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ABSTRACT

DEEPKINZERO: ZERO-SHOT LEARNING FOR
PREDICTING KINASE PHOSPHORYLATION SITES

Iman Deznabi
M.S. in Computer Engineering
Advisor: Asst. Prof. Dr. A. Erciiment Cicek and Asst. Prof. Dr. Oznur Tastan
Okan
August 2018

Protein kinases are a large family of enzymes that catalyze the phosphorylation
of other proteins. By acting as molecular switches for protein activity, the phos-
phorylation events regulate intracellular signal transduction, thereby assuming a
central role in a broad range of cellular activities. On the other hand, aberrant
kinase function is implicated in many diseases. Understanding the normal and
malfunctioning signaling in the cell entails the identification of phosphorylation
sites and the characterization of their interactions with kinases. Recent advances
in mass spectrometry enable rapid identification of phosphosites at the proteome
level. Alternatively, there are many computational models that predict phospho-
sites in a given input protein sequence. Once a phosphosite is identified, either
experimentally or computationally, knowing which kinase would catalyze the
phosphorylation on this particular site becomes the next question. Although a
subset of available computational methods provides kinase-specific predictions
for phosphorylation sites, due to the need for training data in such supervised
methods, these tools can provide predictions only for kinases for which a substan-
tial number of the phosphosites are already known. A particular problem that
has not received any attention is the prediction of new sites for kinases with few
or no a priori known sites. None of the current computational methods which
rely on the classical supervised learning settings can predict additional sites for
this kinases. We present DeepKinZero, the first zero-shot learning approach,
that can predict phosphosites for kinases with no known phosphosite information.
DeepKinZero takes a peptide sequence centered at the phosphorylation site and
learns the embeddings of these phosphosite sequences via a bi-directional recurrent
neural network, whereas kinase embeddings are based on protein sequence vector
representations and the taxonomy of kinases based on their functional properties.
Through a compatibility function that associates the representations of the site
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sequences and the kinases, DeepKinZero transfers knowledge from kinases with
many known sites to those kinases with no known sites. Our computational experi-
ments show that DeepKinZero achieves a 30-fold increase in accuracy compared to
baseline models. DeepKinZero complements existing approaches by expanding the
knowledge of kinases through mapping of the phosphorylation sites pertaining to
understudied kinases with no prior information, which are increasingly investigated

as novel drug targets.

Keywords: Kinase Substrate Classification, Zero-Shot Learning, Recurrent Neural
Networks, RNN, LSTM.



OZET

DEEPKINZERO: KINAZ FOSFORILASYON
YERLERININ SAFdR-ORNEK OgRENIM ILE
TAHMINI

Iman Deznabi
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Damsmani: Yrd. Doc. Dr. A. Erciiment Cicek and Yrd. Do¢. Dr. Oznur
Tagtan Okan
Agustos 2018

Protein kinazlar, diger proteinlerin fosforilasyonunu katalize eden biiyiik bir enzim
ailesidir. Protein aktivitesi i¢in molekiiler anahtarlar olarak gorev yaparlar ve
fosforilasyon olaylar1 vasitasiyla hiicre ici sinyal iletimini diizenlerler. Bu sebeple,
bir ¢ok hiicresel mekanizmada, merkezi bir rol iistlenirler. Ote yandan, kinaz
proteinlerinin fonksiyonel bozukluklarinin da bir¢ok hastalikla iligkili oldugu belir-
lenmigtir. Hiicredeki normal ve arizali sinyallerin anlagilmasi i¢in, fosforilasyon
bolgelerinin tanimlanmasi ve bu bolgelerin fosforilasyonunda hangi kinazlarin
gorev aldiginin belirlenmesi gerekir. Kiitle spektrometresindeki son geligmeler,
fosforilasyon bdlgelerinin proteom seviyesinde hizli bir gekilde tanimlanmasini
olanakli kilmigtir. Alternatif olarak, protein dizisinde fosforilasyon yerlerini tah-
min eden bir¢ok hesaplamali yontem de mevcuttur. Bir fosforilasyon bolgesi,
deneysel ya da hesaplamali yontemlerle belirlendikten sonra, bu bolgeyi hangi
kinazin fosforile ettigini belirlemek ise bir sonraki soruyu olusturur. Fosforilasyon
bolgelerini tahminleyen mevcut hesaplamali metotlarin bir kismi, kinaza-6zgii
tahminler sunsa da bu yontemler konvensiyonel gozetimli 6grenme tekniklerine
dayandiklari i¢in, ancak bir ¢ok fosforilasyon bolgesi bilinen kinazlar i¢in yeni
bolgeleri tahminleyebilirler. Bu zamana kadar tizerine eginilmemis bir problem ise
daha once fosforile ettigi hi¢ bir bélge tespit edilmemis olan kinazlar i¢in tahmin
yapabilmektir. Klasik gozetimli tekniklere dayanan yontemlerinden hicbiri, bu tiir
kinazlar i¢in baglanma bolgelerini 6ngdéremeyecektir. Bu ¢aligmada, fosforilasyon
bilgisi olmayan kinazlar i¢in sifir-vuruglu 6grenme yaklagimina dayanan Deep-
KinZero’yu sunuyoruz. DeepKinZero fosforilasyon yerinin merkezde oldugu peptit
dizisini girdi olarak alir ve ¢ift yonlii tekrarlayan sinir agi ile bu dizileri bir vektor
uzayina yerlestirir. Kinazlar1 da fonksiyonel 6zelliklerine ve protein dizilerine gore

bir vektor uzayina yerlegtirilir. Fosforilasyon bolgesinin ¢ok boyutlu uzayda temsili
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ile kinazlarin temsili arasinda tanimlanmig bir uyumluluk fonksiyonu araciligiyla,
DeepKinZero fosforile ettigi bolgelerin bilindigi kinazlardan bu bdlgeleri bilin-
meyen kinazlara bilgi aktarir. Hesaplamali deneylerimiz, DeepKinZero'nun taban
modellerine gore dogrulukta 30 kata varan artig sagladigini gostermektedir. Deep-
KinZero’nun 6nceden fosforilasyon boélgeleri bilinmeyen kinazlarin fosforilasyon
bolgelerini tahminleyerek, 6nemli ilag hedefleri olan ve az c¢aligilmig bu kinazlar

hakkindaki mevcut bilgi birikimini artirmasini bekliyoruz.

