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Abstract

When sequencing a new genome, its function and structure mat be
one of the first important questions. The inferring methods are based
on protein sequence similarity methods. However sequence groups are
mostly different their parameters, like the number of group members and
the intra- and inter- class variability. A method that performs well on
one group may perform worse on another and vice versa. Learning of
similarity in a supervised manner could provide a general framework to
set a similarity function to a specific sequences classes.

Here we describe a novel method which learns a similarity function
between proteins by using a binary classifier and pairs of equivalent
sequences (belonging to the same class) as positive samples and non-
equivalent sequences (belonging to different classes) as negative training
samples. For sequence pair representation we propose to use advanced
techniques from fuzzy theory, including a sigmoid-type function for nor-
malization and the class of Dombi operators which provide a more robust
method. Using some additional constraints, the learned function turns
out to be a valid kernel or metric function and we present a new way
of learning it along with a new parameter weighting technique. Using
a dataset of archaeal, bacterial and eukaryotic 3-phosphoglycerate-kinase
sequences (3PGK) and clusters from COG we will evaluate this equiva-
lence learning method from a protein classification point of view. A ROC
analysis shows that we get a much more robust and accurate methodology
for protein classification when these techniques are applied together.

1 Introduction

The classification of proteins is a fundamental task in genome re-
search. In a typical application, a protein sequence object (a string
of several tens to several hundred characters) has to be classified
into one of the several thousand known classes, based on a string
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similarity measure. Sequence similarity is thus a key concept since it
can imply evolutionary, structural or functional similarity between
proteins.

Early methods of protein classification relied on the pairwise com-
parison of sequences, based on the alignment of sequences using ex-
haustive dynamic programming methods (Needleman and Wunsch,
1970; Smith and Waterman, 1981) or faster, heuristic algorithms
(Pearson, 1990; Altschul et al., 1990). Pairwise comparison yielded
a similarity measure that could be used to classify proteins on an
empirical basis. The next generation of methods then used genera-
tive models for the protein classes and the similarity of a sequence
to a class was assessed by a score computed between the model and
the sequence. Hidden Markov Models (HMMs) are now routinely
used in protein classification (Eddy, 1998), but there are many other,
simpler types of description in use (for a review, see (Mount, 2004)).
Discriminative models (such as artificial neural networks and sup-
port vector machines) are used in a third generation of protein clas-
sification methods where the goal is to learn the distinction between
class members and non-members. Roughly speaking, 80-90% of new
protein sequence data can be classified by simple pairwise compar-
ison. The other, more sophisticated techniques are used mostly to
verify whether a new sequence is a novel example of an existing
class or whether it represents a truly new class in itself. As the
latter decisions refer to the biological novelty of the data, there is a
considerable interest in new, improved classification methods.

The kernel functions can be regarded as a similarity function
which has the additional property of always being positive semi-
definite, which is a simple way to extend the well-tried linear appli-
cations to a non-linear model while preserving their computational
advantages (Shawe-Taylor and Cristianini, 2004). Over the past
decade, many kernels have been developed for sequences such as the
String kernel (Lodhi et al., 2002), Mismatch kernel (Leslie et al.,
2004), Spectrum kernel Leslie et al. (2002), Local Alignment Kernel
(Vert et al., 2004) and the Fisher kernel (Jaakkola et al., 1999). For
a good review of these applications, see (Shawe-Taylor and Cristian-
ini, 2004).

The Distance Metric Learning (DML) approach is seeks to learn-
ing a Mahalanobis distance

2 — a3 = (27 — ;)" M (2; — ), (1)

for n-dimensional real valued vectors z;,z;, that is the learning of
positive a semidefinite matrix M, such that it reduces the intra-



class variability and increases the inter-class variability. (Xing et al.,
2003) proposed a method for learning a Mahanalobis distance, but
the optimization involves diagonalization and eigen decomposition
methods, hence they gave an iterative procedure using gradient de-
scent and projection techniques.

