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ABSTRACT OF THESIS

LARGE MARGIN KERNEL METHODS EOR CALMODULIN BINDING
PREDICTION

Protein-protein interactions are involved in nearly all molecular processes of organ-
isms. However direct laboratory techniques for identifying binding partners remain ex-
pensive and difficult at the proteome scale. In this work, kernel methods for predicting
calmodulin binding partners and calmodulin binding sites are presented. Furthermore,
we compare binary and structural support vector machines with multiple kernels defined

over protein sequences.
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Chapter 1

Introduction

1.1 Protein-Protein Interactions

Protein-protein interactions (PPIs) are central to nearly all cellular processes. While se-
quencing technologies have advanced, methods for identifying protein function remain
expensive and arduous. Identifying interaction partners is key to annotating proteins, as
proteins which interact must be co-located within cells and are likely to be involved in
similar biological processes [1].

Recent high-throughput experiments that identify interaction partners have led to
advances in reconstructing the interactomes of several model organisms [2]. However,
information on binding site location remains scarce. The need to address this gap has led
to the development of a variety of methods for identifying interaction sites (see [3] for a
review). The majority of binding site prediction methods use structural information on
surface residues to predict the likelihood that they belong to a protein-protein interface.
Yet, due to the lack of available structural models for most proteins, the applicability of
these methods is limited. Therefore it is of interest to develop prediction methods that
use features inferred from sequence alone, and the work of Ofran and Rost [4] suggests
that it is indeed possible.

The work mentioned above focused on predicting binding sites without reference to

the targets of those sites. A more directed approach is to predict binding sites of specific



proteins. However, the paucity of binding site data for individual targets has hampered

this effort.

1.2 Calmodulin

Calmodulin is one case where such an approach is currently possible. Because calmod-
ulin is highly conserved across species [5], it is possible to leverage information from

different organisms.

BOVIN MADQLTEEQIAEFKEAFSLFDKDGDGTITTKELGTVMR! 38
DROME MADQLTEEQIAEFKEAFSLFDKDGDGTITTKELGTVMR 38
HUMAN MADQLTEEQIAEFKEAFSLFDKDGDGTITTKELGTVMR 38
MOUSE MADQLTEEQIAEFKEAFSLFDKDGDGfITTKELGTVMR 38
MATIZE MADQLTgJjEQIAEFKEAFSLFDKDGDGglTTKELGTVMR 38
PLAFA MADiaLTEEQlSF'FKEAFSLFDKDGDGT ITTKELGTVMR 38
BOVIN SI.GQNPTEAELQDMINEVDADGNGTIDFPEFLT 76
DROME SLGQNPTEAELQDMINEVDADGNGTIDFPEFLT 76
HUMAN SLGQONPTEAELQDMINEVDADGNGTIDFPEFLT 76
MOUSE SLGQNPTEAELQDMINEVDADGNGTIDFPEFLT 76
MAIZE SLGQNPTEAELQDMINEVDADGNGTIDFPEOL 76
PLAFA SLGQONPTEAELQDMINEf1DiiDGNGTIDFPEFL 76
BOVIN LRHV 114
DROME LRHV 114
HUMAN LRHV 114
MOUSE LRHV 114
MAIZE LRHV 114
PLAFA LRHV 114
BOVIN 149

DROME 149

HUMAN 149

MOUSE 149

MAIZE 149

PLAFA 149

Figure 1.1: Alignment of five eukaryotic calmodulin sequences.
For instance, the multiple sequence alignment of calmodulin sequences, performed
using CLUSTAL W]6], from cow (BOVIN), fruit fly (DROME), human, mouse, com
(MAIZE), and the malaria parasite (PLAFA) is shown in Figure 1.1 and pair-wise se-

quence similarity and identity is presented in Table 1.1. This high degree of sequence



conservation is rare, given the diversity across these species. And hence, it is likely that
interaction partners of calmodulin share a common evolutionary pattern within their
binding sites.

Table 1.1: Sequence similarity and identity among S eukaryotic calmodulin sequences.
Sequenee identity is the percentage of positions that have eomplete eonservation. Se-

quenee similarity is computed using substitution rates of amino acids to calculate scores
for each position.

s < 0oy

o ° B o < 5

@Q Q K S S 51
BOVIN - 99.3 100.0 100.0 95.9 95.9
DROME  97.9 993 993 959 959
HUMAN 100.0 97.9 100.0 95.9 95.9 %
MOUSE 100.0 97.9 100.0 95.9 95.9
MAIZE 90.6 90.6 90.6 90.6 94.6
PLATA 89.2 879 89.2 89.2 86.5

% identity

Calmodulin, a name derived from calcium modulation, plays a critical role in many
biological processes [7]. It is one of a handful of calcium binding proteins that serves
a central role in signal transduction: the process of broadeasting an initial signal, in a
variety of forms, throughout a cell [8]. Also, calmodulin interacts with a wide variety of
proteins in both the presence and absence of calcium [9].

The ability of calmodulin to interact with proteins sharing little functional and se-
quence similarity has been attributed to its dynamical structure [12]. Figure 1.2 shows
three different structural forms of calmodulin. On the left is calmodulin in its native
form without calcium [13] and on the right, the structure of calmodulin upon binding
four calcium ions [14]. The image in the middle shows calmodulin, colored green, in
complex with a myosin light chain kinase fragment, shown in light blue [15]. Most

calmodulin binding sites share two key properties: they are eontiguous in sequence and



MLCK/calcium-bound

calcium-free calcium-bound

Figure 1.2: Structural dynamics of calmodulin. (PDB IDs: IDMO, 2BBM, 3CLN [10],
image rendered using PyMOL [11])

tend to form alpha-helices [16]-factors that will prove useful in predicting interaction

sites.

1.3 Calmodulin Binding Prediction

The problem of predicting calmodulin binding sites is an instance of the label-sequence
learning problem [17]. Given a protein sequence x = {xi x.2,... we want to as-
sociate with it a sequence of labels y = {yi,y., mam yn) where yi, indicates whether
position i is part of a binding site. A standard approach for solving this problem is
the sliding window method [17] which reduces the problem to a two-class classifica-
tion problem by considering the problem at the amino acid level. Each position in the
sequence is predicted to either belong to a binding site or not, independently of its neigh-
bors. At this level one can apply standard classifiers that use features computed on the
basis of a fixed-length window of amino acids. This is the approach taken in Radivojac

et al. [18], and is the strategy of our binary SVM method.