Anahtar sézciikler: Kinaz Fosforilasyon Yerleri, Sifir-Ornek Ogrenim, RNN, LSTM.
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Chapter 1

Introduction

Protein kinases are a large family of enzymes that catalyze the phosphorylation of
other proteins. Phosphorylation is a post-translational mechanism that involves
transfer of a phosphoryl group to the side chain of an amino acid residue in
the substrate. The amino acid residue that receives the phosphoryl group is
usually called the phosphorylation site, or briefly phosphosite. Phosphorylation
events can lead to the activation or deactivation of enzymes, modification of the
targets’ interactions with other proteins, direct them to sub-cellular localization
or target them for destruction [4]. Due to their central role in a broad range
of cellular activities, aberrant kinase function is implicated in many diseases,
particularly in cancer [5|. Therefore, kinases serve as critical targets for therapeutic
intervention [6]. Understanding the normal and malfunctioning signaling in the
cell entails the identification of phosphorylation sites and the characterization of

their interactions with kinases.

Recent advances in mass spectrometry enable rapid identification of phospho-
sites at the proteome level [7,8]. Alternatively, there are many computational
models developed to predict phosphosites in a given input protein sequence [9-22].
Once a phosphosite is identified, either experimentally or computationally, know-
ing which kinase(s) act(s) on this particular site becomes the next question. Some

of the aforementioned computational methods [9-16,19-22] provide kinase-specific



predictions for phosphorylation sites. These predictive models are usually based on
machine learning methods that use training data (established kinase-phosphosite
associations) to model the relationship between the properties of kinases and the
properties of their target phosphosites. However, since conventional supervised
machine learning methods require “positively labeled” samples, these tools can
provide predictions only for kinases for which a substantial number of the binding
sites are already known. For example, MusiteDeep [16], reports a prediction tool
that uses deep learning to predict binding sites for kinases, and it exclusively
focuses on kinase families CDK, PKA, CK2, MAPK, and PKC because these
families have at least 100 experimentally verified phosphosites. Another recent
tool, PhosphoPredict [14], provides predictions for 12 human kinase families (ATM,
CDKs, GSK-3, MAPKs, PKA, PKB, PKC and SRC) that have at least 50 known
phosphorylation sites. The current predictor tools in the literature and the kinases

or kinase families studied therein are outlined in Table 1.1.

A particular problem that has been overlooked in the literature is the predic-
tion of new sites for kinases with few or no known phosphosites. In humans, for
example, more t00han 500 proteins have been annotated as kinases [2]. Phospho-
sitePlus, a database that provides experimentally validated phosphosites, provides
phosphosite annotations for 364 human kinases. The distribution of the number
of phosphosites for each kinase is shown in Figure 1.1. As seen in the figure,
for nearly 200 annotated kinases among a set of 364, there are at most 10 ex-
perimentally validated phosphosites. Since the number of available “positively
labeled" samples is very low for most kinases, existing tools are insufficient to
make reliable predictions for these kinases. Furthermore, in a possible scenario
where a researcher would want to predict kinases for an identified phosphosite,
well-studied kinases are likely to be favored by the existing prediction algorithms,
since these algorithms see more examples of kinases with many known targets.
This effect has the risk of biasing the knowledge of the human kinome toward
well-studied and/or promiscuous kinases, making it difficult to comprehensively
annotate the entire human kinome. For example, FAM20C is a kinase whose
diminished activity causes Raine syndrome [24]. For this kinase, there are only
three experimentally validated target sites. Unfortunately, existing computational

methods that rely on classical supervised learning setting can not predict any
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Method

Kinase
Families or

Individual
Kinases

Criteria for
inclusion

Fraction of
phosphosites
covered (%)

Families: CDK,

Families
associated with

MusiteDeep [16] ;IzﬁgK(?I;iéC more than 100 42.7
sites
Families and
individual
. kinases: ATM, Families
Eﬁi)sphoPredlct CDKs, GSK-3, associated with 51.6
MAPKs, PKA, at least 50 sites
PKB, PKC,
SRC
Kinases
KSRPred [13] 1(.)3 human associated with 85.9
kinases .
least 15 sites
Kinases
PhosphoPICK 59 human associated with 64.0
[20] kinases more than 10 '
sites
Families: ATM,
CDK, CK2, . .
Li et al. [23] GSK-3, MAPK, izzlﬂ;%:ﬁle? at 49.9
PKA, PKB,
PKC

Table 1.1: The coverage of the phospho-proteome and kinome provided
by the existing methods for predicting phosphorylation sites targeted
by kinases. For each recently published prediction method, the criteria for
inclusion, is provided. Finally, the last column list what fraction of the sites that
are known to be associated with a kinase is covered.Note that the sites considered
here refer to the phosphosites that are listed in the Phosphosite database; the
coverage of the phosphosites identified in a typical mass-spectrometry based
phosphorylation screening is usually much lower than the figures reported here.
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Figure 1.1: The distribution of the number of experimentally validated
target phosphosites for kinases in the human kinome. The histogram is
based on data obtained from Phosphosite database, which reports experimentally
validated kinases for 364 human kinases.

additional sites for this kinase.

In this study, we introduce DeepKinZero, a zero-shot learning based approach
for the prediction of the association between kinases and phosphosites. With this
framework, we specifically aim at providing predictions for kinases with no or
few known targets. Zero-shot learning is a machine learning paradigm that has
received significant attention in recent years, as it deals with the question of how
to recognize instances of classes with no training examples [25]. It has been shown
to be successful in various machine learning applications, particularly those that
involve computer vision [25-28]. Since there are no or few training instances for
most kinases, we argue that zero-short learning could be the ideal approach to

the problem of predicting kinase-phosphosite associations.

Given a potential phosphorylation site, using the local protein sequence centered
at this site, DeepKinZero predicts the subset of kinases that can phosphorylate
this particular site. DeepKinZero learns the site sequence representations via a bi-
directional recurrent neural network, wherein the kinase representations are learned
using kinase protein sequence and the taxonomy of kinases are obtained from other
sources. Through a compatibility function that associates the representations

of the site sequences and the kinases, DeepKinZero transfers knowledge from



kinases with many known sites to those kinases with no known sites. DeepKinZero
outperforms baseline methods with a 30% margin. The important positions and
the amino acids that are highlighted by the model agrees well with the current

knowledge of kinases and their associated functions.