The ideal similarity matrix Y was introduced first in (Cristianini
et al., 2001) and can be considered as an ”oraculum” that tells us
which object pairs belong to the same class. Such an ideal similarity
matrix would be perfect for classification, but it cannot be computed
for the unlabelled part of data. The idea in (Tsang and Kwok, 2003;
Kwok and Tsang, 2003) was to optimize M such that the kernel
matrix

Kij = z;Mz; (2)

is geared to the ideal matrix Y on the training sample relying on
it will give a better alignment on the unlabeled data. This align-
ment of two matrices was measured by the Frobenius product of
matrices. (Davis et al., 2007) presents an information-theoretic ap-
proach where the alignment to a certain matrix is measured by the
Kullback-Leibler divergence. (Weinberger et al., 2006) propose a dis-
tance metric learning for kNN classification via optimizing k-nearest
neighbors always belong to the same class while examples from dif-
ferent classes are separated by a large margin. However this learned
Mahalanobis distance is still a linear feature weighting method for
vectors.

The kernel learning differs from the above mentioned former
DML. (Lanckriet et al., 2004) presented a learning of general ker-
nel matrices such that it maximizes the margin of the separation
hyperplane on the training data over the cone of a positive semidef-
inite matrix by semidefinite programming. The Multiple Kernel
Learning (MKL) approach is dedicated to learn an optimal convex
combination ), y1;K; of some initial kernels K; for better classifica-
tion. (Lanckriet et al., 2004) presented a quadratically constrained
quadratic programming task that determines the optimal weights p
for this combination. (Zien and Ong, 2007) optimize linear com-
bination of kernels in a direct way for SVM classification. (Amari
and Wu, 1999) propose a method to modifying a kernel function
using Riemannian geometrical structure induced by the kernel func-
tion enlarging the spatial resolution around the separation boundary
surface such that the separability between classes is increased.

In bioinformatics metric learning is employed for the reconstruc-
tion of biological networks e.g. predicting interactions between
genes. (Vert et al., 2007) proposed a new kernel function for bio-



logical network inference by tuning the results of (Tsang and Kwok,
2003; Ben-Hur and Noble, 2005). (Vert and Yamanishi, 2004) pro-
posed a method for predicting the absence or presence of an edge in a
biological network using the Laplacian matrix induced by the graph.
(Yamanishi et al., 2004) employed a a variant of kernel canonical
correlation analysis to identity correlations between heterogenous
datasets, especially that between a protein network and other ge-
nomic attributes. (Tsuruoka et al., 2007) proposed learning a string
similarity function for gene names using Logistic Regression via a
linear weighted combination of a set of standard string similarity
methods. But to the best of our knowledge there has been no study
of similarity learning for protein classification.

Here we present a new approach for learning the ideal similar-
ity matrix in a different way from the former methods. In protein
classification the goal is to place a protein into its unique class, that

is

F(s) =y, (3)
where y stands for the class label. This classification of proteins
naturally determines the following equivalence relation

5(s,1) = 1 F(s)= F(t)ie. s and t belong to the same class,
U=V 0 otherwise,

which is reflexive, symmetric and transitive. A pair of sequences is
called equivalent when both of them belong to the same sequence
group and it is called non-equivalent when they do not; moreover
the set of equivalent (resp. non-equivalent) pairs is called the posi-
tive (resp negative) class. The learning of this function § essentially
becomes a two-class classification schemes and hence, two-class clas-
sification techniques are applicable such as Support Vector Machines
(SVMs). This approach is called by equivalence learning.

For example, let us consider a database of objects and a similarity
measure computed between each pair of objects. This arrangement
can be visualized as a weighted graph (network) of similarities where
the nodes are the proteins and the weighted edges represent the sim-
ilarities between them. The network can also be represented by a
symmetrical matrix in which the cells store pairwise comparison val-
ues between the objects. Figure la shows a hypothetical database
of 8 objects. We can vaguely recognize two groups where the mem-
bers are more similar to each other than to the objects outside the
groups. Let us now suppose that an expert looks at the similarity
data and decides that the two groups represent two classes, A and



B, and there is another object (C) that is not a member of either
of these. Figure 1b illustrates this new situation. The members of
the groups are now connected by an equivalence relation that exists
only between the members of a given group. As a result, the sim-
ilarity matrix becomes a simpler equivalence matrix in which only
the elements between the members of the same class are non-zero.
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Figure 1: The Principle of Equivalence Learning. A similarity matrix (left)
can be determined by an all-vs.-all comparison of a database using algorithms
such as BLAST and Smith-Waterman. The equivalence matrix (right) is a
representation of groups (A,B) and an outlier (C) is identified by human experts.