The second approach presented in this work for calmodulin binding site prediction
utilizes the novel methodology of structured outputs learning [19]. Whereas traditional
classification methods predict a single discrete class label for a given input, structured
outputs methods are able to predict more complex objects and have been applied to a
variety of problems such as hierarchical classification [20, 21], natural language pars-
ing [21], and disulfide bridge prediction [22],

It is also worth mentioning methods that predict binding at the level of conserved do-
mains or motifs [23]: methods which aim to explain an observed network of interactions
in terms of interactions between these features. Such methods, while using global infor-
mation on the interaction network, ignore properties of the individual proteins, and only
provide a coarse-grained prediction of the binding site location. The proposed methods
in this work are much more specific-by training a classifier on examples of interaction
partners for a specific protein (calmodulin), it is possible to capture properties of the
binding sites.

The rest of this thesis is organized in the following format. Chapter 2 provides the
formulations of the binary and structural support vector machine. Chapter 3 details
the experiments on calmodulin binding prediction used in this work and illustrates ex-
ploratory data analysis over a variety of amino acid features. Results and performance
comparisons of the two approaches are explained in Chapter 4 along with a discussion

of future work and a summary of this thesis.



Chapter 2

Background

This chapter describes the classifiers used in this work. Section 2.1 reviews the concepts
of linear classifiers and then details the formulation of the binary support vector ma-
chine. Section 2.2 provides insight into the learning framework for structured outputs
and reviews the eoncept of the struetural support vector machine. Finally, Section 2.3

defines the notion of kernel funetions and their role within large-margin classifiers.

2.1 Support Vector Machines

A linear discriminant classifier aims to find a separating hyperplane between two classes.

Given data {xj, Xj e e {1,-1}, the objective is to learn a function f,
where

/(w,9(x) = w'*x-f 6 2.1
such that the sign of /(w,0(x,) is positive for vi = 1 and negative for y* = —1. The

selection of labels, G {—1, 1}, allows this to be expressed as

{y,(W'AX, + b) > . 2.2)

Figure 2.1 shows a 2-dimensional toy dataset and 3 separating hyperplanes. It is un-

likely that the discriminant functions defined by (wi, »i) and ("Wa, 63) would generalize



Figure 2.1: Separating hyperplanes for linearly separable data.

well to unseen data as their associated decision boundaries, defined as

wfx + =0, 2.3)

lie in close proximity to data examples. As it is often the case that data is limited and
noisy, one would prefer to choose the classifier determined by {w"'b-s) as it is more
likely to predict correctly on a novel sample since there is a larger distance between
the separating hyperplane and data points. Training data often represent a small sample
with respect to the underlying prediction problem, and thus for a classifier to generalize,
or predict accurately on unseen data, it is more useful for a classifier to learn a decision
boundary that provides the largest separation between classes [24].

This notion of a large separation between classes is the underlying principle for
max-margin classifiers, namely support vector machines (SVMs) [24, 25]. The margin
is defined as the shortest perpendicular distance from the hyperplane to a data point
and SVMs learn the optimal hyperplane: the separating hyperplane that maximizes the

margin. Observing that w is orthogonal to any point on the separating hyperplane and



noting that any data point, x, can be written as a sum of its orthogonal projection onto

w
w, plus some distance, 7x, in the direction of it follows that [26]
w

IW'AX + 6] r/j(w'rx + 6)
7x = 2.4)
Jwl| [[wl]

Maximizing Equation (2.4) subject to the constraints defined in Equation (2.2) is not
well-defined as there are infinitely many solutions. To see this, note that w is orthogonal
to the decision boundary. Thus an arbitrary rescaling of w can be offset with a corre-
sponding 2 To overcome this, it is necessary to either require w to be a unit vector or fix
the location of the margin boundaries [27]. Eor this thesis, the focus will be on the latter
as the derivation provides a straightforward geometric interpretation and relates well to
the structural support vector machine described in Section 2.2.

In order to fix the margin location, the constraints of Equation (2.2) are replaced by
{y,(W'-"Xi + 6) > ) (2.5)

which implicitly rescale w and 5. As a result of these reformulated constraints, the
margin is now defined as the distance between the hyperplanes w”x + 5 = +1. And
referring to Equation (2.4), it is trivial to see that this distance is ”‘i I Thus to maximize
the margin, the norm of w must be minimized. Eormally, this can be expressed as the
following quadratic optimization problem

minize ilw It 2.6)

subject to {yj(w"Xi + ) >
This relationship between ||w|| and the margin is illustrated in Eigure 2.2 where the
2-dimensional toy dataset is revisited. It is worthwhile to note that there may be only a
few data points that lie on the margin boundaries. These points that satisfy the equality
constraints of Equation (2.5) are named the “support vectors” and their significance will

be explored later.



Figure 2.2: Max-margin principle illustrated on the 2-D toy dataset.

The assumption of linear separability between classes is most often infeasible for
real-world prediction problems. Thus it is advantageous to allow a subset of the training
data to fall within the margin boundaries (margin violations) or even be misclassified.
To provide such tolerance, the notion of slack variables is introduced [28]. For each
training example Xj, an associated is assigned where

0 ifr/jow Xj+ fo > 1 2.7

Vi —(W" X;-h 51 otherwise. '
Thus for ~ G (0,1], the slack represents a margin violation and for * > 1, a mis-
classification. To account for the slack variables, the optimization problem defined in

Equation (2.6) is modified to introduce a penalty term over all accrued violations. The

new optimization problem, referred to as the soft-margin formulation, is defined as [28]

N
mhimfe - Tw 12

W 2 i (2.8)
subject to  {y.;(w"Xi -f6) > 1 - ,

where C is a positive constant that specifies the amount slack penalty. Hence as C in-

creases, training error decreases at a cost of reducing the size of the margin. To illustrate



this concept, consider the data in Figure 2.3. As the dashed line indicates, the data is
linearly separable. However, we may opt to accept a penalty with respect to and

in order to obtain a larger margin.

Figure 2.3: Introducing slack variables to form the soft margin SVM.

2.2 Structural Support Vector Machines

Unlike binary prediction problems, structured outputs methods consist of classifica-
tion problems where the responses are complex objects, such as graphs, trees, and se-

quences [19, 29|. Formally, structured outputs classifiers learn a function
2.9)

where 3”can represent a complex output space, consisting of interrelated components.
While it may be possible to train classifiers for each element in the structured outputs

space individually, such a method would unlikely capture any relationships among the

10



components of the label. Structural support vector machines (SSVMs) are a natural
extension of SVMs that provide a large-margin solution for learning in structured output
spaces.

The first step in extending SVMs into predieting structured outputs is to replace the

linear discriminant in Equation (2.1) with a linear compatibility function defined as

F(x,y) = w"'(Xx,y) (2.10)

where * (x, y) is the joint feature representation of x and y. While the definition of the

joint feature vectors are problem-specific, representations in this work are of the form

/ VAi(x) \
V2(x)
A(X,) .10

VAlylW/
sueh that each ipi extract features from x that are predictive for the element of y.