DeepKinZero offers a scalable and flexible approach for predicting sites for
kinases with no prior sites. It is implemented in Python and is provided as an

open source tool at https://github.com/Tastanlab/DeepKinZero.

The rest of the Thesis is organized as follows. In the next section, we provide
background information about the DeepKinZero algorithm and the kinase proteins.
In chapter 3, we describe our proposed zero-shot learning model in detail. In
chapter 4, we discuss our experimental setup and results achieved. Finally, in

chapter 5, we conclude the paper and discuss potential future works.


https://github.com/Tastanlab/DeepKinZero.

Chapter 2

Background

In this chapter, the background information is provided.

2.1 Protein Kinases

Protein kinases are a large family of enzymes that catalyze the phosphorylation
of other proteins. Phosphorylation is a critical post-translational mechanism that
involves transferring a phosphate group to the hydroxy group of a residue in
the substrate protein. Phosphorylation is a reversible process and transiently
alter protein properties. Phoshorylation can cause conformational changes and
alter the acitivity states of the enzymes, modulate the targets’ interactions with
other proteins, direct their subcellular locazation, or target them for destruction.
Deregulated protein kinase activity is associated with a variety diseases, most
notably with cancer, which makes them the leading drug targets for cancer

treatment [5, 6].

The protein kinases constitute one of the largest and most functionally diverse
gene families. Kinases are present in a variety of species from bacteria to plants
and humans. In humans there are more than 500 kinases |2]. Based on the types

of amino acid residues they phosphorylate, eukaryotic protein kinases are divided
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Figure 2.1: Phosphorylation is a reversible process which involves adding
a phosphate group from a nucleoside triphosphate to an amino acid.
The amino acids, Serine, Threonin and Tyrosine are the most common phostoac-
ceptor amino acids since their side chains contain OH.

into as serine/threonine kinases and tyrosine kinases. Some protein kinases can
phosphorylate both serine/threonine, as well as tyrosine residues. This group
of kinases has been known as dual specificity kinases. [1| further categorizes the
kinases into 43 sub-categories according to their specificity, location and function,
a representation of this categorization is given in Figure 2.2. Another well-known
categorization of kinases has 4 levels: groups, family, subfamily and individual
kinases. This categorization is done according to a combination of sequence
similarity in the kinase domain, as well as additional information from domains
outside of the catalytic domain, evolutionary conservation, and known functions [2].
The corresponding representation of this hierarchy is given in Figure 2.3. In this
categorization there are 10 main groups (AGC, CMGC, CAMK, CK1, Other, STE,
Tyrosine Kinase(TK), Tyrosine Kinase-Like (TKL), RGC, PKL and Atypical),

which further separate into 103 families.
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Figure 2.2: Classification of kinases according to the ENZYME database [1].

2.2 Deep Learning

In the classification the primary goal is to learn a function, f, that will map
the input space, X to the output space ).The information pertaining to the
input and the means of transferring this input to the system is critical for the
learning process. The classical machine learning approaches heavily depend on
these input representations. These classical approaches learn how and which of
the input features are correlated with the outcome variable of interest; however,
finding the right set of features is a critical problem. Deep learning solves this
critical problem by building complex representations from simpler representations
during the learning process. Thus, not only the model learns the mapping from
the input representations to the output space, but also the representation itself.
Based on the problem and the input type, deep learning models offer a variety
of different architectures to learn the representations. In our work, to learn the

representations of input site sequences, we employ a bi-directional recurrent neural



EGFR" %, . .\\ .\T (\\Tf//

VEGFR PKG
FGFR ACK TIE \ T ‘N1DI{ ! o CLK .—MAP
\ RSK d \\ / \
AXL .:\‘ f/ “—CDK CDKL

.:_‘PDGFR— —< _JAKA_. TPKN__ AGC/ MGC
;// AN \\
.:\T /I\J/IET M //GR\': ah o .’,/lx\\\j.' GSK RCK \.
o~=SRC INSR / N SGK / l\.
ZhaY INRS MY
" \Iz.
’ \T » \I/’ STE1
\ . RAD53I // o\.l\_rBK /CK\1.:: PKL és\\TEZ(/}&- /
3 PR ko '\T/./' h / /l\\-
.:;AMKZ \ / MAPKAPK o ek /FJ /l \ /;'
o STE-UNIQUE ~ STET®
\ ‘*rSSK\CAMK/ i ._VR{( Rt l\g'

CASK

N L
\\ /a .—NEK \\T/ /.

MLC
:IAMKH ol opiy PEK NAK ™

./yl\\ ‘\. \X BL\VRA \PITK/l:/ -~ TLK Q\ & ULTK

\}/ILIK—. /’ .\ALPHA\ TAF1® IRE \OTHE
CDC7
'\\ \ R'PK{' / RIO WNK WEE e
“Lisk / o GTF2F+—ATYPICAL v e BUB &
iy THE / o3 PLK TOPK
.\ / IRAK" & l \COL4ASBP ./ IKK"
N o RO " BUD32 o SGK493
/ LRRK ./F'DHK 4 AUR
/j SR \'\. / l \.\ CAMKK
/| \\>- by,

Figure 2.3: The partitioning of kinases into families and groups as pro-
posed in [2]. Each network is centered on a group node shown in green. The
families (blue nodes) that are listed under a group are linked with edges to the
group node. The small gray nodes show kinases with many known sites; these
kinases are used in the training of the models whereas the small orange nodes
indicate the kinases that are unseen and used for testing.



networks. Below we provide background information on the more general class of

models: recurrent neural networks and the bi-RNNs.

2.2.1 Bidirectional Recurrent Neural Networks

Recurrent neural networks(RNNs) is a class of neural networks [29] that shows
state-of-the-art performances for modeling and the prediction tasks for sequential
data. At each timestep, which refers to the position in the sequence, RNN accepts
an input vector and updates its hidden state via non-linear activation functions to
make a prediction of the target output. RNN’s hidden state can store information

in high-dimensional distributed representations.