A key issue here is to decide how we should represent the simi-
larity between proteins so that we can efficiently predict an equiva-
lence. A simple numerical value is not sufficient so, instead, we will
use a vectorial representation of the edges. Hence we will need a
projection method

P:SxS8—R", (4)

which captures the similarity between a sequence pair from a dif-
ferent point of view and stores them in vector form. In Section 2.1
we will describe a new vectorization method which realizes this pro-
jection mapping P using an advanced techniques taken from fuzzy
theory. Then the equivalence learning task can be reduced to the
learning of the two-class classification problem

F(P(s,1)) — {0, 1}, (5)

which can be carried out via a typical machine learning algorithm
like ANNs. Instead of the predicted class labels using the score
obtained from the learned model, it can be viewed as a learned



similarity. In Section 2.2 we will present the kind of properties
required to have a valid learned metric or kernel function and we
will present a new way of learning them. In Section 3 we will describe
the datasets and methods used in our expression then in Section 4
we will present our results along with a brief discussion. Finally,
in Section 5 we will provide some conclusions and suggestions for
future research.

2 Algorithms

2.1 Vectorization step

Now we will show how to define projection functions which map
any sequence pair into a fixed-length vector of real numbers, that
is P: S xS — R" First, we will define a method to represent
sequence in vector form.

Let us consider a set of sequences { f1, fa2, ..., fu} C S as a feature
set in a fixed ordering and let sf be an arbitrary similarity function.
For a sequence s € S let the corresponding vector w be a ranking
vector which shows how s orders the members of the feature set
via the given similarity function sf. Thus w; (the ith feature of w)
means the order index of the ith feature sequence in the ranking
with respect to s and sf.

Then for each component of the vector w the function s is used
for normalization, which is defined by the following way:

1
T GE Y 0

Kinu()

x was first introduced in (Dombi, 1988). This function is very useful
in fuzzy theory for modelling the membership function, but it can
also be used as a probability distribution function . It is useful for
normalizing of variables whose domain is bounded.

This is an increasingly monotone function and maps order num-
bers from [1,n] C R onto the interval [0, 1]. The shape of this func-
tion « is similar to a sigmoid function but the parameter p € (1,n)
regulates the location of the inflection point while the parameter A
regulates its gradient at the point p, moreover k(1) = 0.5. The
protein sequence vectorization method we get will be denoted by

5+ S — R" where sf is a similarity function used for ranking
and each component of the vector we get is normalized by k. It
should be mentioned here that each vector component lies between
0 and 1 and that each vector has the same (but not unit) length.



Figure 2: k functions with different parameter values. Here n = 6, (u; = 2,
A2 = —3, solid line), (e = 4, Ao = —3, dashed), (us = 4, \s = —8, dotted).
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Figure 3: The density of scores for equivalent (solid line) and nonequivalent
(dotted line) pairs, which are obtained by BLAST (left) and after normalization
by x (right). Below each figure the Fisher Separation Ratio (FSR) is shown.

The next step is to form a vector from two vectors and we will
do this component-wise. The widely-used Dombi operator class
(Dombi, 1982) can be used to describe a multivalued logic function
like ]

Oa('xa y) = 1/ (7)
1+ (5527 + (59°)

If o > 0, then o is a conjunctive operator, and if a < 0, then o is a
disjunctive operator. Most common case a = 1. The equivalence
relation in logic is defined by

y=@@Vy) A(zVy) (8)

where Z is the negation and ¥ = 1 — z. Using the Dombi operator
class we get

)

X

e(z,y) =ay+ (L —x)(1—y). (9)
Two important requirements are valid in classical logic. These
are x = r = 1 and x = ¥ = 0. Most papers concentrate on the



first case and wish to find an equivalence in e(x,z) = 1 and ignore
e(x,n(z)) = 0. In many-valued logic both conditions cannot be
simultaneously valid. If we interpretate the x values as a certainty
then if x = % and y = %, the result of equivalence is also %, and the
resulting e(x, y) has the following properties:

11 1
e(0,0) =e(1,1) =1, e(0,1) =¢(1,0) =0 and 6(5, 5) =5 (10)
The mean conjunctive operator of the Dombi operator class is
1
c(z,y) = (11)
g (5 )

This operator class is used with the sigmoid function, that is

B 1 B 1

o 14+ e—Mu—v) Y= 1+ e—Av—u)

x (and y) can be interpretated as the degree of the preference of u
over v. The exponential composition method can be given that the

(degree of u greater then v) and (degree of v greater then u), where
for and we use 11. For A = 1 we get

T

1
1+ 1 (=) 4 elv-w)).

col(u,v) = (12)

Table 1 summarizes the methods which were used in our exper-
iments. Here, for ease of notation, the operators were defined on
vectors in a coordinate-wise manner, i.e. for any vector u,v € R"

(u-v)i = wvi, (Vv); = \/vi and (v"); = (v))".

Table 1: Summary of the vector composition method we applied

Name Formula

Sum Ci(u,v) = wu+v

Product Co(u,v) = wu-v

Quadratic  Cg(u,v) = (u—v)?

Hellinger  Cr(u,v) = (Vu—+v)?

Dombi Cp(u,v) = w-v+(1—u)-(1-v)
Conjuct. Ceo(u,v) 1/(1 + (ev=?) 4 e(v=w) /9)

Now we will use the notation PY : xS — R to stand for a pro-
jection function which maps any sequence pair into an n-dimensional
vector space. The superscript V' denotes the vectorization method



for both sequences and the subscript C' defines the vector composi-
tion method. For example, if the Smith-Waterman (SW) similarity
method is used as a ranking function to vectorize a sequence with
normalization x, and composition method C, is used. Afterwards
the projection function we get will be denoted by

PP (w,y) = Cu(diw (2), 85w (y)). (13)

Database

Figure 4: A diagram of the equivalence learning task. The first step is the
vectorization of sequences u and ¢ carried out by ranking of the database via
a sequence similarity measure sf. Then the non-linear normalization function
k is employed. The second step is the combination of the two vectors with a
particular method from Table 1. Finally, the third step is the application of an
learned model that yields a similarity score for an input sequence pair.

2.2 Learned kernel functions

Here we define a class of kernel functions and we present a new way
to learn it. Let 6 be a positive-valued n-dimensional vector and let

Pl:SxS—RY (14)

be a symmetric projection method where ¢ is an arbitrary positive-
valued vectorization method. The following functions (Pg(s, t),0)4,
(P?(s,1),0), (—Pg(s,t), 0), (—Pf(s,t),0) and exp(o(P(s,t),0))
are valid kernels, where — P is the multiplication of P by the scalar
—1. The proof is straightforward but not obvious because in the
inner product the two variables s, t vary in the first argument, while
the second argument is constant. The proof can be found in Lemma
1 of (Kertész-Farkas et al., 2007b). We note that (Pg(s,t)ﬁ) and

(P (s,t),6) are both negative definite and vanish when s = ¢, thus
they are valid metric functions and obey the triangle inequality.
The SVM approach provides a decision boundary f(z) = (w,z) +b
between two classes such that the margin associated with w is a



Figure 5: A heat map representation of the equivalence matrix(a) and equiva-
lence matrix learned by RF(b) with the Cp composition method on one of the
classification tasks of 3PGK. The train matrices (above) were calculated in a
pairwise manner between the train sequences, and the test matrices (below) were
calculated between the train and test sequences in a pairwise manner as well.
The Smith-Waterman similarity matrices (c¢) are shown here for comparison.
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maximum (Vapnik, 1999). It is well-known that the norm vector w
can be expressed as a weighted linear combination of support vectors
z;; that is w = ), oyx;, where o is the so-called Lagrangian multi-
plier corresponding to the support vector x; and its sign corresponds
to the class of support vectors i.e. it is negative (resp. positive) if z;
corresponds to the negative (resp. positive) class. Thus the decision
boundary we get can be written by

f(z) = Zai(z, x;) + b. (15)