Finally, to infer a label for a given input pattern, x, we select the output that is most

compatible with it, namely

/(x) = argmaxF(x,y). (2.12
yey
The next step in formulating SSVMs is the definition of the margin. This is ac-

complished by measuring the distance between the joint feature representations of the
eorrect output with the highest-ranked incorrect output for a given training example. As
shown in Figure 2.4, the distance ean be defined as
7x = F(x,y)- max F(x,y,). (2.13)
yi6:iMy
Figure 2.4 depicts a hypothetical, 2-dimensional joint feature space for a single in-

put pattern. Unlike the SVM, the geometric interpretation of the SSVM hyperplane.

1



Figure 2.4: Hypothetical, 2-dimensional joint feature space where each point corre-
sponds to the compatibility value of a possible label for a single input pattern, y repre-
sents the most compatible, incorrect label for the input.

wAr'T'(x,y) = 0, is not significant. The compatibility function defined in Equa-
tion (2.10) merely serves a ranking mechanism for the output space.

As in the case of the SVM, the SSVM margin boundaries are fixed at £1 to prevent
arbitrary rescaling of w, and slack variables are introduced, leading to the following

optimization problem

o % o o 1 ,,2 C n
minimize - |fw]|]|
w6 - (2.14)
subjectto {w”57',(y) > 1- Vy G3*\yi}r"»,
where
= MXLYy?) - M (X,,Y). (2.15)

and C again is a positive constant assigning penalty to margin violations. Each con-
straint of Equation (2.14), w”5**j(y) > 1— Vy G 3"\ yi, ensures that for the input
pattern Xj, the distances between every incorrect label y and the actual label, yj, is as

large as possible within the space defined by the joint feature representation,

12



A standard method of measuring the closeness of a prediction y with respect to the
actual label is the use of loss functions 21}, A :3"x ~ R>o, where A(y]j, y") = O.
In addition, as the similarity between the predictions and the actual label decreases, the

loss function should increase accordingly. For structured outputs, the 0/1 loss,

Ao/ily.yi) = ‘i Otherwise (2:16)

is too strict, as a predicted label that differs from the actual label by only a few com-
ponents will have the same loss of a label that has no correct components. As with
joint feature representations, loss functions for structured outputs are problem-specific.
However, loss functions for label sequence learning are often variations of the hamming
distance, defined as the number of non-matching components between the actual and
predicted labels [30].

Two separate modifications to the constraints of Equation (2.14) were proposed to
incorporate the loss between output labels [21]. The first involves rescaling the margin

required for each y G}V,
wrOT(y) > A(y,yj) -  Vy G3\yij"7, (2.17)

and the other rescales the amount of slack,

VA
WAGNI(Y) > 1- .. 2 yVyG3A\yi (2.18)
A(y,yi)

Figure 2.5 illustrates the differences between these two approaches. The idea be-
hind margin rescaling is that it may be beneficial to the overall optimization problem
to reduce the margin for outputs that are similar to the correct label. As shown in
Figure 2.5(a), this corresponds to “sliding” the standard hinge loss horizontally with
respect to the loss. For slack rescaling, the motivation surrounds the belief that a margin
violation of an output that is very different from the correct label should be penalized
according to the amount of loss incurred by that output. Referring to Figure 2.5(b), this

can be perceived geometrically as adjusting the angle of the hinge.

13



Regardless of rescaling, a central problem of SSVMs is the computation of the
argniax function that appears in Equation (2.12). As the size of the output space, |3,
can be exponential, it is necessary to either constrain the output space to be of poly-
nomial cardinality or derive a polynomial-time algorithm for computing the argmax.
Furthermore, cutting plane algorithms have been derived for SSVMs that iteratively add
constraints until the desired precision is reached [31]. As it is expected that only a few
constraints will be sufficiently violated, these algorithms select the most violated con-
straint (the most compatible, incorrect output label) for each training example and then

perform optimization over this smaller set.

2.3 Dual Formulations and Kernel Functions

It is standard practice to employ the method of Lagrange multipliers to the optimization
problems of Equations (2.8) and (2.14) and solve in the dual [32]. For the binary SVM,

the Lagrangian is defined as

N
1
Lsvw(w,a,6) = - |[W||* - y*ai{y,{w"yi + ) - 1). (2.19)
1=l

14



By differentiating Lsvm with respect to w and setting it equal to zero, it follows that

N
w = yrailViXi. (2.20)

i=1
Similarly for the SSVM, w is of the form

N
(2.21)
i=i yey
The a’s correspond to the Lagrange multipliers and are only non-zero for active
constraints. Those data points in the feature space with non-zero values are the support
vectors and lie on the margin. Thus the solution to the dual formulation may lead to a
sparse collection of the training examples. In this dual form of -w, feature vectors for
both the SVM and SSVM now appear only as inner products. For instance, substituting
into the SVM discriminant, we have

l«(x) = X (2.22)

1=1

and for the compatibility function of the SSVM,

N

Fei{y) = 2" «Gy)On = (y)'" ' M (x,y). (2.23)
j=i yev
The inner products of Equations (2.22) and (2.23) can now be replaced with kernel

functions defined as £{x, x') for binary SVMs and fc((x,y), (x',y')) for SSVMs, such
that
fe(x,x") = (0(x),0(x")) (2.24)
and
fe((x,y),(x",y") = ((T'(x,y)),(""(x",y")). (2.25)

In other words we can replace the occurrence of the inner product for the original
feature vectors with a kernel function, 4, so long as & defines an inner product in some

feature space defined by the mappings < and

15



A trivial case is the linear kernel, namely

kiineari™,"') = (X, X'") (2.26)

where in this ease, is the identity mapping.
A useful property of kernels is that their sum is a kernel as well. If (pi and (p2 are
the explicit mappings for kernels 4i and /2, respectively, it is straight-forward to verify

that ki + "2 is kernel by concatenating the feature veetors,

Axx, x") = fei(x, x') + k2{x, x')
(2.27)

> 2. > 2(X)_

Other properties exist for construeting kernels, sueh as kernel products, linear combina-
tions, and nonlinear mappings such as the polynomial and the Gaussian kernels [33].

Finally, it is important to note that while the SVM optimization problem described
in Equation (2.8) is convex, standard optimization algorithms rely on decomposing the
problem into a working set and iteratively optimize over these smaller sets. In the ex-
treme case. Sequential Minimal Optimization (SMO) works with pairs of training ex-
amples [34]. Popular SVM implementations such as LIBSVM [35] and [36]
are variations of SMO that mostly differ in the manner they ehoose the members of the

working sets.