RNNs include nodes that have memories which enable them to keep the
past information. Unlike feed forward artificial neural networks, RNNs can use
their internal memory to process input sequences. During the training, the RNN
networks are unrolled (Figure 2.4) to become a strictly feed forward artificial neural
network. Once they are unrolled, backpropagation can be applied through time (see
Section 2.4.2). However, the resulting feed-forward neural network model will have
as many layers as the length of the input sequence. Especially for long sequences,
this sets a challenge for training RNNs. The performance of the gradient descent
degrades due to the ‘vanishing gradients’ phenomenon [30], where the gradients
exhibit exponential decay as they are back-propagated through time [30,31]. When
the long-term gradients decay exponentially, as the total gradient is the sum of
long-term and short-term influences, the long-term signals are lost and the short-
term signals alone govern the gradient. Using different archiectures, different RNN
models aim to handle the vanishing gradients problem differently. The common
architechtures employed are Gated Recurrent Units(GRU) [32], Long-Short Term
Memory (LSTM) [33] and fully recurrent [34]. In DeepKinZero, we employ LSTM

structure, since its has been succesfully applied to different tasks [35-40].

Long-Short Term Memory (LSTM) [33] units can be used as building blocks for
constructing RNN layers. A common LSTM unit comprises a cell, an input gate,

an output gate and a forget gate. The forget gate is responsible for the scope of
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Unroll

Figure 2.5: A simple LSTM unit, C;_; is the memory from the previous cell,
hi_1 is the output of the previous cell, X, is the input vector, C} is the current
cell memory and h; is the current cell output

data that goes to memory, input gate learns the amount of data to flow into the
cell, and the output gate tries to learn the extent of the data to be included in
the output of the gate. There are many different variations of LSTM units, we
employ an implementation based on [41]. A schematic of this implementation is
provided in Figure Figure 2.5. In this implementation, the input is first multiplied
by the input gate and then is fed to a cell which is controlled by a forget gate.
The output of this cell then is multiplied by the output gate.

The standard RNN architecture uses contextual information in one direction,
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typically pertaining to past, which is appropriate for time-series prediction. How-
ever for sequence tasks, the surrounding context on both sides usually bring more
information. Bidirectional RNNs scan the input data in both directions, backward
and forwards, with two seperate recurrent layers. This provides access to all
the surrounding context. Since the context for a phosphosite is fundamentally

important we use bi-directional neural network.

2.3 Zero-Shot Learning

We briefly introduce zero-shot learning(ZSL) and related work here, and we will
further explore ZSL and our implementation of it in Section 3.2. Zero-shot learning
(ZSL) or zero-data learning is the process of classifying data into categories which
we do not have any training example of them. ZSL is specially applicable in places
where the data gathering for some classes are too expensive or time consuming.
In ZSL our aim is to find a connection between the instances of a class and the
high-level description of it. In this case if we have this connection we can find

new instances of that classes merely by knowing its high-level description.

2.4 Stochastic Gradient Descent

Most of the machine learning problems involve the minimization of a cost function
based on some weight parameters (Q(w)) where the goal is to find the weight
parameter w which minimizes this function. The loss function associated for
a single training pair is the loss function that measures the deviation of the
predictions g from the target outputs y. The traning loss for the whole training
set is the average or sum of the individual losses associated with each training
example. A broad family of gradient descent methods are available for minimizing

a function by repeatedly updating weights using this step:

w=w-—nVQ(w) (2.1)
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Where 7 is the step size or learning rate. Gradient descents can find local
optimum of a function by taking small steps in the direction of its curve. In
Equation (2.1) as Q(w) is usually the sum or average of the loss over all data
points (Q(w) = M where n is the number of data points and @;(w) is the
loss function for data point ¢) for finding VQ(w) from the data we can outline

the derivation of Q;w for each data point ::
1 n

— § ; 2.2

VQ(w) n 2 VQi(w) (2.2)

Since the summation in Equation (2.2) can be very computationally prohibitively
expensive, another extreme approach would be to calculate the derivation based

on each data point and update the weights each time:
w=w—nVQ;(w) (2.3)

Between computing the true gradient and efficiency, a meaningful compromise is
done by Stochastic Gradient Descent(SGD) which tries to sample the derivations
of Q;(w) for a subset of datasets and update the weights accordingly.

2.4.1 Adam Optimizer

Adam (short for adaptive moment estimation) [42] is an extension to the stochastic
gradient descent, which tries to calculate adaptive learning rates per parameter
by considering the running averages of both gradients and the second moments of
the gradients. In Adam, the decaying averages of past and past squared gradients

are calculated as follows:
my = Primy_1 + (1 - 51)% (2'4)

vy = Bovy—1 + (1 — Ba)g; (2.5)

where m; and v; are the estimates of the first moment and the second moment
of the gradients, respectively. 5, and [, are the parameters of the optimization

algorithm and g; and g? are the first and second gradients at batch ¢. Furthermore,

13



to avoid biasing m; and v; towards zero, the following bias corrections to m; and

vy are proposed:

N my
- 2.6
T (26)
. Uy
S 2.7
R 21)
Accordingly, Adam procedure updates the parameters as follows:
_ n 5
0t+1 = Qt - my (28)

\/’ljt—FE

where 7 is the learning rate.

2.4.2 Backpropagation through time

As it can be seen in Section 2.4 training the neural networks consist of calculating
the derivation of cost function Q(w) and updating the weights accordingly. Since
neural networks usually have several layers and the output of the model is in the
last layer, we can not calculate the loss function for each layer in between since we
do not know what its output should be. To solve this problem a technique called
Backpropagation is used in which the loss is calculated in the last layer and then
propagates backwards to nodes of each layer. Similarly in RNNs which are used for
classification, the output at the last time step is known so the loss function is only
known in last time step. In this case a technique called Backpropagation through
time(BPTT) is used to propagate the derivation of loss function in the last time
step to update the weights of nodes in each time step. Conceptually, BPTT works
by unrolling the RNN (Figure 2.4), calculating the error and propagating it back

to the network.
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Chapter 3

Proposed Solution

In this section, we first explain the zero-shot learning formulation of the kinase
prediction problem. Next, we explain the general framework, the experimental set

up and the data sources that are used.