The Gaussian RBF kernel
rbf(z,z;) = exp(—ollz — x;||) (16)

can be interpreted as a "hyper ball” around a support vector x;,
where o regulates the radius, and it measures how close a sample
z is to the support vector x;. Replacing the inner product by the
Gaussian RBF kernel in f(z), the decision boundary can then be
viewed as a weighted sum of how well the sample z corresponds to
each support vector. During the SVM training the parameters of
this function are learned in such a way that it separates the two
class with the largest, possibly non-linear margin. Using the former
inner products in the SVM’s decision boundary, we get the following
functions:

SVEp(s,t) =Y aiexp(o(P(s,1),;)) (17)

over Sx S, where ¢ > 0 and P stands for P§j, P¢, P, —PS and — P},

respectively. The x;s are called support vectors and they are either
a vectorized equivalent pair or non-equivalent pair. The condition
for (17) to be a valid kernel function is that the o, coefficients have
to be positive-valued because the class of kernel function is closed
under the direct sum and positive scalar multiplication. The class
of such kernel functions is called the Support Vector Kernel (SVK).
To learn this sort of function the One-Class SVM can be used as
in (Kertész-Farkas et al., 2007b) but only one of the classes can be
used otherwise a negative Lagrangian multiplier would be occurred
and then the obtained function won’t be kernel anymore. Now we
will present a different way where both the equivalence and the non-
equivalence sequences can be applied. Let L = {(s;,t;) | i =1...1}
be the training set containing both equivalent and non-equivalent
pairs, let a randomly chosen small part of L be the set of support
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vectors denoted by
SV = {l’j = P(S,’ﬁtij) | j =1...k S l, (Sijytij> c L} (18)

and let
Aij = exp(o(P(si, i), z;)) (19)
where P and o represent one of the SVK types. Then the «; pa-

rameters in the SVK can be learned by solving the following linear
equation system with non-negative Least-Square optimization:

AHOQ + Algag + ...+ Alkak = 6(51, tl)
A21a1 + A22a2 4+ ...+ Agkak = 6(82,t2)

Allal —I— Algag —I— e —f- AlkOék = (5(8[, tl)

We should mention that if the number of equations equals the
number of variables «;, this system may become numerically un-
stable and hard to solve. In our experiments we used half of the
training set as support vector data.

On the parameter o. In (17) the parameter o that we used was a
feature weighting technique, that is

(P(s,1),0)5 = P(s,t)A0 (20)

, where A is a positive-valued diagonal matrix whose elements were
obtained by Fisher Linear Discriminant (FLD) analysis (Duda et al.,
2000). The vector

w= S~ (my —my) (21)

, where S is the within scatter matrix and m; the mean vector of
the class 7, got by FLD was normalized to the unit length and the
absolute value of each component was used to form the diagonal
matrix A. Then the ith component denotes the magnitude the ith
dimension in the separation.

3 Materials and Methods

3.1 Dataset and comparison methods

In order to evaluate our method we chose two datasets. The first
is a set of 131 sequences representing the essentially ubiquitous gly-
colytic enzyme, 3-phosphoglycerate kinase (3PGK) protein that con-
sist of 15 archaean, 83 bacterial and 33 eukaryotic species, from 358
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to 505 residues in length. This set seems to be small but it is quite
difficult to handle because the groups are vastly different in the
number of members and the average similarity within and between
groups with a particular sequence similarity method.

The subdivision of this dataset into train and test sets was per-
formed by a supervised cross-validation technique which was de-
signed to show how a learning algorithm will generalize to novel,
distantly related subtypes of the known protein classes (Kertész-
Farkas et al., 2007a). In each classification task the positive exam-
ples were taken from a given kingdom and one of the phyla (with at
least five members) was the test set while the remaining phyla of the
kingdom were used as the training set. In addition, the negative set
contained members of the other two kingdoms subdivided in such a
way that members of the phylum could be either test or train. In
this way 10 classification tasks were obtained and they are freely
available at (Sonego et al., 2007).

For the second dataset we selected some groups from the COG
database of functionally annotated orthologous sequence clusters
Tatusov et al. (2003). Of the over 5665 COGs we selected 42 re-
sulting 3689 sequences altogether. For a given COG group, the
positive set is the archeaen, while the negative set is the rest of the
sequences. The subdivision into train and test set was performed
by random selection (50%-50%). This dataset and details about
classification tasks are available at our supplementary data.