16



Chapter 3

Methods

In this chapter, the details of the experimental set-up for calmodulin-binding prediction
at the amino acid and protein levels is presented. Section 3.1 provides an overall picture
of the prediction problems and describes the corresponding datasets. In Section 3.2, the
sliding window SVM is defined and Section 3.3 details the definition of the SSVMs.
Section 3.4 define the kernels for protein sequences used by both binary and SSVM
classifiers. Finally, Section 3.5 explains the methods of assessing classifier performance

each prediction problem.

3.1 Experiments

The first prediction problem we address is the identification of calmodulin binding sites
within known calmodulin binders. Here prediction is at the amino acid level and classifi-
cation involves identifying which amino acids in a protein are likely involved in the inter-
action. The Calmodulin Target Database provides a central data repository for calmod-
ulin binding sites, containing data for nearly 200 proteins from a variety of species [37].
From this database, a non-redundant dataset of 153 proteins containing 185 binding
sites was provided by Radivojac et al. [18]. This dataset was constructed such that no
two proteins share more than 40% sequence identity and no two binding sites, more

than 50% identity. This non-redundancy is to prevent bias in assessing classifier per-

17



formance, as a classifier trained over a subset of protein sequences would likely predict
well on another subset containing proteins with similar sequences and thus, would not
provide useful insight on the classifier’s generalization capabilities.

The other problem addressed in this work is the identification of proteins that inter-
act with calmodulin. This prediction problem is at the protein level and classification
addresses the binary response of whether a protein has the potential to interact with
calmodulin. In addition to the data with known binding sites, a dataset containing 241
known calmodulin binding proteins from Ambidopsis was constructed from the work of
Popescu et al. [38]. While these proteins have no associated binding site information,

this dataset will be used to evaluate the performance of the classifiers at the protein level.

3.2 Sliding Window SVM Classifiers

k k

megqr gsnssisl gngtevatdussciyvpnps
zji]

Figure 3.1; Sliding window method of capturing neighboring amino acid features.

Calmodulin binding sites are contiguous in sequence [16], suggesting the applica-
bility of sliding window classifiers. Given a protein sequence, x, the event of binding at
amino acid x/i| is represented as a window of half-length £, that incorporates neighbor-
ing amino acid features consisting of x/i —k 4 V\,x[/i —A:]...., x[i + k/. This concept
is illustrated in Figure 3.1 where features for predicting the occurrence of a binding site
at x/i\, represented as the shaded “S” in the figure, are generated by incorporating the

highlighted substring GORGSNSSLSSGNGTEVATDV. Creating features for subsequent

18



amino acids can be viewed as sliding this fixed-sized window across the entire protein
sequence. For amino acids that lie at the beginning and end of the sequence, the win-
dow is collapsed. For instance, the window associated with the first amino acid will only
consist of the amino acids up to position & in the sequence and the last amino acid will
produce a window of amino acids containing x/n —k + [/, x/n —k],...,x/n], where n
is the length of the sequence.

For this work, we choose SVMs as the classifiers used in conjunction with sliding
windows. Furthermore, as shown in Figure 3.2, the distribution of binding site lengths
suggest a window half-length of fc = 10, as the average binding site length is 21. The bi-
nary SVM is trained over features obtained from the actual binding sites (positive class)
and a subset of all sliding window features for non-interacting amino acids (negative
class). As features of two neighboring amino acids share all but one amino acid in their
associated windows, the set of negative examples used in this work consists of windows
corresponding to every 10'* amino acid that does not overlap an interaction site. And
using a window half length of /c = 10, each non-binding amino acid is present in at most
3 windows.

Finally, implementation of the binary SVM was performed using the PyML machine
learning framework that provides data structures, kernels, and SVM optimization wrap-

pers in Python [39].

3.3 Structural SVMs

The design of the SSVMs closely resembles the set-up for the binary SVMs. For the
structural SVM, the output space for a protein, x, consists of windows for every 10'¥

position in the protein sequence.

= <10y,y = 1,2,..., lTil) @3.1)
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Figure 3.2: Distribution of calmodulin binding site lengths.

In addition, the joint feature representation for a protein x with a label, y, is defined as

the set of features associated with a window centered at position y.

'F(XIY) = C.]){X[y_ kly - k+ 11" Y T k])l (3'2)

where 4>is an explicit feature mapping for a kernel.
Finally, the loss is defined as the proportional overlap of a window y with the actual

binding site y.

le(y) - ¢/y)!

AC"(/;y) = min 1, )+ k

(3.3)

where c{y), c{y) denote the center of the actual binding site and the center of the pre-
dicted window, respectively, and & is the half-length of the window.
Implementation for the structural SVM was performed using which pro-

vides a Python interface to [40].
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3.4 Kernels for Protein Sequences

This section describes the kernels used for predicting calmodulin binding sites. As
the size of the binding sites vary, it is necessary to use kernels that are well-defined for
variable length sequences. Along with a formal definition for each kernel, an exploratory

data analysis is provided for each explicit feature representation.

3.4.1 j9-spectrum Kernel

CaMBS Amino Acid Propensity

Figure 3.3: log ratios for amino acid propensity in calmodulin binding sites.

Figure 3.3 displays the amino acid propensity of an amino acid occurring in a binding

site. Specifically for each amino acid. 4, the following ratio is computed

f fre&q(") binder \
y freq( Aynonbinder /

p{A) = log2 34

where freq(A)binder and freq(A)nonbinder are the frequencies of the amino acid in binding
sites and non-binding regions of proteins, respectively. Thus a value of 1 indicates that
a particular amino is twice as likely to occur in a binding site and a value of -1, twice

as unlikely. As can be seen by these ratios, there is a clear propensity for a few amino
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acids and a general lack of others in binding sites. In order to leverage this amino acid
content, we use the p-spectrum kernel [41] forp= 1landp = 2.

The p-spectrum of a string over an alphabet E counts the occurrences of all p-length
substrings. For protein sequences, E is the 20-letter amino acid alphabet. Formally, the

p-spectrum, (x), is defined by

(3.5)

where Qu(x) is the number of occurrences of # in x. The kernel can now be defined as

/Cpspec(x,x') = ($J(x),8$J(x)) . 3.6)

Although the feature space of the p-spectrum kernel grows exponentially with p,
namely |E|*, the number of fixed-length substrings in a sequence is linear. Specifically
there are n —A-l- 1 substrings of length & in a sequence of length n. In addition, it is
possible to compute the kernel in linear time by scanning each sequence and building a
hash table that maps a substring to its number of occurrences found in the string. The
kernel can then be computed by scanning over the set of keys for either protein and
accessing the number of occurrences for each substring in expected 0 (1) time.