3.1 Problem setup

The local sequence surrounding the phosphorylation site is considered to encode
the most relavant information for the kinase binding. For each phosphosite, we
use the peptide of 15 residues centered at the phosphorylation site. We will refer
to this peptide sequence as the phosphosite sequence. The prediction task is
stated as follows: given the phosphosite sequence, x € X', predict the kinase that
mediates the phosyphorylation of this site, y € ). Here, X represents the space
of phosphosite sequences and ) is the set of all kinases. This is a multi-class
classification problem with many classes as there are many kinases. We assume
that the kinases, y, are related, but for some of the kinases, there is no identified
known phosphosites. We will refer the kinases with known phophosites in the
training as common kinases, Y;. C ) and those with no phoshosites information
as rare kinases, ), C ), these two class sets are disjoint Y;, NY;. = (). We assume

that we have the identities of the common and rare kinases. During the training
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we are given a dataset of kinase-phosphosite pairs, D = {(z;,v;),t ={1...N}},
where y; € ). Since during the training phase there are no positively labeled
data for the rare kinases, (y € V), it is not possible to directly use traditional
supervised methods that can recognize these kinases. Zero-shot learning addresses
this problem. In the next section, we detail this approach within the context of

related work and describe how DeepKinZero adapts this framework.

3.2 Zero-Shot Learning Model

The key to making predictions for classes with no training data is to transfer
knowledge obtained from seen classes, ), in the training to those classes that
are not seen, ),.. This learning transfer is rendered possible by knowing, for
each unseen class, the relationship with the seen classes. As exemplified by Yu et
al. [43], for an image classification system it is difficult to recognize an okabi when
there is no images of okabi in the training set. Yet, if the visual descriptions such
as — zebra-stripes, four legs, brown torso, a deer-like face — can be learned from
the training classes and if the system has side information that okabis bear these
attributes, it becomes possible for the algorithm to recognize an okabi with this
description even without any prior exposure. Similarly, even if we do not observe
any phosphosites that is associated with a rare kinase in training, the zero-shot
learning framework enables us to recognize a site of this kinase by resorting to
high-level descriptions of the kinases derived from its functional and sequence

characteristics.

In the attribute based zero-shot learning approaches [44], each class is repre-
sented as a vector whose entries mark the presence or absence of the attributes
in that class. These attributes form a multi-dimensional space that is shared
between the seen and unseen classes. To classify a class with no training instances,
the attributes are predicted by the classifier and by matching attribute vector
with the unseen class vector. The key idea here is to use relevant side information
in representing such classes so that the semantic relationship between classes is

established. Early work of zero-shot learning makes use of this attribute-based
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zero-shot learning [44], the recent approaches have shown that label embedding

(or class embedding) framework [45] is a more successful approach.

Following this formulation, we assume that each kinase, y € Y, can be repre-
sented in a multi-dimensional vector space learned from functional and sequence
information on kinases. Kinase embedding function, ¢(y), takes the kinase and
maps it to a kinase embedding vector (class vectors). If these kinase vectors are
learned correctly, “similar” kinases are close according to the Euclidean metric in
the embedded space. Following the recent work of [27,45-49|, we use a bi-linear
compatibility function, function F' : X x Y — R. F takes a phosphosite - ki-
nase pair, (z,y), returns a scalar value that is in proportion to the confidence of

associating the site, x, with kinase y:

Bz, y; W) = 0(z)"We(y) (3.1)

In the above equation, #(x) is d-dimensional vector representation of the 15
residue long peptide sequence centered on the phoshosite. We will refer to 6(x)
as site sequence embedding vector. ¢(y) is the m-dimensional kinase embedding
vector. W is a d x m matrix, that is to be learned in the training models. We also
followed the model presented in [28] and added embedding-specific linear terms to
our model. This can be handled by simply adding constant dimensions to both

the input embedding and the class embedding vector as follows:
Oc(x) = [0(x)"1]" (3.2)

de(y) = [o(y)"1]" (3.3)

where 0.(x) and ¢.(y) are the extended vectors of data embedding and class
embedding and similarly we add bias (b) and linear weights (w,, w,) to W to get
W, which is the extended weight matrix:

W, = [ W % ] (3.4)

wy, b
The new compatibility function is given below:
Fo(z,y) = 0(x) " Wo(y) +w, (z) +wy é(y) +b (3.5)
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Figure 3.1: Overview of the zero-shot learning approach. Both the phospho-
rylation sites and the kinases are represented with multi-dimensional vector spaces.
The phosphorylation site representations, 6(z) are based on protein sequence
embeddings from a deep learning model, amino acid physiochemical properties,
and Bidirectional Recurrent Neural Network (BRNN) trained on phosphoryla-
tion sites. The class representations, ¢(x) are based on three level classification
(superfamily, family and group information) of kinases, ProtVec representation
of kinase sequences, participation of kinases in the same pathways, and Enzyme
Commission classification of kinases. The function F'(z,y; W) is learned such
that the compatibility between site embedding 6(x) and class embeddings ¢(y) is
maximized. F'(x,y; W) is then used to recognize instances of unseen classes by
leveraging the classes embedding vectors.

which is equivalent to:

Fo(a,y) = 0e(x) ' Wee(y) (3.6)
Once the W, is learned, zero-shot model classifies the input phosphosite to the
kinase y by:
y* = argmax F(x,y; W) (3.7)
y
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3.3 Phosphosite Sequence Embeddings

We experimented with different phosphosite sequence embeddings, (f(x) in Equa-
tion (3.1)). The results obtained with each of these embeddings are discussed in
the Section 4.2, here, we will elaborate on how each of these representations is

obtained

3.3.1 Sequence as a one-hot encoded vector

One of the obvious strategies is to represent peptide sequences as one-hot vec-
tors. In this representation, each residue of a peptide sequence is coded with
a 21-dimensional vector with binary entries. An entry 1 is placed on the index
corresponding to a given amino acid type and the remaining entries are all zeroes.
20 of these positions code for each of the amino acids and one extra entry is to
code positions where the left part (or right part) for the phosphorylation site
corresponds to N-terminal (or the C-terminal) of the protein, thus the sequence
is shorter than 15. In this way, each phosphosite sequence is represented with a

15 x 21-length binary vector.

