytoskeletal interaction (CI), g-protein and GTPase interaction

(GPI), and nucleic acid interaction (NAI) domains. nsSNPs falling in domains that did
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not clearly fall into one of the following categories were rare and grouped with

nsSNPs falling outside of any functional domains.

4.4.2 Evolutionary Analysis Via the Panther Database

I considered the use of the suite of analysis tools on the Panther database
website to assess the conservation of the positions of the kinase nsSNPs. Using the
substitution position-specific evolutionary conservation score, “subPSEC,”
(http://www .pantherdb.org/tools/csnpScoreForm.jsp) I were able to differentiate
between uDCs (mean=-2.3125+0.04964) and DCs (mean=-4.1870+0.06830) by the
Wilcoxon Test (p<0.0001). The subPSEC score is derived from aligning a test protein
against a library of hidden markov models representing distinct protein families. The
score is defined as - | In(P,;i/Py;;) |, where Py; is the probability of observing amino acid
a at position i in HMM j. According to the Panther website, a score of -3 corresponds
to a 50% probability that the SNP is disease causing. This result suggests that the DCs
in kinases occupy positions in DNA sequences that are more highly conserved across
species than uDCs in kinases. I acknowledge that such an analysis has its limitations,
since neighboring amino acids may influence the functional effects of the amino acid
affected by an nsSNP. However, this fact would tend to bias the results toward the null
hypothesis of no differences between DCs and uDCs; thus the observation of

conservation differences is compelling given the conservative nature of the analysis.
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4.4.3 Group Analysis

A comparison between all DCs and uDCs demonstrated that their distributions
within the different protein kinase groups were significantly different based on a 10 x
2 x2 contingency table test, p<0.0001) , The 10 protein kinase groups for which I
identified DCs and uDCs included: protein kinase A, G and C (AGC); Atypical (AT);
calmodulin-dependent protein kinase (CAMK); casein kinase 1 (CK1); the cyclin-
depdendent, mitogen-activated, glycogen synthase and CDK-like kinases (CMGC);
receptor guanylate cyclase (RGC); sterile (STE); tyrosine kinases (TK); tyrosine
kinase-like (TKL); and a group that consisted of all other protein kinase groups
(OPK). To determine whether any set of kinase groups might be predictive of DC
status among all the others, I conducted a binary logistic regression analysis with DC
status as the dependent variable and the groups associated with the SNPs as the
independent variables [173]. The results of this analysis suggested that AGC,
Atypical, CAMK, STE, RGC, TK, and TKL were all significant predictors of DC
status (Table 4.1). Univariate analysis involving Fisher’s Exact Test also suggested
these associations (data not shown).

It is possible that the extent at which certain kinase groups have been studied
by experimentalists will bias the group analysis towards enrichment in DCs in the
more extensively studied group. However, I believe that the analyses do not suffer
from such bias for a few reasons. I note that disease associations tend to be pursued

through a focus on the disease and then the determination of a mutation more often
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than the reverse. To demonstrate that this bias is absent from the analysis, I compared
the group distribution DCs to the group distribution of experimentally induced
mutations found in the Swiss-Prot database, (10 x 2 X2 contingency table test,
p<0.0001) and found that the group distributions are significantly different.
Additionally, there is little or no correlation between the proportion of experimentally
induced mutations per group and the proportion of disease causing mutations per
group (R?=0.08).

Table 4.1: Kinase Groups Logistic Regression.
“Statistically significant.

Group Estimate Std Error XZ p-value
AGC 0.3907  0.1146  11.62 0.0007*
Atypical 02212  0.1072 426 0.0391°
CAMK 0.3162  0.1052  9.03 0.0027*

CK1 -0.7425  0.4497 273 0.0987
CMGC -0.6029  0.2009  9.00 0.0027°
RGC 1.2574  0.1462  73.94 <.0001"
STE -1.0929  0.3208 11.61 0.0007
TK 1.2513  0.0921 184.55 <.0001"
TKL 0.9592  0.1028 86.92 <.0001"
OPK -0.1847  0.1261 2.14  0.1433

4.4.4 Domain Analysis

The distribution of all DCs and uDCs considering kinase domains also
provided evidence that certain domains were more likely to harbor DCs based on a 13
x 2y’ contingency table test (p <0.0001). I also found that the domain distributions of
DCs and uDCs within specific kinase groups were significantly different for the
following groups; AGC (7 x 2 X2 contingency table test, p = 0.0008), Atypical (8 x 2 X2
contingency table test, p =0.0103) CAMK (9 x 2 x2 contingency table test, p<0.0001),

CMGC (2x 2 x2 contingency table test, p = 0.0333), Other PK (4 x 2 x2 contingency
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table test, p<0.0226), and TK (10 x 2 x2 contingency table test, p<0.0001) and TKL (5
x 2 x2 contingency table test, p<0.0001). These combined kinase group and domain
analyses suggest that interactions between specific kinase groups and domains exist to
increase the probability of a disease related variation.

I observed that the frequency of DCs vs. uDCs was higher in kinase domains
(54% vs. 25%), receptor domains (9.11% vs. 3.49%), and pleckstrin homology
domains (3.30% vs. 0.41%). To test the significance of this observation and determine
if any domains might be predictive of DC status, I also conducted a binary logistic
regression analysis with DC status taken as a dependent variable and the various
domains taken as independent variables. The results indicated that kinase, receptor,
pleckstrin homology, fibronectin, src homology, nucleic acid interacting and
carbohydrate binding domains were predictive of DC status (Table 4.2). However,
when kinase groups were analyzed separately, the kinase domain remained predictive
of DC status for AGC (p=0.0005), Atypical (p=0.0019), CAMK (p<0.0001), CMGC
(p=0.0070), TK and TKL (p<0.0001) and Other PKs (p=0.0046) groups, whereas
carbohydrate binding domains were only predictive of DC status for AGC (p=0.0035)
and CAMK (p=0.0027), protein-protein interaction became predictive for CAMK
(p=0.0039), receptor domains remained predictive for RGC (p=0.0269) and TKL
(p<0.0001) and fibronectin domains (p=0.0029) as well as pleckstrin homology

(p=0.0002) were predictive of DC status when attention was confined to the TK

group.
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Table 4.2: Kinase Domains Logistic Regression
“Statistically significant.

Domain Estimate Std Error X? p-value
Kinase 0.7689 0.0491 244.82 <.0001*
Receptor 0.8626 0.0944 83.45 <.0001*
SH 0.7072 0.1876 14.21 0.0002*
PH 1.4254 0.2247 40.23 <.0001?
FN -0.6073 0.2366 6.59 0.0103*
PPI 0.1380 0.1127 1.50 0.2208
PMI 0.0672 0.2940 0.05 0.8190
CB 0.7169 0.2723 6.93 0.0085*
IGL -0.5612 0.3053 3.38 0.0660
CI -3.5281 9.5550 0.14 0.7119
GPI -3.5281 6.7565 0.27 0.6015
NAI 0.5730 0.2696 4.52 0.0335%

4.4.5 Amino Acid Analysis

I considered an analysis comparing the frequency with which DCs and uDCs
both originate and result in a change to specific amino acids. I found that DCs and
uDCS have a significantly different distribution across amino acids in this manner (20
x 2 x* contingency table test, p<0.0001). To determine which amino acids are more
likely to be affected by DCs as opposed to uDCs I complemented the overall 20 x 2
contingency table analysis with binary logistic regression analysis and found that
transitions from alanine, cysteine, isoleucine, methoinine, glutamine, arginine, serine,
threonine, valine, trytophan and tyrosine were significant in determining DC status
(Table 4.3, left panel).

Analyses investigating the distribution of the amino acid resulting from the
nsSNP (i.e., the transitions to particular amino acids, or the mutant amino acid) were

also pursued and suggested that transitions to alanine, cysteine, isoleucine,
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methionine, proline, threonine, valine, tyrosine and tryptophan were significant in
determining DC status (Table 4.3, right panel).

Table 4.3: Amino Acid Mutation Spectrum Logistic Regressions
® Significant predictor of uDCs. ” Significant predictor of DCs.

Amino Acid Initial Amino Acid nsSNP Amino Acid

Estimate Std Error X2 p-value | Estimate Std Error X2 p-value

A -0.2416  0.0832 8.43 0.0037* | -0.3361 0.1119 9.03 0.0027*
C 0.9026 0.1178  58.64 <.0001° 0.4556 0.0898 25.74 <.0001°
D 0.0390 0.0888 0.19 0.6605 0.1106 0.0918 1.45 0.2284
E -0.0662  0.0918 0.52 0.4707 -0.0383  0.1003 0.15 0.7027
F 0.1115 0.1273 0.77 0.3811 0.0268 0.1040 0.07 0.7966
G 0.0929  0.0800 1.34 0.2462 0.0396 0.0884 0.20 0.6541
H -0.1021 0.1214 0.71 0.4008 -0.0596  0.1008 0.35 0.5543
I -0.3474  0.1153 9.08 0.0026" | -0.3481  0.1008 11.93 0.0006"
K -0.1088 0.1009 1.16 0.2813 -0.0105  0.0927 0.01 0.9097
L -0.01673 0.0825 0.04 0.8395 -0.0806  0.0813 0.98 0.3214
M 0.2836 0.1110 6.52 0.0107° | -0.3722  0.1179 9.97 0.0016*
N -0.1225 0.1107 1.22 0.2688 -0.1893  0.1084 3.05 0.0809
P -0.1389  0.0822 2.85 0.0914 0.3354 0.0801 17.53 <.0001°
Q -0.7232  0.1633 19.61 <.0001* 0.0521 0.0939 0.31 0.5789
R 0.1836  0.0593 9.59 0.0020° 0.0883 0.0710 1.55 0.2136
S -0.2636 0.0834 9.98 0.0016" 0.0613 0.0706 0.75 0.3857
T -0.3296  0.1028 10.28 0.0013* | -0.2615 0.0914 8.18 0.0042"
\'% -0.2980 0.0849 12.29 0.0005" | -0.3092  0.0893 11.98 0.0005"
\\% 0.7967  0.2045 15.18 <.0001° 0.5986 0.1266 22.34 <.0001°
Y 0.7100 0.1357 27.36 <.0001° 0.6502 0.1248 27.16 <.0001°

Similar analyses were pursued by considering transitions implicated in
different kinase domains. The results suggested that mutations at cysteine outside of
functional domains (p<0.0001) in NAI (p=0.0006), and PPI (p=0.0259) and in
receptor domains (p<0.0001), aspartic acid in PH domains (p=0.0202), glycine in
kinase domains (p=0.0004), methionine outside of functional domains (p=0.0418) and
within kinase domains (p=0.414), arginine within PPI (p=0.0121) and kinase

(p=0.0097), glutamine (p=0.0006), tyrosine (p=0.0214) and tryptophan p=0.0174)
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within kinase domains were more likely to be associated with disease, while mutations
from isoleucine (p<0.0001) in kinase domains, proline (p=0.0227) in receptors, and
glutamine (p=0.0056), serine (p=0.0239), threonine (p=0.0237), and valine (p=0.0288)
outside of functional domains were less likely to be associated with disease.

Mutations to cysteine (p<0.0001), tyrosine (p=0.0363), and tryptophan
(p=0.0138) outside of functional domains, to cysteine (p=0.0106) and tyrosine
(p=0.0264) in receptors, and to tryptophan (p=0.0032) and proline (p=0.0004) within
the kinase domain were more likely to be associated with disease, while mutations to
alanine (p=0.0109), and valine (p=0.0069) outside of functional domains, to glycine in
PH domains (p=0.0202), to asparginine in receptors (p=0.0446), and to methionine in

kinase domains (p<0.0001) were less likely to be associated with disease.

4.4.6 Amino Acid Changes

A comparison of all DCs and uDCs with respect to their distribution over
amino acid changes demonstrated significant differences (Figure 4.1) based on a 146 x
2 * contingency table test, p <0.0001. 2-tailed Fisher’s Exact Tests were used to
analyze each change (with a sufficient number of DC and uDC SNPs) in isolation. The
P-values of amino acid changes occurring at significantly different rates between DCs
and uDCs are displayed in Figure 4.1, where the P-value is shown within the nsSNP
set it in which it occurs more frequently. The results of a stepwise logistic regression

analysis (the p-value to enter the model was set at 0.15, and the p-value to exit the
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model was set at 0.1) identified many more amino acid substitutions which were
significant predictors of DC status (Table 4.4).

Figure 4.1: Amino Acid Distribution of uDCs and DCs
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Figure 4.1 Graphical representation of frequency of amino acid substitutions for uDCs
and DCs. The original amino acid is along the vertical axis and the SNP amino acid is
along the horizontal axis. Note that many amino acid changes are not possible by a
SNP and are displayed as blank squares. P-values for substitutions occurring
significantly more frequently in one SNP set than the other are displayed within the set
in which they occur more frequently.
4.47 Nucleotide Analysis

I also considered an analysis involving codon positions of the nsSNPs. I found
that there was no significant difference between the codon positions of nsSNPs
between DCs and uDCs (y°, p=0.0704). However, I did find a significant difference
between the A to G (p=0.0414), A to T (p=0.0114), C to G (p=0.0027), T to C
(p=0.0004), and T to G (p=0.101) nucleotide substitution rates between DCs and
uDCs (2-tailed Fisher’s Exact Test) with an enrichment of T to C and T to G
substitutions in DCs and A to G, A to T, and C to G in uDCs, when I analyzed that
nucleotide substitution alone. All other transitions and transversion had no significant

difference. When I confined attention to specific positions with a codon using 2-tailed

Fisher’s Exact Tests I found that substitutions from A to G (p=0.0487), C to A
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(p=0.0187, C to G (p=0.0007), and G to A (p=0.0128) at the first position of the codon
were significantly enriched in uDCs while C to T (p=0.0004), T to C (p=0.00032 and
T to G (p=0.0036) at the first position of the codon were significantly enriched in
DCs. At the second position C to G (p=0.0405) and C to T (p=0.0001) substitutions
were significantly enriched in uDCs, while T to G (p=0.0076) is significantly enriched
in DCs. This correlates well with the result that nsSSNPs involving cysteine, tyrosine
and tryptophan are greatly enriched (+380%-535%) in DCs, and corresponds well to
nucleotide substitutions that will result in the largest change in the physiochemical

properties of the corresponding amino acids.

4.4.8 Integrated Analysis

I considered a set of analyses designed to globally determine whether certain
kinase groups, domains, amino acid transitions, and their possible interactions
(denoted by an asterix in the text), could differentiate DC and uDCs. I used multiple
binary logistic regressions for these analyses. I first considered an analysis focusing on
just kinase groups and domains. The results of this analysis suggested that interactions
involving kinase*TK, receptor*TKL, kinase*RGC, PH*Atypical, CB*CAMK,
kinase* AGC, PPI*Other PK, receptor*TK, kinase*Other PK, kinase*Atypical, and
NATI*Atypical were predictive of DC status (Table 4.5). Other interactions are also
presented in Table 4.4.

I then considered two analyses involving groups, domains, and amino acid

transitions. The first analysis considered groups, domains and the amino acid



Table 4.4: Amino Acid Subsitutions, Stepwise Logistic Regression
(1) DC Associated, (0) uDC Associated.

Transition | Estimate xz p-value | Transition | Estimate xz p-value
Ato D(1) 0.3738 2.1997 0.138 L to W(1) 4.5088 0.0208 0.8853
Ato E(1) 1.1785 4.6139 0.0317 M to I(1) 0.3738 2.4698 0.1161
AtoP(1) 0.3738 3.0068 0.0829 M to K(1) 4.5088 0.0416 0.8383
A to T(0) 0.4786 6.0387 0.014 M to R(1) 1.2696 5.5078 0.0189
A to V(0) 0.2461 1.9981 0.1575 M to T(1) 0.6536 8.5239 0.0035
C to F(1) 1.0669 10.8231 0.001 P to A(0) 0.8687 2.7761 0.0957
C to G(1) 0.7792 6.6517 0.0099 P to S(1) 0.2622 2.3598 0.1245
CtoR(1) 1.1258 16.3763 0.0001 Q to H(0) 0.6660 3.1315 0.0768
Cto S(1) 0.9231 10.1027 0.0015 Q to K(0) 0.8687 2.7761 0.0957
C to W(1) 1.1258 8.2416 0.0041 Q to R(0) 0.6963 3.4455 0.0634
CtoY(1) 1.3643 25.8051 <.0001 R to C(1) 0.4508 9.9879 0.0016
D to A(1) 0.8319 3.9320 0.0474 R to H(1) 0.2866 3.5849 0.0583
D to E(0) 0.4786 3.0598 0.0803 R to P(1) 0.8642 12.8103 0.0003
D to G(1) 0.4573 4.8672 0.0274 R to Q(1) 0.3738 8.1533 0.0043
D to Y(1) 1.1258 8.2416 0.0041 R to S(1) 0.5330 5.1666 0.023
E to A(1) 0.9231 2.5484 0.1104 R to W(1) 0.7871 23.2258 <.0001
E to K(1) 0.4405 8.3195 0.0039 S to N(0) 0.8687 5.5318 0.0187
F to I(0) 3.7536 0.0879 0.7669 S to T(0) 3.7536 0.1758 0.675
Fto S(1) 0.7203 6.8269 0.009 S to W(1) 4.5088 0.0208 0.8853
Fto V(1) 0.8319 3.9320 0.0474 S to Y(1) 0.6292 2.9467 0.0861
G to A(0) 0.7249 1.8847 0.1698 Tto P(1) 0.4508 2.5929 0.1073
G to D(1) 0.5049 5.6363 0.0176 T to S(0) 0.6963 3.4455 0.0634
G to E(1) 0.4741 4.3635 0.0367 V to D(1) 1.0669 3.6308 0.0567
GtoR(1) 0.4471 7.8297 0.0051 V to F(1) 0.7203 4.1179 0.0424
G to V(1) 0.4508 2.5929 0.1073 V to I(0) 0.4721 5.1474 0.0233
Ito K(1) 4.5088 0.0416 0.8383 V to L(0) 0.3783 1.8490 0.1739
Ito N(1) 1.0669 3.6308 0.0567 W to C(1) 1.5250 8.4265 0.0037
ItoR(1) 4.5088 0.0208 0.8853 W to L(1) 4.5088 0.0416 0.8383
Ito V(0) 0.6168 5.2739 0.0216 W to R(1) 0.7203 4.1179 0.0424
K to E(1) 0.2556 2.1185 0.1455 W to S(1) 4.5088 0.0832 0.7729
L to M(0) 0.9087 3.0558 0.0804 Y to C(1) 1.0487 23.9205 <.0001
LtoP(1) 0.7348 23.6279 <.0001 Y to D(1) 1.0669 7.2384 0.0071
Lto R(1) 1.1785 9.1971 0.0024 Y to H(1) 0.5765 3.1599 0.0755
L to V(0) 0.6660 3.1315 0.0768 Y to S(1) 1.1785 4.6139 0.0317
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associated with the mutant allele. The second analysis considered groups, domains,

and the amino acid associated with the wild type allele. The results of these

regressions are presented in Appendix C1. In order to graphically represent the

partitioning of DCs and uDCs by domain, group, and amino acid transition properties,
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I provided a tree diagram showing the eighteen best splits that separate the nsSNPs by
disease status (Figure 4.2). Figure 4.2 plainly shows that some combinations of
domains, groups, and amino acid usage clearly have a greater frequency of DCs, as
seen in the statistical analyses.

Table 4.5: Group and Domain Interactions, Stepwise Regression
Kin = kinase, Recp = receptor. (1) = True, (0) = False

2

Interaction Terms Estimate X p-value
PMI(0) 0.4871 2.6168 0.1057
GPI(0) 3.6946 0.1106 0.7395
AGC(0)*FN(0) 3.6585 0.0409 0.8397
AGC(0)*CB(1) 2.5021 0.0192 0.8899
AT(0)*PH(1) -0.1920 0.0001 0.994
AT(0)*NAI(1) -4.2567 0.0963 0.7564
CAMK(0)*kin(1) 0.3502 9.9484 0.0016
CAMK(0)*PPI(0) -0.7249 10.2761 0.0013
CAMK(0)*CB(1) 2.8142 0.0242 0.8763
RGC(1)*kin(1) 0.4392 5.0384 0.0248
RGC(1)*Recp(1) 0.4416 6.5248 0.0106
TK(1)*kin(1) -0.0298 0.1531 0.6956
TK(1)*PH(1) -2.4479 0.0187 0.8914
TK(1)*PPI(0) 0.2571 2.3770 0.1231
TKL(1)*kin(1) -0.2859 6.4168 0.0113
TKL(1)*Recp(1) -0.8007 18.8259 <.0001
OPK(0)*PPI(0) -0.5988 7.1560 0.0075

4.49 Conservation vs. Structural Analysis

I considered the information gain in the use of structural information over
conservation information since it is clear that DCs occupy more strongly conserved
positions than uDCs. However, when the kinase catalytic domains are aligned, 50.0%
of DC’s occur at positions where only one or two other DCs occur (data not shown).
Therefore, while DCs certainly occur at highly conserved functional positions and
within conserved motifs, a majority occur at positions of structural importance which
are not conserved for specific functional roles. This is further born out by the fact that

RGC kinases are enriched for DCs in its inactive kinase catalytic domain. The
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Figure 4.2: nsSNP Tree Diagram
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Figure 4.2 Tree diagram showing the 18 best partitions for splitting DC from uDC.
The percentage of total SNPs left remaining after each split is displayed. Note that (1)
= true and (0) = false.

importance of domain and amino acid information can be demonstrated by attempting
to classify the uDCs and DCs using solely subPSEC conservation scores, or those
scores in addition to amino acid, group and domain information. Using a variety of
classifiers in the Weka data mining software package [19], the performance of
classifiers were improved significantly with the addition of domain, group and amino
acid information. For example, the DecisionTable classifier using 10-fold
crossvalidation, demonstrated an increase in sensitivity from 0.536 to 0.747 while
maintaing the specificity from 0.867 to 0.870. Additionally, the Matthews Correlation
Coefficient increased from 0.438 to 0.620 with the addition of domain, group and

amino acid information.
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4.4.10 Comparison with Mouse Kinase nsSNPs

I considered an analysis comparing the frequency with which human uDCs and
mouse nsSNPs both originate and result in a change to specific amino acids. I found
through 2-tailed Fisher’s Exact Tests focusing on specific amino acids that the nsSNPs
originated and resulted from that transitions from alanine (p=0.0031), from threonine
(p=0.0004), from valine (p=0.0362), to alanine (p<0.0001), to threonine (p=0.0239),
and to valine (p=0.0130) occurred significantly more often in mice while transitions
from cysteine (p=0.0400), from glutamic acid (p=0.0047), from arginine (p<0.0001),
to cysteine (p=0.0421), to lysine (p=0.0022), to proline (p=0.0013), to glutamine

(0.0087), and to tryptophan (p<0.0001) occurred significantly more often in humans.

4.4.11 Secondary Structure Analyses

On a structural level, first, I evaluated the distribution of nsSNPs within
secondary structures. The distribution of uDCs and DCs among secondary structures
was significantly different p<0.0001 (X2 contingency table test). Taking each
secondary structure separately, there was no preference for uDCs or DCs in helices
(uDCs=27.76% vs. DCs=28.51%) (p=0.7285), sheets were enriched for DCs
(uDCs=14.60% vs. DCs=28.31%) (p<0.0001), and random coils were enriched for
uDCs (uDCs=57.64% vs. DCs=43.17%) (p<0.0001) (2-tailed Fischer’s Exact Test).

However, when the total frequency of secondary structures within the entire
sequence of kinases involved in uDCs and DCs is compared, the uDC protein set is

comprised of significantly more coils (p<0.0001) and helices (p<0.0001), while the



126

DC protein set contains more sheets (p<0.0001) (z-test on the difference between two
binomial distribution). To account for this, the distribution of observed mutations
within secondary structures was compared to the expected random distribution. DCs
occurred significantly less frequently within coils (Expected=50.21%, p=0.0016),
randomly within sheets (Expected=25.98%, p=0.2460), and more frequently within
helices (Expected=23.82%, p=0.0203). uDCs occurred significantly more frequently
within coils (Expected=54.06%, p<0.0001), and randomly within sheets
(Expected=16.21%, p=0.0801) and helices (Expected=27.76%, p=0.0930) (Binomial
approximation to the normal distribution). Thus, across uDCs and DCs, uDCs occur
more frequently within coils, DCs occur more frequently among helices than expected
at random, and there appears to be no bias towards sheets.

In an attempt to quantitate these results, I compared the relative and absolute
change in calculated secondary structure propensities. The propensity of an amino acid
to occur within a specific secondary structure was calculated from the full complement
of human kinases involved in DCs and uDCs. There was no difference in the relative
change in secondary structure propensities for uDC’s (mean=-0.9726+0.01535) and
DC’s (mean=-0.131734+0.03120) (p=0.4961) while there was a significant difference
for the absolute change for uDCs (mean=0.452799+0.01068) and DCs
(mean=0.531968+0.01833) (p=0.0107) (Wilcoxon Rank Sums Test, a=0.02 for all

tests involving relative and absolute differences) (Table 4.6).



Table 4.6: Amino Acid Propensity Changes in Secondary Structures

" Significantly different across DC status, * Significantly different across sheet and

helices vs. coils,  Significantly different than expected at random.

uDC DC Overall
Number 1459 498
Percent 100% 100%
. -0.09726 -0.13173
Overall | Propensity £0.01535 £0.03120
Propensityl 0.452799" 0.531968"
+0.01068 +0.01833
Number 405 142 547
Percent 27.76 28.51% 27.95
. . -0.12653 0.11178 -0.10743
Helix | Propensity £0.01611 £0.03332 £0.02637
IPropensity| 0.379604 0.399906 0.577888*
+0.01035 +0.02053 +0.01706
Number 213 141 354
Percent 14.60" 28.31° 18.09
. 0.549768 0.765108 -0.04393
Sheet | Propensity £0.03504 £0.06435 £0.03279
Propensity| 0.549768 0.614299 0.575431%
+0.02504 +0.03834 +0.02121
Number 841 215 1056
Percent 57.647% 43.17"% 53.96
: . -0.06262 -0.23535 -0.12353
Coil | Propensity £0.03716 £0.07266 +0.01898
IPropensity| 0.552510 0.650268 0.383737*
+0.02520 +0.05170 +0.01228

The absolute change in calculated secondary structure propensity within
specific secondary structures was analyzed to investigate whether a specific secondary
structure was responsible for the significant differences seen between uDCs and DCs.
No significant difference was seen in coils (p=0.3183), sheets (p=0.5212) or helices
(p=0.3415) (Wilcoxon Rank Sums Test). However, when the absolute change in
calculated secondary structure propensity between different secondary structures was
compared by ANOVA, regardless of DC status, the differences between secondary

structures were significant (p<0.0001) with no significant difference between
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calculated propensities of helices and sheets but a significant difference between the
calculated propensities of coils vs. both helices and sheets (Tukey-Kramer HSD test).
Coils contained SNPs with significantly lower absolute changes in secondary structure
propensity.

When the distribution of uDCs and DCs among secondary structures was
considered by kinase catalytic domains or non-kinase domains separately, the
distributions were significantly different for kinase (p=0.0030), and non-kinase
(p<0.0001) domains. (x2 contingency table test). Taking each secondary structure
separately, helices showed no preference for uDCs or DCs in non-kinase domains
(uDCs=22.76% vs. DCs=18.70%) (p=0.3611), but were mutated more often in kinase
uDCs (uDCs=42.74% vs. DCs=31.73%) (p=0.0023). Mutations in sheets occurred
more often in DCs for both non-kinase (uUDCs=13.80% vs. DCs=39.84%) (p=0.0044)
and kinase domains (uDCs=16.99% vs. DCs=24.53%) (p=0.0143). Mutations in coils
showed no preference for DCs or uDCs in kinase domains (uDCs=40.27% vs.
DCs=43.73%) (p=0.3715) but occurred preferentially in uDCs in non-kinase domains
(uDCs=63.44% DCs=41.46%) (p<0.0001) (2-tailed Fischer’s Exact Test).

However, when the total frequency of secondary structures within the kinase
domain sequences of kinases involved in uDCs and DCs is compared, the uDC protein
set is comprised of significantly less coils (p=0.0135) and more helices (p=0.0018),
while there was no bias in the frequency of sheets (p=0.8808) (z-test on the difference
between two binomial distribution). To account for this, the distributions of observed

mutations within secondary structures were compared to the expected random
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distribution. DCs occurred significantly less frequently within helices
(Expected=36.85%, p=0.0332), and randomly within sheets (Expected=21.80%,
p=0.2187), and helices (Expected=41.34%, p=0.3524). uDCs occurred significantly
more frequently within helices (Expected=36.78%, p=0.0214), significantly less
frequently within sheets (Expected=23.06%, p=0.0020) and randomly within coils
(Expected=40.15%, p=0.0019) (Binomial approximation to the normal distribution).
Thus, within the kinase catalytic domain, uDCs occur more frequently within helices
and less frequently within sheets. There appears to be no bias towards coils.

When the total frequency of secondary structures within sequences outside of
the kinase domain are compared, the uDC protein set is comprised of significantly
more coils (p<0.0001) and helices (p<0.0001), and significantly less sheets (p<0.0001)
(z-test on the difference between two binomial distribution). To account for this, the
distribution of observed mutations within secondary structures was compared to the
expected random distribution. DCs occurred randomly within helices
(Expected=15.68%, p=0.3898), and significantly more frequently within sheets
(Expected=28.58%, p=0.0108), and significantly less frequently within coils
(Expected=55.73%, p=0.0014). uDCs occurred significantly less frequently within
helices (Expected=26.60%, p=0.0024), significantly more frequently within coils
(Expected=60.21%, p=0.0271) and randomly within sheets (Expected=13.18%,
p=0.5552) (Binomial approximation to the normal distribution). Thus, outside of the

kinase catalytic domain, coils are significantly enriched for uDCs and lacking of DCs,
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DCs occur more frequently within sheets and uDCs occur less frequently among

helices.