Finally, the p-spectrum Kkernel is normalized using the cosine kernel, A:cosine(x, x')
where

/e(x, xX")

“cosine (x, X)) 3.7)
VA(x,x)A:(x',x")

The cosine kernel is so named as it can be perceived as computing the cosine of the

angle between 0 fc(x), <~fo(x') where ¢)" is the explicit feature mapping for kernel £.

3.4.2 Physico-Chemical Kernel

The Amino Acid Index Database provides access to several physico-chemical properties

of amino acids [42]. The physico-chemical mapping used in this work represents a
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sequence of amino acids as a 60-dimensional feature vector where each component is

the average of an individual property across the sequence,

/N \
MOi(x[i])
i=1

x|

Opchem (x) —

- (3.8)

x|

V(/)6o(x]i])
\i=1

where (j)m{x[i]) is the value associated with the amino acid at position i in the se-
quence for the physico-chemical property. To prevent the magnitude of the physico-
chemical properties from affecting classifier training, each feature vector is standardized
using a fixed set of means and standard deviations computed by sampling windows over
all training data.

To explore the usefulness of the physico-chemical features, a simple feature scoring
method was applied to the 60 properties. For each property m, the Golub score [43] was
computed.

golub{m) = (3.9)

Na+l{my -f cr_i(m)2’

where gd”n) and adrn) are the mean and standard deviation of feature m with respect
to class c. A positive value denotes a feature representative of the positive class and
negative values are associated with the negative class.

Table 3.1 shows the top ten ranked features with respect to the Golub score. Many of
these properties correspond to propensities of forming amphiphilic alpha-helices, which
as mentioned in Section 1.2, agrees with the literature on calmodulin binding sites. The
flexibility parameter is also interesting as the large, positive value suggests that calmod-
ulin binding sites are more flexible than non-interacting regions. A high degree of flexi-

bility often coincides with a high likelihood that a region is disordered, and as presented
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Table 3.1; Top 10 physico-chemical features with respect to the Golub score.

AAlndex ID Description Score
KARP850103  Flexibility for two rigid neighbors [45] 0.293
AURR980101  Helix residue frequency N4 [46] -0.208
EAUJ880108 Localized electrical effect [47] 0.204
AURRY80120  Helix residue frequency C4 [46] 0.201
MITS020101 Amphiphilicity index [48] 0.187
CHAMS30107 A parameter of charge transfer capability [49] 0.176
RICJ880108 Helix preference at N5 [50] 0.176
CHAMS830104 Number of side chain atoms [49] 0.160
RICJ880103 Relative preference value at N-cap [50] -0.155
RACSS820112  Differential geometry parameter [51 ] -0.149

in the work by Radivojac et al. [18], several calmodulin binding sites are intrinsically
disordered. Other properties that show predictive power include the number of side

chain atoms and charge, which are important for any protein-protein interaction [44].

3.4.3 PSI-BLAST Kernel

As mentioned in Section 1.2, calmodulin is highly conserved across a variety of species.
And as it has been shown that interacting proteins often co-evolve [52], it is likely that
that calmodulin interaction sites share similar evolutionary histories. To represent the
evolutionary history of an amino acid sequence, position-specific scoring profiles are
built for each protein using PST-BLAST [53].

BLAST is a fast database search tool for nucleotide and protein sequences [54] that
uses a statistic, called the E-value, that represents the number of matches expected by
chance between a query sequence and a sequence within a database. Thus a small value
corresponds to a significant match.

PSTI-BLAST is an iterative search tool that first applies BLAST between a query
sequence and a given database. Using a subset of the original database, chosen based on

their E-values, a multiple sequence alignment (MSA) is constructed. Erom this MSA,
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a position specific scoring matrix (PSSM) is computed that contains the frequencies of
amino acids occurring in each position of the alignment. For a protein sequence x of

length 7.

P2{x[l]) P2{x[2]) ... P2{x[n])
PSSM(x) = (3.10)

Pofx[\]) P& []) ... P0{x[n\)_

where Pm{x/i]) is the level of conservation of amino acid m for the position of x.

For this work, PSSMs for all training and test sequences were generated using
PSI-BLAST against the non-redundant, UniRefSO database [S5]. This database can
be viewed as the protein space over all sequenced proteins that share no more than 50%
sequence identity. Five iterations of PST-BLAST were conducted and the final PSSM
generated was used for constructing the features of the kernel.

Using these PSSMs, we define a feature mapping that collapses a PSSM into a
length-400 feature vector where the features represent the average level of conserva-

tion of an amino acid with respect to all amino acids.

q 20

</>pSi(X) = pr ' A55” {x[i \)Ps{x\ i]) (3 1 1)

2=1

where 5m{x/[i]) is the Kronecker delta function,

1 ifm = x|z]
3.12)
0 otherwise

Thus each feature, <psi(x )tos, corresponds to the average level of conservation of the
amino acid s, over columns of the PSSM where an amino acid m is encountered in x.

The kernel is then defined as

lepsi(x,x') = (0psi(x),</)psi(x")) , (3.13)
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and as these features are sparse, normalization is performed by applying the cosine

kernel defined in Equation (3.7).

Target AA
ACDEFGH IKLMNPORSTVWY L5

1.2
0.9
- 0.6
0.3
lo.o
- 0.3

- 0.6

Figure 3.4: Amino acid substitution propensities in calmodulin binding sites.

The averages of conservation were computed using Equation (3.11) for both bind-
ing and non binding regions in calmodulin interaction partners. Figure 3.4 shows the
log ratios over these averages. Colder colors across rows indicate more conservation in
calmodulin binding sites while warmer colors can be perceived as faster rates of evolu-
tion. Notable differences include the conservation of arginine (R), lysine (K), and more
than a 2-fold decrease in conservation from cysteine (C) to tryptophan (W). There is
evidence through synthetic peptides where substituting a tryptophan residue with a cys-

teine residue within a calmodulin binding site reduces the affinity of the interaction [S6].
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Hence this lack of conservation may suggest evidence of the converse.

3.5 Classifier Performance Assessment
3.5.1 Leave-One-Protein-Out Cross Validation

Following Radivojac et al. [18], aleave-one-protein-out cross validation (LOPOCYV) was
carried out to assess the generalization performance of both the binary and structural
SVMs. For each protein in the training set, a classifier was trained on the remaining
proteins, and the prediction on the test protein was noted. This procedure was repeated

until every protein was involved in testing.