3.3.2 ProtVec

We employ unsupervised embedding models trained over protein sequences pro-
vided by ProtVec method [50]. Word embedding techniques, such as Word2Vec,
are useful tools in natural language processing that maps words to continuous
vector representations [51]. Inspired by this methods, Asgari and Mofrad proposed
ProtVec representations for protein sequences [50]. ProtVec provides a continuous
distributed representation for biological sequences. We used the pre-trained model
of ProtVec which is trained on Uniprot-SwissProt [52| dataset. ProtVec converts
each 3-mer in input sequence into a continuous vector of length 100. There are
13 3-mers in a peptide of 15 residues, thus, our ProtVec representations of each

sequence are 13 x 100.
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AA Charge Polarity Aromaticity Size Electronic Property
A Neutral Non-polar Neutral Small Strong Donor
R Positive  Polar Neutral Large Strong Acceptor
N  Neutral Polar Neutral Medium Strong Acceptor
D  Negative Polar Neutral Medium  Strong Donor
C  Neutral Polar Neutral Large Neutral
Q Neutral Polar Neutral Large Weak Acceptor
E  Negative Polar Neutral Large Strong Donor
G  Neutral Non-polar Neutral Small Neutral
H Positive Polar Aromatic Large Neutral
I Neutral Non-polar Aliphatic Large Weak Donor
L Neutral Non-polar Aliphatic Large Weak Donor
K  Positive  Polar Neutral Large Strong Acceptor
M  Neutral Non-polar Neutral Large Weak Acceptor
F  Neutral Non-polar Aromatic Large Weak Acceptor
P Neutral Non-polar Neutral Small Strong Donor
S Neutral Polar Neutral Small Neutral
T Neutral Polar Neutral Medium Weak Acceptor
W Neutral Non-polar Aromatic Large Neutral
Y  Neutral Polar Aromatic Large Weak Acceptor
V  Neutral Non-polar Aliphatic Large Weak Donor

Table 3.1: Classification of amino acids(AA) based on five different physiochemical
amino acid properties as in [3].

3.3.3 Physical and Chemical Characteristics of Amino
Acids

Next, we use a reduced alphabet for amino acids based on their physiochemical
properties. In other words, instead of its amino acid type, each sequence is repre-
sented by the residue properties. The properties we consider are charge, polarity,
aromaticity, size, and electronic-property of the residue. The categorization of
each amino acid into groups based on this five properties are given in Table 3.1.
To this end, we coded each sequence based on a property-based one-hot encoded
vector and concatenate all the property based vectors. We use this property based
vectors as input to the BRNN model (see Section 3.3.4) or concatenate them

together and used directly as site sequence embedding.
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3.3.4 Recurrent Neural Networks

To learn a deep representation of phosphosite sequences, we train a Bidirectional
Recurrent Neural Network (BRNN) [53] model over the phosphorylation sites
known to bind to the common kinases. As mentioned in Section 2.2.1 RNN’s
hidden state can store information as high-dimensional distributed representations.
We extract the [2 normalized output of the last layer of BRNN as the site
sequence embedding(f(x)). First, we use an embedding layer for learning a deep
representation of the input sequence vector when the input is not an embedding
itself. In this case, the embedding layer is followed by a BRNN layer. In cases,
where the input is already an embedded representation it is directly input into
one layer of the BRNN. BRNN contains 500 LSTM cells [33] on each direction
followed by a fully connected layer for classification (Figure 3.2). This number of
cells is chosen after proving to be the best compromise between memory usage

and performance accuracy on validation and training data.

In training, we minimize the cross entropy loss function using the Adam
optimizer [42]. We employ drop-out regularization with a 0.5 keep probability [54],
apply batch normalization [55] after embedding layer and layer normalization in

LSTM cells [56].

3.4 Kinase Embedding

We use a combination of three different class embedding methods: (i) protein
sequence embeddings generated using unsupervised models, and, (ii) kinase func-
tional taxonomies derived from different sources iii) pathway participation of
kinases. Finally, vectors obtained from different sources are concatenated to from
the final vector, ¢(y) in Equation (3.1). We experiment the utility of some of the
vectors here through computational experiments and drop some of them in the
final model, yet the Figure 3.3 summarizes the size of the final kinase vectors
when all the sources are used. Below, we give a detailed account of such sources

and the way they are deployed to arrive at these kinase embeddings.
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Figure 3.2: The structure of our BRNN model, the representation of the
phosphorylation site is feed into a BRNN layer which has 500 LSTM cells on each
direction, and after training, the 12-normalization of the output of this layer is
used as the representation of the phosphorylation site.

3.4.1 Kinase Taxonomies

There are many different classifications for Kinases. Here we use the classification
proposed by [2] which is a hybrid classification according to sequence similarity in
the kinase domain that uses additional information from domains outside of the
catalytic domain, evolutionary conservation, and from known functions. One can
see a representation of this classification in Figure 2.3. In this classification there
are 10 groups and 103 families. We convert this to a binary vector by representing
families, groups and individuals as one-hot represented vectors. In this formulation
if a kinase belongs to a family the representing bit in the vector shall be 1. By
also adding a binary one-hotted vector representing each individual kinase (we

have 364 kinases), in the end, we attain a binary vector with a size of 477.
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3.4.2 EC Classification of Kinases

As an alternative source of kinase categorization, we use the enzyme classification
provided by the ENZYME database [57|. According to this classification scheme,
kinases are grouped into 6 main categories based on their functions. The two largest
categories of kinases are the tyrosine-specific protein kinases and serine/threonine
kinases. The main categories are further divided into subcategories (as shown in
Figure 2.2 ). To capture this information, for each kinase, we encode a binary
vector with a size of 43, wherein 43 represents the total number of categories and

subcategories.

3.4.3 Kinase2Vec

As kinases can be related through their kinase domain sequences, we use a ProtVec
representation of kinase domain sequences just as we do for the input phosphosite
sequence (see Section 3.3.2). Since ProtVec vector legths are defined by the
number of 3-mers in the sequence and since for each kinase, the kinase domains
can be of different lengths, we average the ProtVec vectors generated for each

3-mer amino acids into one vector whose size is 100.

3.4.4 KEGG Pathway

To capture the relatedness of kinases in the biological functional space, we create
kinase vectors based on the pathways in which the kinases participate. Cumu-
latively, there are a 190 KEGG pathways in which at least one of the kinases
participate. Each kinase vector is coded as a 190 element binary vector based on

its participation in each of the cellular pathways.
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Figure 3.3: The one-hot encoding representation of the class embeddings.
Vectors from different sources are concatenated to form the class embedding vector.
The numbers in the parenthesis state the size of the vectors culled from each data
source. The number 810 is the total size of the class embedding vector.