Next, I directly compared the relative and absolute change in calculated

secondary structure propensities. There was no difference in the relative or absolute

change in secondary structure propensities between uDCs and DCs in both kinase

(relative p=0.4162, absolute p=0.0332) and non-kinase domains (relative p=0.3520,

absolute p=0.1197) (Wilcoxon Rank Sums Test). Similarly, there was no difference in

propensities when secondary structures within specific domains were analyzed

separately (Kinase: helix (relative p=0.4997, absolute p=0.0700), sheet (relative

p=0.9354, absolute p=0.6437), coil (relative p=0.2373, absolute p=0.1112). Non-

kinase: helix (relative p=0.3934, absolute p=0.2512), sheet (relative p=0.1841,

absolute p=0.7632), coil (relative p=0.8653, absolute p=0.1198) (Wilcoxon Rank

Sums Test) (Table 4.7).

Table 4.7: Secondary Structure Propensities in Functional Domains
" Significantly different across DC status, * Significantly different across sheet and helices vs. coils,
¥Significantly different than expected at random.

Kinase Non-Kinase
uDC DC uDC DC
Number 156 119 249 23
Percent 42747 31.737% 22.76" 18.70
Helix | Propensity | -0.08190+0.06611 | -0.24463+0.07569 | -0.06306+0.03756 | -0.11481+0.03556
IPropensityl | 0.536334£0.04691 Jrpotes AT Donanos
Number 62 92 151 49
Percent 16.99™ 24.53" 13.80° 39.84™
Sheet . 0.009664
Propensity | 0.017399+0.09349 £0.07675 -0.05605+0.05498 | -0.18478+0.09651
IPropensityl | 0.544608+0.05427 | 0.627665+0.04455 | 0.551887+0.03142 | 0.588918+0.05516
Number 147 164 694 51
Coil Percent 40.27 43.73 63.44™ 41.46™
Propensity | -0.06306+0.03756 | -0.11481+0.03556 | -0.13998+0.01814 | -0.10203+0.06691
IPropensityl | 0.331045+0.02400 | 0.386868+0.02272 | 0.389889+0.01151 | 0.441833+0.04246
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4.4.12 Solvation Analyses

Second, I evaluated the distribution of DCs and uDCs within solvation groups.
The distribution of DCs and uDCs within exposed, intermediate, and buried sites was
significantly different p<0.0001 (3* contingency table test). uDCs occurred more
frequently in exposed sites (uUDCs=37.42% vs. DCs=15.86%) (p<0.0001), and DCs
occurred more frequently in buried sites (uUDCs=28.15% vs. DCs=54.22%) (p<0.0001)
(2-tailed Fischer’s Exact Test). Mutations at intermediate sites did not occur more
often in uDCs (34.42%) or DCs (29.92%) (p=0.0694) (2-tailed Fischer’s Exact Test).

The total frequency of solvation groups within sequences of kinases involved
in uDCs and DCs was compared. The uDC protein set is comprised of significantly
less buried residues (p<0.0001) and significantly more exposed residues (p<0.0001),
while there was no bias in the frequency of intermediate sites (p=0.4965) (z-test on the
difference between two binomial distribution). To account for this, the distribution of
observed mutations within solvation groups was compared to the expected random
distribution. DCs occurred significantly more frequently within buried sites
(Expected=42.29%, p<0.0001), randomly within intermediate sites
(Expected=30.00%, p=0.9681), and significantly less often in exposed sites
(Expected=27.71%, p<0.0001). uDCs occurred significantly more frequently within
exposed (Expected=31.61%, p<0.0001) and intermediate sites (Expected=29.81%,
p=0.0002), while they occurred significantly less frequently within buried sites
(Expected=38.58%, p<0.0001). (Binomial approximation to the normal distribution).

Thus, uDCs occur more frequently within exposed and intermediate sites, and less
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frequently at buried sites, while DCs occurred more frequently at buried sites and less
frequently at exposed sites.

To determine whether a change in hydrophobicity could be used to predict the
DC status of a SNP, changes in hydrophobicity were determined on two scales,
hydropathy and the water/octanol partition energy change. Negative water/octanol
partition energy values and positive hydropathy values correspond to hydrophobic
residues. The relative change in water/octanol partition energy (p=0.8161) and
hydropathy (p=0.6180) were not significantly different between DCs and uDCs.
However, the absolute change in hydropathy (p<0.0001) and water/octanol partition
energy (p<0.0001) was significant across all uDCs and DCs (Wilcoxon Rank Sums).

When uDC and DC residues with a specific predicted solvation were compared
separately, buried residues showed no difference in relative change of water/octanol
partition energy (p=0.1698) and hydropathy (p=0.2986), however the absolute changes
remained significantly different (p<0.0001) for both hydropathy and water/octanol
partition energy. Exposed uDCs and DCs showed no significant difference in relative
change of water/octanol partition energy (p=0.0717), or hydropathy (p=0.3413), and
no difference in absolute changes in water/octanol partition energy (p=0.1052) or
hydropathy (p=0.2684). Intermediate uDCs and DCs showed significant differences in
the relative change of water/octanol partition energy (p<0.0001), hydropathy
(p=0.0093), and absolute changes in water/octanol partition energy (p<0.001) and
hydropathy (p=0.0002) (Wilcoxon Rank Sums). It was observed that the difference in

relative changes in hydrophobicity resulted from transitions to more hydrophobic
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residues in DCs of intermediate solvation, and a larger magnitude of change in
hydrophobicity in DCs in terms of absolute change.

When these changes were analyzed at residues with specific solvation, with no
regard to DC status, it was found that relative changes in water/octanol partition
energy (p<0.0001) and hydropathy (p<0.0001) as well as absolute changes in
water/octanol partition energy (p=0.00194) and hydropathy (p<0.0001) were
significantly different between buried, exposed and intermediate residues (ANOVA).
When each pair of solvation groups were compared, exposed, buried, and intermediate
residues showed significant differences in changes relative changes in water/octanol
partition energies and hydropathy, while buried and exposed residues showed
significant differences in the absolute changes in both water/octanol partition energies
and hydropathy, the absolute change in intermediate residues was not significantly
different from buried or exposed residues in terms of absolute change in water/octanol
partition energy and significantly different from exposed but not buried residues in
terms of absolute hydropathy changes (Tukey-Kramer HSD test). However, while the
difference in the relative measures of hydrophobicity is a change to hydrophilic
residues in buried residues and a change towards hydrophobic residues for exposed
residues the absolute change is larger for exposed residues using the water/octanol
measure but larger for buried residues under the hydropathy scale. (Note to self:

change in relative hydrophobicity regardless of solvation may be a explained by the
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Table 4.8: Solvation Propensity Changes
" Statistically significant across DC and uDC, * Statistically significant across buried,
exposed, and intermediate, * Significantly different than expected at random.

uDC DC Overall
Number 1467 498
Percent 100 100
20.22601 0.22161
Water/Oct. £0.04176 £0.07168
T T
ot [ waerons |6 | LS8
0317178 0.063855
Hydropathy +£0.08360 +£0.14349
2.32004 2.86908"
Hydropathyl £0.05363 +£0.09204
Number 413 270 683
Percent 28.15 54227 34.76
0.164455 0.343519 0235247
Water/Oct. +0.07477 +0.09247 1£0.05820
: 0.99332" 1.49263" 1.19070*
Buried IWater/Oct.| +0.04643 +0.05743 +0.03727
Hvdropath -0.7368 -1.0122 -0.8457*
ydropathy +0.16126 +0.19945 +0.12541
Hvdropatiy] 2.39540" 3.19074" 2.70981%
ydropathy +0.09791 +0.12110 +0.07753
Number 505 149 654
Percent 34.42% 29.92 33.28
-0.20865" -0.87436" -0.36032°
Water/Oct. +0.06291 +0.15880 +0.06148
X T T
Intermediate |~ [Water/Oct | £0.03973 40110455 £0.03995
Hvdronath 0.35327" 1.39060" 0.5896*
ydropathy +0.13954 +0.26210 +0.12427
Hvdropatiy] 2.39287" 2.80537" 2.48685
ydropathy +0.09143 +0.16907 +0.08065
Number 549 79 628
Percent 37.42™ 15.86'F 31.96
20.53570 20.92190 20.58428"
Water/Oct. +0.06786 +0.17889 +0.06360
1.31945 1.53203 1.34619°
Exposed (Water/Oct.| £0.04402 +0.11605 £0.04123
Hydronath 1.07687 1.23924 1.0973*
ydropathy +0.11919 +0.31421 +0.12541
Hvdronathel 1.88987 0.23409 2.15780°
ydropathy +0.08880 +0.23409 +0.08306

proportions of buried vs. exposed residues in the DC vs. uDC set but absolute change

in water/octanol partition energy is a significant result since buried residues have a
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lower absolute change regardless of DC status but a higher absolute change for DCs
which have a higher proportion of buried residues. Also buried residues in DC set
have larger change than uDC set. Intermediate residues when changed to hydrophobic
probably are “pushed” inwards and alter protein structure (Table 4.8).

I next analyzed kinase and non-kinase domain distributions of uDCs and DCs
within exposed, buried or intermediate sites. Distribution between exposed, buried,
and intermediate sites was significantly different within kinase domains (p<0.0001)
and non-kinase domains (p<0.0001) (x2 contingency table test). Within kinase
domains DCs occurred more often at buried sites (p<0.0001) and less often at exposed
sites (p<0.0001) while there was no preference for DCs or uDCs at intermediate sites
(p=0.1214). Within non-kinase domains there was no significant preference for DCs
or uDCs within intermediate sites (p=0.0680), while DCs occurred more often at
buried sites (p<0.0001) and uDCs occurred more often at exposed sites (p<0.0001).
(2-tailed Fischer’s Exact Test)

The total frequency of solvation groups in sequences within kinase domains
involved in uDCs and DCs were not significantly different (Buried p=0.9203,
Intermediate p=0.7718, Exposed p=0.8571). (z-test on the difference between two
binomial distribution). When compared to predicted frequencies by random
distribution of mutations, the uDC protein set is comprised of significantly less buried
residues (Expected=44.66%, p<0.0001) and significantly more exposed residues
(Expected=26.77%, p=0.0003) and intermediate residues (Expected=28.56%,

p=0.0009). DCs occurred significantly more frequently within buried sites
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(Expected=44.71%, p=0.0091), randomly within intermediate sites
(Expected=28.43%, p=0.2077), and significantly less often in exposed sites
(Expected=26.85%, p<0.0001) (Binomial approximation to the normal distribution).
The distribution of solvation groups was significantly different between proteins
involved in uDCs and DCs at sequences outside of the kinase domain. uDC proteins
contained significantly less buried sites (p<0.0001) and significantly more exposed
sites (p<0.0001), with no bias towards intermediate sites (p=0.0836) (z-test on the
difference between two binomial distribution). When compared to a random
distribution, uDCs occurred significantly more frequently within exposed
(Expected=33.75%, p=0.0052) and intermediate sites (Expected=30.37%, p=0.0264),
while they occurred significantly less frequently within buried sites
(Expected=35.88%, p<0.0001). DCs occurred more frequently at buried sites
(Expected=40.78%, p<0.0001), less frequently at exposed sites (Expected=28.24%,
p<0.0001) than expected at random, and there was no bias towards intermediate sites
(Expected=30.98%, p=0.1389). (Binomial approximation to the normal distribution).
Thus, in both domain groups there is a clear preference for DCs in buried sites and
uDCs in exposed sites, while at intermediate sites DCs occur no more frequently than
expected by random chance while uDCs occur more frequently than at random.
Relative and absolute changes of hydrophobicity were determined within and
outside of kinase domains. The relative change in water/octanol partition energy and
hydropathy were not significantly different between DCs and uDCs within kinase

domains (Water/Octanol p=0.5148 Hydropathy p=0.6020) and outside of kinase
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domains (Water/Octanol p=0.0298, Hydropathy p=0.0597). Within kinase domains
absolute changes in water/octanol partition energy (p<0.0001) and hydropathy
(p<0.0001) were significant across uDCs and DCs, while outside of kinase domains
absolute changes in water/octanol partition energy (p=0.0410) were not significant and
absolute changes in hydropathy (p<0.0001) were significant (Wilcoxon Rank Sums
Test).

Changes in hydrophobicity were determined within specific solvation groups
and within or outside of kinase domains. Within buried sites of kinase domains
relative changes in water/octanol partition energy (p=0.5789) and hydropathy
(p=0.7412) were not significant while absolute changes in water/octanol partition
energy (p<0.0001) and hydropathy (p<0.0096) were significant. Similarly, when
buried sites outside of kinase domains are considered, relative changes in
water/octanol partition energy (p=0.0251) and hydropathy (p=0.0283) were not
significant while absolute changes in water/octanol partition energy (p<0.0024) and
hydropathy (p=0.0001) were significant. Within intermediate sites of kinase domains
relative changes in water/octanol partition energy (p=0.0008) and hydropathy
(p=0.0090) and absolute changes in water/octanol partition energy (p<0.0001) and
hydropathy (p=0.0019) were significant. When intermediate sites outside of kinase
domains are considered, relative changes in water/octanol partition energy (p=0.0965)
and hydropathy (p=0.0444) and absolute changes in water/octanol partition energy

(p=0.6675) and hydropathy (p=0.2597) were not significant (Table 4.9).
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Table 4.9: Solvation Propensity Changes within Functional Domains
" Statistically significant across DC and uDC, * Statistically significant across buried,
exposed, and intermediate, ® Significantly different than expected at random.

Kinase Non-kinase

uDC DC uDC DC
Water/Oct. -0.30756 034011 -0.19899 0.13967
+0.09170 +0.09047 +0.04503 +0.13479
Water/Oct 1.17003" 1.62747" 1.15289 1.35415
Overall +0.05618 +0.05542 +0.02842 +0.08507
Hvdropath 0.299178 0.220800 0.32314 -0.41463
ydropathy +0.16995 | +0.16767 | +0.09557 | +0.28606
IHydropathyl 2.15781° 2.78507" 2.37377° 3.12520"
+0.10939 +0.10792 +0.06112 +0.18295

Number 99 193 314 77
Percent 27.127% 51.47"% 28.49™% 62.60"
Water/Oct. 0.111818 0.225803 0.181051 0.638571
+0.17391 +0.12455 +0.07539 +0.15225
: 1.020517 1.54746" 0.98475" 1.355197
Buried Water/Oct 1010460 | 2007491 | £0.04873 | 0.09841
Hvdropath -0.90606 -0.77617 -0.6834 -1.6039
ydropathy +0.35282 | +0.25269 | +0.17402 | +0.35141
IHydropathyl 2.45556' 3.13886" 2.37643" 3.32078"
+0.21057 +0.15081 +0.10786 +0.21782

Number 135 118 370 31

Percent 36.99™ 31.47 33.58" 25.20
Water/Oct. 031304 -0.92127" -0.17057 -0.69581
+0.14628 +0.15646 +0.07521 +0.25983
- 1.05096" 1.814837 1.13797 1.24742
Intermediate Water/Oct| +0.09420 | +0.10075 | +0.04753 | +0.16419
Hydropathy 0.48963" 1.35847" 0.30351 1.51290
+0.26124 +0.27943 +0.16775 +0.57954
IHydropathy| 2.10741" 2.81780" 2.49703 2.75806
+0.17403 +0.18615 +0.10783 +0.37253

Number 131 64 418 15
Percent 35.89™ 17.07™ 37.93™ 12.20™
Water/Oct. -0.61885 -0.97516 -0.50964 -0.69467
+0.14261 +0.20403 +0.07693 +0.40611
1.40573 1.52328 1.29242 1.56933
Exposed Water/Oct £0.09283 | 2013280 | 014130 | +0.74589
Hvdropath 1.01374 1.12969 1.09665 1.70667
ydropathy +0.22509 | +0.32204 | +0.04981 +0.26293
IHydropathy| 1.98473 1.65781 2.26268 2.88000
+0.17848 +0.25535 +0.10212 +0.53907

Within exposed sites of kinase domains relative changes in water/octanol

partition energy (p=0.2182) and hydropathy (p=0.2299) and absolute changes in
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water/octanol partition energy (p=0.5987) and hydropathy (p=0.5016) were
significant. When exposed sites outside of kinase domains are considered, relative
changes in water/octanol partition energy (p=0.7711) and hydropathy (p=0.4249) and
absolute changes in water/octanol partition energy (p=0.3590) and hydropathy

(p=0.2792) were not significant.

4.4.13 Residue Volume Analyses

Next, to further characterize structural characteristics of DC and uDC SNPs, 1
evaluated residue volume changes resulting from these SNPs. I first evaluated the
volume change where the volumes per residue were calculated using buried volumes
for buried residues and solution volumes for exposed or intermediate residues. The
relative change in volume was not significant (p=0.2849) while the absolute change in
volume was significant (p<0.0001), with disease causing SNPs resulting in a larger
absolute volume change (Wilcoxon Rank Sums Test).

When residues with specific solvations were analyzed separately, buried
residues showed no significant difference in relative volume change (p=0.9924) and a
significant difference in absolute volume change (p<0.0001). Intermediate residues
followed the same trend with no significant difference in relative volume change
(p=0.7179) and a significant difference in absolute volume change (p<0.0001).
Exposed residues demonstrated no significant difference in both relative (p=0.0426)
and absolute volume changes (p=0.6241) (Wilcoxon Rank Sums Test).

When residues with specific solvation were analyzed with no regard to DC

status it was found that the relative change in volume was not different across buried,
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exposed or intermediate residues (p=0.0496) (ANOVA) while the absolute volume
change was significantly different across buried, exposed and intermediate residues
(p<0.0001) (ANOVA). Buried and exposed residues had significantly different
volume changes while intermediate residues were not significantly different from
either buried or exposed residues (Tukey-Kramer HSD) (Table 4.10).

Table 4.10: Volume Changes of uDCs and DCs

" Statistically significant across DC and uDC, * Statistically significant across buried,
exposed, and intermediate, * Significantly different than expected at random.

uDC DC Overall
Number 1467 498
Percent 100 100
4.46571 1.33735
Overall
AVolume +1.3319 +2.2860
39.2807" 50.3534"
IAVolume | +0.7483 +1.2844
Number 413 270 683
Percent 28.15™ 5422 34.76
: 4.62010 3.93667 4.3499
Buried
AVolume 27721 134284 +1.9502
AVolume | 40.1489" 54.8307" 45.9529°
u +1.5740 +1.9467 +1.1058
Number 505 149 654
Percent 34.42% 29.92 33.28
Intermediate 0.4430 -1.7503 -0.0567
AVolume 122456 +4.134] +1.9930
AVolume | 39.0572" 50.9651" 41.7702
+1.2366 +2.2765 +1.1300
Number 549 79 628
Percent 37.42™ 15.86 31.96
8.0499 -1.7228 6.8205
Exposed
P AVolume +1.9208 +5.0635 42,0338
AVolume | 38.8332 33.8975 38.2123°
u +1.0585 +2.7905 +1.1532

I next evaluated the relative and absolute volume changes within and outside
of kinase domains. The relative change in volume was not significant within kinase

domains (p=0.8031) and outside of kinase domains (p=0.5123) while absolute change
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in volume was significant within kinase domains (p<0.0001) and outside of kinase
domains (p<0.0001), with disease causing SNPs resulting in a larger absolute volume
change (Wilcoxon Rank Sums Test) (Table 4.11).

Table 4.11: Volume Changes in Functional Domains

" Statistically significant across DC and uDC, * Statistically significant across buried,
exposed, and intermediate, ® Significantly different than expected at random.

Kinase Non-Kinase

uDC DC uDC DC
AVolume 0.19123 1.02693 5.88149 2.28374
Overall +2.7210 +2.6845 +1.5179 +4.5435
AVolume | 35.8258" 49.0056" 40.4250" 54.4626'
+1.5241 +1.5037 +0.8520 +2.5502

Number 99 193 314 77
Percent 27.127% 51.47"% 28.49™% 62.60"
- 5.67980 4.47979 4.28599 2.57532
Buried AVolume +5.9571 +4.2665 +3.0578 +6.1749
AVolume | 39.2859" 53.1026" 40.4210" 59.1623"
+3.3845 +2.4240 +1.2807 +6.7609

Number 135 118 370 31

Percent 36.99™ 31.47 33.58" 25.20
- -3.2644 -1.9712 1.7957 -0.9097
Intermediate | AVolume +44095 | 47165 | 26012 | +8.9865
AVolume | 35.0230" 50.8339" 40.5292 51.4645
+2.3695 +2.5344 +1.4496 +5.0081

Number 131 64 418 15
Percent 35.89™ 17.07™ 37.93™% 12.20"
-0.3954 -3.8578 10.6967 7.3867
Exposed AVolume | 3ugs6 | +4.9869 42293 +12.103
AVolume | 34.0382 33.2797 40.3359 36.5333
+1.8389 +2.6308 +1.2807 +6.7609

Residues with specific solvations within and outside of kinase domains were
analyzed next. The relative volume change in kinase domains at buried (p=0.9504),
exposed (p=0.3049) and intermediate (p=0.7881) residues as well as the relative
volume change outside of kinase domains at buried (p=0.7975), exposed (p=0.9114)
and intermediate (p=0.6754) residues were not significant. However, absolute volume

change at buried residues within kinase domains (p=0.0003) and outside of kinase
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domains (p=0.0005) were significantly higher for DCs. At exposed residues, the
absolute volume change within kinase domains (p=0.6417) and outside of kinase
domains (p=0.5899) was not significantly different between uDCs and DCs. At
intermediate residues, the absolute volume change within kinase domains (p<0.0001)
was significantly higher for DCs, while there was no significant difference at
intermediate residues outside of kinase domains (p=0.0967) (Wilcoxon Rank Sums

Test).

4.4.14 Amino Acid-Structural Interaction Analyses

I next evaluated the frequency of mutations occurring at specific amino acids
within specific secondary structrures or solvation groups. To determine whether
comparisons between DCs and uDCs were legitimate, z-values were calculated based
on the difference in predicted frequencies at specific secondary structures and
solvation groups for each amino acid, within the protein sets comprising the DC and
uDC SNP sets. The distributions of amino acids within secondary structures and
solvation groups within the full protein length and in non-kinase domains were
significantly different (a=0.05) and would make any direct comparison dubious (data
not shown). However, within kinase domains the distributions were similar and any
significant differences are indicated. The frequencies at which amino acids occur
within different secondary structures and solvation groups in DCs and uDCs are
represented as a likelihood ratio of DCs to uDCs (LP) where a positive LP

corresponds to a higher frequency in the DC protein set. The observed proportions
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were compared by calculating z-values based on the difference between the
parameters of two binomial distributions (a=0.05). The observed frequencies at which
amino acids occur within different secondary structures and solvation groups in DCs
and uDCs are represented as a likelihood ratio of DCs to uDCs (LO) where a positive
LO corresponds to a higher observed frequency in DCs (Appendix C2).

To account for the differences in distribution within secondary structures and
solvation groups, the amino acid distribution among these groups was compared to the
expected random distribution derived from the protein sequences comprising the DC
and uDC SNPs. The frequencies at which amino acids occur within different
secondary structures and solvation groups in DCs and uDCs are represented as a
likelihood ratio of observed to predicted (L) DCs or uDCs, where a positive L
corresponds to a higher frequency than expected at random. These comparisons were
made on the overall protein, kinase domain, and non-kinase domains. P-values were
calculated from the general binomial distribution (a=0.025).

I next evaluated the frequency of mutations resulting in specific amino acids
within specific secondary structrures or solvation groups. To determine whether
comparisons between DCs and uDCs were legitimate, z-values were calculated based
on the difference in overall predicted frequencies of specific secondary structures and
solvation groups within the protein sets comprising the DC and uDC SNP sets. The
distributions of secondary structures and solvation groups within the full protein
length, kinase domain and in non-kinase domains were significantly different (a=0.05)

and would make any direct comparison dubious (data not shown).
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To account for the differences in distribution within secondary structures and
solvation groups, the distribution of the amino acid that results from a nsSNP among
these groups was compared to the expected random distribution derived from the
protein sequences comprising the DC and uDC SNPs. These expected frequencies
were taken as the overall frequency of the secondary structure of solvation group
within the corresponding protein sequence. The frequencies at which amino acids
occur within different secondary structures and solvation groups in DCs and uDCs are
represented as a likelihood ratio of observed to predicted (L) DCs or uDCs, where a
positive L corresponds to a higher frequency than expected at random. These
comparisons were made on the overall protein, kinase domain, and non-kinase

domains. P-values were calculated from the general binomial distribution (0=0.025).

4.4.15 Integrated Structural Analysis

I used stepwise regression analysis (P(enter)=0.15, P(leave)=0.10), with
disease status as the dependent variable, to determine whether interactions between
secondary structures, solvation groups, and domains existed. When secondary
structures and solvation groups were used as the independent variables the interaction
between sheets and buried residues was a significant predictor of disease status
(p<0.0001). When solvation groups and domains were used as the independent
variables interactions between the kinase domain and buried residues (p<0.0001) and
receptor domains and intermediate residues (p<0.0001) were significant predictors of

disease status. When domains and secondary structures are taken as independent
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variables the interaction between kinase domains and sheets (p<0.0001) and kinase
domains and helices (p=0.0121) were significant predictors of disease status. When
secondary structures, solvation groups and domains were used as the independent
variables interactions between the kinase domain, buried residues and sheets

(p<0.0001) and receptor domains, intermediate residues, and helices (p<0.0001).

4.5 Conclusions

The biased distribution of disease-causing nsSNPs reported herein more than
likely reflects the functional roles of particular domains and the structural significance
of specific amino acids. The clustering of DCs within the kinase catalytic domain is
consistent with phylogenetic data showing a highly conserved catalytic core [54]. This
implies that the catalytic core has a low tolerance for amino acid changes. In addition,
many developmental diseases and cancers result from dysfunctional growth factor
signaling, for which tyrosine kinases play a fundamental role. Amino acid alterations
in extracellular growth factor receptor domains may cause the binding affinity for
growth factors to change, and even a modest change in growth factor binding affinities
may induce tumorigenesis or other growth and developmental anomalies [174]. Thus,
a clustering of DCs in receptor domains could have been anticipated. Also, pleckstrin
homology domains generally act as membrane targeting units and thus are important
for the proper localization of kinases, although they are known play other roles as
well, such as mediating protein-protein interactions [175]. This suggests that a starting

place towards discovering functional SNPs within the uDC mutations would be to
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consider nsSNPs within receptor structures or the kinase catalytic domain, and
especially the catalytic domain of tyrosine kinases.

Interestingly, the kinase groups enriched in the DC set relative to the uDC set,
TK’s, RGC’s, and TKL’s, are very closely related groups, appearing adjacent to one
another on the phylogenetic tree [3]. I believe the lack of correlation shown between
experimentally-induced mutations within kinase groups and their occurance in disease
demonstrates that this observation is not an artifact of biased research and
demonstrates a real increased propensity for disease causing mutations in specific
kinase groups. It is possible that these kinases have evolved similar structures that are
more sensitive to perturbations, as sequence and structure similarity correspond to
similarities in both molecular and biological function [176]. Alternatively, these
kinases maybe be involved in pathways with limited functional redundancy as
compared to other kinase groups. Thus, mutations within kinases with limited
redundancy could cause overt monogenic diseases while kinases participating in
pathways with redundancy will not easily be detected as disease causing, even when
they contain similar structural mutations. I also cannot formally exclude the possibility
that other kinases may play fundamental roles in human development, such that
functional mutations in these are rarely detected as they tend to result in embryonic
lethality.

The amino acids associated with DC nsSNPs in kinases show general
agreement with previous predictions concerning the probability that an amino acid

substitution will cause disease on a genome wide scale [177]. Mutations involving
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cysteine, tyrosine, tryptophan, and arginine have been shown to be associated with
human disease on a genome wide scale. Methionine, on the other hand, is not strongly
associated with disease on a genome wide scale. Cysteine, tryptophan, and tyrosine are
among the most evolutionarily conserved residues due to their importance in
determining protein structure and stability [178,179]. Thus, it is expected that
mutations at these residues are likely to cause disease and that mutations resulting in a
change to one of these residues are likely to adversely affect protein structure. The
high frequency and mutability, due to 5’-CpG dinucleotides in arginine codons, of
arginine in human proteins, and the fact that the relevant codons in these proteins
mutate to chemically dissimilar residues, including cysteine and tryptophan, are
probable explanations for their roles in causing diseases.

Alanine, valine, serine, threonine and isoleucine are weakly evolutionarily
conserved and have little impact on protein structure [178,179]. Their association with
uDCs is thus not surprising. Glutamine’s tendency to mutate to chemically similar
residues, with the exception of proline, may explain its association with uDCs.

Glycine was only found to be disease causing within the catalytic domain.
Thus, while glycine plays an important structural role in the turns of alpha-helices, it is
likely that a large proportion of disease-causing mutations in kinases occur at
conserved functional sites such as the Gly-X-Gly-X-X-Gly motif of the ATP-binding
loop. In fact, 10 of 46 (21.74%) of glycine mutations in the catalytic domain occur at

these positions.
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The same argument applies to aspartic acid. The prevalence of mutations at
aspartic acid in the kinase catalytic domain suggests a kinase specific role in disease
etiology. There are two conserved aspartic acids in the catalytic domain, one in the
activation loop that is important for the catalytic activity of the enzyme and for which
mutations cause a number of diseases [75,180,181,182]. In addition, aspartic acid’s
acidic side chain may be important structurally due to its hydrogen bonding
characteristics, and may be important for modulating regulatory interactions between
different subdomains of kinases. Indeed, this appears to be the case as aspartic acid
mutations are also strongly associated with disease in pleckstrin homology domains.

Methionine tends to produce disease when it is mutated in kinase domains and
outside of the catalytic domain. Within the entire human genome methionine is not
strongly associated with human disease. This suggests unique functional roles for
methionine within kinase catalytic domains. A possible explanation is that methionine
tends to occur before the A-P-E motif in the hydrophobic binding pocket. Mutations to
charged or polar residues such as lysine, arginine, or threonine, may reduce it’s the
substrate binding affinity [183,184]. However, when a mutation results in methionine,
it can result from mutations at isoleucine, valine, and leucine, which are structurally
less important than other amino acids and are physiochemically similar to methionine.