3.5.2 ROC Analysis

To quantify performance. Receiver Operating Characteristic (ROC) analysis was con-
ducted on the decision values (binary SVM), defined in Equation (2.1) and compatibility
function values (structural SVM), defined in Equation (2.10). For the remainder of this
section, the term discriminant value will be used to encompass both terms for simplicity.

ROC analysis is a popular method for assessing classifier performance [57]. Each
point in an ROC curve corresponds to the true positive rate (TPR) with respect to the
false positive rate (FPR) for a given threshold of the discriminant values. 7PR is the
fraction of examples from the positive class that have a corresponding discriminant value
that is at least as large as the threshold whereas FPR is the fraction of examples from
the negative class that have values at least as large as the threshold.

As an ideal classifier would systematically rank a positive example higher than a
negative example, the corresponding ROC curve would plot increasing values of 7PR
while PR remained fixed at 0; then the 7PR would remain fixed at 1 while the FPR
increased. For a random classifier, the 7PR and the FPR would increase at the same

rate. Figure 3.5 illustrates the concept of an ideal and random classifier.
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As classifiers often produce decision values with different distributions, ROC curves
are useful for comparing performance as they represent the ability to rank a positive
example higher than a negative example. A classifier with an associated ROC curve that

is consistently higher than another implies superior performance.

Ideal and Random ROC Curves

Figure 3.5: Illustrating the concept of the ideal and random classifier in ROC space.

Our ROC curves are generated by averaging the ROC curves produced for each left-
out protein in a LOPOCYV experiment. This averaging is performed using the vertical
averaging technique suggested by Fawcett [S8]. For fixed intervals along the FPR axis,
the corresponding 7PR values are averaged over all ROC curves with respect to the
selected FPRs. In the eases where the selected FFRs did not coincide with the actual
FPRs, the corresponding 7PRs were interpolated by using the two neighboring {FPR,
TPR) points.

The area under the ROC curve (AUC) provides a useful summary of performance for

a classifier. Considering Figure 3.5, any classifier with an AUC > 0.5 has performanee
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that is better than random and an AUC = 1 is considered perfect. Another useful feature
is that AUC can be viewed as the probability of a classifier scoring a randomly selected
positive example higher than a random negative example [58].

In addition to the ROC and AUC, it is often useful to compute the ROC0 and the
AUCS0, that computes the curve and area up until 50 negative examples are encoun-
tered [58]. By fixing the tolerance of false positives, it allows one to quantify the per-

formance of a classifier for the highest-scored examples.

3.5.3 Model Selection

For each classifier, the slack penalty parameter, C, is selected using LOPOCYV for values
cCG 10¢~,..., 10"~ By using the AUC as the performance criterion, the C with

the highest score is used for overall classifier assessment.

3.5.4 Gene Ontology

To determine the quality of the predictions at the protein level, a Gene Ontology (GO)
analysis is performed on a set of highly-ranked proteins. GO provides a set of annotation
terms that describe gene function using a hierarchical structure [59]. Three major hier-
archies, cellular component, molecular function, and biological process, are maintained
for genes that have annotated functional roles.

A popular GO analysis is identifying GO terms that are significantly overrepre-
sented in a set of highly-ranked genes with respect to a background distribution of GO
terms [60]. For this work, we are interested in determining if highly-ranked proteins,
in terms of the maximum classifier score for an amino acid, from Arahidopsis con-
tain overrepresented GO terms that are associated with proteins likely to interact with
calmodulin.

Identification of significant terms is performed using GOrilla which computes a

probabilistic score for each term found in the set of highly-ranked genes with respect
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to the set of background genes [61, 62], Using a threshold determined from the char-
acteristics of the ROC curve for the best-performing classifier, proteins that have corre-

sponding classifier scores greater than this threshold are given as the target class while

the remainder are used as the background class.
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Chapter 4

Results

In this chapter, we summarize classifier performance at the amino acid and protein levels
for both binary and structural SVM in Sections 4.1 and 4.2, respectively. In addition, we
perform an analysis of overrepresented Gene Ontology terms for highly-scored proteins
in Arabidopsis in Section 4.3. In Section 4.4, a summary of this thesis and a discussion

on future work is given.

4.1 Binding Site Prediction

This section provides the results for prediction of calmodulin binding sites. We per-
formed LOPOCYV experiments for SVMs and SSVMs using five kernels: 1-spectrum,
2-spectrum, Physico-Chemical, PSI-BLAST, and sum of the Physico-Chemical and PSI-
BLAST kernels. All reported results are for a linear kernel over that kernel’s feature
space. In preliminary experiments, classifier performance did not improve with the use
of a polynomial or Gaussian kernel.

AUC and AUCX0 values for each experiment are provided in Tables 4.1 and 4.2. Our
first observation is that there is a slight advantage for the binary SVM when looking at
the AUC values. However, in terms of AUCS50, there is some indication that SSVMs
perform better and suggests that SSVMs may provide more accurate predictions for

highly-ranked predictions. In addition, both margin and slack rescaling provide com-
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Table 4.1: Classifier performance at the amino acid level for binary and structural SVMs
computed using LOPOCY for the 1-spectrum and 2-spectrum ( 1-spec, 2-spec), Physico-
Chemical (pchem), PSI-BLAST (psi), and sum of Physico-Chemical and PSI-BLAST
kernels (pchem-i-psi). Reported values are AUC scores.

Kernel Binary SVM  SSVM (slack) SSVM (margin)

I-spec 0.87 0.87 0.87
2-spec 0.87 0.86 0.86
pchem 0.87 0.86 0.86
psi 0.88 0.88 0.88
pchem-i-psi 0.88 0.88 0.87

Table 4.2: AUCH values for the kernels and classifiers from Table 4.1

Kernel Binary SVM  SSVM (slack) SSVM (margin)

I-spec 0.62 0.62 0.64
2-spec 0.57 0.62 0.57
pchem 0.58 0.58 0.58
psi 0.61 0.64 0.64
pchem-l-psi 0.63 0.63 0.63

petitive results in terms of both AUC and AUCX0 scores.

With respect to the kernels, the PSI-BLAST and sum of Physico-Chemical and PSI-
BLAST kernels perform better or as good as the rest, highlighting the importance of
evolution within calmodulin binding sites. A surprise is that the 1-spectrum does as
well as the PSI-BLAST Kkernel in terms of AUC50 whereas the 2-spectrum performs
worse. Finally, the addition of kernels provided no improvement in performance and the
sum of Physico-Chemical and PSI-BLAST kernels was the highest performing sum of
kernels over all possible pairs.