3.5 Data Sets

The dataset of the experimentally identified kinases- phosyphorylation sites pairs,
the phosphorylation site sequences and family information on kinases are obtained
from PhosphositePlus [58] (downloaded in March 2018). The dataset include
information on the experimentally identified 13,426 phosyphorylation sites and
their cognate human kinases. There are 364 kinases used in our experiments.
Kinase group and family membership is obtained from [2| (downloaded in April
2018). The pathways information is obtained from KEGG database [59-61]
(downloaded on April 2018). Enzyme Comission classifications of the kinases are
from ENZYME database [1|(downloaded in June 2018).
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Chapter 4

Results

In this section, we present the experimental tests of our approach, present relevant
findings and discuss the results. First, we explain our experimental setup which
we use throughout our experiments, then we compare different methods targeted
towards the supervised classification of frequent kinases and finally we present

zero-shot learning results.

4.1 Supervised classification

Before presenting our zero-shot learning results, we present the results on super-
vised set to demonstrate the level of difficulty of the multi-class classification
problem. We compare our BRNN model with classical classification techniques.
We use support vector machine, logistic regression and k-NN. To this end, we
report micro- and macro-averaged accuracies, which are calculated for a 3-fold
cross validation over the training set (train set in Figure 4.1). We report the
micro and macro-accuracies for each model in Table 4.1. 5% of the common
kinases dataset (the training set in ZSL model) is set aside for validation set for
the supervised setting. We perform 3-fold cross-validation to train the models.
Each model is trained on the supervised training-set. For logistic regression,

11-regularization is applied , for SVM, a linear kernel is used and the selected k for
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Model Micro-Accuracy | Macro-Accuracy
Random guess 0.45 0.45
Most frequent class 1.92 0.67
Logistic regression (11) 22.69 6.35
SVM 21.80 2.21
KNN 20.84 2.95
BRNN 23.73 8.97

Table 4.1: The micro- and macro-average accuracies of common classes
with different classifiers. The one-hot representation is used for representing
phosphorylation site sequences as vectors.

Train Set Validation Set Test Set
BLK (6) CDK11 (5) CAMLCK (1)
ARAF (6) CK2B (5) CHAK2 (1)
PKCA (645) VEGFRL1 (5) CSFR (4)
CK2A1 (651) WEEL1 (5) MARK (4)
PKACA (867) ZAK (5) LOK (4)
[6,867] [5] [1,4]

Phosphorylation Site Counts

Figure 4.1: For the zero-shot learning model, the kinases are partitioned
into train/validation and test settings based on the number of sites that
they target (shown in the parenthesis). Kinases with 1 to 4 phosphorylation
sites are used as test instances, those with 5 for validation set and kinases with
equal or more than 6 phosphorylation sites are used for training the models.

k-NN is 70. These hyper-parameters are tuned on the supervised set validation
data. A major hurdle in this task is the presence of 218 classes, only a fraction of
which possess enough positively labeled instances. The results demonstrate the

inherent challenges of multi-class classification.
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4.2 Zero-Shot Learning Results

We train and evaluate our models on the experimentally validated kinase-
phosphosite associations obtained from PhosphoSite database. Following the
evaluation protocol suggested in [46], we split the data into training, validation
and test data based on classes and how many sites are associated with each of
these classes. Kinases with more than 5 sites are considered as training classes.
The BRNN model and zero-shot learning models are trained on this set, which
contains 12.999 phosphorylation sites associated with a total of 218 kinases. The
validation set includes the kinase-phosphosite associations of kinases for which
there were 5 phosphorylation sites. The validation set includes 95 phosphorylation
sites interacting with 19 kinases. The remaining kinases with less than 5 positively
labeled examples constitute the test classes. The test data includes 297 phospho-
rylation sites that belongs to 127 classes. For tuning BRNN hyper-parameters
we also split the training data of common kinases into two sets; we use 5% of

phosphorylation sites in this set as validation set.

In this section, we report the model performance of DeepKinZero. In these
experiments the models are trained on the train clases (common kinases), hyper-
parameters are tuned using accuracy over the validation classes and performance
is assessed on test classes (rare kinases). To assess the overall performance we use
hit@k accuracy. This metric evaluates accuracy considering the top k predicted
classes. If the true class is within the top-k predicted classes, it is considered a
true positive prediction. We report results pertaining to k=1,3 and 5. For the
zero-shot learning model we initialize the W matrix randomly from a uniform

distribution and train the model using Adam optimizer [42].

The representation of the input site sequence and the kinase classes is critical
in the models performance. To thoroughly asses the efficacy of using different
embeddings, DeepKinZero is trained with three different input representations:
One-Hot, Amino Acid Properties (AA Prop) and ProtVec with and without using
BRNN. When a BRNN is employed, the BRNN is trained with the specified site
sequence embeddings and the final layer of the BRNN is used as the final sequence

embedding and input to the zero shot classifier.
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Figure 4.2: Performance comparison of the models with different rep-
resentation of the site sequence embedding with and without using a
BRNN. Performance is measured by having a hit in the top 1, top 3 and top 5
predicted kinase classes. Classifiers are trained with three different representations
of the input sequence (site sequence embeddings): One-Hot, Amino Acid Proper-
ties (AA Prop) and ProtVec. When a BRNN is employed, the BRNN is trained
with the specified site sequence embedding and the final layer of the BRNN is
used as the final sequence embedding and input to zero shot classifier. The red
bar indicates the performance improvement when a BRNN is used.