Proline is an interesting case since mutations that transition from proline
generally do not cause disease but mutations transitioning to proline inside kinase
domains do tend to cause disease. This suggests that prolines are rare within turns of

the five-stranded beta-sheet of the kinase domain, or mutations at those positions
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result in lethality. Mutations that result in a proline within the kinase domain will alter
its structure significantly enough to cause functional defects and in particular may
cause breaks within helices, while those outside of functional domains may generally
occur in loops where the three dimensional structure is less important than within
functional domains.

However, it is also clear from the regression analyses that different groups or
domains show different patterns of DCs depending on the amino acid that is mutated
or the amino acid arising from mutation. This may be a result of the different
biological activities executed by the specific domains as well as the chemical
properties required to facilitate those functions. For example, membrane attachment
and carbohydrate binding would require extremely different chemical properties in
terms of hydrogen bonding and hydrophobic interactions. It is also possible that the
dissimilar propensities of specific amino acids, within different groups and domains,
to cause disease are a result of the differential amino acid compositions of conserved
motifs. However, this bias is a reflection of the chemical process in which each
domain is involved.

A number of methods for predicting deleterious mutations, for example SIFT
[27] rely exclusively upon DNA and amino acid sequence conservation. However, it
has been observed recently [185] that residues evolving under strong selective
pressures are much more highly mutated than strictly conserved residues. These
residues are noted to be of structural relevance and are significantly associated with

disease. Other prediction methods, such as PMUT [46], attempt to leverage
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generalized structural information in combination with conservation information when
performing predictions, or rely upon high quality 3D protein structures [47]. In light of
the unique spectrum of amino acid mutations within kinases, and the comparison of
conservation and structural information in predicting disease causing status, it is clear
that mutational analysis from whole genome approaches and/or kinase specific
conservation studies will not be sufficient to differentiate functional uDCs from
neutral uDCs with a high degree of accuracy. Consideration of the functional
characteristics of each subdomain will be necessary before an increased level of
disease predictive accuracy is possible. I also acknowledge the possibility that other
data analysis techniques, such as neural networks, support vector machines, and
related discrimination methods [186] may uncover more subtle associations involving
features of kinases that increase DC mutation status probability.

By comparison of mouse and human uDCs it appears that mouse uDCs are
enriched in those amino acid transitions that were found to be associated with human
uDC status and appear to contain significantly less of those amino acid transitions
associated with human DC status. The implications of this are unclear. Mouse and
human kinases could simply operate under different restrictions, or it could be that
deleterious mutations may have been more strongly selected against in the mouse
population. This may suggest that there are indeed a number of deleterious functional
SNPs within the human uDC set exhibiting characteristics that have been selected

against and eliminated from mouse populations.
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A number of human diseases are caused by SNPs [7]. However, the clear
partitioning of DCs within specific domains and with different amino acid mutational
spectrums suggests that the majority of the uDCs are not likely to alter function
drastically. However, it is possible that common nsSNPs may contain the mutations,
or combination of mutations, underlying common disease [13,14,15]. It is clear that
complex or common disease will present a different amino acid or domain distribution
[36], the similarity of which to overt, monogenic Mendelian diseases of the type
considered here, is yet to be determined. In this light, there are some caveats or
limitations of the analyses that go beyond identification of the more subtle effect some
nsSNPs will have on complex disease susceptibility. First, the analysis considered
SNPs and diseases documented in the public domain, and as such only provide a snap-
shot of all Mendelian disease-causing variations that exist. Second, many of the DC
nsSNPs I studied were identified within the same gene and contributed to similar
diseases. Thus, without accommodating the central role certain genes may play in
particular disease-relevant processes, the analysis can not necessarily claim to have
been based on an independent set of DC nsSNPs.

Despite these limitations, the elucidation of the functional consequences of
uDCs with a similar profile to DCs as described here would provide a description of
the basis for the prediction of nsSNPs involved in non-Mendelian, complex disease. A
small number of the array of interactions differentiating between DCs and uDCs are
described herein, and the analyses suggest these interactions will differ from protein

family to protein family. I have attempted to describe a subset of the array of



152

predictive interactions leveraged by the method of Chapter 1 in identifying disease
causing (Chapter 1), and cancerous (Chapter 2), mutations. It is clear that the array of
interactions described herein, and a large number of other possible interactions not
described in this chapter, form the basis for accurate predictions in protein kinases,
and such interactions are likely to be useful in forming predictions in other protein
families, though the specific attributes should be adjusted to exploit informative
characteristics unique to the protein family of interest.

The text of Chapter 4 is derived, in part from the following publication: A.
Torkamani, N.J. Schork (2007) Distribution Analysis of Nonsynonymous

Polymorphisms within the Human Kinase Gene Family. Genomics 90: 49-58.



APPENDICES

APPENDIX A: Common SNPs Predicted to Be Involved in Disease

- KinBase Protein Original SNP
Probability Name rs ID Position Aa Aa
0.977 LRRK2 rs34637584 2026 G S
0.975 EGFR rs28929495 719 G C
0.967 PKCh rs11846991 497 D Y
0.961 EGFR rs1140476 977 R C
0.96 EphA10 rs6671088 753 G E
0.956 ALK rs17694720 1376 F S
0.954 ROS rs36106063 1370 C R
0.951 ACTR2B rs2126533 394 W R
0.939 RON rs7433231 1195 G S
0.939 FGFR4 rs2301344 616 R L
0.934 ErbB3 rs35961836 717 S L
0.928 KDR rs1139776 848 A% E
0.927 PDGFRa rs34392012 764 R C
0.926 ROR2 rs35764413 548 P S
0.92 ROR1 rs34109134 646 Y C
0.918 CSK rs34866753 287 G D
0.918 TYRO3 rs36023830 537 \" G
0.917 BMPRI1A rs3734387 249 W R
0.917 PDGFRb rs35322465 718 N Y
0.916 KDR rs34231037 482 C R
0.915 EphB3 rs34170386 727 D Y
0.91 TYK2 rs34669146 981 \" L
0.909 EGFR rs28384376 624 C F
0.909 MET rs35469582 143 R Q
0.908 TRKB rs1075108 545 G A"
0.907 ADCK2 rs35108588 217 A P
0.907 SuRTK106  rs34981955 210 R w
0.906 BTK rs7474275 124 W G
0.905 PSKH2 rs34457516 440 T A
0.902 SRM rs310657 301 \% L
0.9 FLT4 rs34221241 149 N D
0.899 TEC rs35374286 44 R Q
0.898 FYN rs1801109 438 A D
0.898 FGFR1 rs17851623 213 W G
0.894 ROR2 rs34584753 525 A D
0.893 FGFR4 rs34138361 591 S F
0.89 DDRI1 rs4711245 834 R W
0.888 SRM rs34412104 307 K N
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0.882
0.877
0.875
0.874
0.873
0.871
0.87
0.87
0.867
0.862
0.861
0.859
0.858
0.854
0.853
0.847
0.845
0.844
0.842
0.841
0.841
0.841
0.84
0.838
0.837
0.835
0.832
0.831
0.83
0.83
0.824
0.822
0.822
0.82
0.82
0.818
0.817
0.814
0.81
0.81
0.809
0.809
0.807
0.804

JAK2
JAK3
TIE1
ErbB2
RAF1
ITK
FGFR3
SRM
ErbB2
CHK?2
LCK
ROR2
IRAK1
LMR1
TSSK1
TSSK4
CYGF
AlphaK1
TYK2
JAK2
RET
TGFbR1
FGFR4
ITK
NEK4
MLK2
FGFR2
ErbB3
ATM
ABL
CYGF
MNK1
FGFR4
ATR
JAK1
JAK3
EGFR
EGFR
FLT1
TYK2
ALK
RET
MUSK
LTK

rs17490221
rs1052526
rs6698998
rs2172826
rs3730273
rs10039644
rs11943863
1s34969822
rs4252633
1s28909980
rs1801124
rs34431454
rs12860727
rs7503604
rs11556766
rs34083933
rs16985750
rs187316
rs12720356
rs10974946
1s34617196
rs35974499
rs34284947
rs34482255
rs11543008
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rs3750819
rs3891921
rs28942101
1s34549764
rs12008095
rs12030004
rs34158682
rs1804758
rs34680086
rs35785705
rs35515689
rs17337451
rs35549791
rs35018800
rs13427480
rs34288963
rs34614566
rs35932273

584
846
1109
927
409
83
383
255
452
347
431
695
315
703
23
89
308
1622
684
577
826
291
529
581
64
168

758
2827
247
284
224
516
2634
973
688
95
962
938
928
1284
749
782
535
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0.8
0.797
0.797
0.795
0.794
0.793
0.793
0.793
0.792

0.79
0.79
0.787
0.786
0.781
0.778
0.778
0.777
0.7717
0.777
0.776
0.775
0.774
0.771
0.771
0.77
0.77
0.769
0.768
0.766
0.765
0.764
0.764
0.763
0.761
0.76
0.758
0.755
0.754
0.752
0.751
0.749
0.747
0.745
0.744

EphB1
ANPa
CYGF
EphA10
MUSK
MET
PDGFRb
TYK2
CYGF
ALK7
AlphaK3
HCK
FLT4
BTK
INSR
TIE2
KIT
CDK10
PKACa
MARK3
LMR2
LIMK?2
ACTR2B
YES
ROS
EphB1
LCK
BMPR1B
MUSK
RON
ABL
ROR2
EphB1
ACTR2
MER
KDR
ARAF
TXK
MER
SuRTK106
RET
FRK
EphA6
CaMK2g

rs1042785
rs28730726
rs35474112
rs6670599
1s34267283
1s34589476
rs35731372
rs34536443
rs7883913
1s34742924
rs35756863
rs17093828
rs34657349
rs3027646
rs13306449
rs34032300
rs3822214
rs2162943
rs11541563
rs1136076
rs11765552
1s35422808
rs534516
1s35126906
rs529038
rs1042794
rs11576032
rs34970181
rs35142681
rs2230592
rs1064152
1s35852786
rs1042786
1s34582946
rs13027171
rs1139775
rs11551158
rs11724347
1s35252762
rs34638573
rs35118262
rs12209851
rs4857276
rs17853266

847
341
677
807
629
988
987
1104
628
216
1117
502
24
628
1361
391
541
162
187
139
780
418
230
282
2213
87
168
371
100
440
140
530
813
311
118
835
479
336
258
379
278
451
711
36
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0.743
0.74
0.739
0.739
0.738
0.735
0.734
0.734
0.733
0.733
0.731
0.73
0.73
0.729
0.728
0.727
0.726
0.726
0.722
0.716
0.715
0.714
0.714
0.713
0.713
0.712
0.711
0.709
0.708
0.706
0.706
0.706
0.706
0.701
0.701
0.7
0.695
0.694
0.691
0.691
0.686
0.686
0.685
0.68

FLT3
IRAK?2
FLT3
LIMK1
ErbB3
AXL
FGFR3
RON
ErbB2
TYK2
SRM
SuRTK106
EphA10
ROS
CCK4
EphA2
LCK
LRRK2
RON
SgK288
MLK3
FGFR3
KIT
LIMK1
CYGF
FLT4
DDR1
FYN
RON
FYN
AXL
ARG
IRAK3
RON
INSR
EphA3
MET
FLT1
EphB6
EphA2
IRR
BLK
INSR
RON

rs1933437
rs35060588
rs35602083
rs11541655
rs17118292
rs1138336
rs17881656
rs34564898
rs1058808
rs34046749
rs8122355
rs3759259
rs12405650
rs3752566
rs34021075
rs34021505
rs1126766
rs33995883
rs34350470
rs35488601
rs17855912
rs2234909
rs35200131
rs178412
rs34228145
rs34255532
rs2524235
rs1801121
rs35887539
rs28763975
rs1004955
1s28913890
rs35737689
rs1062633
rs1051692
1s34437982
rs35601148
rs35832528
rs8177143
rs2291806
rs12049299
rs1042687
rs1051691
rs2230593

227
214
324
359
1055
630
384
465
1170
820
325
204
645
2039
410
631
29
2088
504
276
252
294
691
580
40
954
795
445
75
506
788
960
391
1335
171
777
309
982
282
825
1266
287
448
322
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0.68
0.679
0.678
0.678
0.677
0.677
0.676
0.675
0.674
0.673
0.672
0.671
0.669
0.667
0.665
0.663
0.662
0.661
0.661

0.66
0.659
0.656
0.655
0.649
0.645
0.643
0.643
0.643
0.643

0.64

0.64

0.64
0.639
0.639
0.637
0.636
0.635
0.633
0.632
0.631

0.63
0.628
0.627
0.627

ADCK4
TYRO3
DCAMKL3
EphAS
ZAK
RSK4
SRM
FAK
CYGD
ErbB3
DRAK]
CCK4
PEK
EphB4
LRRK2
ROS
EphA10
JAK3
PDGFRa
TSSK2
TGFbR2
RON
ALKI
HSER
RAFI
ROCK1
DDR2
DDR2
FLT4
KIT
IRAK2
CCK4
ALK7
CSK
ALK
FGFR1
SgK288
HH498
ABL
EphAS
TNKI
ErbB3
KDR
MET

rs36012476
rs17857363
rs34416671
rs35887233
rs6758025
rs4275364
rs6011889
rs1803565
rs34331388
rs773123
rs35940029
1s34865794
rs1140819
rs34745261
rs35870237
rs34582164
rs17511304
rs3179893
rs36035373
rs3747052
1s35766612
rs35986685
rs1804508
1s35179392
rs3729929
rs2663698
1s34722354
rs34869543
rs35436199
rs3822214
rs708035
rs6900094
rs17852075
rs34616395
rs34617074
rs2956723
rs35877321
rs34335537
rs1064156
1s999765
rs36046975
1s984896
rs1139774
1s35225896

352
534
360
861
267
132
397
958
722
1119
167
1038
726
94
2027
790
629
879
79
27
387
613
245
1072
425
1264
441
478
872
541
431
207
231
398
90
767
122
510
459
612
534
105
787
316

—A<mOmm<AruIQOmZeIIAO<S—~O0< ROz~ ZuuIQPITHZIFQA

157

20000 R DS EOXOUO<HO—="0NHTZAOR TnH<T90-HASA<TIZE~0Onx



0.623
0.622
0.622
0.62
0.619
0.619
0.616
0.614
0.614
0.613
0.613
0.613
0.61
0.61
0.61
0.609
0.609
0.607
0.607
0.606
0.606
0.605
0.604
0.604
0.602
0.602
0.601
0.6
0.596
0.594
0.594
0.593
0.591
0.589
0.589
0.588
0.587
0.585
0.581
0.576
0.575
0.575
0.572
0.571

RON
FGFR3
EphA2
RIPK?2

ACK

ACTR2B
CDKL1

PLK4
ROR2

KDR
EphA4
TRKA
TYK2
FGFR1
MLK3
FGFR1
TSSK4
TRKA
EGFR
RIOK2

ROS

ACTR2B

KDR

FER
ROR1
EphA2

AlphaK2
EphA2

FLT4
HUNK
LRRK2
EGFR

MAPKAPK3
CYGF
PSKH2
Abr
SgK494
IRAK2
AKTI1
LRRK?2
LIMK?2

FLT4
CYGF
ErbB4

rs2230590
rs17880763
rs1058370
rs35004667
rs34189351
rs34815229
rs11570814
1s34156294
rs35050720
rs1824302
rs35341687
rs34900547
rs2304254
rs4647902
rs34178129
rs17182463
rs35468205
rs17425856
rs34352568
rs2544773
1s35269727
rs500611
rs13129474
rs34204308
rs7527017
rs1058371
rs34823643
rs1058372
1s744282
rs35133981
rs35801418
rs17289589
rs35362731
rs502209
rs35315725
rs35114109
rs34026109
rs11465910
rs11555432
rs12423862
rs2229874
rs35171798
rs35726803
rs3748961

523
726
94
268
505
229
67
86
195
349
953
452
442
308
151
822
145
431
1034
96
1353
459
952
507
518
96
1274
99
1189
157
1711
98
65
296
294
72
288
329
357
2126
381
868
794
1142
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0.571
0.571
0.567
0.567
0.566
0.565
0.565
0.565
0.562
0.561
0.56
0.559
0.558
0.557
0.556
0.555
0.555
0.554
0.553
0.553
0.552
0.55
0.549
0.547
0.547
0.546
0.544
0.543
0.542
0.542
0.537
0.537
0.536
0.534
0.533
0.531
0.53
0.527
0.518
0.518
0.507
0.5
0.496
0.494

BCR
ROR2
EphB4

FMS
CRIK
ANPa

MET
PKCd
MLK3
TYK?2

ROS

ROS

skMLCK

SRC

FGR

ANKRD3
ROR2
FMS
TIE1
ACTR2
PKACg
PKD2
CYGD
TSSK2

ABL
CYGD

KDR
TRKA
FLT4
FGFR4

LRRK2
TRKC
IRAK3

PDHK?2

AlphaK2
BMPRI1B

ALK
AurA
TYK2

CaMK2g
CDK2
DNAPK
CYGD
FLT4

rs12484731
rs35745215
rs3891495
rs34951517
1s34392404
rs13305996
1s34349517
rs34502209
1s34594252
rs1140385
rs619203
rs210968
rs34146416
rs6018260
rs35334091
rs12482626
1s34574788
rs17854478
rs11545380
rs34917571
rs11792214
1s34795467
rs35616384
rs8140743
rs1064160
rs9905402
rs35636987
rs1007211
rs1049080
rs351855
rs7308720
rs35582100
1s34272472
rs17855787
rs3809984
rs35973133
rs1881421
rs11539196
rs1140386
rs2675671
rs3087335
rs8178248
rs28743021
rs1130379

752
97
471
413
1587

238
410
282
882
2229
2240
340
176
130
177
190
629
142
258
248
649
740
245
894
21
136
18
1164
388
551
446
384
342
1296
224
1529
325
1017
49
15
3932
575
1146
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APPENDIX B

APPENDIX B1: Greenman et al. Predictions

Original SNP
Amino Amino

Kinase Protein Position Acid Acid P(driver) Prediction
LYN 385 D Y 0.994 Yes
FYN 410 G R 0.99 Yes
IRR 1065 G E 0.99 Yes
MLK2 107 G E 0.99 Yes
HCK 399 D G 0.988 Yes
FGFR3 228 C R 0.982 Yes
ROS 2138 F S 0.973 Yes
JAK3 527 L P 0.973 Yes
EphA6 732 P S 0.971 Yes
BRAF 580 N S 0.968 Yes
FGFR2 290 W C 0.966 Yes
EphB1 743 R Q 0.965 Yes
EphAl 711 E K 0.964 Yes
TRKC 678 R Q 0.961 Yes
EphB6 743 P S 0.959 Yes
KIT 816 D Y 0.959 Yes
KIT 804 R W 0.949 Yes
CYGF 568 G D 0.949 Yes
INSR 228 C R 0.943 Yes
EphA6 813 K N 0.939 Yes
EphA3 766 G E 0.935 Yes
BRAF 595 G R 0.935 Yes
ALK7 267 W R 0.929 Yes
BRAF 468 G A 0.926 Yes
NDR2 99 G A 0.926 Yes
ANPa 270 F C 0.925 Yes
EphA8 860 P L 0.923 Yes
FGFR4 550 A" M 0.923 Yes
MLKL 291 L P 0.923 Yes
ARAF 331 G C 0.922 Yes
TRKC 721 R F 0911 Yes
EphA2 777 G S 0.91 Yes
EphA6 649 R S 0.903 Yes
BRAF 468 G A" 0.903 Yes
EphB3 724 R w 0.901 Yes
LRRK1 1504 G S 0.892 Yes
PDGFRa 829 G R 0.892 Yes
BRAF 596 L R 0.885 Yes
EphA10 774 R H 0.884 Yes
EphAS8 123 N K 0.884 Yes
FGFR1 664 \" L 0.882 Yes
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EphA10 709 L M 0.882 Yes
EphAS5S 856 T I 0.881 Yes
TRKC 677 H Y 0.881 Yes

VACAMKL 274 R w 0.88 Yes
ITK 19 R K 0.88 Yes

MUSK 819 N S 0.878 Yes
FGFR2 203 R C 0.875 Yes

CaMKla 217 P S 0.873 Yes

KIT 829 A P 0.858 Yes

FGFR3 650 K E 0.852 Yes
BRAF 599 A" E 0.85 Yes
ROR2 542 \% M 0.847 Yes

ANKRD3 103 S F 0.845 Yes
KIT 737 D N 0.844 Yes
EphB4 889 R w 0.844 Yes
TIE2 883 P A 0.842 Yes
EphA6 777 G E 0.839 Yes
KIT 822 N K 0.828 Yes
ROS 2003 K R 0.828 Yes
TRKC 336 L Q 0.828 Yes
CCK4 933 A \% 0.826 Yes
LMR3 88 Y C 0.82 Yes
TYK2 732 H R 0.818 Yes
FER 460 W C 0.818 Yes
caMLCK 601 G E 0.817 Yes

FGFR2 612 R T 0.812 Yes
FLT1 1061 L A" 0.807 Yes
LRRK1 1299 R L 0.802 Yes
EphA7 232 G R 0.795 Yes
FLT4 1010 T I 0.792 Yes

ITK 23 P L 0.788 Yes
ErbB2 776 G S 0.787 Yes

EphAS8 198 R L 0.786 Yes

DAPK3 161 D N 0.775 Yes
EphA8 179 R C 0.775 Yes

TGFbR2 61 C R 0.772 Yes

DAPK3 216 P S 0.768 Yes

DCAMKL3 554 R C 0.761 Yes
MER 708 A S 0.761 Yes
ATM 337 R C 0.755 Yes

ITK 451 R Q 0.753 Yes
ErbB4 303 S Y 0.749 Yes
CTK 354 A T 0.746 Yes

EphA7 170 E K 0.742 Yes
RSK4 140 Y C 0.738 Yes
RORI1 150 F L 0.734 Yes

PDGFRD 882 T I 0.728 Yes

TGFbR2 328 H Y 0.726 Yes



TYRO3
AXL
Trio

IGFIR
DDR2
PKD1
MLKL
RORI
PDGFRa
BRAF
RSK2
HSER
TRRAP
EphB1
FLT4
CASK
BMPRI1B
ACTR2
RORI
FLT1
CRIK
RIPK1
MST4
EphA3
PIM1
IRAK2
FGFR2
VACAMKL
ErbB3
ABL
EphAS5
VACAMKL
ATM
EphA7
FGFR4
EphA6
FMS
SgK495
RIPK1
KDR
TEC
GPRK7
TNK1

PHKgl1
FAK
ATM

IRAK1

ErbB4

709
492
2640
105
105
585
398
144
1071
596
483
61
893
707
378
96
297
306
567
781
112
81
36
229
53
249
283
60
104
166
582
40
540
903
712
161
693
133
220
248
563
253
339
48
809
2842
412
140

H<omOoOm<FAruAPpPpITUOUTTAROQOR<QUUuLAK<nAQ<<AIITOTQR LU AOAKCOQTONU R <ARF»>

—~ZAREZARARTARQ<CAHIZAuu<IOoRZnZOo IS ~Q0~Z2Z2<0d0r"a<ZO0~nnrnnA

0.724
0.724
0.714
0.713
0.709
0.707
0.703
0.699
0.695
0.684
0.675
0.673
0.673
0.668
0.667
0.663
0.661
0.658
0.651
0.647
0.646
0.638
0.636
0.635
0.627
0.626
0.622
0.615
0.615
0.614
0.614
0.613
0.613
0.609
0.608
0.596
0.595
0.592
0.586
0.585
0.583
0.582
0.575
0.569
0.568
0.568
0.567
0.564
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Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes



ALK
MLK1
EphA6

DCAMKL3
IRAK2
smMLCK
PDGFRb
PDHK2
TRRAP
ARG
DCAMKL3

ACK

BCR

AXL
CYGD

EphA10

RET

ROCK1

ARG

ALK
TRKB
MLK1

TGFbR2
EphB6
LATSI
EphAS
FRAP
CYGF
FER
BARKI1
CYGF
BMPRIA
ACK
SgK494
STK33
PKD3
KSR2
PDGFRa
TRKC
DYRK4

BMX
EphB3

QSK

ABL

TIE2

FYN
LRRK2
LMR2

877
246
219
570
421
1588
589
342
3270
483
472
346
400
295
431
150
1112
1193
63
560
138
467
490
875
806
1032
2476
1055
404
578
1052
486
409
291
160
716
855
996
149
586
675
168
882
47
117
243
1723
484
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0.562
0.558
0.558
0.557
0.556
0.555
0.55
0.541
0.538
0.537
0.537
0.531
0.531
0.521
0.52
0.52
0.517
0.508
0.506
0.499
0.496
0.492
0.512
0.509
0.495
0.489
0.487
0.484
0.483
0.481
0.474
0.47
0.47
0.461
0.457
0.455
0.452
0.45
0.449
0.448
0.444
0.444
0.438
0.435
0.433
0.431
0.431
0.429
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ROS 419 Y H 0.421 No
PKCa 467 D N 0.418 No
PAK3 425 T S 0.417 No
IRE1 830 P L 0.411 No
CDK11 175 G S 0.402 No
YANK?2 35 G E 0.401 No
SuRTK106 395 \Y% I 0.4 No
NEK11 108 T M 0.398 No
ATM 337 R H 0.398 No
FRAP 135 M T 0.392 No
ROCK2 1194 S P 0.389 No
PKCz 519 R C 0.387 No
ChaK2 997 " C 0.386 No
ATR 2537 E Q 0.381 No
FLT1 422 L I 0.38 No
RET 163 R Q 0.378 No
ChaK1 406 S C 0.375 No
BMPRIA 58 F Y 0.374 No
TIF1g 580 M I 0.374 No
DCAMKL3 596 \Y% A 0.365 No
ACK 34 R L 0.357 No
SgK495 211 R Q 0.353 No
CTK 503 R Q 0.349 No
EphB1 719 I v 0.348 No
ChaK1 720 T S 0.347 No
TAF1L 750 L F 0.347 No
RSK2 608 L F 0.346 No
BMPR1B 31 R H 0.345 No
PKD1 677 R M 0.34 No
ATR 2438 E K 0.333 No
FAK 590 A \Y% 0.331 No
MAK 272 R P 0.33 No
RSK4 258 S T 0.327 No
BLK 71 A T 0.327 No
LRRK2 1550 R Q 0.327 No
LMRI1 104 M \Y% 0.325 No
FGFR1 252 P T 0.324 No
LRRK2 1726 E D 0.32 No
TAF1 691 M I 0.32 No
SgK307 373 S F 0.314 No
DAPK3 112 T M 0.311 No
SgKO071 139 G D 0.31 No
ACK 99 R Q 0.306 No
DDRI1 496 A S 0.305 No
MAP2K4 234 N I 0.299 No
IGF1R 1347 A \Y% 0.298 No
EphB4 346 P L 0.297 No
CaMK4 150 E G 0.292 No
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FRAP 2215 S Y 0.287 No
TRKC 307 \Y% L 0.285 No
DCAMKL3 422 E K 0.284 No
NEK6 106 I S 0.279 No
IRR 278 E Q 0.279 No
IRAK1 421 Q H 0.277 No
TAFIL 794 E D 0.276 No
LMR1 97 L v 0.273 No
MRCKb 876 R " 0.267 No
RIPK1 64 A \Y% 0.266 No
PSKH2 427 K I 0.264 No
eEF2K 291 T M 0.261 No
TRRAP 2690 P L 0.261 No
IRE1 769 S F 0.255 No
CDK2 45 P L 0.253 No
KSR2 429 R L 0.248 No
LMR1 81 S F 0.245 No
RYK 243 \Y% I 0.236 No
TRRAP 1438 R 4 0.236 No
SgK288 764 E K 0.235 No
TRRAP 2931 T M 0.233 No
RAF1 259 S A 0.232 No
KDR 2 Q R 0.229 No
ATM 848 E Q 0.229 No
RORI1 776 S N 0.227 No
CKle 256 R L 0.226 No
SgK307 321 E K 0.226 No
PINK1 215 P L 0.223 No
HH498 430 S L 0.218 No
PKCh 594 T I 0.216 No
RORI1 301 I \Y% 0.214 No
AMPKa2 407 R Q 0.213 No
ATM 2666 T A 0.212 No
JAK2 191 K Q 0.211 No
ATM 1179 S F 0.211 No
PSKH2 331 S I 0.207 No
HHA498 798 M I 0.207 No
ATM 1916 M I 0.205 No
LZK 746 P L 0.205 No
TRKA 107 A A% 0.203 No
p38a 51 A v 0.202 No
ATM 2443 R Q 0.202 No
ATM 2443 R Q 0.202 No
YANKI1 89 S F 0.2 No
EphAS 503 E K 0.2 No
FGFR1 125 S L 0.199 No
FRAP 8 A S 0.196 No
DYRKI1B 275 Q R 0.195 No