Figure 4.1 shows the ROC curves for each kernel using a binary SVM. Overall, the
2-spectrum was outperformed by all kernels whereas the PSI-BLAST kernel exhibits

dominance. For the SSVM, similar rankings of kernels are observed. Figure 4.2 shows
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the ROC curves with respect to SSVMs using slack rescaling and Figure 4.3, margin

rescaling. For margin rescaling, the levels of dominance between kernels are more

pronounced.

SVM Kernel Performance
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Figure 4.1: ROC curves for SVM classifiers with different kernels. Abbreviations in the

legend follow the notation in Table 4.1.
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Figure 4.3: ROC curves for SSVM classifiers with different kernels using margin rescal-
ing.

Figure 4.4 displays the ROC curves for each kernel separately for all classifiers, thus
giving a means of comparing the classifiers with respect to a specific kernel. Again,
performance is competitive among the classifiers with the exception of the Physico-
Chemical kernel, where the binary SVM shows dominance for small FPRs.

In Table 4.3, the slack penalty, C, and the fraction of examples selected as support
vectors (SVF), are presented for the best-performing classifier in each category. For
SSVMs, the small value of C for the Physico-Chemical kernel implies a large amount
of slack and thus providing evidence that the dense features of the physico-chemical
properties are more difficult to separate.

As the output space for the SSVM was chosen to be roughly equivalent to the number
of training examples for the SVM, it is possible to compare the sparsity of the classifiers,
in terms of the number of support vectors, or equivalently, the number or examples (bi-
nary SVMs) or labels (SSVMs) with an associated, non-zero a in the dual formulation.
And as shown in Table 4.3, the solutions for SSVMs are highly-sparse.

To compare the solutions learned by both the binary and SSVMs, a summary of

34



FPR FPR

Figure 4.4: Comparative ROC analysis over classifiers with respect to a specific kernel.

Table 4.3: Slack penalties and support vector fractions (SVF)

Kerne]  Binary SVM  SSVM (slack)  SSVM (margin)

C SVF C SVF C SVF
1-spec 0.49 10-~ 0.01 10« 0.02
2-spec 10~ 0.99 10-1 0.03 10-~ 0.01
pchem 10" 0.48 10-~ 0.03 10-» 0.01
psi 10-~ 092 10i 0.02 10i 0.02

pchem-l-psi  10¢ 0.97 0 0.02 10-1 0.01

classifier weights is provided. In Figure 4.5, the weights for the 1-spectrum for both
classifiers are shown. The high positive weights of arginine (R), lysine (K), and trypto-
phan (W) and negative weights of aspartic acid (D), glutamic acid (E), and proline (P)

agree with the propensities shown in Figure 3.3. However, there are clear differences
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in weights of other amino acids between the classifiers, such as methionine (M) and

threonine (T), indicating that the solutions to the classifiers are different.

1-spectrum weights

0.8
binary SVM
SSVM
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.0.2 1
-0'4ARNDCQEGH I LKMFPSTWYV

Figure 4.5: 1-spectrum weights for the binary and SSVM classifiers. Each bar represents
a specific classifier’s weight for the amino acids listed along the bottom of the figure.

Table 4.4 lists the top 10 features of the Physico-Chemical kernel according to the
absolute value of the classifier weight for the binary SVM. Those associated with the
SSVM are listed in Table 4.5. Features with a f correspond to features highly-ranked
by the Golub score (see Table 3.1). Again there are features ranked highly for both

classifiers, namely those associated with alpha-helices, electrical charge, and flexibility.
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Table 4.4: Top 10 physico-chemical properties for the binary SVM. A | indicates a top
10 Golub score.

AAlndex ID Description weight
KARP850103f Flexibility parameter for two rigid neighbors 0.475
RICJ880103f  Relative preference value at N-cap -0.271
FAUJ880108t Focalized electrical effect 0.255
SUEMS840102 Zimm-Bragg parameter sigma x 1.0E4 -0.226
RICJ880108f Helix preference at N5 0.201
PALJS810113 Frequency of turn in all-alpha class 0.192
RACS820101 Differential geometry parameter 0.185
FAUJ880107 N.M.R. chemical shift of alpha-carbon -0.181
QIANS880117 Weights for beta-sheet 0.170
SNEP660101 Chemical structure 0.168

Table 4.5: Top 10 physico-chemical properties for the structural SVM. A f indicates a
top 10 Golub score.

AAlndex ID Description weight
KARP850103f Flexibility parameter for two rigid neighbors 0.392
FAUJ880108f Localized electrical effect 0.375
WOLS870103  Structure property of non-coded amino acids -0.271
DIGM050101 Hydrostatic pressure asymmetry -0.255
JOND750102 pK (-COOH) -0.247
PONP800105 Surrounding hydrophobicity in beta-sheet -0.237
OOBMS850103 Optimized transfer energy parameter 0.229
AURRY980101f Helix residue frequency N4 -0.207
RICJ880103t Relative preference value at N-cap -0.170
AURR980120f Helix residue frequency C 0.169

4.2 Interaction Prediction

To assess the accuracy for classifiers at the protein level, the classifiers trained at the
amino acid level were applied to the Arabidopsis proteome (27,379 proteins). Each
protein was assigned a score which is the maximum decision value over all amino acid

scores.
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Table 4.6: AUC at the protein level for binary and structural SVMs

Kernel SVM SSVM
1-spec 0.71 0.70
2-spec 0.71 0.68
pchem 0.64 0.66
psi 0.74 0.69

pchem-l-psi  0.73 0.69

Using the known calmodulin binders \n Arabidopsis, described in Section 3.1, as the
positive class and the remaining proteins as the negative class, ROC scores for each clas-
sifier were computed and the results are summarized in Table 4.6. Figures 4.6 and 4.7
feature the ROC curves for the binary SVM and SSVM classifiers. Here, the results
show that binary SVMs performed better, with the exception of the Physico-Chemical

kernel.

Protein Ievel SVM Performance

Figure 4.6: SVM performance at the protein level.

Another observation is that the Physico-Chemical kernel performed worse in com-

parison to the other kernels for both classifiers. This may be due to the fact that binding
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sites, in general, share common physical and chemical properties and that classifiers us-
ing this kernel may be predicting amino acids involved in interaction sites unrelated to
calmodulin. For instance, a binding site must occur on the surface of a protein and mea-
sures of hydrophobicity and electrostatic potential are predictive for identifying binding

sites [63].

Figure 4.7: SSVM performance at the protein level.

4.3 Gene Ontology Terms Analysis

Using the binary SVM with the PSI-BLAST kernel, a threshold was chosen to select
highly-ranked proteins such that the set would contain as few false positives as possible.
The ROC curve for the classifier is shown in Figure 4.8 along with a hand-selected
threshold. With respect to this threshold, only a little more than 21.4% of the known
calmodulin binders have decision values greater than the threshold; however, only 2.6%
of these proteins are expected to be false positives.