Figure 4.2 summarizes the results of using different site sequence embeddings.
In these experiment the kinase embeddings is the best possible combination of the
four kinase sources as detailed below. As shown in Figure 4.2, the site sequence
embeddings obtained using a BRNN coupled with ProtVec vectors perform best
with respect to almost all hit@k metrics. The model without BRNN embeddings
that uses One-Hot sequence embedding as input, only predicts the right class
as the top prediction in 13.46% of the test cases while the model with BRNN
and ProtVec site embeddings predict the right class with 21.54% accuracy. As
there are 127 test classes, the random guess will achieve only 0.78 % accuracy.
Additionally, we observe that regardless of the input to the model, the use of
BRNN model significantly improves the hit@1 accuracies. This observation also
holds for the hit@3 and hit@5. We also observe that using ProtVec representation
yields better results compared to the One-hot and AA Prop encodings regardless
of their being coupled with BRNN or not, in all metrics except for the case of
hit@5. We also inspect the value of using BRNN embeddings visually using t-SNE
maps [62|. Figure 4.3 shows that the BRNN can separate the examples in the
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ProtVec without BRNN ProtVec with BRNN

Figure 4.3: TSNE visualization of the generated embedding with and
without BRNN on ProtVec phosphorylation site representation. The
colors show different kinase groups, as you can see BRNN learned to represent the
data in a way that fairly separates the groups while it is only trained on individual
kinases

case of kinase groups better than the ProtVec representations, hinting that that

it successfully captures additional critical information about kinases.

Next, we evaluate different sources for class embeddings. Table 4.2, in these
results we used the best site sequence embedding technique (BRNN trained on
ProtVec) and compare different combinations of class embedding features with
each other. The first row shows the accuracies attained using a simple random
guess. The next row is the zero-shot learning model when no kinase embeddings
are used, here we simply input one-hot vector of kinases as kinase embeddings.
As shown in the table, the performance of this model is even worse than random
guess. The next 4 rows in the table, show the results of the models trained
with kinase embedding vectors of individual data sources Thus they portray the
strength of each source in isolation of others. Among the four possible kinase
embeddings, the family hierarchy (see Section 3.4.1) of kinases contribute the
most to the accuracy of the model which gets a 18.51% accuracy when used as
the sole auxiliary information on kinases. As this hierarchy reflects the functional
and sequence similarities of the kinases, it is expected that they carry valuable
information about kinase similarities. When used in isolation of other sources, EC

classification is found to be the least valuable source.
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Figure 4.4: The visualization of Zero Shot learning weight (W) when the one-hot
sequence directly fed to ZSL model.

Combining family hierarchy with one of the other class embeddings improves
the model’s ability and increases its accuracy. The model achieves 18.51% hit@1
accuracy by combining family hierarchy with EC classification and 19.19% with
Kin2Vec. Furthermore, combining family hierarchy with EC classification or
Kin2Vec vectors increases hit@5 accuracy from 32.99% to 33.33% and 36.02%
respectively. Overall, the best accuracy is achieved by using Hierarchy, EC
classification and Kinase2Vec vectors which achieves 21.54% on hit@1 accuracy,
31.98% on hit@3 and 34.68% on hit @5. Adding Pathway vectors into this
combination degrades the accuracy significantly, although the using of pathways
alone is the second best ( fifth row) when used individually as an embedding. We

suspect that this could be a manifestation of increased dimensionality.

We further inspect the learned weights to gain more quantitative insight into
the models” mode of action. Figure 4.4.a shows the sum of weights assigned to

each position in the input sequence. We analyze the weights for each of the class
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embeddings. The center residue emerges as the most important residue, thus the
model correctly learns to assign more weight to the center, where the phosphosite
is located at. We also show the weights assigned to different amino acid types
in each group of kinases. The weights assigned to different type of amino acids
align well with the biological knowledge of the kinases. For example, the TK
family which exclusively works on thyrosine residue (Y) puts a very large weight
on tyrosine while other families do not. Similarly, the groups which work on
threonine(T) and serine(S) are rightly assigned a large weight in that position
and others have S as the most weighted amino acid. Only for the PKL group,
incorrect amino acid type receives the higher weight. this is because there only
3 sites belonging to kinases in these groups and all of them are in the test set.
Thus, the algorithm did not observe enough data for this group and did not learn
very well how to handle this group. In this case the model relies on other sources

of kinase embedding to handle these kinases.
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Chapter 5

Conclusion and Future Work

Deep learning has been successful in a wide range of machine learning tasks [63-66].
There has also been several successful applications of deep learning to compu-
tational biology tasks [16,66-68|. Among these, MusiteDeep [16] demonstrates
that a deep learning-based approach for recognizing phosphorylation sites exhibit
significant performance improvements over the conventional feature engineering-
based machine learning models. In this thesis, we present DeepKinZero as a
novel method for kinase-specific phosphorylation site predictions that makes use
of deep representations of the kinase and phosphosite sequences in a Zero-Shot
learning framework. DeepKinZero, unlike conventional supervised methods can
offer predictions for kinases which do not have any known phosphosites or have

very few known phosphosites.

The zero-shot learning framework transfers knowledge from common kinases to
rare kinases and this way it renders the predictions for classes that were never
observed in the training phase possible. The ability to transfer learning between
classes is based on the ability to learn a good class embedding function. To
this end, we represent kinase classes, as multi-dimensional vectors. These kinase
vectors define the characteristics of the kinases and is derived from auxiliary
information on kinases, such as taxonomies of kinases or deep representation of

their kinase domain sequences (as detailed in Section 3.4). In this work we also
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explore various kinase representations as vectors and evaluate the contribution of
each one to the model’s accuracy. In future work, we will also explore the utility of
using other class embeddings such as kinase cellular localizations or Gene Ontology
annotations [69]. Similarly, we evaluate different phosphosite embeddings, and
our computational experiments show that using BRNN with ProtVec vectors
significantly improves the performance compared to the other methods. As a
follow-up study, vectors generated by methods like PhosContext2vec [70]| can be

explored for use in phosphosite or kinase embeddings.

DeepKinZero complements the other kinase classification methods that focus
on the kinases with abundant site information. DeepKinZero can be used as a
second predictor on more challenging sites for which the current methods fail to
assign a kinase with confidence. Additionally, DeepKinZero can also be used to

transfer knowledge across species.

The work can be further extended in different dimensions. The zero-shot
learning assumes that the testing instances are only classified into the candidate
unseen classes, we too assume that the candidate classes at the time of testing
all belong to the rare kinases. The generalized zero-shot learning is a more open
setting where all the classes (seen and unseen) are available as candidates for the
classifier at the testing phase [71]. This is a much harder problem because not
only number of classes increases during testing, but also the classifier tends to
classify objects to classes it had never been exposed to before in training. This
problem needs more specific methods and careful tuning. In future work, we plan

to extend this framework to this generalized setting.
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