IRE1
FGFR3
RIOK2

ATM

MOK

MER

ALK2

PKCh

ATM

SPEG

AlphaK?2

ATM
SgK307

ATM

ATR

PKNI1

SPEG

PKNI1
AKTS3
TESK1
DNAPK
ROS
ULK3
CaMK4
SgK085
TRRAP
DMPK?2
CKl1d
ATR
PKG2
TRRAP
FGFR2
RSK1
AlphaK3

DLK

CRIK
MAST4

CaMKK2
EphA3
KSR2
CDK6

DCAMKLI

DNAPK
NEK4
FGFR4

ATM

NIM1
MSK2

635
79
216
1991
272
446
115
575
1469
1178
308
2356
317
23
1488
185
1903
873
171
539
2941
865
48
469
30
2302
280
97
2002
716
1724
272
732
339
409
2026
1865
182
518
676
199
93
2810
777
772
1945
333
236
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0.194
0.194
0.194
0.193
0.192
0.192
0.187
0.186
0.186
0.176
0.175
0.175
0.168
0.167
0.163
0.163
0.162
0.16
0.16
0.16
0.157
0.156
0.155
0.155
0.155
0.152
0.151
0.151
0.151
0.15
0.147
0.145
0.145
0.144
0.142
0.141
0.14
0.139
0.139
0.138
0.136
0.136
0.135
0.135
0.134
0.132
0.132
0.131
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PAK6
MOS
TIF1a
BRSK1
MAP2K4
MAP3K6
PASK
SgK494
RSKL1
MAST4
TLK2
NIK
ATM
DCAMKLI1
GPRKG6
Trio
SgK288
Trbl
TIE2
PKCt
CaMKlg
MAST3
ICK
MELK
SgK494
DNAPK
PDHK3
SgK288
BIKE
TESK2
BRD2
CDKS
ATM
CRIK
WeelB
TLK1
BRD3
LATSI1
TIF1g
RSKL1
ULK1
TRRAP
GCN2
Trio
PFTAIRE2
Wnkl1
TRRAP
DCAMKL3

514
123
403
319
251
789
11
279
1003
2288
173
514
2442
29
31
2806
736
371
1124
240
443
952
115
460
359
1136
219
347
68
11
714
189
1739
1738
398
705
36
669
885
1022
784
1947
939
1919
276
419
1669
108
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0.131
0.131
0.13
0.129
0.128
0.128
0.127
0.126
0.125
0.125
0.123
0.121
0.12
0.12
0.12
0.119
0.119
0.118
0.117
0.116
0.116
0.115
0.114
0.114
0.113
0.113
0.111
0.111
0.109
0.109
0.108
0.104
0.104
0.104
0.104
0.103
0.103
0.102
0.102
0.1
0.1
0.099
0.098
0.098
0.096
0.094
0.094
0.093
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NEKS8
BRD2
DNAPK
IRAK1
AurA
Abr
BRSK1
MAST?2
SgK307
FRAP
EphAS
Fused
DCAMKLI1
BRD2
MAP3K2
TIF1a
NDRI1
QSK
Wnk3
GPRK6
H11
AlphaK1
SgKO085
MAP2K4
MAP2K7
A6
ATM
NEK1
BRDT
HRI
BARK?2
TAFIL
TIF1g
MRCKa
MRCKb
Trb3
DNAPK
PAKS
PKCa
TAFIL
TRRAP
ULK2
PKCi
AlphaK2
NIM1
TBK1
TAFI1L
Wnk4

282
30
263
690
155
103
407
275
228
2011
417
660
46
558
112
320
18
836
1577
275
67
1364
78
154
162
196
2408
25
288
202
104
1549
811
50
1315
60
1680
538
98
1824
1932
627
109
837
411
296
762
434
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0.092
0.092
0.092
0.092
0.091
0.091
0.09
0.089
0.088
0.088
0.088
0.088
0.088
0.086
0.086
0.085
0.084
0.084
0.083
0.082
0.082
0.081
0.081
0.08
0.079
0.079
0.079
0.078
0.078
0.074
0.074
0.074
0.074
0.073
0.073
0.073
0.072
0.07
0.07
0.07
0.07
0.07
0.069
0.068
0.068
0.067
0.066
0.066
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YANKI1
NEK?7
SgK269
CDKL2
ATR
CRK7
TAF1
PKCb
LATS2
RSKL1
RSK1
SGK2
AMPKa2
BRSK1
ChaK1
PIM2
AurA
RAF1
AlphaK1
MAP3K7
DCAMKLI
PKCb
TAF1
ZAK
STLK3
DNAPK
FASTK
PAKS
PKR
Wnk2
MAP3K6
MAST4
MAP3K4
SBK
EphA4
NEK10
SgK196
DNAPK
IRE1
MRCKb
MYO3A
PLK1
Wnk3
SCYLI
STLK6
CDK3
MAP3KS
NEKI11

316
275
611
149
2233
912
651
496
40
554
311
209
371
335
830
396
174
335
433
1294
291
144
453
281
333
1447
424
604
439
1978
832
784
1412
92
399
379
342
500
244
500
525
12
854
495
155
106
560
617
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0.066
0.064
0.064
0.063
0.063
0.061
0.061
0.059
0.057
0.057
0.056
0.055
0.055
0.055
0.055
0.055
0.054
0.054
0.054
0.052
0.05
0.049
0.049
0.049
0.048
0.048
0.048
0.046
0.046
0.046
0.045
0.045
0.043
0.043
0.043
0.043
0.042
0.042
0.042
0.042
0.042
0.042
0.042
0.041
0.04
0.04
0.04
0.038
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CDKS
Wnkl1
Wnkl1
SgK288
NEK1
WeelB
PAKS
Wnk2
MAP3KS
PKD2
RSKL1
NEK10
SgK307
ULK1
EphA3
MAP2K7
CaMKK?2
CRIK
EphA4
p70S6Kb
SgK110
CKla
GPRKS5
NEK10
OSR1
skMLCK
TAFIL
IRE1
MAP3KS
NEK10
NEK11
NEKS8
SgK223
PKD2
Fused
Fused
BRD3
BRDT
MYO3A
TBK1
NRBP1
PFTAIRE1
SgK307
CDKL5
Wnk4
p38a
SgKO085
TBCK

424
2362
2190

717

294

332

312
1619

567

870

663
1115
1371

290

449

162

127
1372

370

456

371

297

163

878

433

133

47
474
203

66

492

621
1123

848
1185
1138

161

89

1346

410

432

414
1121

574

992

322

217

503
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0.037
0.037
0.037
0.036
0.035
0.035
0.033
0.033
0.032
0.032
0.032
0.031
0.031
0.031
0.03
0.029
0.029
0.029
0.028
0.028
0.028
0.027
0.027
0.027
0.027
0.027
0.027
0.025
0.025
0.025
0.025
0.025
0.024
0.024
0.023
0.023
0.023
0.023
0.023
0.023
0.021
0.021
0.021
0.02
0.02
0.019
0.019
0.019
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NLK 331 A T 0.018 No
Wnk2 496 v L 0.018 No
Wnk4 1052 P S 0.018 No
CDKLS5 374 A T 0.017 No
KHS2 669 T S 0.017 No
NEK9 870 P S 0.017 No
SPEG 2742 \Y% M 0.017 No
DMPK1 438 L v 0.016 No
ZC4 880 I L 0.016 No
MAP3KS 555 I M 0.015 No
TAO3 20 P T 0.015 No
GAK 962 G D 0.014 No
MAP3K1 703 I \Y% 0.014 No
TTBK2 635 D G 0.014 No
ChaK2 65 G \Y% 0.013 No
ZC4 424 S C 0.013 No
IKKb 360 A S 0.012 No
NIK 852 T I 0.012 No
NRBP2 315 v M 0.012 No
TAO3 392 S Y 0.012 No
MAP3K2 566 M I 0.011 No
SCYL2 482 L F 0.011 No
p38b 229 A \Y% 0.01 No
SCYL2 753 v F 0.01 No
TTBK1 855 P S 0.01 No
SgK269 1145 P L 0.009 No
MAP2K4 279 A T 0.008 No
PFTAIRE2 93 K E 0.008 No
PKNI1 921 A \Y% 0.008 No
ULK2 662 A \Y% 0.008 No
Wnkl1 1799 Q E 0.008 No
MAP2K4 142 Q L 0.007 No
SgK269 1035 S F 0.007 No
PRP4 658 F L 0.006 No
SCYL2 863 Q H 0.006 No
ZC3 973 E \Y% 0.006 No
PAKS 704 G S 0.005 No
DYRK2 198 P L 0.005 No
HPK1 737 S F 0.005 No
TBCK 806 I v 0.005 No
TTBK1 806 S F 0.005 No

MYO3A 955 S R 0.004 No

APPENDIX B2: Germline Mutation Predictions

Kinase Protein Original SNP P(del) Prediction
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Position Amino Amino
Acid Acid

EphA10 769 R Q 0.97 Yes
TRKC 678 R Q 0.97 Yes
SRM 301 A% L 0.96 Yes
EphAl 705 P L 0.96 Yes
PSKH2 440 T A 0.95 Yes
ErbB3 717 S L 0.94 Yes
PSKH2 287 G D 0.94 Yes
ZAP70 523 \%% L 0.92 Yes
SuRTK106 210 R \\% 0.92 Yes
ROS 1370 C R 0.92 Yes
ROR1 624 G R 0.92 Yes
ATM 2870 D N 0.92 Yes
IRR 246 C R 0.92 Yes
EphAl 815 S R 0.91 Yes
EphB6 813 R H 0.91 Yes
CYGF 677 \Y L 0.91 Yes
MUSK 644 \Y A 0.91 Yes
CYGF 308 Y C 0.91 Yes
HSER 30 C R 0.90 Yes
EphA10 807 R Q 0.90 Yes
TYK2 703 R \W% 0.90 Yes
PDGFRb 718 N Y 0.90 Yes
KDR 482 C R 0.89 Yes
ALK 1121 G D 0.89 Yes
EphB2 844 R \\% 0.89 Yes
CYGF 628 R Q 0.89 Yes
ITK 581 R w 0.89 Yes
CYGF 284 L P 0.89 Yes
FLT1 281 R Q 0.89 Yes
ROS 338 Y C 0.89 Yes
LRRK2 2088 N D 0.88 Yes
BMPRI1A 443 R C 0.88 Yes
ROR2 738 R C 0.88 Yes
ALK 1328 M L 0.88 Yes
MUSK 664 N S 0.88 Yes
ROR2 548 P S 0.88 Yes
FLT4 1075 R Q 0.87 Yes
INSR 1282 T A 0.87 Yes
RET 844 R L 0.87 Yes
LTK 384 C R 0.87 Yes
BMPR1B 371 R Q 0.87 Yes
ErbB2 768 L S 0.87 Yes
RON 185 R C 0.87 Yes
ROR2 644 D N 0.87 Yes
FLT4 149 N D 0.87 Yes
EphAS 45 G S 0.86 Yes



PDGFRa
CYGF
LTK
PDGFRa
RON
TYK2
FGFR3
LTK
ROS
TRKC
BMPRI1B
RON
JAK3
KIT
SuRTK106
ROR2
RET
ErbB2
TEC
RON
FLT4
SgK288
ALK7
TYK2
CCK4
EphB2
TYRO3
ALK7
TYRO3
FLT3
ROR2
IRAK4
ErbB3
TSSK2
LIMK?2
ALK
ACK
TRKC
EphB2
RET
RORI1
TIE1
RET
LMRI1
TRKA
TRKA
SMG1
FLT4

764
794
535
79
1304
684
646
745
370
754
224
465
521
541
379
695
982
857
44
1360
1031
276
216
1104
1029
289
840
195
838
324
672
391
744
197
418
1274
152
767
678
278
646
1109
749
703
613
780
2341
868
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0.86
0.86
0.86
0.86
0.85
0.85
0.85
0.85
0.85
0.85
0.85
0.85
0.85
0.85
0.85
0.84
0.84
0.84
0.84
0.84
0.84
0.83
0.83
0.83
0.83
0.83
0.83
0.83
0.83
0.82
0.82
0.82
0.82
0.82
0.82
0.82
0.82
0.82
0.82
0.81
0.81
0.81
0.81
0.80
0.80
0.80
0.80
0.80

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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MUSK
MET
SGK3
EphA10
MET
JAK3
LTK
FMS
DAPK2
EphA7
DAPK2
EphA6
ROR2
RIPK2
FGFR3
LMR1
ACTR2
IRAK2
DDRI1
TSSK4
JAK3
SuRTK106
IRR
ErbB2
SRM
SgK288
AlphaK1
SuRTK106
MNKI1
ACTR2
HSER
SRM
EphA6
CYGF
ZAP70
ZAK
ROS
ROCK1
MUSK
HUNK
MLK3
SPEG
PYK2
ANPa
RYK
TGFbR1
TSSK1
RON

629
143
355
749
988
688
673
413
60
278
271
703
557
268
338
1266
311
431
306
&9
722
237
127
1216
397
122
1622
204
267
258
1072
73
615
230
191
267
1353
1264
100
157
151
1621
808
755
227
291
237
75

AAKALSCCOCRIUOAFHOKAOTDA T AKRDODQCO AP PO <KAOARTSIC I TIQA~FZQCXC
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0.80
0.79
0.79
0.79
0.79
0.78
0.78
0.78
0.78
0.78
0.78
0.78
0.77
0.77
0.77
0.77
0.76
0.76
0.76
0.76
0.76
0.76
0.76
0.76
0.76
0.75
0.75
0.75
0.75
0.75
0.75
0.75
0.75
0.74
0.74
0.74
0.74
0.74
0.74
0.74
0.74
0.73
0.73
0.73
0.73
0.73
0.73
0.73

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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TRKA
ANPb
PSKH?2
RON
ROR2
IRAK2
EphB4
ARG
TRKC
IRAK4
JAK2
TSSK4
FMS
SRM
CCK4
TGFbR2
TNK1
CYGD
ATR
TESK2
TYK2
FLT3
CYGF
Trb3
FLT3
JAK2
ALK
ALK
DDR2
MLKL
TXK
TSSK2
ATM
IRAK3
PSKH?2
ADCKI1
MLK3
RORI1
SgK494
ACK
PSKH?2
KDR
CYGF
RET
JAK2
MLKL
DDRI1
TSSK1

604
232
294
504
530
214
113
748
306
355
1063
145
32
371
410
387
534
701
2434
251
928
158
40
153
227
127
90
680
478
364
63
27
2719
171
481
371
282
518
288
747
363
1065
305
826
371
421
170
233
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0.73
0.73
0.73
0.73
0.72
0.72
0.71
0.71
0.71
0.71
0.71
0.70
0.70
0.70
0.69
0.69
0.69
0.69
0.69
0.69
0.69
0.69
0.68
0.68
0.68
0.68
0.68
0.67
0.67
0.67
0.67
0.67
0.67
0.67
0.67
0.67
0.67
0.67
0.66
0.66
0.66
0.66
0.66
0.66
0.66
0.66
0.66
0.66

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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TSSK3
FLT4
ErbB2
Trio
AlphaK3
LIMK?2
HH498
TRKA
p70S6K
MET
Trio
MER
PKD2
TRKA
RET
NIM1
IRR
ROCK1
ROR2
Trbl
ULK4
TGFbR2
TYK2
LTK
HSER
DRAKI1
LMR2
EphB6
PSKH2
TSSK3
LATSI1
PDGFRa
CYGD
HH498
MUSK
ROR2
PDGFRD
LRRK1
ADCK1
skMLCK
IRAK1
p70S6K
DNAPK
TYRO3
DDRI1
ROS
FGR
FLT4

140
641
1170
2598
1117
213
510
566
272
1010
2770
185
773
452
489
260
554
1262
490
298
139
315
1163
569
114
167
916
282
329
235
1000
426
782
637
222
935
282
1390
175
340
398
276
3936
880
17
2240
130
1146
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0.66
0.66
0.65
0.65
0.65
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.63
0.63
0.63
0.63
0.63
0.63
0.62
0.62
0.62
0.62
0.62
0.62
0.61
0.61
0.61
0.61
0.61
0.61
0.61
0.61
0.61
0.61
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.59
0.59
0.59
0.59
0.59
0.59

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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IRAK3
TIE2
SgKO085
Trbl
ACK
ALK
ZAK
KDR
LIMK1
CaMK4
CCK4
CCK4
PKD1
DCAMKL2
FER
VACAMKL
MER
DDRI1
LRRK1
ErbB3
KDR
DDRI1
FYN
DDRI1
IRAK2
TNK1
CCK4
IRR
BLK
EphB4
ANPb
MET
LMRI1
MAPKAPK3
KDR
ALK
ROS
DDR2
AlphaK3
LRRK2
ALK7
ALK
TNK1
EphB6
RET
ANPa
RON
LRRK2

288
634
126
215
99
163
580
136
422
178
276
766
679
583
813
279
865
608
570
683
539
100
506
169
392
278
1038
928
71
67
882
156
1332
276
689
296
1239
441
1160
551
482
1491
509
309
292
182
95
119
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0.58
0.58
0.58
0.58
0.58
0.58
0.58
0.57
0.57
0.57
0.57
0.57
0.57
0.57
0.57
0.57
0.56
0.56
0.56
0.56
0.56
0.56
0.56
0.56
0.56
0.56
0.55
0.55
0.55
0.55
0.55
0.55
0.55
0.55
0.54
0.54
0.54
0.54
0.54
0.54
0.54
0.54
0.54
0.54
0.54
0.53
0.53
0.53

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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ACK
SuRTK106
PKCh
PSKH1
Trb3
PLK4
GPRK7
TSSK2
MAST3
TSSK1
YES
Trbl
DNAPK
TSSK4
SgK307
KIS
MAPKAPK?2
EphA6
EphA3
FLT1
SRM
ALK
AlphaK3
LMR2
ACK
TXK
FGFR4
ErbB3
ARG
RON
LMR2
ALK
PDGFRb
LRRK2
RON
MER
TYRO3
SRM
LMR2
smMLCK
TESK1
ErbB3
EphA10
ErbB3
FAK
EphA3
ALK
LMRI1

507
400
612
301
274
86
196
61
412
83
282
267
3800
33
374
197
173
711
777
982
452
704
1084
849
71
45
10
1254
42
613
862
1529
29
1640
900
118
66
75
1220
656
574
1127
559
20
&9
590
1416
1192
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0.53
0.53
0.53
0.53
0.53
0.53
0.52
0.51
0.51
0.51
0.51
0.51
0.50
0.50
0.50
0.50
0.50
0.49
0.49
0.49
0.53
0.53
0.52
0.52
0.52
0.52
0.52
0.52
0.52
0.52
0.52
0.51
0.51
0.51
0.51
0.51
0.51
0.51
0.51
0.50
0.50
0.50
0.50
0.50
0.50
0.50
0.50
0.50



TESK2
LRRK2
ErbB3
SMG1
ROS
IRAK2
TNK1
p70S6K
FES
KDR
FER
ARG
SgKO085
ErbB3
RIOK?2
DRAKI
DCAMKL3
ROS
LMR2
EphB6
MUSK
TRKA
AlphaK3
CYGD
CSK
ANPa
NEK3
LMR2
MELK
KDR
ABL
MUSK
CYGF
ADCK3
KIT
EphB6
RON
SgK288
LRRK2
DDRI1
CYGD
JAK1
FLTI
ATM
ATM
DNAPK
ARG
ATM

439
2404
1177
122
167
566
541
225
85
814
443
894
318
1119
96
126
24
1999
1061
221
27
444
681
507
45
967
60
595
56
297
810
829
1010
341
532
122
1335
596
2196
501
693
973
60
1475
250
2598
960
1961
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0.50
0.50
0.50
0.49
0.49
0.49
0.49
0.49
0.49
0.49
0.49
0.48
0.48
0.48
0.48
0.48
0.48
0.48
0.48
0.48
0.48
0.48
0.48
0.47
0.47
0.47
0.47
0.47
0.47
0.47
0.46
0.46
0.46
0.46
0.46
0.46
0.46
0.46
0.46
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.44
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EphA10
AXL
DMPK?2
RSKL1
TESK?2
MASTL
SRPK2
IRAK1
HSER
MUSK
AlphaK1
ALK
ULK4
ATR
SgK288
INSR
MER
CDK10
MAST4
FGFR4
LMR1
LMR1
LRRK2
HSER
FMS
NEK3
IRAK2
ADCK4
CCK4
DMPK2
ACK
SRM
LMR2
BRD2
MOS
RON
ErbB2
MLK4
RSKL2
PKR
RIPK3
SNRK
ACK
TYRO3
LMR2
IRAK2
PYK2
TRKA

220
508
1245
546
540
337
426
638
859
413
1557
1419
18
2425
595
1012
282
168
559
179
1160
1330
1658
464
362
170
43
318
745
1056
724
88
624
599
300
322
654
892
332
428
492
260
1036
831
780
469
698
238
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0.44
0.44
0.44
0.44
0.44
0.44
0.44
0.44
0.44
0.43
0.43
0.43
0.43
0.43
0.43
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.42
0.41
0.41
0.41
0.41
0.41
0.41
0.41
0.41
0.41
0.41
0.41
0.41
0.41
0.40
0.40
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PKNI1
EphAl
FGFR3

ATM
DAPKI1
IRAK3
EphB4

IRR
FLT1
PIM2

TGFbR2

EphA3

ROS

IRAK3
Abr
Trio
RIOK2
ALK

MLK1
MLK4
DAPKI1

PDGFRa

FLT3

BMPRIA

EGFR
EphAl

ANPa

RET

EphA6

TNK1
PASK
MUSK

FER
KSR1
BCR
LMRI1
FGR
CKl1g2
GPRK4
EphB1
ROS
EphB6
IRE2
AlphaK3
ROS

INSR
EphA3

BMPRIB

635
575
384
924
541
384
678
244
144
380
373
924
2228
391
72
2801
244
1012
646
977
1273
478
358
450
1034
351
939
691
849
593
514
858
128
225
910
923
110
189
457
18
2203
662
184
870
145
1065
914
149
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0.40
0.40
0.40
0.40
0.40
0.40
0.40
0.40
0.40
0.40
0.39
0.39
0.39
0.39
0.39
0.39
0.39
0.39
0.39
0.39
0.39
0.39
0.38
0.38
0.38
0.38
0.38
0.38
0.38
0.37
0.37
0.37
0.37
0.37
0.37
0.37
0.37
0.37
0.37
0.37
0.37
0.37
0.36
0.36
0.36
0.36
0.36
0.36
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EphA2
IRAK1
LRRK1
HSER
smMLCK
EphA2
EphA10
TAFI1L
SMG1
FAK
CKla2
DAPK1
MER
PSKH2
EGFR
SMG1
SMG1
SMG1
CaMKlg
DMPK2
QSK
MLK4
AXL
BCR
DYRK4
PIM1
LMR1
NEK10
LMR2
DCAMKL2
EphB3
TIE2
SMG1
QSK
AlphaK3
MSK1
FLT1
GPRK7
PIM1
ATM
PSKH2
ITK
ZAP70
GPRK7
SMG1
PYK2
EphAS
FES

876
625
202
610
1527
568
956
637
147
89
220
1009
823
347
521
805
140
461
259
362
637
784
112
752
591
124
815
659
1341
119
440
226
316
1007
873
599
938
196
135
514
426
587
175
313
828
970
81
246
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0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.35
0.35
0.35
0.35
0.35
0.35
0.35
0.35
0.35
0.35
0.35
0.35
0.35
0.35
0.34
0.34
0.34
0.34
0.34
0.34
0.34
0.34
0.34
0.34
0.34
0.34
0.34
0.34
0.33
0.33
0.33
0.33
0.33
0.33
0.32
0.32
0.32
0.32
0.32
0.32
0.32
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EphB4
HUNK
TYK2
PASK
SRM
AlphaK3
ATM
ADCK4
SgK269
EphB1
MNK1
SMGl1
GAK
MLKL
DRAKI1
EphA10
SgK288
DMPK?2
CRIK
AlphaK3
NEKI11
TAFIL
CCK4
ROR2
FRK
FMS
GPRK7
CHK1
ALK?2
DAPK1
LMR2
DNAPK
SgK396
AlphaK1
ADCKI1
SgK288
DAPK1
PLK4
Trbl
ROR2
EphA7
TXK
SMGl
SMGl1
TAFIL
FLT4
EphA4
MAST4

882
591
386
796
457
935
140
78
1077
981
158
1354
144
132
286
281

1084
183
916
213
371
783
244
122
536
226
223
15
1011
693

1010
338
459
239
461
146
173
762
138
336

1288
808

1810
527
269
741
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0.32
0.32
0.32
0.31
0.31
0.31
0.31
0.31
0.31
0.31
0.31
0.31
0.31
0.31
0.31
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
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RON
TSSK4
AlphaK1
RIOK1
TAFI1L
MAST4
DMPK2
PKCb
MNK1
SMG1
CYGF
DMPK2
HCK
AurA
SgK288
MET
MSK1
PKG1
ABL
CRIK
NDRI1
MLK4
LRRK2
QSK
ADCK2
LRRK1
SRC
ZAK
JAK3
MAPKAPKS5
KIT
SMGH
ANKRD3
NIM1
NEK2
EphAS
AlphaK3
Trio
PHKgl1
GPRKS5
IRAK3
MYTI1
CKl1g2
RIOK2
Fused
TAFI1L
LATSI1
FRK

523
196
1299
519
1356
1082
1080
588
49
1012
434
168
105
373
367
375
554
282
972
309
145
982
1542
1146
307
1852
237
773
151
282
691
2254
414
21
410
673
292
2183
323
304
482
140
217
155
240
845
370
100
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0.29
0.29
0.29
0.29
0.29
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.28
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.26
0.26
0.26
0.26
0.26
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EphA10
SgK494
SgK288
MUSK
ROS
STK33
CTK
BLK
RSKL1
KSR2
CaMK2d
SPEG
AlphaK1
MNK1
MLK4
eEF2K
TRKA
RON
ROR2
eEF2K
ErbB3
EphB6
ErbB2
SgK196
YANK2
CYGD
DAPKI1
EphB4
SPEG
QIK
TRRAP
DAPKI1
LRRK1
SgK493
ATR
TIF1g
ALK
DAPK1
HH498
ZAK
FRK
FGFR4
KIS
SMGl1
ErbB3
JAK3
CKlgl
MASTL

645
302
366
159
537
436
496
48
853
969
167
934
1412
405
741
433
237
356
349
75
30
170
655
254
244
328
978
890
1234
809
2139
994
1976
300
64
696
1429
1008
151
531
133
136
159
1025
998
12
206
620
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0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.26
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.24
0.24
0.24
0.24
0.24
0.24
0.24
0.24
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DLK
LRRK1
DCAMKL3
YANK2
MER
RIOK3
ANKRD3
SMGl
DNAPK
PASK
FES
ACTR2B
TESK2
LZK
EphA3
RIPK2
LATS2
PKACg
NIM1
CKla2
MAPKAPKS
ZAK
ROS
RIPK2
PKN1
GPRK7
MAST4
ATM
TAFIL
EphA2
AlphaK3
DYRK4
PKN3
ZAK
DNAPK
KDR
CaMKI1b
MLKL
ATM
RSK2
SGK2
LRRK1
DNAPK
MAST2
PKCe
RSKL1
EphAl
EphA6

640
1873
633
198
20
441
514
825
3085
684
323
176
436
517
568
313
799
260
320
21
67
740
2229
259
436
113
1983
2492
1016
511
383
584
180
784
649
472
262
146
858
723
289
415
2899
1246
563
42
160
616
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0.24
0.24
0.24
0.24
0.24
0.24
0.24
0.24
0.24
0.24
0.24
0.24
0.24
0.23
0.23
0.23
0.23
0.23
0.23
0.23
0.23
0.23
0.23
0.23
0.23
0.23
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22
0.22

No
No
No
No
No
No
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PASK
LIMK1
HUNK

KDR
MAST4
ROS
MAST?2
RSKL1
DMPK?2
AlphaK1
KIT
PKACa
IRR

TRKA

SMG1

DDR2
LIMK?2
MAST4

ROS
LZK

NEK1
FGFR2

PKD2

Fused
LATS2
EphAS

Fused

QSK
DNAPK
LRRK2

IRE2
IRAK2

BTK

caMLCK

ATM

AlphaK3

VRK3

BRSK1
MAP2K3
PKNI1
TTK
FGFR4
CDKL4
RYK

Fused
ChaK?2

JAK?2
MLK4

512
247
625
462
159
2213
1673
96
1314
414
715
46
161
80
156
543
45
120
224
712
76
57
604
477
1025
330
816
1184
3149
1398
537
503
82
231
582
910
288
547
68
520
583
426
38
99
1003
1574
393
420
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0.22
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.21
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.20
0.19
0.19
0.19
0.19
0.19
0.19
0.19
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BCR
MAST?2
SIK
ROS
LRRK1
smMLCK
SgK223
MSK?2
NEK4
MPSK1
ALK2
LMR2
AlphaK3
PKCh
LRRK1
SPEG
ROS
CYGF
LRRK1
LRRK2
TRRAP
SgK288
MAP3K7
DAPKI1
AlphaK1
SMGl
MER
BMPRI1A
TGFbR1
IRAK2
DAPK1
MLK4
eEF2K
CKl1g2
MUSK
CKl1g2
PASK
EphB4
CKla2
MAST3
PKCi
PYK2
BRD3
TAF1
BRD4
PKACa
RIPK3
DLK

796
1197
15
1902
1896
443
1155
758
250
277
47
1401
565
359
681
206
13
160
1834
419
2801
451
885
995
836
584
498

153
47
973
900
609
207
107
223
1301
576
230
180
121
838
447
297
37
264
300
628
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0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.19
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18

No
No
No
No
No
No

No
No

No
No
No
No
No
No

No
No
No
No
No
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MLKL
FLT4
DNAPK
LATSI1
DAPK1
CRIK
RIOK3
ATM
CaMKK?2
SMGH
AlphaK1
SMG1
SPEG
DYRK3
HIPK3
ATM
Fused
LIMK1
DAPK1
VACAMKL
SgK223
MAST?2
ALK2
EGFR
p70S6Kb
TSSK1
ADCK4
SgK307
PASK
PKCh
PASK
BRD2
PASK
SMG1
INSR
MLK4
Slob
LRRK2
MLKL
MPSK1
CaMK1d
AlphaK1
CaMK2d
Trio
MNK?2
BRD2
JAK3
TAFIL