Selecting this threshold results in a dataset of 747 proteins, of which 53 are known

to interact with calmodulin and 57 were not shown to interact according to the experi-
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Figure 4.8: Selecting a threshold for highly-ranked proteins in Arabidopsis

ments by Popescu et al. [381 Of the remaining 638 proteins, 398 have Gene Ontology
annotations. Using this set as the target class and the remaining proteins not known
to interact with calmodulin as the background class, significant over-representation of
Gene Ontology terms was found in all three namespaces of annotation.

Table 4.7 shows the most significant GO terms related to biological processes. A
number of these terms correspond to regulation of transcription. And as indicated in
work of Bouche et al. [64], calmodulin is known to regulate a variety of transcription
factors. In addition, the occurrence of phosphorylation related terms are most likely
associated with the presence of kinases, and it is well known that calmodulin interacts
with this class of proteins [65, 66].

In Table 4.8, molecular functions with significant over-representation are shown.
Again, GO terms corresponding to transcription factor and kinase activity are abundant
along with proteins involved in ATP functions. Experiments by Harper et al [67] and
Bussemer et al. [68] have identified interactions of such proteins with calmodulin in

Arabidopsis.
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Table 4.7: Overrepresented GO terms with respect to biological processes

GO ID Description p-value
00:0045449 regulation of transcription 2.79E-18
00:0019219 regulation of nucleic processes 5.54E-18

00:0051171 regulation of nitrogen compound metabolic process 6.35E-18
00:0010556 regulation of macromolecule biosynthetic process 8.89E-18

00:0009889 regulation of biosynthetic process 1.02E-17
00:0031326 regulation of cellular biosynthetic process 1.02E-17
00:0010468 regulation of gene expression 1.33E-17
00:0080090 regulation of primary metabolic process 2.24E-17
00:0031323 regulation of cellular metabolic process 2.91E-17
00:0060255 regulation of macromolecule metabolic process 3.31E-17
00:0019222 regulation of metabolic process 6.66E-17
00:0044260 cellular macromolecule metabolic process 1.14E-11
00:0065007 biological regulation 6.11E-11
00:0050794 regulation of cellular process 3.4E-10
00:0044267 cellular protein metabolic process 4.65E-10
00:0050789 regulation of biological process 1.02E-9
00:0043170 macromolecule metabolic process 1.45E-8
00:0044237 cellular metabolic process 2.26E-7
00:0019538 protein metabolic process 3.68E-7
00:0009733 response to auxin stimulus 4.45E-7
00:0006468 protein amino acid phosphorylation 4.91E-7
00:0016310 phosphorylation 6.36E-7
00:0006796 phosphate metabolic process 1.25E-6
00:0006793 phosphorus metabolic process 1.25E-6
00:0043687 post-translational protein modification 4.74E-6
00:0006412 translation 6.22E-6

And finally, cellular component terms are summarized in Table 4.9. The over-
representation of the nucleus component provides additional evidence to the argument
that several of these proteins likely regulate transcription. In addition, the occurrence of

the membrane terms may correspond to proteins involved in signal transduction.
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Table 4.8: Overrepresented GO terms with respect to molecular function.

GO ID Description j9-value
G0:0003676 nucleic acid binding 2.84E-25
G0:0003677 DNA binding 4.1E-22
G0:0003700 transcription factor activity 3.86E-21
G0:0030528 transcription regulator activity 8.8E-19
G0:0005488 binding 4.95E-9
GO0:0042623 ATPase activity, coupled 2.41E-8
G0:0004386 helicase activity 2.99E-7
GO:0017111 nucleoside-triphosphatase activity 1.52E-6
GO0:0003735  structural constituent of ribosome 1.8E-6
GO:0016462 pyrophosphatase activity 1.83E-6
G0:0016818 hydrolase activity, phosphorus-containing anhydrides 2.11E-6
G0:;0016817 hydrolase activity, acting on acid anhydrides 2.64E-6
GO0:0016887 ATPase activity 4.36E-6
GO0:0008026 ATP-dependent helicase activity 6.31E-6
G0:0070035 purine NTP-dependent helicase activity 6.31E-6
GO0O:0016301 Kkinase activity 1.77E-5
G0:0005198 structural molecule activity 4.55E-5

4.4 Conclusion and Future Work

In this work, a comparison of binary and structural SVMs has been presented on the
problem of calmodulin binding prediction and identifying calmodulin binding sites.
Overall, the performance for both classes of predictors was competitive; however, the
binary SVM shows better performance at binding prediction.

The results on predicting calmodulin binding activity show promise, and as indicated
by the GO term analysis, it is likely that novel calmodulin binders can be identified with
these classifiers. In addition, while Radivojac et al. [18] reported an amino acid level
AUC of 0.89, the post-processing step of excluding potential false positives prevents a
direct comparison of performance with this work impossible, and makes their results

overly optimistic. We were able to obtain nearly that level of performance without
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Table 4.9: Overrepresented GO terms with respect to cellular component.

GO ID Description p-value
G0:0005634 nucleus 4.75E-13
G0:0043226 organelle 3.76E-8
G0:0043229 intracellular organelle 3.76E-8
00:0044445 cytosolic part 9.22E-8
G0:0033279 ribosomal subunit 1.49E-7
00:0044424 intracellular part 8.06E-7
00:0043231 intracellular membrane-bounded organelle 1.72E-6
00:0043227 membrane-bounded organelle 1.72E-6
00:0022625 cytosolic large ribosomal subunit 9.45E-6
00:0030529 ribonucleoprotein complex 9.88E-6
00:0005622 intracellular 1.22E-5

removing negative examples during testing. Moreover, their method generated features
from multiple windows for an amino acid while the methods presented in this thesis
considered a single window.

An extension of this work that may prove successful is applying Multiple Kernel
Learning [69] where a linear combination of kernels is used. A simple sum of kernels
in this work did not provide any improvement in performance; therefore a weighting
associated with each kernel could lead to improved results.

Another extension is the inclusion of global features for a protein, such as GO an-
notations, overall sequence similarity with known binders, and protein domains. These
may be incorporated in both methods at the binding site level as fixed features for a
given protein, or used at the protein level for identifying calmodulin binding proteins
within a proteome.

Finally, as some protein examples contain multiple calmodulin binding sites, it is
likely that proteins used in this work are partially labeled. This may suggest that we
are indeed predicting some binding sites correctly, and therefore it is probable that the

performance of the classifiers is underestimated.
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