494
1619
96
659
81
447
410
123
749
336
608
3262
274
191
1853
672
190
1019
472
843
1551
41
1210
280
288
462
462
937
374
844
569
1266
1414
811
597
481
2392
169
266
66
663
493
1585
73
212
40
1389
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0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.17
0.16
0.16
0.16
0.16
0.16
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LATSI1
LATSI1
BMX
TESK2
ALK4
SNRK
ErbB3
NEK11
BRDT
WeelB
MLK4
AlphaK3
EphB2
TAO3
AlphaK3
SgK196
DNAPK
PIM1
ATR
PASK
ATM
PKCh
AAK1
BMPR2
SMG1
MAST4
ANKRD3
DAPK1
QIK
EphA10
ROCK1
AlphaK1
MST4
EphA10
TAFIL
Fused
SRPK2
SgK223
Fused
PINK1
SRM
BRDT
caMLCK
LATSI1
MER
VRK3
MER
MAPKAPK?2

237
641
289
354
146
391
204
548
357
470
728
732
279
727
175
301
605
142
316
725
333
149
771
775
948
2181
621
979
825
629
1112
579
45
526
1731
839
515
881
476
209
465
542
237
531
293
370
870
361
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0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.16
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
0.15
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191

MLK1 497 R Q 0.15 No
NEK10 67 G S 0.15 No
BRSK1 765 G S 0.15 No
ATR 297 K N 0.15 No
NuaK2 385 R L 0.15 No
Trad 674 A \Y% 0.15 No
NIM1 64 E Q 0.15 No
ATM 1420 L F 0.15 No
TBK1 291 K E 0.15 No
A6 164 T S 0.15 No
IRE2 118 R C 0.15 No
MET 168 E D 0.14 No
ATM 1054 P R 0.14 No
MLK4 563 E D 0.14 No
BRDT 410 N K 0.14 No
SRM 453 A T 0.14 No
MARK1 578 P L 0.14 No
LRRK2 723 I v 0.14 No
PKN2 197 A E 0.14 No
LIMK2 35 G S 0.14 No
ABL 706 G \Y% 0.14 No
Trad 1276 N S 0.14 No
PRPK 123 R Q 0.14 No
FER 412 M v 0.14 No
EphA5 672 A T 0.14 No
MAST4 1695 v I 0.14 No
SgK269 1408 P Q 0.14 No
MAST4 2208 G E 0.14 No
CKla2 177 E K 0.14 No
MAST4 1524 P R 0.14 No
VRK2 50 N D 0.14 No
LRRK1 904 D N 0.14 No
PKD3 509 v L 0.14 No
CKla2 170 R S 0.14 No
ATM 126 D E 0.14 No
ADCK2 622 P L 0.14 No
FLT4 1049 D N 0.14 No
MAST4 2111 S C 0.14 No
MAST?2 69 L F 0.14 No
VRK2 167 v I 0.14 No
TTK 554 Y H 0.13 No

PKACb 106 R Q 0.13 No

MYTI1 246 R H 0.13 No
MYO3B 1165 R C 0.13 No

BRD4 669 R H 0.13 No
NRBP2 48 N D 0.13 No

skMLCK 160 P A 0.13 No
MAST?2 1703 G E 0.13 No



HH498
NRBP2
ROS
MSK1
CYGF
AlphaK1
BRD3
DYRK?2
MUSK
TYK?2
IRAK3
NEKS5
Erk7
PDHK4
MAST4
FRAP
SMGH
ATM
CKl1g2
STK33
DNAPK
Trb3
Wnk4
NEK10
Trad
NEK1
FAK
CDC7
RSKL1
TLK1
MUSK
SgK288
ANKRD3
CCK4
MAST4
BRAF
ROCK1
DMPK2
SIK
SgK071
WeelB
BIKE
NEK10
Wnkl1
TIF1g
YANK3
PKCz
TSSK2

263
206
1109
574
380
929
441
295
696
362
84
262
279
109
886
1178
1271
49
206
458
333
347
1192
815
609
10
795
472
575
121
782
318
415
777
858
300
108
1083
142
481
303
212
50
674
1090
467
84
280
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0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.13
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12

192



TTK
ADCK?2
FLT3
ChaK?2
HH498
DNAPK
HRI
CRIK
ChaK1
ATM
DAPKI1
DNAPK
FER
HI11
SGK
TRRAP
SMGI
NEKS5
CDK9
ChaK1
MSSK1
MELK
SgK085
NEK10
NRBP2
MAP2K7
ChaK1
ADCK4
SIK
BRSK1
EphA3
AlphaK3
CK2a2
YANK?2
ULK2
NEK1
HIPK1
FGFR2
RIOK1
TTBK2
SMGI
CDK3
DCAMKIL2
MAP2K3
BCR
IKKa
LTK
PEK

107
626
557
1714
686
3584
117

459
1853
521
3404
439
78
219
2750
1099
531
59
1211
101
219
50
513
312
195
1482
352
615
780

342
752
355
310
186
519
120
2885
124
372
96
413
268
42
135
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0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.12
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
0.11
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194

TAF1L 256 G A 0.11 No
PFTAIRE2 255 T I 0.11 No
BRD3 435 K Q 0.11 No
PKCh 19 A \Y% 0.11 No
SgK493 237 A T 0.11 No
RON 434 S L 0.11 No
IGFIR 1338 A T 0.11 No
MSSK1 233 E K 0.11 No
QSK 607 N H 0.11 No
MAP2K3 94 R L 0.11 No
Wnk4 589 A S 0.11 No
RSKL1 424 P L 0.11 No
ChaK2 1663 L S 0.11 No
ATM 2332 L P 0.11 No
SYK 338 R K 0.11 No
ULK2 242 P S 0.11 No
smMLCK 692 T M 0.11 No
ICK 471 T K 0.11 No
ARAF 578 E D 0.11 No
Wnk2 2225 R Q 0.10 No
CK1g2 206 Y H 0.10 No
SgK223 244 R Q 0.10 No
CK1g2 208 E Q 0.10 No
CDK10 9% P L 0.10 No
MAST4 2019 P L 0.10 No
DNAPK 1680 A \Y% 0.10 No
SPEG 3255 R H 0.10 No
SIK 725 A \Y% 0.10 No
PHKg2 317 A T 0.10 No
RSKL1 319 P L 0.10 No
CDKILA4 228 F C 0.10 No
GAK 787 D Y 0.10 No
Trad 331 S A 0.10 No
CDC7 209 E D 0.10 No
Haspin 76V E 0.10 No
Fused 1111 Y C 0.10 No
RSKL2 21 R Q 0.10 No
MOK 86 D N 0.10 No
DNAPK 695 P S 0.10 No
BRD4 598 T S 0.10 No
MRCKb 1633 S Y 0.10 No
PKCa 489 M \Y% 0.10 No
SMG1 1328 1 A% 0.10 No
JAK3 132 P T 0.10 No
SgK069 102 G D 0.10 No
SgK069 41 A E 0.10 No
Trbl 360 E A 0.10 No
ATM 546 L A% 0.10 No



MYO3A
BCR
SMG1
DNAPK
BCR
MAST?2
QIK
NDRI1
DNAPK
ChaK1
PSKH2
SLK
SgK396
PIK3R4
IKKa
DNAPK
ATM
smMLCK
PASK
TSSK4
TRRAP
SgK288
SIK
JAK2
GCK
Fused
NuaK?2
SgK288
MRCKb
ATM
IGF1IR
DYRK?2
MAST?3
PINK1
AurB
EphB1
VRK3
PKG1
PRPK
DCAMKLI1
MYO3B
CLK1
KSR2
MARKI1
p38g
MRCKb
MAP2K7
NEK3

178
1204
2895
1279
1235
1468

458

267
1237

574

391

552

277

342

126
1190

707

378

426

327
2433

653

696

346

110

295

560

376

671
2464

437

455
1080

341

179

912

268

264

145

292

185

440

597

691

230

555

138

23
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0.10
0.10
0.10
0.10
0.10
0.10
0.10
0.10
0.10
0.10
0.10
0.10
0.10
0.10
0.10
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
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AlphaK1
Fused
LATS2
PKACa
SMG1
SgK196
DNAPK
p38g
Fused
p38d
YANK?2
HUNK
NEK11
LOK
RIOK2
Weel
NEKS
SMG1
MAST?3
ChaK?2
RIOK3
LOK
RIOK2
smMLCK
SgK307
AAKI1
MELK
TYK2
CKlg2
TTBK2
MAST?2
SgKO085
ROS
Wnk3
BRDT
SgK269
CDKL4
NEK7
BRD2
SgK396
SBK
PLK1
MLKL
MAST4
SCYL1
FMS
ROS
Wnk4

761
1112
91
41
31
140
2023
103
583
41
310
648
123
268
507
472
337
542
852
1264
336
947
175
701
780
694
348
363
194
500
1221
377
1776
1169

440
53
35

260

709

250

463
52

2340

755

921

653

949

TURLENNCZOM IR A LI ATPTOATQAAAZP<AN0VIRVIAKZTLI IO B0 R

LUTMOUVHHAIDHAAROCQITOHNIAmM YT " 20" <K< IRIANSES-TIONQAAS OO0 TIAS<COXR

0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
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Wnk2
TIE1
skMLCK
NuaK1
ChaK2
DYRKI1B
MAST3
KSR1
CaMK4
Wnk2
TSSK1
RIOK1
BCR
MARK?2
BUBI
GCN2
Wnkl1
CDK7
TAFIL
PIK3R4
TAFI1L
Trb3
ROS
SgK495
Trad
GPRK7
EphA2
ROR2
DYRK3
BRD2
RNAseLL
smMLCK
PLK4
TRKA
FMS
SgK307
AlphaK3
SgK288
TBCK
KSR2
Wnk3
PINK1
DYRKI1A
LIMK?2
NEKS5
MAST3
SMG1
NEK10

1834
1104
158
543
1383
28
218
526
465
980
293
375
1187
667
20
166
2380
285
532
388
1169
84
1506
395
233
460
391
245
248
49
541
709
226
790
920
559
67
426
692
586
998
377
670
296
582
883
965
878
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0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.08
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
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IRAK4
PDGFRD
p38b
MARK4
STK33
Wnk4
TIE2
BRDT
PCTAIRE3
PKD3
BCR
ULK4
MER
SgK269
SgK396
PLK4
RIOK1
PAKS5
DMPK2
SgK396
ROCK1
Erkl
MARK3
NEKI11
NEK1
AlphaK3
FRAP
BRD4
smMLCK
GPRK7
PINK1
Trio
TLK?2
LOK
ZAK
CRIK
LTK
BRD3
PASK
Wnkl1
LRRK2
SPEG
TRKA
SgK269
GPRK4
SPEG
EphB6
NRBP2

428
485
283
377
437
618
148
238
194
445
1091
417
662
1071
268
519
198
555
537
489
773
323
468
451
1208
642
1083
371
405
115
196
1631
108
710
281

838
172
1210
1808
1514
1103
260
1542
247
966
332
403
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0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
0.07
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SMG1
RIOK1
MAP3K7
PIK3R4
AlphaK1
SgK071
PKD1
HRI
DMPK2
SgK424
DYRK3
PINK1
ROR2
BRD2
EphAS
SMG1
DNAPK
TTK
NEK1
Haspin
PITSLRE
PDHK4
SgK307
Gl1
PKD3
A6
KSR1
SCYLI1
Slob
CDK6
7C4
SgK223
SgK396
SgK424
CaMKK2
MER
DYRK?2
ULK1
AurA
EphAl
TTBK2
TAFIL
MAST4
CLIK1
Wnkl
Fused
Wnk2
SgK396

1068
114
541
347
602
487
478
558
805
482
438
339
819

49
235

2726

3937
818
745
706
201

17

1340

311

42
312
222
479
426
110

1121
409
393
397

85
289
451
298

50
492

1062

1038

2086

69
823

1313
851
600
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0.07
0.07
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
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Wnkl1
SgK495
ROCK2
SgK494
Weel
GPRK4
TLK2
BARKI1
QSK
Wnk2
MAST?2
ATM
SgK307
DYRK4
BUBRI1
TIF1b
A6
AKT2
DRAK?2
PKCt
MOS
BRDT
IRAK2
SRPK1
MOS
Wnk2
ADCK?2
SgK494
DMPK2
DNAPK
NEKS5
Erk7
Erk7
GAK
TLK2
RIPK1
HCK
ANKRD3
IKKb
ALK
SgK424
p70S6Kb
Fused
smMLCK
ADCK4
MAST4
ChaK1
DNAPK

1957
10
601
104
210
486

184
1098
1587
1304
1321

88

284

40

794

218

188

320

330

105

439
365
96
688
418
379
933
3562
51
36
400
1265
54
404
44
701
369
476
389
433
329
276
167
1763
1064
3836
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0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.06
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
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ATR
BCR
ATM
SgK396
YANKI1
SgK269
IRAK2
TBK1
MAK
NEKS
TIE2
ChaK2
BCR
GPRK4
PLK4
ULK3
EphAS8
SgK496
Wnk2
STK33
DAPK1
GPRK7
SgK307
MOK
RSKL2
EphAl
AlphaK3
EphB1
GAK
TTBK1
Wnk1
GPRKS
TIF1g
BRK
Fused
SgK269
GCN2
BCR
NEKS5
CaMKK1
PIM2
BCR
CaMKlg
CCRK
MYTI
BUBRI1
SgK223
MER

90
1189
2307

621
58
1699
147
464
189
312
600
1233
1037
65
317
445

60
924

1762

98
1006

81

521
38
121
908
320
387
580
1184
527
129
961
436
840
213
1306
1149
733
383
238
1106
329
106
351
390
418
518
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0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
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Wnkl1
NEK3
SgK424
ADCKS5
PKCt
smMLCK
RNAseLL
MAST?2
Wnk4
SgK069
DNAPK
CDKLS5
BRD4
CHK1
MAP3K8
SgK110
SgK424
Wnk2
PLK1
YES
DAPK1
BRD2
smMLCK
MAP2K3
ROCK2
SgK396
p70S6Kb
MASTL
Wnk3
CaMKK2
ALK7
SgK269
DNAPK
Wnk4
TRRAP
Erk4
CKl1g3
MARKI1
AAK1
HIPK3
CLK3
EphB3
SgK307
RIPK1
PKCh
DYRK4
ATR
GCN2

665
477
26
17
306
607
97
991
813
20
3201
734
563
312
103
137
364
1066
518
198
623
474
652
293
431
261
381
610
1328
10
150
240
420
778
1925
371

530
725
729
486
579
237
443
65
70
2132
872
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0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
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7C4
NEK4
CDK4
MARK3
ULK1
MPSK1
EphB6
ATM
TIE1
Trad
YANK3
BARK?2
NEK10
NEK11
PRPK
MYO3B
TBCK
PKD2
GPRKS5
TAFI1L
SgK110
PDHK4
TTBK2
PDHK1
HSER
ULK1
HIPK4
DMPK1
AAK1
MAP3KS8
Wnk4
GAK
PLK3
TAFIL
PINK1
SCYL3
MYO3A
AlphaK3
PKCt
PAK4
SGK
HIPK?2
SgK223
ARAF
ATM
RNAseLL
PAKS
RSK3

1471
239
122
443
714

55
324
504
448
164
454

50
770
606
129
990
151
324

41

1411

34

19

1097
412

1045
478
406
433

59
561

1013

1137
610

1312
148
633

1487
861
354
135
342

1027
654

98

1650
289
118
335
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0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
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ARG
IRAK3
LATS2
HRI
SCYL2
ULK1
NEK2
7C2
Wnkl1
BCR
Wnkl1
NEK3
IKKe
NEK11
TTBK1
SgK288
ATR
Trad
HIPK2
GAK
EphAS5
NEK9
GPRK6
GPRK4
BCR
SgK071
MAP2K3
ULK4
ULK4
MAST3
SLK
Wnk4
CDK3
DNAPK
SPEG
ChaK1
SgK085
PLK4
MAP3K1
MAK
GCN2
MAST1
MAP3K8
SMG1
PKN1
EphA6
PKN1
GAK

12
147
1014
134
720
503
354
778
1823
1104
1546
122
660
263
649
442
1087
196
792
1297
959
429
73
473
949
609
90
415
223
1074
1084
496
214
3198
1135
1254
373
830
806
550
1060
1292
97
163
901
503
555
1051
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0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.04
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03

No
No
No
No
No
No

No
No

No
No
No
No
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Erk7
MAP3K7
CLK4
SgK288
SPEG
SLK
TIE2
ATM
AAK1
TLK2
DYRK4
NEK9
MAST2
Erk3
PLK3
Wnk4
SgK223
MLKL
AKT2
MAP3KS
PKCe
MAP3K1
TTBK1
LOK
Haspin
IRE1
TRRAP
EphB3
STLKS
CLIK1
7C4
TTK
PEK
Erk4
NEK4
ALK7
IKKe
MYTI
CDKI10
CRK7
Haspin
EphB6
AAK1
MPSK1
DYRK3
ROS
MAST4
SgK223

524
273
370
670
3079
1090
724
872
835
109
387
828
1463
290
212
544
953
100
208
65
389
606
741
322
283
700
1070
601
13
85
1472
515
565
38
357
355
483
103
358
1189
145
993
603
41
328
126
1775
1064
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0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
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MYO3A
MYO3B
Wnkl1
TTBK1
DAPK1
CaMKK2
TIE2
FRAP
SRPK1
DMPK?2
CKla2
Wnk4
MAP3K7
PINK1
DRAKI1
Haspin
MAP3KS8
MELK
CLK3
Fused
IRE2
NRBP1
NuaK1
HPK1
TBCK
CDKL4
CDC7
DYRK3
BRD2
SgK396
Trio
DAPK1
ATM
TTBK1
NEK10
PBK
TBK1
BCR
TYRO3
MAP3K7
SgK269
EphB4
IGFIR
RSK4
NEK3
LRRK1
NEK3
PKD1

833
267
509
1145
416
492
486
1134
72
1143
257
879
246
521
362
378
83
333
480
462
896
460
419
351
66
307
208
194
238
684
232
1406
1382
744
701
107
271
1161
338
503
792
371
595
692
305
41
461
891
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0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.03
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TTBK2
ATR
TGFbR2
DYRK4
ATR
Erk7
TBCK
SgK223
TRRAP
Trbl
SgK196
ChaK1
DYRK4
TTBK1
SgK223
IKKe
PLK2
NEKI1
CKlg2
Haspin
PKD3
Haspin
ATR
SLK
NRBP1
Wnk2
KHS1
GCN2
RIOK?2
CKlgl
ChaK1
TTBK2
TIE2
p70S6K
WeelB
IKKe
ChaK2
TTBK2
SgK424
TTBK2
TAF1
Gl1
MYO3A
GPRKS
MAP3K4
MER
CRK7
MYO3B

1122
1612
191
19
1213
443
425
435
3573
360
48
1444
131
613
691
713
487
752
196
204
225
82
1607
683
365
814
473
137
144
329
68
440
676
398

371
328
1241
236

269
331
1312
141
566
452
530
21
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0.03
0.03
0.03
0.03
0.03
0.03
0.03
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
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MER
PASK
TIF1a
SgK396
WeelB
PYK2
MOK
DYRKI1B
SgK288
TBCK
SgK496
ADCK4
PEK
ChaK1
RNAseLL
GAK
CLK1
HRI
7C3
TAO1
TBCK
Wnk1
IRAK1
LOK
MAST?2
CLK1
CaMKla
VRK3
RIOK2
SgK269
NIK
TIF1a
RNAseLL
BUBI1
MAP3K1
MAP2K3
SCYL2
MYO3A
HIPK4
Fused
SgK110
GAK
IRE2
GPRK4
Erk7
GPRK7
GCN2
IRE2

466
250
796
623
526
359
230
102
713
471
641
174
715
949
462
877
61
319
1200
855
265
141
619
336
659
307
361
371
409
836
764
1009
592
534
257
55
749
369
171
90
90
1120
318
383
444
309
1406
271
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0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
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ChaK1
MAP3K4
SgK288
TAFI1L
GPRKS5
DYRKI1B
NuaK?2
BIKE
CDKL5
STLK6
SgK496
CRIK
NEK3
CDK3
MAP3K4
HIPK3
HIPK4
SgK110
ICK
MYO3A
CLK1
NEK11
ATM
LOK
TTBK1
EphA10
HPK1
CHED
IRE2
TLK2
CKle
PITSLRE
MYO3B
VRK2
CDC7
PIK3R4
PLK4
DAPK1
MAP3K1
Trb2
DYRK4
MAST4
Erk7
Erk5
AAK1
MAP3K5
Wnk2
MAP3KS8

1306
294
490

1540
119
234
353
288
791
386
721

94
259
264
335
500
346
353
320

1416
118
488

1983
467
623
642
361
670
410
262
413
463
770
157
441

1043
232

1347
889

90
2136
404
758
533
1315
1098
441

ool <aunrmzg<zZzAaoaR" <" @mRAROCOAY»rPQZOL<IASCOQOUNCZIARNZTOR®AV» »>T 0
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0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
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CHED
PAK6
SRPK2
GCN2
ATM
CRK7
Erk7
ZC4
RIOK2
CHED
PLK4
SgK110
ICK
SgK396
smMLCK
MAP2K3
SgK396
IRAK3
IRE1
BARK?2
MSTI1
Wnk3
NIK
ErkS
BCR
CDKLA4
MAP3K4
ErkS
IRAK1
MAST2
7C4
ZC3
Haspin
MAP3K8
GPRKS
IKKa
IGFIR
HRI
PSKH2
ZC4
PFTAIRE2
MYO3B
HRI
VRK3
MAP3K1
PAK4
MST3
HIPK4

494
76
486
441
935
1275
314
358
349
500
449
151
476
71
261
339
125
57
418
60
162
704
928
395
1096
288
1491
548
532
388
579
826
301
219
122
155
857
145
551
679
64
969
292
59
237
139
414
306

HC POV TLAION - I Z<QATNO<TINC QP LS I TODZ<L<TIVN<LC<ORPZAHARB<L > TH—0Z A
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0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01

No
No
No
No
No
No
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211

LRRK2 1659 S T 0.01 No
SRPK2 43 P L 0.01 No
HRI 132 K T 0.01 No
PFTAIRE2 127 Q R 0.01 No
CDKL5 1023 E G 0.01 No
ZC4 1276 H L 0.01 No
MYO3B 352 E Q 0.01 No
IRE2 69 V I 0.01 No
HIPK4 331 S R 0.01 No
SCYLI 663 Q H 0.01 No
PKG2 106 H R 0.01 No
MYO3B 773 E G 0.01 No
GCN2 1336 K R 0.01 No
PAKG6 184 E K 0.01 No
MAK 384 N S 0.01 No
HIPK3 142 Q R 0.01 No
PAK6 210 T M 0.01 No
SLK 697 T I 0.01 No
TTBK2 1084 T M 0.01 No
PLK1 261 L F 0.01 No
GPRK?7 443 E G 0.01 No
MYO3A 1031 A T 0.01 No
MAP3KS 606 I T 0.01 No
HRI 139 P S 0.01 No
TSSK1 50 A T 0.01 No
MST3 402 V A 0.01 No
MYO3A 1136 V M 0.01 No
GPRK4 142 A \Y% 0.01 No
VRK3 171 F L 0.01 No
Ab6r 76 Q R 0.01 No
ATR 2120 G A 0.01 No
CDK10 342 R H 0.01 No
SgK494 197 1 v 0.01 No
ZC3 738 P L 0.01 No
MAST4 2165 G A 0.01 No
eEF2K 23 H R 0.01 No
MYO3B 638 Q P 0.01 No
ULK1 665 S L 0.01 No
RSK2 38 1 S 0.01 No
PITSLRE 57 R C 0.01 No
NIK 140 S N 0.01 No
PAKS 335 R P 0.01 No
PFTAIRE1 445 S R 0.01 No
DYRK3 232 R Q 0.01 No
MAP3KS5 1006 G R 0.01 No
PAKS 187 P A 0.01 No
PBK 241 M L 0.01 No
IRAK2 99 1 v 0.01 No



MYO3B
CLK3
RIOK2
PIK3R4
SLK
Wnk2
ZC1
DNAPK
PKD2
GCK
MAP3K7
NEK4
CKla2
ICK
HIPK4
TTBK2
KHSI1
MAP3K2
INSR
MYO3A
7C2
IRE2
NEK1
NEK1
MYO3B
SPEG
PAK6
KHS1
CDC7
ZC1
LATSI1
PINK1
p38a
MYO3A
PRP4
MAP3K4
MSTI1
DYRK4
PAK6
TBCK
MST1
ZC3
LOK
ULK2
PKR
IKKb
EphB2
MAP3KS

918
459
397
273
658
1255
712
3434
496
579
1040
225

615
311
313
407
140
695
1044
999
858
626
463
1137
1340
205
552
162
682
204
477
343
1283
584
906
355
855
337
489
310
514
853
842
506
526
361
1214
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0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
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GPRK7
MAP3K3
IRE2
AurA
SCYL2
TAFI1L
GSK3A
NEK1
ATR
ATM
7C4
MAP2K7
7C4
MAP3K7
PKACg
CHED
DYRK?2
PAKS
MYO3A
SCYL2
JNK2
IKKb
RIPK1
STLK3
MAP2K3
SCYL3
MST1
AurB
PKCe
KHS1
IKKb
DYRK4
ULK4
ROCK1
Wnk2
MAP3K5
CDK11
MYO3B
TLK2
CDK2
MAP3K4
HIPK4
NEK11
STLK5
GPRK4
LOK
IRAK4
PAKG6

127
281
487
31
667
171
461
911
959
1380
426
118
355
239
277
1170
245
511
1286
357
246
710
569
401
84
567
312
52
333
633
734
463
348
1217
1630
1314
395
316
95
290
584
106
562
60
116
905
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0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
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CKla2
GPRK4
PCTAIRE3
CDK5
BUBRI1
PITSLRE
CRIK
PIK3R4
SgK396
MPSK1
DMPK2
KHS2
DYRK4
CDC7
SRPK1
CKl1d
CDKL2
PCTAIRE3
ZCl1
KHS2
BUBRI1
CLK4
SPEG
IRE2
SBK
PLK2
JNK2
CDKLI1
CDKLI1
ULK4
MAP3K?7
SLK
IKKe
MOK
SgK307
MST1
SCYL3
NEK4
MAP3K7
HPK1
MSSK1
RIOK1
TAO2
PEK
PEK
PITSLRE
PKN1
SgK223

42
495
65
225
349
641
1709
393
410
77
1219
200
456
498
649
401
197
46
1242
424
618
381
2687
504
261
436
366
330
275
39
1076
679
602
248
1344
416
543
567
1298
312
114
362
703
703
165
670
718
502
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0.01
0.01
0.01
0.01
0.01
0.01
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
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KHS1
GAK
p38d
KHS1
SgK396
MST4
PIK3R4
PAK6
STLKS
HIPK3
MYO3B
Haspin
Wnk4
MAP2KS
DYRK2
MYO3B
CRIK
ZC4
Erk7
TAO3
NEKS5
MAP3KS5
CDKL3
MAP2KS
NEK4
CDKL2
MYO3A
MAP3K1
STLK3
OSR1
MYO3A
7C2
VRK3
MAK
ZC4
p38d
Erk7
PINK1
TTK
AurA
PITSLRE
PITSLRE
PLK1
Wnk1
PAK6
7C3
MYO3A
MYO3B

446
1168
300
334
1000

699
376
64
170
388
328
782
118
98
309
1602
1106
377
47
290
1250
394
418
456
411
1194
255
169
304
319
910
105
520
971
282
81
340
97
57
414
601
332
149
215
734
955
406

PUuLLITDTP OO HP>PUT0 7 7TQAAP>PZ<P>POPZI " T ZY9 9RO IAHZQUY>CO0A> >V
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0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
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MYO3B
MOK
MYO3B
MAP3K2
MAP2KS
MYO3A

APPENDIX B3: COSMIC Database Predictions

Kinase

PDGFRa
LYN
PDGFRa
IRR
MLK?2
FYN
PDGFRa
HCK
KIT
EGFR
BRAF
EGFR
EGFR
BRAF
FGFR3
ErbB2
ABL
FGFR1
BRAF
EGFR
PDGFRa
FLT3
KIT
PDGFRa
ABL
EGFR
KIT
BRAF
JAK3
ROS
ABL
EphA6
KIT
ErbB2
BRAF

1

Protein

092
398
275
110
427
348

Position

822
385
659
1065
107
410
659
399
670
776
465
792
718
465
228
755
321
546
465
719
674
842
823
849
315
719
670
465
527
2138
382
732
823
804
580

Original
Amino
Acid

zaoa<vmooraoaHdoAdK << HO0QzZzOoC0QrrrQmH0zZz00QZ0 %

<< <<RmL

SNP
Amino
Acid

nununCfrng<<—QZO000~0pr AROmvAOmOwO9AROOQARIODOD< < »n

0.00
0.00
0.00
0.00
0.00
0.00
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P(driver) Prediction

0.995
0.993
0.992
0.99
0.99
0.989
0.988
0.987
0.987
0.986
0.985
0.985
0.984
0.982
0.982
0.982
0.981
0.981
0.98
0.979
0.979
0.977
0.976
0.976
0.975
0.975
0.974
0.973
0.973
0.973
0.972
0.971
0.971
0.969
0.968

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes



KIT
BRAF
EGFR
EGFR

KIT

ABL
EphB1

FGFR2
PDGFRa
EGFR
BRAF
EphAl

KIT
EGFR

FGFR3
JAK2

KIT
TRKC
EGFR

KIT
EphB6

ABL
BRAF
EGFR

ABL
EGFR
EGFR
BRAF
FGFRI1

KIT

KIT
EGFR
ErbB2

PDGFRa
BRAF
BRAF
CYGF

KIT
LKBI1

ABL
EGFR
EGFR

KIT

MET
EGFR
INSR

ABL
BRAF
EphA6

654
615
727
790
568
304
743
290
842
796
467
711
557
779
241
611
568
678
776
816
743
351
594
841
486
719
724
468
576
816
804
743
799
841
593
593
568
820
215
315
729
720
823
1253
834
228
359
468
813

AOMAO<KKXnQOHQUQUUROP>ARAUOFQQQAMAMEZTvIOAAIAIKCOKQAITOTQUETA<S KA N L
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0.968
0.967
0.967
0.967
0.967
0.966
0.966
0.966
0.966
0.965
0.964
0.964
0.964
0.963
0.963
0.961
0.961
0.961
0.959
0.959
0.958
0.957
0.957
0.955
0.953
0.953
0.952
0.951
0.951
0.951
0.95
0.949
0.949
0.949
0.947
0.947
0.947
0.947
0.947
0.946
0.946
0.944
0.944
0.944
0.943
0.943
0.942
0.939
0.939
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Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes



BRAF
PDGFRa
ABL
EGFR
KIT
ABL
BRAF
EGFR
ErbB2
LKBI
ABL
BRAF
ABL
BRAF
EphA3
EGFR
BRAF
KIT
ALK7
BRAF
PDGFRa
RET
RET
EGFR
KIT
ErbB2
ANPa
PDGFRa
BRAF
FGFR3
JAK2
KIT
KIT
NDR?2
EGFR
FGFR4
PDGFRa
EphAS8
MLKL
ErbB2
EGFR
ABL
ARAF
BRAF
EGFR
ErbB2
KIT
KIT
EGFR

463
846
343
858
557
311
593
725
755
194
253
468
317
595
766
858
593
816
267
599
842
609
918
719
816
733
270
842
468
373
617
557
816
99
834
550
870
860
291
914
731
253
331
463
742
857
816
839
846

AmUuz<oQO<KETorDuvzZz<<QUE< <00 HUQZNUO<sToUUraoaonOaKOrSgns-C2oQ
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0.938
0.937
0.936
0.936
0.936
0.935
0.935
0.935
0.935
0.935
0.934
0.934
0.933
0.933
0.933
0.932
0.931
0.931
0.93
0.93
0.93
0.93
0.93
0.929
0.927
0.926
0.925
0.925
0.924
0.924
0.924
0.924
0.924
0.924
0.923
0.923
0.923
0.922
0.922
0.921
0.92
0.919
0.919
0.917
0.917
0.916
0.916
0.916
0.915
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Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes



KIT
BRAF
EGFR

KIT
TRKC

KIT
EGFR
EGFR

ABL
EphA2
ErbB2

KIT
EGFR
ZAP70
FLT3

KIT

MET

RET
BRAF
EphA6

MET

RET

EphB3
MET

RET

KIT
BRAF

RET
EGFR
ErbB2

RET

KIT
CYGF

RET
EGFR

MET
EGFR
KIT
LRRK1
PDGFRa

SIK
BRAF
FLT3
BRAF

KIT
BRAF

EphA10
LKBI1
EGFR

820
618
856
816
721
816
624
839
371
777
773
820
858
448
835
820
1118
883
594
649
1149
634
724
1268
634
814
468
634
851
724
748
820
10
630
774
1248
798
820
1504
829
211
614
835
596
822
596
774
49
761

UK BCZC00Q0QQQUEX<ARUIQOR<COQPAZIRAZ " IPZ200Q00<Q<p>pON0"IEUT

“XOIDA<XTmAIuOmmOAZ A I<AZPX<AAIETAnCIUKZ<KOpIrPurS0—~10C78Q

0.913
0.911
0.911
0.911
0.911
0.91
0.909
0.909
0.908
0.908
0.908
0.908
0.907
0.905
0.904
0.904
0.904
0.904
0.903
0.903
0.903
0.903
0.902
0.902
0.902
0.901
0.9
0.899
0.898
0.898
0.895
0.894
0.893
0.892
0.891
0.891
0.89
0.889
0.889
0.889
0.889
0.888
0.888
0.886
0.886
0.885
0.885
0.885
0.884
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Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes



EGFR
EphAS
KIT
ABL
ABL
EGFR
EphA10
FGFR1
TRKC
ITK
KIT
VACAMKL
EGFR
EphAS
EGFR
BRAF
KIT
MUSK
BRAF
FGFR2
JAK?2
EGFR
ErbB2
CaMKla
LKBI1
FGFR3
ErbB2
MET
EGFR
KIT
KIT
RET
FGFR3
EGFR
EGFR
PDGFRa
EGFR
ErbB2
KIT
KIT
EGFR
FGFR3
BRAF
EGFR
RET
BRAF
EGFR
KIT
ROR2

770
123
801
244
359
863
709
664
677
19
557
274
741
856
733
599
814
819
463
203
607
838
842
217
194
248
896
1246
832
642
653
911
650
784
835
808
783
777
572
829
769
650
596
108
618
599
745
584
542

<MRAR<OAACORAR<SPU<S< AT IRQ—-RATAIBUOI<S<CRATIQZP<S v OASESIII<C-CQTMZIHZU

RTursm<AROomrC 9K~ HAmnITZaoa<ue~<zZzZaO<un3dun~CSQRAKCOZO<<S~RZ

0.884
0.884
0.884
0.883
0.883
0.883
0.882
0.882
0.881
0.88
0.88
0.88
0.879
0.879
0.878
0.877
0.876
0.876
0.875
0.875
0.875
0.873
0.873
0.872
0.872
0.871
0.87
0.869
0.868
0.866
0.866
0.863
0.86
0.859
0.856
0.856
0.855
0.855
0.855
0.855
0.852
0.852
0.851
0.851
0.85
0.849
0.849
0.849
0.846
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Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes



ABL
BRAF
EGFR
EGFR
EGFR
EphB4
LKBI1
EGFR

ANKRD3
BRAF
BRAF
FLT3
KIT
PDGFRa

TIE2

FLT3

RET

ABL
EGFR
EphA6
EGFR
FGFR3

KIT

KIT

ROS
TRKC

KIT

MET

MET
CCK4

KIT

MET
LMR3
EGFR

FER
FLT3
TYK2
BRAF
ErbB2
ErbB2
EGFR
EGFR

FGFR2
FLT3
caMLCK
BRAF
EGFR
EGFR
BRAF

396
613
289
733
810
889
160
833
103
599
599
835
737
589
883
835
925
250
773
777
768
650
822
822
2003
336
822
1124
1262
933
716
1290
88
843
460
836
732
606
777
769
753
753
612
835
601
617
769
873
599

<QA<KCEQUR U IO I —SE<K<IOPpARITIZEAZZAVQIQUUUOUOUO<<uCrC®QwY» o

rOmuommHuen 9RO~ QArRZ<A0OROAAIIIONNATNITIZpunZIARQOm<vSnr g

0.845
0.845
0.845
0.845
0.845
0.845
0.845
0.844
0.842
0.842
0.841
0.841
0.841
0.841
0.84
0.837
0.837
0.835
0.835
0.835
0.834
0.834
0.83
0.829
0.829
0.828
0.826
0.826
0.826
0.823
0.822
0.822
0.82
0.819
0.819
0.819
0.818
0.815
0.815
0.814
0.813
0.813
0.813
0.813
0.812
0.811
0.811
0.811
0.81
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Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes



EGFR
EGFR
EGFR
FLT1
FLT3
ABL
EGFR
ABL
EGFR
LRRK1
EGFR
LKBI1
EGFR
FGFR3
EphA7
MET
EGFR
FGFR3
ErbB2
FLT4
KIT
RET
BRAF
ITK
EGFR
EphAS8
EGFR
EGFR
ErbB2
PDGFRa
EGFR
EGFR
RET
ErbB2
MARKI1
MET
EphAS8
RET
ABL
EGFR
ABL
DAPK3
RET
TGFbR2
BRAF
BRAF
EGFR
FLT3
DAPK3

743
861
735
1061
835
417
853
276
761
1299
752
163
730
650
232
988
897
382
829
1010
825
768
600
23
773
198
847
859
776
561
819
851
876
760
233
1268
179
634
248
750
373
161
634
61
462
600
858
841
216
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0.809
0.809
0.808
0.807
0.807
0.806
0.805
0.803
0.803
0.803
0.802
0.802
0.799
0.797
0.794
0.793
0.791
0.791
0.791
0.79
0.79
0.79
0.788
0.788
0.786
0.786
0.784
0.784
0.783
0.783
0.781
0.781
0.779
0.778
0.778
0.778
0.775
0.775
0.774
0.774
0.773
0.772
0.772
0.772
0.77
0.77
0.767
0.767
0.766
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Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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EGFR 751 T I 0.766 Yes
DCAMKL3 554 R C 0.761 Yes
EGFR 861 L Q 0.76 Yes
FAK 590 A \" 0.76 Yes
EGFR 803 R L 0.759 Yes
KIT 627 P L 0.757 Yes
MER 708 A S 0.757 Yes
ATM 337 R C 0.755 Yes
EGFR 715 I S 0.755 Yes
ITK 451 R Q 0.754 Yes
KIT 541 M L 0.754 Yes
ABL 389 T A 0.752 Yes
MET 1191 T I 0.752 Yes
MET 1209 A G 0.75 Yes
ErbB4 303 S Y 0.749 Yes
KIT 576 L P 0.747 Yes
EGFR 63 G R 0.746 Yes
FLT3 627 A T 0.743 Yes
MET 1112 H R 0.743 Yes
BRAF 598 T I 0.742 Yes
CTK 354 A T 0.742 Yes
EphA7 170 E K 0.742 Yes
ABL 379 \" I 0.741 Yes
ErbB2 869 L Q 0.739 Yes
RSK4 140 Y C 0.739 Yes
RORI1 150 F L 0.734 Yes
ABL 255 E K 0.73 Yes
BRAF 603 W G 0.729 Yes
BRAF 599 \" L 0.728 Yes
FLT3 680 A \" 0.728 Yes
PDGFRbD 882 T I 0.726 Yes
MET 1112 H Y 0.725 Yes
TGFbR2 328 H Y 0.725 Yes
AXL 492 R C 0.724 Yes
KIT 818 K R 0.724 Yes
BRAF 605 G E 0.722 Yes
FGFR2 267 S P 0.722 Yes
MET 1248 Y H 0.722 Yes
KIT 748 I T 0.721 Yes
TYRO3 709 A T 0.719 Yes
EGFR 826 N S 0.717 Yes
Trio 2640 R C 0.716 Yes
KIT 560 \" D 0.715 Yes
RET 901 E K 0.714 Yes
IGFIR 105 \" L 0.713 Yes
RET 884 E K 0.712 Yes
DDR2 105 R S 0.709 Yes
RET 883 A F 0.709 Yes
MET 1213 L A" 0.708 Yes



KIT
PKD1
MLKL
EGFR
FGFR3
LKB1
ABL
RORI1
EGFR
ErbB2
PDGFRa
KIT
EGFR
FGFR3
EGFR
BRAF
BRAF
MET
RSK2
EGFR
SMGI
TRRAP
HSER
RET
RET
BRAF
FLT4
EphB1
MAST2
EGFR
EGFR
BMPR1B
CASK
ACTR2
EGFR
KIT
ROR1
EGFR
KIT
BRAF
FLT1
BRAF
CRIK
BRAF
KIT
LKB1
ABL
RIPK1
EphA3

567
585
398
746
384
171
255
144
754
776
1071
559
804
322
596
596
461
1112
483
263
2167
893
61
908
919
599
378
707
655
787
802
297
96
306
866
590
567
746
553
586
781
604
112
474
565
135
353
81
229
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0.705
0.705
0.703
0.701
0.701
0.7
0.699
0.698
0.697
0.695
0.694
0.693
0.691
0.691
0.69
0.684
0.681
0.679
0.677
0.674
0.673
0.673
0.672
0.669
0.668
0.667
0.667
0.664
0.664
0.663
0.661
0.658
0.657
0.655
0.655
0.652
0.652
0.65
0.65
0.647
0.647
0.646
0.644
0.636
0.636
0.636
0.635
0.635
0.634
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Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes



FGFR3
ABL
KIT
MST4
PIM1
KIT
KIT
FGFR2
IRAK?2
KIT
ABL
BRAF
ErbB3
VACAMKL
BRAF
ATM
EphA5
MET
EphA7
KIT
VACAMKL
EGFR
FGFR4
BRAF
INK1
EGFR
EphA6
FMS
SgK495
ErbB2
BRAF
BRAF
TEC
FMS
KDR
MET
KIT
EGFR
FMS
RIPK1
KIT
GPRK?7
TNKI
BRAF
KIT
ABL
EGFR
EGFR
FAK

249
459
551
36
53
577
561
283
249
566
166
597
104
40
587
540
582
1010
903
550
60
850
712
604
171
734
161
693
133
878
588
585
563
969
248
168
560
688
969
220
550
253
339
604
569
355
768
289
809
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0.634
0.632
0.632
0.629
0.629
0.628
0.627
0.621
0.621
0.619
0.615
0.615
0.615
0.615
0.614
0.612
0.612
0.612
0.608
0.608
0.608
0.607
0.605
0.604
0.603
0.597
0.595
0.592
0.59
0.589
0.587
0.586
0.585
0.584
0.584
0.584
0.583
0.582
0.579
0.579
0.578
0.577
0.577
0.576
0.571
0.569
0.568
0.567
0.567
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Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes



PHKgl1
BRAF
FLT3
IRAK1
FLT3
ATM
ErbB4
ABL
ALK
EphA6
MLK1
smMLCK
BRAF
IRAK2
PDGFRD
DCAMKL3
KIT
ABL
KIT
ARG
KIT
TRRAP
ABL
PDHK2
RET
DCAMKL3
BCR
ACK
BRAF
RET
ABL
TGFbR2
EphB6
ABL
LKB1
LATS1
AXL
EphA10
CYGD
FGFR3
RET
KIT
ROCK1
ARG
EGFR
ALK
TRKB
MLK1
MET

48
586
579
412
836
2842
140
396
877
219
246
1588
581
421
589
570
550
237
825
483
551
3270
252
342
921
472
400
346
591
766
387
490
875
352
66
806
295
150
431
371
1112
558
1193
63
324
560
138
467
375
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0.567
0.565
0.565
0.565
0.564
0.563
0.563
0.561
0.56
0.557
0.553
0.552
0.551
0.551
0.551
0.55
0.545
0.543
0.54
0.539
0.539
0.539
0.538
0.534
0.533
0.532
0.53
0.529
0.525
0.516
0.509
0.509
0.507
0.502
0.499
0.497
0.521
0.521
0.518
0.518
0.517
0.51
0.508
0.506
0.503
0.499
0.495
0.493
0.49



ABL
FMS
EphAS
FGFR3
FRAP
CYGF
FER
BARKI1
ABL
MET
BRAF
CYGF
BMPRI1A
KIT
LKB1
ACK
FLT3
KIT
SgK494
STK33
KSR2
EGFR
PKD3
EGFR
MET
PDGFRa
TRKC
BMX
DYRK4
EphB3
KIT
QSK
ABL
KIT
TIE2
LRRK?2
EGFR
FYN
LKB1
LMR2
FGFR3
LKBI
EGFR
KIT
ROS
EGFR
PKCa
PAK3
MAPKAPK3

252
301
1032
391
2476
1055
404
578
252
1137
591
1052
486
560
208
409
592
52
291
160
855
694
716
289
229
996
149
675
586
168
553
882
47
559
117
1723
864
243
231
484
370
87
694
554
419
709
467
425
105
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0.489
0.489
0.488
0.488
0.484
0.483
0.483
0.481
0.478
0.477
0.475
0.474
0.472
0.472
0.472
0.47
0.465
0.464
0.463
0.456
0.454
0.453
0.453
0.452
0.452
0.45
0.449
0.446
0.446
0.445
0.445
0.437
0.436
0.433
0.433
0.432
0.431
0.43
0.429
0.429
0.428
0.428
0.425
0.421
0.421
0.42
0.415
0.414
0.409
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IRE1 830 P L 0.408 No
EGFR 812 Q R 0.401 No
KIT 495 N I 0.401 No
SuRTK106 395 v I 0.4 No
ATM 337 R H 0.398 No
BRAF 439 T P 0.395 No
CDKI11 175 G S 0.395 No
KIT 564 N K 0.394 No
NEK11 108 T M 0.394 No
YANK2 35 G E 0.394 No
FRAP 135 M T 0.392 No
BRAF 458 v L 0.388 No
PKCz 519 R C 0.388 No
ROCK2 1194 S P 0.388 No
ChaK2 997 4 C 0.386 No
BRAF 607 H R 0.385 No
FLT1 422 L I 0.38 No
RET 163 R Q 0.379 No
KIT 574 T I 0.378 No
ATR 2537 E Q 0.377 No
BMPRIA 58 F Y 0.375 No
ChaK1 406 S C 0.374 No
TIF1g 580 M I 0.374 No
BTK 190 P K 0.373 No
KIT 552 M L 0.372 No
KIT 554 E K 0.37 No
KIT 552 M K 0.366 No
LKB1 199 E K 0.363 No
DCAMKL3 596 v A 0.362 No
ACK 34 R L 0.358 No
EGFR 709 E H 0.358 No
FMS 969 Y H 0.358 No
KIT 562 E K 0.357 No
AurC 52 G E 0.356 No
SgK495 211 R Q 0.355 No
CTK 503 R Q 0.349 No
EGFR 46 D N 0.348 No
EphB1 719 I v 0.348 No
TAF1L 750 L F 0.347 No
ChaK1 720 T S 0.346 No
RSK2 608 L F 0.346 No
BMPR1B 31 R H 0.345 No
EGFR 598 G \Y% 0.345 No
FMS 969 Y N 0.344 No
KIT 559 v A 0.342 No
PKD1 677 R M 0.341 No
FMS 301 L F 0.339 No
KIT 560 v A 0.336 No
FMS 413 G S 0.334 No



ATR
MAK
LRRK?2
BLK
FMS
LMRI
FGFR1
KIT
RSK4
LRRK?2
TAF1
EGFR
EGFR
BRAF
RET
SgK307
DAPK3
RET
ACK
KIT
DDR1
SgK071
Gl11
EGFR
IGFIR
MAP2K4
EphB4
EGFR
BRAF
CaMK4
KIT
TRKC
FRAP
DCAMKL3
IRR
NEK6
IRAK1
TAFIL
LMRI
MRCKb
BRAF
PSKH2
RIPK1
TRRAP
eEF2K
SgK396
IRE1
CDK2
KSR2

2438
272
1550
71
969
104
252
552
258
1726
691
677
709
443
631
373
112
664
99
554
496
139
89
709
1347
234
346
1048
438
150
530
307
2215
422
278
106
421
794
97
876
452
427
64
2690
291
860
769
45
429
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0.331
0.331
0.327
0.326
0.326
0.325
0.323
0.322
0.322
0.32
0.32
0.316
0.315
0.311
0.31
0.31
0.308
0.308
0.307
0.305
0.304
0.304
0.301
0.299
0.297
0.297
0.296
0.294
0.292
0.291
0.289
0.284
0.283
0.282
0.278
0.278
0.276
0.275
0.273
0.267
0.265
0.264
0.261
0.26
0.259
0.257
0.252
0.251
0.248
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LMRI1
SNRK
MARK4
TRRAP
RYK
SgK288
TRRAP
RAF1
RET
KIT
KDR
ATM
CKle
KIT
ROR1
SMGH
SgK307
PINK1
WeelB
HH498
PKCh
PLK2
RORI1
AMPKa2
EGFR
ATM
JAK2
ATM
EGFR
HH498
ATM
LZK
NuaK?2
PSKH2
TRKA
ATM
EphAS5
FGFR1
p38a
YANK1
DYRKI1B
FRAP
IRE1
FGFR3
MARK?2
RIOK2
ATM
MER
MOK

81
748
418
1438
243
764
2931
259
591
456

848
256
559
776
3579
321
215
398
430
594
92
301
407
695
2666
191
1179
709
798
1916
746
585
331
107
2443
503
125
51
89
275

635
79
745
216
1991
446
272
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0.244
0.238
0.237
0.236
0.235
0.235
0.232
0.231
0.231
0.23
0.229
0.228
0.228
0.227
0.226
0.225
0.224
0.221
0.218
0.217
0.214
0.214
0.214
0.213
0.213
0.211
0.211
0.21
0.208
0.207
0.205
0.205
0.205
0.204
0.203
0.202
0.199
0.199
0.198
0.197
0.195
0.195
0.195
0.194
0.194
0.194
0.193
0.191
0.191

No
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LKB1
ALK2
BRAF
ATM
PKCh
SNRK
FMS
SPEG
AlphaK2
ATM
NuaK?2
SgK307
JNK2
ATM
PKNI1
SPEG
ATR
PKNI1
TESK1
AKT3
DNAPK
ROS
CaMK4
SgKO085
ULK3
TRRAP
ATR
AMPKa2
PKG2
Trio
CKl1d
DMPK2
TRRAP
BRAF
RSK1
AlphaK3
FGFR2
LKB1
DLK
CRIK
MAST4
EphA3
KSR2
LKB1
CaMKK?2
DCAMKLI1
SIK
CDK6
DNAPK

281
115
443
1469
575
611
301
1178
308
2356
547
317
56
23
185
1903
1488
873
539
171
2941
865
469
30
48
2302
2002
523
716
1258
97
280
1724
438
732
339
272
14
409
2026
1865
518
676

182

93
469

199
2810
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0.19
0.187
0.187
0.186
0.184

0.18
0.177
0.176
0.175
0.175
0.171
0.169
0.168
0.167
0.164
0.163
0.162
0.161

0.16
0.156
0.156
0.156
0.155
0.155
0.155
0.153
0.151

0.15

0.15
0.149
0.148
0.148
0.147
0.146
0.145
0.144
0.144
0.143
0.142
0.141

0.14
0.138
0.137
0.137
0.136
0.136
0.136
0.135
0.135
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NEK4
FGFR4
NIM1
ATM
PAK6
BRSK1
MOS
MSK2
SRPK2
TIF1a
PASK
SgK494
MAP2K4
MAP3K6
MAST4
RSKL1
TLK2
ATM
GPRKG6
DCAMKLI1
SgK288
NIK
Trbl
Trio
CaMKlg
EGFR
PKCt
TIE2
ICK
MAPKAPK3
MAST3
MELK
DNAPK
PDHK3
SgK288
SgK494
BIKE
TESK2
BRD2
ATM
CRIK
WeelB
TLK1
BRD3
CDKS
LATSI1
TIF1g
RSKL1
ULK1

777
772
333
1945
514
319
123
236
243
403
11
279
251
789
2288
1003
173
2442
31
29
736
514
371
2806
443
703
240
1124
115
28
952
460
1136
219
347
359
68
11
714
1739
1738
332
705
36
189
669
885
1022
784

nHO9 U Z<Z9 Q<0 ROm” ST R rmnQQrR QOO v Im A Qur ™ »vnd

AORL~ZZTAR~HACPZZAPIIC L <Z<S<A<<COROOQOIUCORKITUNZORZUNSE " 3w Z R

0.135
0.133
0.132
0.131
0.131
0.13
0.129
0.129
0.129
0.129
0.127
0.127
0.126
0.126
0.124
0.124
0.123
0.12
0.12
0.119
0.119
0.118
0.118
0.117
0.116
0.116
0.116
0.116
0.115
0.114
0.114
0.114
0.113
0.111
0.111
0.111
0.109
0.108
0.107
0.104
0.104
0.104
0.103
0.102
0.102
0.102
0.101
0.1
0.1

No

No
No
No

No
No
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TRRAP
GCN2
SgK085
Trio
PFTAIRE2
TRRAP
DCAMKL3
LKB1
NEKS8
Wnkl1
DNAPK
IRAK1
Abr
BRD2
AurA
BRSK1
MAST?2
DCAMKLI1
EphAS
FRAP
Fused
SgK307
BRD2
MAP3K2
TIF1a
NDRI1
QSK
Wnk3
GPRK6
AlphaK1
H11
SgK085
MAP2K4
MAP2K7
A6
ATM
BRDT
NEK1
BARK?2
TAFIL
TIFlg
MRCKa
MRCKb
Trb3
DNAPK
HRI
Fused
PKCa
TAFIL

1947
939
217
1919
276
1669
108
205
282
419
263
690
103
30
155
407
275
46
417
2011
660
228
558
112
320
18
836
1577
275
1364
67
78
154
162
196
2408
288
25
104
1549
811
50
1315
60
1680
202
767
98
1824
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0.099
0.098
0.098
0.098
0.096
0.094
0.093
0.093
0.093
0.093
0.092
0.092
0.091
0.091
0.089
0.089
0.089
0.088
0.088
0.088
0.087
0.087
0.086
0.086
0.085
0.084
0.084
0.083
0.082
0.081
0.081
0.081
0.08
0.08
0.079
0.079
0.078
0.077
0.074
0.074
0.074
0.073
0.073
0.073
0.072
0.072
0.071
0.07
0.07
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TRRAP
PAKS
PKCi
ULK2
AlphaK?2
LKB1
NIMI1
TAFIL
TBK1
YANKI1
LKB1
Wnk4
NEK?7
SgK269
ATR
CDKL2
MAP3K7
CRK7
TAF1
PKCb
RSKL1
LATS2
RSK1
AMPKa2
ChaK1
PIM2
AlphaK1
AurA
BRSK1
RAF1
SGK2
MAP3K7
SMG1
CDKL2
MARKI1
SNRK
DCAMKLI1
JNK1
PKCb
TAF1
DNAPK
FASTK
ZAK
LKB1
STLK3
PAKS
PKR
Wnk2
MAP3K6

1932
538
109
627
837
324
411
762
296
316
314
434
275
611

2233
149
724
912
651
496
554

40
311
371
830
396

433
174
335
335
209

1294

3235

98
355

765
291
177
144
453

1447
424
281
367
333
604
439
1978
832
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0.07
0.069
0.069
0.069
0.068
0.068
0.068
0.066
0.066
0.066
0.065
0.065
0.064
0.064
0.063
0.063
0.063
0.061
0.061
0.059
0.057
0.056
0.056
0.055
0.055
0.055
0.054
0.054
0.054
0.054
0.054
0.052
0.052
0.051

0.05

0.05
0.049
0.049
0.049
0.049
0.048
0.048
0.048
0.047
0.047
0.046
0.046
0.046
0.045
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MAST4
PLK2
EphA4
MAP3K4
NEKI10
SBK
AurC
IRE1
MRCKb
MYO3A
PLK1
SgK196
Wnk3
DNAPK
SCYLI1
MAST1
CDK3
LOK
MAP3KS
STLK6
NEKI11
CDK8
Wnkl1
Wnkl
SgK288
MASTI1
NEK1
PAKS
Wnk2
MAP3KS
PKD2
RSKLI1
NEK10
SgK307
ULK1
EphA3
LKB1
CaMKK?2
CRIK
MAP2K7
EphA4
p70S6Kb
SLK
CKla
GPRKS5
NEK10
OSR1
SgK110
skMLCK

784
14
399
1412
379
92
148
244
500
525
12
342
854
500
495
269
106
277
560
155
617
424
2190
2362
717
1240
294
312
1619
567
870
663
1115
1371
290
449
354
127
1372
162
370
456
604
297
163
878
433
371
133
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0.045
0.045
0.043
0.043
0.043
0.043
0.042
0.042
0.042
0.042
0.042
0.042
0.042
0.041
0.041
0.04
0.039
0.039
0.039
0.039
0.038
0.037
0.037
0.037
0.036
0.035
0.035
0.033
0.033
0.032
0.032
0.032
0.031
0.031
0.031
0.03
0.03
0.029
0.029
0.029
0.028
0.028
0.028
0.027
0.027
0.027
0.027
0.027
0.027
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TAFIL
IRE1
MAP3KS
NEK10
NEK11
NEKS8
MAP3K7
PKD2
SgK223
BRD3
BRDT
Fused
Fused
MYO3A
TBK1
NRBP1
PFTAIREI1
SgK307
CDKL5
MST?2
Wnk4
p38a
TBCK
NLK
Wnk4
CDKL5
KHS2
NEK9
SPEG
Wnk2
DMPK1
7C4
MAP3KS
SgK396
TAO3
GAK
TTBK2
Chak?2
MAP3K1
MAP3K7
ZC4
IKKb
NIK
NRBP2
TAO3
AurC
MAP3K2
SCYL2
p38b

47
474
203

66
492
621
302
848
1123
161

&9
1138
1185
1346
410
432
414
1121
574

60
992
322
503
331
1052
374
669
870

2742
496
438
880
555
684

20
962
635

65
703
609
424
360
852
315
392
244
566
482
229
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0.027
0.025
0.025
0.025
0.025
0.025
0.024
0.024
0.024
0.023
0.023
0.023
0.023
0.023
0.023
0.021
0.021
0.021
0.02
0.02
0.02
0.019
0.019
0.018
0.018
0.017
0.017
0.017
0.017
0.017
0.016
0.016
0.015
0.015
0.015
0.014
0.014
0.013
0.013
0.013
0.013
0.012
0.012
0.012
0.012
0.011
0.011
0.011
0.01
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SCYL2
SLK
TTBK1
SgK269
PFTAIRE2
PKN1
ULK2
Wnkl1
MAP2K4
MAP2K4
SgK269
INK2
PRP4
SCYL2
7C3
DYRK2
HPK1
PAKS5
TBCK
TTBK1
MYO3A

753
405
855
1145
93
921
662
1799
142
279
1035
13
658
863
973
198
737
704
806
806
955
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0.01

0.01

0.01
0.009
0.008
0.008
0.008
0.008
0.007
0.007
0.007
0.006
0.006
0.006
0.006
0.005
0.005
0.005
0.005
0.005
0.004

APPENDIX B4: COSMIC Database and Predicted Driver Distribution

PKA Residue
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119 0 0
120 6 5
121 3 2
122 3 2
123 1 1
124 0 0
125 1 1
126 5 5
127 2 2
128 3 2
129 0 0
130 1 1
131 0 0
132 2 1
133 3 2
134 1 1
Sub-Domain VI
139 4 3
140 1 0
141 2 0
142 0 0
143 0 0
144 1 1
145 2 1
146 1 1
147 1 1
148 3 1
149 0 0
150 2 2
151 1 1
152 2 1
153 3 3
154 2 1
155 2 2
156 4 2
157 1 1
158 1 1
159 1 0
Sub-Domain VII
160 0 0
161 3 3
162 2 2
163 2 2
164 3 3
165 3 2
166 0 0
167 1 1
168 3 3
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169 3 2
170 4 3
171 2 1
172 3 2
173 0 0
174 1 1
175 3 3
Sub-Domain VIII
177 3 2
178 3 3
179 3 2
180 2 1
181 1 1
182 3 3
183 1 0
184 5 5
185 3 3
186 6 5
187 2 2
188 4 3
189 5 2
190 8 8
191 3 2
SubDomain IX
199 3 2
200 4 3
201 2 1
202 1 1
203 3 2
204 1 1
205 2 2
206 2 2
207 0 0
208 2 2
209 0 0
210 0 0
211 0 0
212 2 2
Sub-Domain X(i)
215 1 1
216 2 2
217 1 1
218 1 0
219 0 0
220 0 0
221 2 1
222 0 0
223 2 1
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Sub-Domain X(ii)
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APPENDIX C

APPENDIX C1: Disease Regression

Amino

Group Domain Acid L-R ChiSquare Sig Prob R?

TK kinase from C 734.3822 <0.0001 0.2209

TKL Receptor from R 123.64 <0.0001 0.258

RGC kinase from Q 96.26519 <0.0001 0.287
Atypical Pleckstrin Homology 64.93177 <0.0001 0.3065
CAMK Carbohydrate Binding 62.48802 <0.0001 0.3253
AGC kinase from M 46.58189 <0.0001 0.3393
Other PK Protein-Protein Interaction from I 31.7605 <0.0001 0.3489
Fibronectin fromY 28.26228 <0.0001 0.3574

TK Receptor from P 18.2395 <0.0001 0.3629
Atypical kinase from I 11.82775 0.0006 0.3664
Other PK kinase from M 9.15866 0.0025 0.3692
STE from R 4.389923 0.0362 0.3705
Immunoglobulin-like from W 7.425963 0.0064 0.3727

CAMK Protein-Protein Interaction from G 11.01536 0.0009 0.376
Other PK Protein-Protein Interaction from G 7.55669 0.006 0.3783
Other PK Protein-Protein Interaction from V 13.29735 0.0003 0.3823
Pleckstrin Homology from W 3.799818 0.0513 0.3835
TK kinase from G 13.1628 0.0003 0.3874
TKL Carbohydrate Binding from G 12.6429 0.0004 0.3912
Other PK kinase from D 8.528202 0.0035 0.3938
TKL from D 6.20502 0.0127 0.3956
TKL kinase from K 8.807066 0.003 0.3983
TK Protein-Protein Interaction from K 14.93875 0.0001 0.4028
TK Protein-Protein Interaction from R 14.05758 0.0002 0.407
TK fromY 4.919947 0.0265 0.4085
STE from A 5.663553 0.0173 0.4102
CAMK from C 4.800468 0.0285 04116
Carbohydrate Binding from C 3.782897 0.0518 0.4128

Carbohydrate Binding from R 4.823153 0.0281 0.4142

Atypical from K 3.453579 0.0631 0.4153
RGC Receptor from W 5.691094 0.0171 0.417
RGC Receptor from R 6.270188 0.0123 0.4189
RGC from P 3.989577 0.0458 0.4201
RGC kinase from L 9.435884 0.0021 0.4229
Atypical from R 4.840267 0.0278 0.4244
AGC kinase from F 5.765904 0.0163 0.4261
CKl1 from T 5.539309 0.0186 0.4278
Other PK from E 5.107965 0.0238 0.4293
Other PK kinase from Q 3.277319 0.0702 0.4303
TKL from W 3.034119 0.0815 0.4312

TKL from E 4.253245 0.0392 0.4325



CAMK

TKL
TKL

TKL

RGC

CAMK
Other PK
Other PK

AGC

CMGC
Other PK

CMGC
Other PK

TKL
AGC
AGC

CAMK

TK

CAMK

Immunoglobulin-like
Immunoglobulin-like
Receptor
kinase
Fibronectin

Receptor

Receptor
Fibronectin
Protein-Membrane Interaction
kinase
kinase
GPI
kinase

kinase

kinase
kinase

Fibronectin
kinase

from T
from V
from S
from I
from I
from I
from L
from A
from S
from M
from T
from D
from N
from W

from R
from L
from H
from R
from S
from S
from N
from N
from C
from D
from S
from A
from S
from R
from S

3.420245
2.412481
5.602399
6.233248
3.331825
2.429609
3.545664
3.449955
3.863664
4.698755
2.591255
5.69608
5.086114
3.931626
4.753524
5.957521
2.617229
2.384957
3.894865
2.668171
2.187496
2.035783
3.329812
5.877418
3.448432
7.296274
3.732106
2371157
2.932732
2.265401

0.0644
0.1204
0.0179
0.0125
0.068
0.1191
0.0597
0.0633
0.0493
0.0302
0.1075
0.017
0.0241
0.0474
0.0292
0.0147
0.1057
0.1225
0.0484
0.1024
0.1391
0.1536
0.068
0.0153
0.0633
0.0069
0.0534
0.1236
0.0868
0.1323

244

0.4335
0.4342
0.4359
0.4378
0.4388
0.4395
0.4406
0.4416
0.4428
0.4442
0.445
0.4467
0.4482
0.4494
0.4508
0.4526
0.4534
0.4541
0.4553
0.4561
0.4568
0.4574
0.4584
0.4601
0.4612
0.4634
0.4645
0.4652
0.4661
0.4668

APPENDIX C2: Amino Acid, Secondary Structure, and Accessibility Interactions

LP= Likelihood Predicted = Log,(Fraction Disease / Fraction Common)
LO=Likelihood Observed = Log,(Fraction Disease / Fraction Common)

P=P-value

" Statistically significant across DC and uDC.
* Significantly different distribution between uDC and DC protein sequences.

Where no uDCs or DCs were observed the proportion of observed SNPs is given. D=DCs, C=uDCs.
DC vs. uDC SNPs, Kinase Domain

Amino
Acid
LP
A LO
P
LP
C LO
P

Coil Sheet
0.1770° -0.0024
-0.1926 1.2223
(0.7249) (0.2462)

0.1346 -0.0610

C=40.00% D=42.86%
(0.0682) (0.0011)"

Helix

-0.1564*
-0.3081
(0.5597)
-0.0787
-0.0703
(0.9103)

Buried

0.0065
1.5849
(0.0002)"
-0.0260
0.7369
(0.0682)

Intermediate

-0.2371
-0.6520
(0.3156)

0.0877

C=40.00%

(0.0682)

Exposed

0.2101

C=35.71%

(<0.0001)"
-0.1491
0.0000
(1.000)



LP
LO

LP
LO

LP
LO

LP
LO

LP
LO

LP
LO

LP
LO

LP
LO

LP
LO

LP
LO
P
LP
LO
P
LP
LO
P
LP
LO

LP
LO

LP
LO

LP
LO
P
LP
LO
P

-0.0270
0.3593
(0.1676)
0.0375
0.1138
(0.8414)
-0.1458
0.5305
(0.5994)
0.0261
0.3532
(0.4691)
0.2632°
-0.5969
(0.3083)
0.0232
-1.6488
(0.9820)
-0.0054
0.6553
(0.1514)
0.0855
-0.5901
(0.4886)
0.0408
1.9682
(0.0279)"
0.0467
-0.3699
(0.5386)
0.0035
0.0000
(1.000)
0.0980
C=35.71%
(0.0052)"
0.1755%
0.1296
(0.6715)
-0.0643
-0.1604
(0.7888)
-0.0323
5.5141
(0.9296)
-0.0759
-2.1292
(0.0466)"
-0.2833
D=30.00%
(0.0386)"

-0.0262
-0.2801
(0.7879)
0.2432
0.6988
(0.4964)
-0.2360
0.5305
(0.6879)
-0.0837
-0.2723
(0.7591)
-0.2738
2.4474
(0.1196)
0.1011
0.6355
(0.4784)
0.0424
0.4854
(0.6259)
-0.0756
0.6322
(0.3413)
-0.1456
2.9385
(0.0754)
-0.0546
2.9228
(0.0015)"
-0.0901
D=6.67%
(0.3010)
-0.2015
C=21.43%
(0.0509)
-0.383°
1.4694
(0.0153)"
0.0934
-0.9678
(0.1852)
0.1212
-0.4594
(0.7747)
0.0778
0.8479
(0.0939)
-0.2315
C=50.00%
(0.1580)

0.0538
-1.4321
(0.1538)

0.0585
-0.2567
(0.5051)
0.2906*
-0.4694
(0.4234)
-0.0385
-0.4947
(0.6011)
-0.3037
-0.1375
(0.8403)
-0.1027
-0.6014
(0.4662)

0.0413
-1.2515
(0.0503)
-0.0001
-0.1332
(0.7340)

0.0397
-9.0602
(0.8617)
-0.0770

C=38.46%

(0.0043)"

0.0371
-0.3219
(0.6744)
-0.0103

1.2223

(<0.0001)"
-0.0220
-0.9634

(0.0202)°
0.1222
1.2545

(0.0949)
-0.0512
5.5141

(0.9296)
-0.0520
-0.1699

(0.7892)
0.2035
0.4854

(0.5996)

0.0188 ) 1522 0.7198
1.4747 0.1575)
(0.0878) '
0.0133 0.0226
D=34.78% -0.7162
(0.0004)" (0.2637)
-0.0517 0.0736
0.3378 -0.7914
(0.4011) (0.4011)
0.0295 -0.0234
0.6427 -0.7577
(0.1360) (0.4561)
-0.0182 -0.1450
1.5994 -0.4005
(0.0737) (0.4336)
-0.0604 0.2576
0.9510 C=41.38%
(<0.0001)" (<0.0001)"
0.1729 0.0115
0.0000 -0.3446
(1.000) (0.7284)
0.0249 -0.0629
0.5498 -1.2422
(0.0240)" (0.0812)
0.0325 0.0010
1.3093 -1.3536
(0.0050)" (0.1411)
0.1052 -0.0900
1.9228 1.1154
(0.0135)" (0.4912)
-0.0890 0.0216
0.8479 -0.4739
(0.2671) (0.5974)
-0.0573 -0.0342
C=7.14% C=35.71%
(0.2998) (0.0052)"
0.3552.7589  0.0005 0.4250
(0.0061)" (0.0491)"
0.1590 -0.1416
0.9770 -0.8385
(0.0723) (0.1890)
-0.0092 0.1396 0.8624
0.9556 0.2697)
(0.3140) :
-0.0360 0.0942
0.5785 -2.1292
(0.0089)" (0.0466)"
0.0722 -0.3266
0.0000 0.0000
(1.000) (1.000)
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-0.0337
-1.2256
(0.0064)"
-0.0159
0.5642
(0.1306)
0.9968
0.0000
(1.000)
-0.0293
-1.0797
(0.3291)
0.3521
-1.4594
(0.2216)
0.2017
C=6.90%
(0.1434)
-0.0154
0.0703
(0.7284)
-0.2056
C=6.45%
(0.1444)
-0.6501
C=22.22%
(0.1094)
0.0064
-1.6214
(0.0023)°
0.0439
-0.3219
(0.5621)
0.0448
0.8073
(0.0011)°
-0.1334
-2.2029
(0.0001)°
-0.0187
-0.5755
(0.5585)
-0.1439
-1.6293
(0.0252)°
0.1695
C=8.33%
(0.1403)
0.2464
0.0000
(1.000)
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LP  0.0523 0.1631 0.0865 -0.0865 0.0753 0.2598
Y LO  -4.0641 0.9593 -0.8479 0.3219 -0.6256 D=11.11%
P (0.9638) (0.3744) (0.4585) (0.6864) (0.3934) (0.1343)

Mutated From, Likelihood Ratios: DC, Overall
Amino

Acid Coil Sheet Helix Buried Intermediate Exposed
A L -0.5259 0.7437 -2.1725 0.3955 0.1427 (E)=20.34
P (0.0487) (0.0685) (0.4047) (0.0550) (0.4692) % (0.0042)
C L -0.8875 9.1891 0.9416 0.3353 (E)=18.51% (E)=2.22%
P (0.0051) (0.4492) (0.0078) (0.0002) (0.0006) (0.4452)
D L 0.2274 -0.2178 -0.9217 0.9292 0.5844 -0.9382
P (0.0932) (0.2995) (0.0389) (0.0299) (0.0434) (0.0002)
B L -0.7184 0.2768 0.6059 1.7618 9.9341 -0.6936
P (0.0123) (0.3740) (0.0649) (0.0016) (0.4819) (0.0040)
F L -0.3824 0.246 0.164 0.1919 -0.6594 (E)=1.62%
P (0.1665) (0.4199) (0.4978) (0.3053) (0.1386) (0.8080)
G L -0.3794 1.0132 0.4383 0.6804 -0.2223 -1.4447
P (0.0055) (0.0209) (0.2783) (0.0012) (0.2626) (0.0004)
u L -0.4694 0.0604 0.8624 0.4883 -0.2025 -0.9776
P (0.0792) (0.4230) (0.1631) (0.2270) (0.2359) (0.1163)
I L 0.4913 -0.3289 -6.1237 0.3439 (E)=20.10% (E)=1.10%
P (0.3108) (0.1789) (0.3538) (0.0726) (0.0846) (0.8845)
K L 0.3593 -0.335 -0.531 (E)=1.83% -0.5037 0.2167
P (0.1400) (0.2023) (0.1339) (0.6535) (0.1182) (0.1872)
L L -0.8056 0.2364 0.2831 0.2004 -0.6729 (E)=3.09%
P (0.0481) (0.3620) (0.2821) (0.1666) (0.1134) (0.5005)
M L 0.2580 -2.6518 0.4671 0.2224 -0.7593 4.0641
P (0.2724) (0.0007) (0.1193) (0.1771) (0.0630) (0.4106)
N L -0.4236 1.3367 (E)=13.13% 1.3874 -1.4088 -0.3469
P (0.0464) (0.0065) (0.1049) (0.0052) (0.0140) (0.1428)
p L -0.2098 0.2443 0.917 0.6459 -0.5900 -0.0567
P (0.0742) 0.4727) (0.1559) (0.1166) (0.0825) (0.3592)
L (E)=51.84% 1.3799 0.7887 (E)=14.59% 0.2708 0.1857
Q P (0.2318) (0.3473) (0.4950) (0.7293) (0.3428) (0.3140)
R L -0.0308 0.0304 3.0991 0.578 0.3097 -1.464
P (0.3808) (0.4994) (0.4970) (0.0814) (0.0071) (<0.0001)
S L -0.4336 0.4789 0.4887 0.6955 0.2411 -1.8292
P (0.0286) (0.2014) (0.1961) (0.0157) (0.3273) (0.0002)
T L -0.5677 -0.5982 1.5514 0.4314 -8.1645 -0.8148
P (0.0588) (0.1184) (0.0101) (0.2314) (0.3392) (0.0991)
v L -1.6709 0.1236 0.6801 0.3027 -1.4198 (E)=2.71%
P (0.0056) (0.4188) (0.0852) (0.0397) (0.0180) (0.5311)
W L -0.4588 -0.2901 0.5116 0.4082 (E)=23.45% (E)=1.18%
P (0.1455) (0.2306) (0.1609) (0.0108) (0.0138) (0.8263)
% L -5.9162 0.2165 -0.3546 0.0953 -0.2792 1.1714
P (0.3657) (0.3033) (0.2003) (0.4233) (0.1574) (0.2224)

L=Likelihood Observed = Log,(Fraction Observed / Fraction Predicted)



P=P-value

Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Amino
Acid
Ay
c
D
B
oy
G
Ho
-
Ko
Loy
Mo
N
Py
Q
R
S
T
Vo
Vo
Yo

Coil

0.2645
(0.0126)
0.575
(0.0360)
5.5585
(0.3688)
-0.2059
(0.0961)
1.8128
(0.4559)
-0.1497
(0.0357)
0.1302
(0.2930)
0.4218
(0.0444)
-1.4579
(0.4507)
2.7026
(0.4847)
6.5106
(0.4737)
-0.1298
(0.1528)
-2.0499
(0.3088)
0.3175
(0.0318)
0.1335
(0.1044)
-0.1434
(0.0513)
6.4836
(0.3481)
0.3783
(0.0081)
-0.4501
(0.1716)
0.246
(0.3492)

Mutated From, Likelihood Ratios: uDC, Overall

Sheet

0.1263
(0.3182)
-2.4174
(0.0021)
0.2716
(0.3599)
-0.8697
(0.0410)
-0.2459
(0.2521)
6.0617
(0.4952)
-1.2759
(0.0167)
7.451
(0.4302)
02717
(0.2204)
2.1576
(0.4877)
0.4655
0.2127)
0.1379
(0.4550)
8.6498
(0.4909)
2.5797
(0.4603)
-6.8157
(0.3696)
0.7455
(0.0126)
-0.9637
(0.0072)
-0.4615
(0.0108)
0.9599
(0.1846)
-0.3099
(0.2233)

Helix

-0.4632
(0.0100)
6.1212
(0.3698)
0.2703
(0.1647)
0.4077
(0.0195)
0.1289
(0.4244)
0.6266
(0.0386)
0.1991
(0.3127)
-0.5179
(0.0143)
0.1169
(0.3560)
-3.3386
(0.3848)
-0.3091
(0.1239)
0.2595
(0.2576)
0.1203
(0.4325)
-0.6058
(0.0117)
0.2236
(0.0905)
-3.0278
(0.4174)
0.3613
(0.1052)
-0.087
(0.2981)
-0.4464
(0.1729)
-8.2922
(0.3496)

Buried

-0.5328
(<0.0001)

0.1 (0.2287)

-0.7288
(0.0719)
-2.5828
(0.0019)
0.2266
(0.0563)
-0.3285
(0.0598)
-1.3972
(0.0002)
-0.4415

(<0.0001)

(E)=1.12%
(0.4749)
-0.1997
(0.0164)
-0.1806
(0.1318)

-0.101

(0.3537)
-0.7157
(0.0122)
0.3162
(0.1999)
-1.2239
(0.0021)
-0.0603
(0.3486)
-0.9304
(0.0005)
-0.2725
(0.0012)
0.3096
(0.3118)
-0.1539
(0.2481)

L=Likelihood Observed = Log,(Fraction Observed / Fraction Predicted)

P=P-value

Intermediate

0.6055
(0.0022)
0.1724
(0.4483)
4.5632
(0.4763)
-1.5635
(0.4346)
0.4819
(0.1587)
0.1563
(0.3196)
0.4534
(0.0090)
0.8686
(0.0011)
-0.9693
(0.0034)
0.3935
(0.0663)
0.1014
(0.4608)
-0.9194
(0.0043)
0.1519
(0.2453)
0.2531
(0.1269)
2.8228
(0.4174)
14173
(0.4630)
4.862
(0.3706)
0.4678
(0.0089)
-1.0091
(0.0931)
9.1557
(0.4976)

247

Exposed

0.3408
(0.0797)
0.5759
(0.4942)
8.5035
(0.3060)
0.1379
(0.1258)
1.1938
(0.3561)
0.1574
(0.2136)
0.2868
(0.3300)
2.0174
(0.0173)
0.2588
(0.0050)
0.7735
(0.1693)
0.7316
(0.1788)
0.3855
(0.0130)
0.12
(0.2177)
0.2786
(0.0866)
0.1895
(0.1217)
4.5174
(0.4194)
0.5854
(0.0014)
0.7798
(0.1154)
(E)=2.09%
(0.8624)
0.758
(0.4521)



Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Amino
Acid
A
c
D
B
o
G
Hop
-
K op
Loy
Mo
N
P
Qo
R
S
T
Vo
Vo
Yo

Coil

-0.0562
(0.3594)
(E)=36.29%
(0.0018)
0.5007
(0.0040)
9.195
(0.4309)
0.2103
(0.2597)
-0.2638
(0.0573)
0.6578
(0.0437)
1.0519
(0.1625)

0.66 (0.0378)

0.7346
(0.0918)
0.6348
(0.0813)
-0.5298
(0.0560)
-9.8032
(0.2396)
(E)=38.04%
(0.6195)
8.564
(0.4696)
0.3651
(0.1232)
-0.0575
(0.3383)
-1.5305
(0.0403)
0.1262
(0.4524)
2.6794
(0.4363)

Mutated From, Likelihood Ratios: DC, Kinase

Sheet

0.1833
(0.4820)
0.7069
(0.1350)
0.2456
(0.4400)
0.1541
(0.4943)
0.1715
(0.4443)
0.7665
(0.1077)
0.7104
(0.2732)
0.1179
(0.3010)
-0.4689
(0.1537)
0.3948
(0.2677)
-2.2396
(0.0050)

1.83 (0.0011)

-0.5949
(0.2035)
(E)=14.39%
(0.8560)
0.7325
(0.0175)
0.5671
(0.2800)
-1.489
(0.0391)
0.4183
(0.1796)
(E)=11.69%
(0.2882)
0.4807
(0.2133)

Helix

0.0562
(0.3594)
0.6095
(0.1078)
-1.9441
(0.0001)
5.862
(0.3456)
0.0918
(0.4402)
0.1862
(0.4360)
0.4861
(0.3134)
0.7213
(0.0942)
-0.7802
(0.0501)
4.6318
(0.4682)
1.969
(0.4434)
(E)=23.43%
(0.0405)
0.5215
(0.2990)
1.0721
(0.4756)
-0.5757
(0.0174)
0.1352
(0.4522)
0.7419
(0.1526)
-0.1046
(0.3268)
0.2028
(0.4030)
0.6117
(0.0923)

Buried

0.3718
(0.1286)
0.5738
(0.0038)
0.4269
(0.2129)
1.1079
(0.0230)
7.2007
(0.4275)
0.5505
(0.0094)
0.1706
(0.4778)
0.3408
(0.1510)
(E)=2.89%
(0.5552)
0.1305
(0.3153)
0.1561
(0.2522)
1.2995
(0.0105)
0.5718
(0.1935)
(E)=12.68%
(0.8731)
0.2487
(0.3174)
0.8597
(0.0171)
0.1405
(0.4824)
0.3352
(0.0682)
0.3093
(0.1171)
3.3747
(0.4033)

L=Likelihood Observed = Logy(Fraction Observed / Fraction Predicted)

P=P-value

Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Intermediate

0.3985
(0.3605)
(E)=28.57%
(0.0089)
0.7618
(0.0127)
0.4331
(0.1505)
4.145
(0.3544)
0.2221
(0.2810)
0.241
(0.4248)
(E)=19.13%
(0.1829)
-1.3563
(0.0053)
03616
(0.2293)
-0.399
(0.1922)
-0.8073
(0.0947)
0.6677
(0.0994)
(E)=39.51%
(0.6048)
0.4653
(0.0006)
4.1179
(0.3841)
0.3077
(0.3774)
-1.6758
(0.0275)
(E)=16.95%
(0.1559)
-0.2094
(0.2267)

248

Exposed

(E)=23.07
% (0.0150)
(E)=4.24%
(0.5446)
-0.9895
(0.0005)
0.3262
(0.1019)
(E)=3.13%
(0.7504)
-1.3429
(0.0029)
1.2184
(0.0732)
(E)=1.91%
(0.8568)
0.5342
(0.0119)
(E)=3.08%
(0.5348)
(E)=2.93%
(0.5042)
0.9148
(0.0305)
4.682
(0.3630)
1.0647
(0.4780)
-1.8057
(<0.0001)
-1.3773
(0.0042)
0.7363
(0.1091)
(E)=4.71%
(0.4842)
(E)=2.33%
(0.7892)
1.1758
(0.2209)



Amino
Acid
A
c
D
B
o
G
o
-
Ko
Loy
Mo
N
Py
Qo
R
S
T
Vo
LI
Yo

Coil

0.3134
(0.2291)
0.2749
(0.4663)
0.1143
(0.4186)
-6.7078
(0.3628)
-0.8866
(0.0389)
-0.5908
(0.0285)
0.2023
(0.3366)
1.0916
(0.0083)
73189
(0.4175)
-5.9008
(0.3819)
-1.2925
(0.0573)
0.113
(0.2710)
-9.4458
(0.2415)
6.6568
(0.4057)
5.4428
(0.4760)
0.269
(0.1742)
-0.145
(0.2687)
0.5227
(0.1995)
(E)=33.45%
(0.4428)
0.1198
(0.3941)

Mutated From, Likelihood Ratios: uDC, Kinase

Sheet

_1.0414
(0.0365)
(E)=27.38%
(0.2018)
0.4995
(0.3578)
-0.7879
(0.0873)
-0.595
(0.1585)
0.9552
(0.1934)
-2.0108
(0.0111)
-0.6524
(0.0384)
-0.9967
(0.0372)
0313
(0.1919)
0.5533
(0.3355)
_1.1474
(0.0881)
(E)=10.71%
(0.1299)
0.3729
(0.4156)
-1.1205
(0.0156)
1.4415
(0.0087)
-0.9083
(0.0819)
-0.3518
(0.1308)
1.8643
(0.2557)
-0.6418
(0.1540)

Helix Buried
9.538 -1.2065
(0.4465) (0.0001)
0.6012 -0.1891
(0.3097) (0.1848)
-0.4581 -1.029
(0.1335) (0.0648)
0.2567 (E)=15.98%
(0.2125) (0.0076)
0.8519 -0.3176
(0.0396) (0.0594)
0.6425 -6.2655
(0.2991) (0.3341)
0.3198 -1.447
(0.2938) (0.0028)
-0.2226 -0.6706
(0.1919) (<0.0001)
0.5126 (E)=2.57%
(0.1257) (0.5786)
0.1794 -0.3942
(0.2962) (0.0070)
-1.1206
0.15 (0.4983) (0.0024)
0.6375 -0.5179
(0.1991) (0.1839)
0.8806 -0.3651
(0.0909) (0.1975)
-0.1605 -0.8856
(0.2609) (0.1378)
0.3657 -2.1551
(0.1217) (0.0088)
-0.997
(0.0314) 4.17 (0.4394)
0.6355 -0.8242
(0.1349) (0.0606)
1.3211 -0.2792
(0.4372) (0.0441)
-7.9071 0.3815
(0.2226) 0.4107)
0.3227 -0.4118
(0.4878) (0.1498)

L=Likelihood Observed = Log,(Fraction Observed / Fraction Predicted)

P=P-value

Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Intermediate

0.8134
(0.0326)
0.5731
(0.4069)
9.4218
(0.4919)
0.3056
(0.2722)
0.8235
(0.1316)
0.5122
(0.3534)
0.4964
(0.0885)
1.3707
(0.0009)
-1.0001
(0.0170)
0.8175
(0.0342)
0.9556
(0.1290)
-2.0129
(0.0079)
0.1721
(0.2905)

20.18 (0.2675)

4.0836
(0.4870)
0.6557
(0.1024)
0.415
(0.1659)
0.5476
(0.1873)
(E)=21.26%
(0.6198)
0.4915
(0.3646)

249

Exposed

0.8401
(0.0384)
(E)=4.70%
(0.7856)
0.2024
(0.3014)
0.222
(0.2171)
(E)=1.57%
(0.8137)
0.2926
(0.2325)
0.5931
(0.2276)
2.0517
(0.0835)
0.4483
(0.0322)
0.8608
(0.3020)
2.2712
(0.0614)
0.713
(0.0283)
0.319
(0.2654)
0.3022
(0.293)
0.2637
(0.2177)
-0.8205
(0.0353)
0.749
(0.0512)
0.9898
(0.2668)
(E)=1.97%
(0.9609)
(E)=4.10%
(0.8108)



Amino
Acid
Ay
c
D
B
oy
G
Ho
-
Ko
Loy
Mo
N
Py
Q
R
S
T
Vo
Vo
Yo

Coil

-1.0965
(0.0224)
-0.2543
(0.1906)
0.1645
(0.1593)
(E)=61.09%
(0.0588)
0.7189
(0.1199)
-0.46
(0.0419)
0.7882
(0.4209)
7.6149
(0.3197)
0.2709
(0.4215)
0.4512
(0.4023)
0.9068
(0.2844)
9.067
(0.3406)
-0.2031
(0.1119)
(E)=59.07%
(0.4092)
-4.096
(0.3573)
0.1621
(0.2035)
(E)=55.52%
(0.0879)
-1.4078
(0.0398)
-1.2281
(0.0512)
-0.2796
(0.2320)

Sheet

1.4659
(0.0178)
-0.2901
(0.1639)

(BE)=14.47%
(0.6255)

1.6478
(0.1165)

0.8713
(0.1908)

1.7323
(0.0502)

(E)=28.84%
(0.7115)

-0.5662
(0.1298)

0.2929
(0.3857)

0.5627
(0.4375)

(E)=30.14%
(0.4879)

0.2211
(0.3807)

1.2325
(0.2054)

2.2016
0.2173)
-1.2189
(0.0308)

0.8233
(0.1710)

0.9043
(0.2902)
0.4102
(0.1467)

0.6183
(0.2298)

0.2658
(0.3745)

Helix

-0.9358
(0.1123)
1.1653
(0.0430)
1.6256
(0.2903)
0.9187
(0.4411)
(E)=17.85%
(0.4554)
(E)=8.49%
(0.5370)
(E)=13.24%
(0.8675)
0.8092
(0.4690)
(E)=17.54%
(0.5606)
(E)=29.57%
(0.4959)
(E)=16.52%
(0.6968)
(E)=8.12%
(0.7126)
(E)=5.61%
(0.6674)
(E)=19.18%
(0.8081)
0.9461
(0.0731)
(E)=10.25%
(0.3388)
1.912
(0.2428)
1.5565
(0.0327)
-7.285
(0.3146)
0.452
(0.2296)

Buried

0.4101
(0.2456)
0.2355
(0.0275)
1.7020
(0.2769)
(BE)=4.47%
(0.8717)
0.4318
(0.3019)
0.5399
(0.2764)
1.6224
(0.3247)
0.3462
(0.4867)
(E)=0.95%
(0.9716)
0.4457
(0.4609)
(E)=55.36%
(0.1992)
0.5667
(0.4773)
0.4042
(0.4665)
(E)=15.60%
(0.8439)
0.9314
(0.2035)
0.5081
(0.2519)
1.3602
(0.0591)
0.2408
(0.3437)
0.4796
(0.1360)
0.3151
(0.2934)

L=Likelihood Observed = Log,(Fraction Observed / Fraction Predicted)

P=P-value

Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Mutated From, Likelihood Ratios: DC, Nonkinase

Intermediate

6.9864
(0.3700)
(E)=13.79%
(0.0381)
(E)=29.62%
(0.3485)
1.8205
(0.0226)
(E)=25.26%
(0.3119)
0.3088
(0.4943)
(E)=54.27%
(0.4572)
(E)=20.82%
(0.4963)
1.4393
(0.1515)
(E)=23.47%
(0.5856)
(E)=31.59%
(0.4679)
(E)=35.15%
(0.1768)
-0.3054
(0.2285)
1.2359
(0.4245)
4511
(0.4537)
0.7259
(0.1542)
(E)=38.28%
(0.2350)
-0.9734
(0.1050)
(E)=27.88%
(0.1406)
-0.4855
(0.1371)

250

Exposed

(E)=18.67%
(0.1912)
(E)=1.27%
(0.7548)
0.1487
(0.3500)
(E)=67.21%
(0.0352)
(E)=0.60%
(0.9760)
-1.3974
(0.0367)
(E)=13.24%
(0.8675)
(E)=0.51%
(0.9846)
-1.1595
(0.0166)
(E)=3.10%
(0.9388)
2.9385
(0.0170)
0.6447
(0.2826)
-8.2226
(0.3543)
(E)=41.94%
(0.5805)
-0.6583
(0.1054)
(E)=34.61
% (0.0142)
(E)=22.76%
(0.4607)
(E)=1.40%
(0.8926)
(E)=0.39%
(0.9763)
(E)=1.73%
(0.8395)



Amino
Acid
Ay
c
D
B
o
G
Hop
Loy
Kop
Loy
Mo
N
Py
Qo
R
S
T
Vo
Vo
Yo

Coil

0.2196
(0.0343)
0.5794
(0.0396)
2.1067
(0.4955)
-0.1876
(0.1253)
0.4161
(0.1429)
-0.1561
(0.0236)
0.1290
(0.3663)
0.1446
(0.3538)
12115
(0.4133)
4.6797
(0.4603)
0.1155
(0.4105)
0.1514
(0.1312)
-2.8602
(0.2414)
0.3578
(0.0185)
0.1282
(0.1308)
-0.1723
(0.0220)
7.0074
(0.3442)
0.2080
(0.0983)
-7.3375
(0.3018)
0.2601
(0.3820)

Mutated From, Likelihood Ratios: uDC, Nonkinase

Sheet

0.3291
(0.2448)
-1.9727
(0.0110)
0.1521
(0.4893)
-1.158
(0.0548)
-0.0354
(0.3869)
4.4144
(0.4622)
-0.8104
(0.1160)
0.5689
(0.0593)
0.3631
(0.3219)
0.2652
(0.2904)
0.6055
(0.2254)
0.6232
(0.1902)
0.7070
(0.1377)
-0.1660
(0.3316)
0.3782
(0.1404)
0.5784
(0.0844)
-0.9317
(0.0195)
-0.3637
(0.0629)
0.5902
(0.4002)
-0.1477
(0.3119)

Helix

-0.7448
(0.0024)
-0.4309
(0.1903)
-0.1291
(0.3212)
0.4537
(0.0514)
0915
(0.0465)
0.7779
(0.0253)
2.8756
(0.4491)
-0.8589
(0.0080)
0.1114
(0.3089)
0.1773
(0.1900)
-0.4841
(0.0884)
0.116
(0.4457)
-0.2987
(0.2557)
-0.8283
(0.0080)
-0.5097
(0.0098)
0.3000
(0.1718)
0.3126
(0.1950)
3.4313
(0.4039)
-0.6481
(0.1525)
-0.2893
(0.2397)

Buried

-0.3709
(0.0054)
-0.0840
(0.2496)
0.3812
(0.2404)
-1.0978
(0.1120)

-0.165
(0.1449)
-0.2270
(0.1659)
-1.4181
(0.0050)
-0.2891
(0.0156)

(E)=0.38%
(0.8394)
-0.1048
(0.1523)

0.1272
(0.3588)
8.8491
(0.4943)
-0.7821
(0.0196)
-0.2203
(0.2705)
-0.972
(0.0189)
-8.7447
(0.3076)
-0.9500
(0.0014)
-0.242
(0.0093)
0.2996
(0.4283)
4.9232
(0.3411)

L=Likelihood Observed = Log,(Fraction Observed / Fraction Predicted)

P=P-value

Bold: Significantly different than expected at random.

Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Intermediate

0.5366
(0.0166)
2.1025
(0.4181)
2.1149
(0.4740)
03432
(0.1620)
0.2141
(0.4392)
3.8235
(0.4911)
0.482
(0.0224)
0.5402
(0.0918)
0.9135
(0.0277)
0.172
(0.3303)
0.3292
(0.1912)
-0.6985
(0.0287)
0.2066
(0.1876)
0.2751
(0.1363)
1.5973
(0.4799)
-0.1433
(0.2385)
8.2993
(0.4687)
0.3688
(0.0412)
0.7156
(0.1365)
0.1187
(0.2985)

251

Exposed

0.1596
(0.3104)
1.3280
(0.3319)
3.044
0(0.4833)
0.1380
(0.1645)
2.0855
(0.2111)
0.1182
(0.2882)
0.1717
(0.3242)
1.9648
(0.0929)
0.1759
(0.0609)
0.7196
(0.2744)
5.0142
(0.4342)
0.2672
(0.1036)
6.3725
(0.3703)
0.2728
(0.1318)
0.1727
(0.1926)
0.154
(0.1978)
0.5476
(0.0074)
0.8390
(0.1489)
(E)=2.15%
(0.8967)
1.4626
(0.3081)



252

Mutated To, Likelihood Ratios: DC, Overall

AAn; liI:lO Coil Sheet Helix Buried Intermediate Exposed
A L -1.0059 0.6815 0.485 0.8265 -1.848 -0.7333
P (0.0186) (0.1784) (0.3148) (0.0228) (0.0138) (0.1140)
C L -0.1214 0.2441 -0.0454 0.2041 0.4514 -1.4337
P (0.2528) (0.3011) (0.3955) (0.2563) (0.0944) (0.0020)
D L -0.4913 -5.5377 0.7221 0.5217 -0.4854 -0.6338
P (0.0415) (0.3817) (0.0498) (0.0381) (0.1127) (0.0786)
B L 0.2164 -0.3184 -0.1929 -0.536 0.3218 0.2666
P (0.2774) (0.2138) (0.2905) (0.0630) (0.2750) (0.3388)
F L -1.4209 0.9446 0.3919 1.0489 -1.263 (E)=27.70
P (0.0019) (0.0338) (0.3275) (0.0002) (0.0261) % (0.0055)
G L 0.257 -0.6992 1.1159 0.405 -0.3219 -0.4703
P (0.2182) (0.0792) (0.4317) (0.1184) (0.1934) (0.1371)
H L -0.1434 0.4851 -0.3893 -0.6328 0.4473 0.1995
P (0.2554) (0.1899) (0.1951) (0.0470) (0.1864) (0.4104)
I L 0.409 -0.3773 -0.8368 0.3347 -0.585 -0.0552
P (0.1546) (0.2106) (0.0961) (0.2706) (0.1268) (0.3678)
K L -1.0059 0.819 0.2924 -0.3433 0.4738 -0.1483
P (0.0031) (0.0281) (0.3404) (0.1361) (0.1528) (0.3094)
L L -6.4844 -0.1142 0.2335 0.5977 -9.9599 -1.7922
P (0.3373) (0.3365) (0.3841) (0.0236) (0.3406) (0.0031)
M L -0.8804 0.4851 0.6106 0.5895 -0.7225 -0.6078
P (0.0317) (0.3139) (0.2546) (0.1301) (0.1129) (0.147)
N L 0.409 -1.2253 -9.9872 0.2415 -0.848 0.2666
P (0.1224) (0.0325) (0.3476) (0.3328) (0.0599) (0.3799)
p L -0.7164 -5.5377 0.9001 0.3195 0.4738 -2.3183
P (0.0052) (0.3839) (0.0052) (0.1348) (0.0916) (0.0001)
L -0.1214 -0.7558 0.6915 -1.1369 0.8438 -4.1467
Q P (0.2715) (0.0652) (0.0688) (0.0034) (0.0094) (0.3908)
R L 0.0244 0.1973 -0.3146 0.5938 -0.2327 -1.381
P (0.4886) (0.3262) (0.1792) (0.0023) (0.2059) (0.0011)
S L -0.4465 0.1561 0.5225 0.5786 -0.7036 -0.5889
P (0.0344) (0.3973) (0.0975) (0.0076) (0.0359) (0.0666)
T L -0.1434 -0.5148 0.6106 0.7821 -1.7225 -0.6078
P (0.2554) (0.1386) (0.1304) (0.0038) (0.0040) (0.1033)
v L -0.5295 0.8804 -0.4535 0.8879 -0.4647 (E)=27.70
P (0.0446) 0.0197) (0.1669) (0.0004) (0.1355) % (0.0005)
W L 0.1009 -0.4338 0.1769 -0.1369 0.8438 -1.8488
P (0.4308) (0.1561) (0.4280) (0.2790) (0.0094) (0.0023)
% L -0.8133 0.5523 0.485 0.6566 -7.0453 -2.5406
P (0.0126) (0.1542) (0.2158) (0.0211) (0.3626) (0.0010)
L=Likelihood Observed = Log,(Fraction Observed / Fraction Predicted)
P=P-value

Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Mutated To, Likelihood Ratios: uDC, Overall
Amino

. Coil Sheet Helix Buried Intermediate Exposed
Acid



w

Y

=20 eniiia ~ 2 uniiie * A uniiie -2 uniia AN eniiia = 2N eniiie - 2 uniiia - uniiia -2l enliia = 2N eniiie -2l uniila - A uniiia - B eniiia AN aniia =2l uniile - Al uniiia -2l eniie BN enliia - AN enlile - Bl e

0.4058
(0.0015)
3.3254
(0.4908)
2.4133
(0.4427)
6.249
(0.4024)
-0.4481
(0.0123)
3.6647
(0.362)
0.2186
(0.1014)
0.1141
(0.2232)
_1.4415
(0.4157)
0.1218
(0.1933)
0.1974
(0.1002)
3.9406
(0.4568)
0.1788
(0.1468)
5.7328
(0.4118)
0.1546
(0.1126)
0.1504
(0.1119)
7.2959
(0.3204)
0.1916
(0.0588)
0.3024
(0.1738)
0.1284
(0.4000)

-1.0001
(0.0135)
0.3917
(0.2225)
-1.3528
(0.0053)
-7.8805
(0.4393)
0.7038
(0.0398)
0.585
(0.0712)
-1.0078
(0.0196)
0.3177
(0.1795)
5.9603
(0.4872)
-0.3475
(0.1371)
-0.1829
(0.2822)
-3.0964
0.4177)
0.2587
(0.2850)
-0.5682
(0.0881)
-0.1083
(0.3289)
-0.2825
(0.1633)
0.1218
(0.3876)
5.1177
(0.3958)
-0.1829
(0.3147)
(E)=16.21%
(0.0203)

-0.5522
(0.0247)
-0.3448
(0.1326)
0.4168
(0.0583)
0.1164
(0.3008)
0.1923
(0.2949)
0.2957
(0.1268)
-0.0339
(0.4051)
-0.4823
(0.0253)
-7.1306
(0.4445)
-6.4145
(0.3515)
0.3759
(0.0706)
-5.7055
(0.3741)
-0.6153
(0.0201)
0.1426
(0.3376)
0.2625
(0.1034)
-0.1565
(0.2037)
0.2216
(0.1478)
-0.3947
(0.0353)
-0.642
(0.0898)
0.4607
(0.1786)

-0.5873
(0.0069)
-0.1804
(0.2166)
-1.6031
(<0.0001)
-1.995
(<0.0001)
0.6004
(0.0026)
-0.5133
(0.0136)
-1.58
(<0.0001)
6.7499
(0.3938)
27755
(<0.0001)
-0.2108
(0.1163)
52032
(0.4479)
-1.4331
(<0.0001)
0.1683
(0.2013)
-2.0408
(<0.0001)
-1.124
(<0.0001)
-0.2848
(0.0480)
-0.1283
(0.2177)
0.336
(0.0172)
-0.4331
(0.1200)
-0.5003
(0.0925)

L=Likelihood Observed = Log,(Fraction Observed / Fraction Predicted)

P=P-value

Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Amino
Acid

A
C

L
P

L

Coil

-0.4627
(0.1465)
0.2038

Mutated To, Likelihood Ratios: DC, Kinase

Sheet

0.8753
(0.1547)
-0.195

Helix

0.2967
(0.2234)
-0.1447

Buried

0.6467
(0.0986)
-0.231

0.2913
(0.1304)
0.2788
(0.2115)
0.2313
(0.1838)
3.967
(0.4907)
0.1746
(0.2483)
4.0827
(0.4499)
0.8792
(<0.0001)
0.2788
(0.1097)
0.2966
(0.1312)
2.7709
(0.4864)
0.2605
(0.1709)
0.2313
(0.1838)
0.4347
(0.0433)
0.5008
(0.0237)
0.352
(0.0371)
4.8501
(0.4374)
0.2434
(0.1358)
5.5156
(0.3624)
0.5235
(0.1432)
0.4564
(0.1812)

Intermediate

-1.5076
(0.0352)
0.7439

253

0.2595
(0.1521)
-8.5609
(0.3413)

0.9697

(<0.0001)

0.9168

(<0.0001)
-1.0662
(0.0017)

0.4521
(0.0233)
2.9356
(0.4961)
0.4335
(0.0314)
0.8694
(<0.0001)
0.1986
(0.1815)
-0.3801
(0.0711)
0.9322
(<0.0001)
0.317
(0.1076)
0.6158
(0.0036)
0.4853
(0.0032)
0.2465
(0.0997)
0.1039
(0.2827)
-0.4834
(0.0127)
0.1457
(0.3047)
9.5478
(0.4287)

Exposed

-0.4251
(0.2047)
-0.9105



P
Dy
E oy
Foy
¢y
H oy
o
K oy
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Yoy

(0.3548)
-0.1408
(0.2808)
0.4262
(0.1622)
-2.4262
(0.0009)
0.8591
(0.0067)
0.2742
(0.3032)
0.8147
(0.0361)
-0.7257
(0.0396)
0.3482
(0.2205)
-0.5331
(0.1417)
0.7717
(0.0142)
-0.4627
(0.0715)
0.3356
(0.1988)
0.3673
(0.1259)
-0.4419
(0.0993)
2.6291
(0.4398)
-0.3107
(0.1670)
0.2742
(0.3032)
-0.4913
(0.1043)

(0.2971)
0.1972
(0.4293)
2.7359
(0.4254)
1.4968
(0.0022)
-0.8027
(0.1067)
0.8347
(0.0767)
0.2621
(0.2718)
1.0452
(0.0175)
-1.0506
(0.0588)
0.3899
(0.4723)
-1.8901
(0.0152)
-0.3876
(0.1853)
0.7413
(0.0946)
-0.1246
(0.3353)
-4.3496
(0.4157)
-0.4656
(0.1830)
1.1268
(0.0077)
-0.3876
(0.2140)
0.6947
(0.1462)

(0.2930)
2.5213
(0.4496)
-0.7296
(0.0575)
-0.2601
(0.2336)
-1.5597
(0.0066)
-1.7296
(0.0029)
-2.0191
(0.0063)
0.2967
(0.1947)
32185
(0.4140)
0.2178
(0.4900)
0.6472
(0.0776)
0.5333
(0.0482)
83311
(0.3430)
-0.4666
(0.0863)
0.3761
(0.1896)
0.1923
(0.3989)
-0.952
(0.0224)
-0.1447
(0.2959)
-6.2249
(0.3582)

(0.2045)
0.3836
(0.128)
0.6867

(0.0432)
1.0458

(0.0004)
3.1362

(0.3749)
-1.0086

(0.0127)
0.5092

(0.1687)
0.3532

(0.1354)
0.4983

(0.0831)
0.3539

(0.3855)
7.3819

(0.4839)
0.2543

(0.2212)
-1.0403

(0.0059)
0.3418

(0.1287)

0.445

(0.0890)
0.7207

(0.0102)
0.7689

(0.0034)
-0.4236

(0.1123)
0.3957

(0.1770)

L=Likelihood Observed = Logy(Fraction Observed / Fraction Predicted)

P=P-value

Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Amino
Acid

A

C

s~ eniia~ 2l enllia - Ml o

Coil

0.7315
(0.0585)
0.4684
(0.2697)
-0.6835
(0.0818)

Mutated To, Likelihood Ratios: uDC, Kinase

Sheet

-1.4689
(0.0429)
-5.3945
(0.3491)

(E)=23.06%
(0.0429)

Helix

-0.5569
(0.1235)
-0.7268
(0.1006)
1.0279
(0.0081)

Buried

24221
(0.0008)
-0.4221
(0.1543)
-1.4221
(0.0088)

(0.0484)
-0.4487
(0.1452)
0.2293
(0.4069)
-1.8861
(0.0129)
0.1362
(0.4944)
0.6443
(0.1092)
-6.0149
(0.3544)
0.4923
(0.1823)
0.1116
(0.3347)
-0.993
(0.0961)
-0.6881
(0.0990)
0.4923
(0.1165)
0.8757
(0.0139)
0.2293
(0.3385)
-0.7092
(0.0733)
-1.4336
(0.0148)
-0.256
(0.2444)
1.1038
(0.0038)
0.3118
(0.3478)

Intermediate

0.5448
(0.2393)
0.2228
(0.4983)
-0.1921
(0.2888)

254

(0.0520)
-0.3662
(0.1871)

0.5341
(0.1851)

(E)=26.85

% (0.0171)
-0.1032
(0.3408)

0.3117
(0.3485)
-1.5626
(0.0320)
-0.1032
(0.3428)
-1.3511
(0.0209)

8.94
(0.3999)

0.3942
(0.2940)
-2.0101
(0.0010)
0.0418
(0.3885)
-1.4251
(0.0059)
-0.3048
(0.2196)
-0.7662
(0.0815)

(E)=26.85

% (0.0014)
22731
(0.0035)
-2.1907
(0.0049)

Exposed

0.901
(0.0733)
0.3161
(0.4489)
1.1234
(0.0208)



E oy
Foy
Gy
H oy
o
K oy
Loy
Mo
Ny
Py
Qo
Ry
Sy
Ty
oy
Vo
Yoy

5.3436
(0.4338)
-1.3464
(0.0052)
0.1465
(0.4418)
-1.0054
(0.0264)
-0.1241
(0.3033)
0.132
(0.4203)
-0.9059
(0.0106)
-6.204
(0.3582)
0.3904
(0.1898)
0.2009
(0.4300)
0.442
(0.1237)
-0.1429
(0.2848)
0.2009
(0.3321)
-5.4572
(0.4185)
0.3622
(0.1320)
0.3164
(0.4725)
-0.6835
(0.1048)

0.531
(0.2924)
0.6754
(0.1264)
-2.0539
(0.0089)
-1.7909
(0.0195)
0.1899
(0.4548)
-0.2059
(0.2838)
-0.1064
(0.3464)
-0.5844
(0.1181)
-0.5469
(0.1512)
0.4155
(0.3512)
-1.3434
(0.0237)
-0.3434
0.2181)
-1.5844
(0.0096)
-0.2059
(0.2838)
-0.5162
(0.1259)
0.1159
(0.3502)
(E)=23.06%
(0.1226)

-0.5569
(0.1235)
0.365
(0.2332)
0.443
(0.1782)
0.9955
(0.0044)
2.4529
(0.4165)
-3.0905
(0.3935)
0.6356
(0.0224)
0.3275
(0.2135)
-0.2199
(0.2434)
0.6724
(0.0901)
0.0164
(0.4044)
0.3055
(0.2632)
0.3275
(0.2135)
0.121
(0.4425)
-0.1892
(0.2423)
-0.5569
(0.1597)
1.0279
(0.0326)

24221
(0.0008)
0.7222
(0.0101)
-3.0071
(<0.0001)
-1.744
(0.0018)
85111
(0.3275)
(E)=44.66%
(<0.0001)
0.1851
(0.2240)
-0.3676
(0.1086)
-1.5001
(0.0016)
4.7338
(0.4365)
-3.2966
(<0.0001)
-1.2966
(0.0021)
-0.3676
(0.1086)
03111
(0.1414)
-0.4694
(0.0563)
-0.8371
(0.0937)
0.1628
(0.4848)

L=Likelihood Observed = Log,(Fraction Observed / Fraction Predicted)

P=P-value

Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Amino
Acid

A

C

[unilia =2l enilia =Ml eniiia =Ml unliia-Mlen

Coil

(E)=55.73%
(0.1959)
-0.3265
(0.1150)
-1.1566
(0.0383)

0.2584
(0.4564)
0.2584

Mutated To, Likelihood Ratios: DC, Nonkinase

Sheet

0.8068
(0.4899)
0.6369
(0.1119)
-0.1931
(0.2601)
-0.7781
(0.1326)
(E)=28.58%

Helix

1.6726
(0.2890)
-0.4973
(0.2016)
1.6726
(0.1185)
8.7638
(0.3592)
1.0876

Buried

1.294
(0.1663)
0.5835
(0.0660)
0.879
(0.1883)
-0.2909
(0.2213)
0.709

0.5448
(0.2393)
0.1181
(0.3303)
0.6379
(0.1116)
0.9009
(0.0379)
0.7298
(0.0636)
0.1639
(0.4246)
0.3224
(0.2591)
0.1074
(0.4746)
0.1181
(0.3303)
0.1074
(0.4662)
0.6703
(0.0685)
0.1557
(0.4459)
-8.5232
(0.3542)
0.4859
(0.1482)
0.661
(0.0361)
1.3928
(0.0732)
0.3928
(0.4115)

Intermediate

(E)=30.97%
(0.4763)
0.1056
(0.4978)
-0.3093
(0.2269)
0.6906
(0.2740)
0.1056

255

0.901
(0.0733)
(E)=26.77
% (0.0026)
0.901
(0.0299)
0.3161
(0.3732)
-1.3468
(0.0213)
1.3446
(<0.0001)
-9.8928
(0.3459)
0.3705
(0.2421)
1.1125
(0.0041)
0.2144
(0.2816)
0.901
(0.0169)
0.901
(0.0169)
0.5225
(0.1316)
0.1578
(0.3044)
-0.2457
(0.2376)
(E)=26.77%
(0.2875)
-1.0989
(0.0826)

Exposed

(E)=28.24%
(0.5149)
-2.3457
(0.0025)

(E)=28.24%
(0.2651)
-0.7608
(0.1365)

(E)=28.24%
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G
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o
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(0.4143)
-0.7415
(0.0452)
-1.1566
(0.0383)
-0.1566
(0.2317)
-1.1566
(0.0383)
-0.7415
(0.0643)
-1.1566
(0.0383)

(E)=55.73%
(0.4426)
-0.7415
(0.0643)

(E)=55.73%
(0.0867)

-0.244
(0.1674)
-0.2561
(0.1667)

0.2584
(0.4143)
-0.1566
(0.1959)

0.1652
(0.4941)
-1.1566
(0.0383)

(0.3642)
0.363
(0.2224)
-0.1931
(0.2601)
-0.1931
(0.2601)
0.8068
(0.3233)
1.2218
(0.0597)
0.8068
(0.3233)
1.8068
(0.2858)
1.2218
(0.0597)
0.2218
(0.3642)
0.7193
(0.0820)
0.4849
(0.2378)
0.2218
(0.3642)
0.8068
(0.4899)
-0.1931
(0.2843)
0.8068
(0.3233)

(0.4005)
1.5026
(0.0393)
1.6726
(0.1185)
0.6726
(0.4946)
0.6726
(0.4946)
(E)=15.68%
(0.3592)
0.6726
(0.4946)
(E)=15.68%
(0.8431)
(E)=15.68%
(0.3592)
2.0876
(0.0660)
-1.4148
(0.0550)
-0.2342
(0.2932)
(E)=15.68%
(0.5994)
(E)=15.68%
(0.7109)
0.3273
(0.2554)
0.6726
(0.4946)

(0.3632)
0.9314
(0.0280)
0.294
(0.4617)
-0.7059
(0.1229)
-0.7059
(0.1229)
0.709
(0.1901)
0.879
(0.1883)
1.294
(0.4078)
0.294
(0.4718)
(E)=40.78%
(0.2076)
0.907
(0.0030)
0.709
(0.0388)
0.709
(0.3632)
1.294
(0.1663)
0.294
(0.4240)
1.294
(0.0276)

L=Likelihood Observed = Logy(Fraction Observed / Fraction Predicted)

P=P-value

Bold: Significantly different than expected at random.
Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

Amino
Acid
Ay
c
D
B
oy
G

Coil

0.2694
(0.0294)
-0.1237
(0.2138)
1.3597
(0.4722)
-5.1389
(0.4267)
-0.1857
(0.1489)
0.1213
(0.1891)

Sheet

-0.7092
(0.0753)
0.6751
(0.1192)
-0.7493
(0.0820)
-0.1358
(0.3396)
0.6429
(0.1525)
-7.6944
(0.3804)

Helix

-0.4587
(0.0715)
0.1675
(0.2842)
0.238
(0.2650)
7.3939
(0.4646)
-7.0969
(0.4281)
0.273
(0.2129)

Mutated To, Likelihood Ratios: uDC, Nonkinase

Buried

-0.3056
(0.1027)
-6.8893
(0.3558)
-1.6088

(<0.0001)
-1.8433

(<0.0001)
0.4785
(0.0641)
-8.0832
(0.3324)

(0.3288)
-1.4792
(0.0355)
-0.3093
(0.2269)

(E)=30.97%
(0.2269)

0.6906
(0.3656)
0.1056
(0.3992)
-0.3093
(0.2269)

(E)=30.97%

(0.6902)
0.6906
(0.2740)
1.1056
(0.2284)
-1.3968
(0.0158)
0.6312
(0.1110)

(E)=30.97%
(0.3288)

(E)=30.97%
(0.4763)

0.2755
(0.4730)

(E)=30.97%

(0.2269)

Intermediate

0.2245
(0.2278)
0.2787
(0.2410)
-0.2526
(0.1823)
0.1171
(0.3077)
-0.1981
(0.2526)
-0.2806
(0.1538)

256

(0.3695)
-1.3457
(0.0504)
0.1758
(0.2651)

1.4091
(0.0710)
-0.1758
(0.2651)

(E)=28.24%
(0.1365)

(E)=28.24%
(0.2651)

(E)=28.24%
(0.7175)

(E)=28.24%
(0.1365)

0.2391
(0.3695)
-1.2633
(0.0272)
-1.0827
(0.0475)

0.2391
(0.3695)

(E)=28.24%
(0.5149)
-1.1758
(0.0703)

(E)=28.24%
(0.2651)

Exposed

7.2367
(0.4329)
0.2213
(0.2148)

0.8947

(<0.0001)

0.8774

(<0.0001)
-0.5203
(0.0708)

0.2833
(0.1544)



H oy
o
K oy
Loy
M
Ny
Py
oy
Ry
Sy
Ty
oy
Vo
Yoy

0.3471
(0.0138)
0.0879
(0.2925)
3.6847
(0.3559)
0.2772
(0.0152)
0.204
(0.1100)
-8.3748
(0.2675)
0.1062
(0.2930)
-7.5528
(0.2840)
0.1309
(0.1567)
8.4128
(0.2722)
5.0002
(0.3987)
0.1208
(0.1916)
0.2293
(0.2698)
0.3839
(0.1276)

0.6315
(0.1168)
0.5015
(0.1118)
0.2068
(0.4046)
0.479
(0.1282)
4.8586
(0.4686)
0.2709
(0.3592)
0.338
(0.2778)
0.1473
(0.3348)
0.1157
(0.4236)
0.1758
(0.3556)
0.3567
(0.2098)
0.2311
(0.3119)
0.1644
(0.3237)
(E)=13.18%
(0.1381)

-0.8367
(0.0184)
-0.6179
(0.0216)
2.8158
(0.4127)
-0.5985
(0.0251)
0.3578
(0.1693)
3.5971
(0.4829)
0.5225
(0.0622)
0.2185
(0.3140)
-0.4274
(0.0520)
0.3222
(0.0969)
-0.3563
(0.0966)
0.4818
(0.0414)
-0.592
(0.1303)
03119
(0.2374)

-1.491
(<0.0001)
0.1566
(0.2645)
-2.0449
(<0.0001)
0.2072
(0.163)
0.267
(0.1960)
-1.3958
(0.0002)
-0.1888
(0.2085)
-1.5917
(0.0001)
-1.0292
(<0.0001)
0218
(0.1296)
-3.3304
(0.3982)
0.6098
(0.0003)
-0.2869
(0.2122)
-1.3287
(0.0175)

L=Likelihood Observed = Log,(Fraction Observed / Fraction Predicted)

P=P-value

Bold: Significantly different than expected at random.

Where no SNPs were observed, the expected proportion is given, (E)=expected proportion.

0.8652
(0.0003)
0.1343
(0.3278)
0.3657
(0.1297)
9.7775
(0.3136)
0.3473
(0.1518)
-0.2806
(0.1746)
0.488
(0.0382)
0.4145
(0.1062)
0.3814
(0.0387)
7.1662
(0.4099)
0.153
(0.2960)
-0.425
(0.0448)
0.2168
(0.4163)
0.4969
(0.2288)

257

-8.0566
(0.3426)
-0.3397
(0.0756)
0.6285
(0.0076)
0.2645
(0.1334)
-0.8922
(0.0069)
0.8625
(0.0001)
-0.3804
(0.0844)
0.4967
(0.0435)
0.3447
(0.0438)
0.1418
(0.2699)
-0.1146
(0.2775)
-0.5772
(0.0096)
6.4631
(0.4630)
0.3447
(0.3222)
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