We chose the alignment-based sequence comparisons methods
BLAST algorithms to measure the similarity and to rank the se-
quences in the vectorization step. We used version 2.2.4 of the
BLAST with BLOSUM62 matrix (Henikoff et al., 1999) and default
gap opening and extension. In our experiments other sequence sim-
ilarity methods were carried out for the comparison. We evaluated
the Smith-Waterman(SW) and Local Alignment Kernel (LAK) with
the BLOSUMG62 substitution matrix and with default gap open-
ing and extension parameters. In LAK the \ parameter value was
suggested by the authors (Vert et al., 2004). Compression-Based
Distance measures (CBDs) (Cilibrasi and Vitanyi, 2005) were cal-
culated via the following formula

(C(st) —min{C(s),C(t)})
max {C(s),C(t)} ’

CBD(s,t) = (22)

where s and t are sequences to be compared and C(.) denotes the
length of a compressed string, compressed by a particular compres-
sor C, such as the LZW or the PPMZ algorithm (Kocsor et al.,
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2006). In this study the LZW algorithm was implemented in C'
while the PPMZ algorithm was downloaded from Charles Bloom’s
homepage (Bloom, 1998).

3.2 Classifier algorithms

Here we will give a short summary of the classification methods used
in our experiments.

Artificial Neural Networks (ANN) are good at fitting functions
and recognizing patterns (Bishop, 1996). In our study the network
structure consisted of one hidden layer with 40 neurons and the
output layer consisted of one neuron. In each neuron the log-sigmoid
function was used as the transfer function and the Scaled Conjugate
Gradient (SCG) algorithm was used for training. The package we
applied was the Neural Network Toolbox 5.0 version part of Matlab.

The Support Vector Machine (SVM) gives a decision boundary
f(z) = (z,w) + b (also called a hyperplane) with the largest margin
between the positive and negative classes (Vapnik, 1999). In our
experiments the Radial Basis Function kernel was used and its width
parameter o was used in the same way as in SVK. The SVM we used
here was the LibSVM (Chang and Lin, 2001).

The Logistic Regression (LogReg) is one of the generalized linear
models which is used when the response variable is a dichotomous
variable (i.e. it can take one of two possible values) and the input
variables are continuous (Rice, 1994). In our study the LogReg was
part of Weka version 3-4.

The Random Forest (RF) technique is a combination of decision
trees such that each tree is grown on a bootstrap sample of the
training set (Breiman, 2001). For each node the split is chosen from
m < M variables (M being the number of dimensions) selected
from an independent, identically distributed random variable taken
from the feature set. In our experiments 50 trees were used and the
number of features m was set to log! + 1, where [ is the number of
input patterns. The RF was part of Weka version 3-4.

The Nearest Neighbour (1NN) (Duda et al., 2000) approach also
were applied such that test samples were ranked by the largest sim-
ilarity score (that is, obtained by similarity measures like BLAST
or learned equivalence) to the positive training samples.

14



3.3 Performance evaluation

A performance evaluation was carried out by standard receiver op-
erator characteristic (ROC) analysis, which is based on the ranking
of the test samples via its score, got by a particular learned model
(Gribskov and Robinson, 1996). The analysis was performed by
plotting sensitivity vs. 1-specificity at various decision threshold
values, and the resulting curve was integrated to give an ”area un-
der the curve” (AUC) value. In general we expect that a score
obtained from a learned model should be higher for an equivalent
sequence pair and lower for a non-equivalent pair. Furthermore, an
ROC analysis is equal to the Wilcoxon non-parametric statistics and
thus, in equivalence learning, the probabilistic meaning of the AUC
value is the probability of a (similarity) score we get for an equiva-
lence pair is greater than or equal to the score for an non-equivalence
(Hanley and Mcneil, 1982). We should remark here that for a per-
fect ranking AUC = 1.0, while for a random ranking AUC = 0.5.
The AUC score presented in the tables is the average of AUCs over
the classification tasks.

The Fisher Separation Ratio (FSR) (Duda et al., 2000) was also
evaluated in order to see how well the classes are separated from
each other. It is defined by FSR = ((u1 — p2)?) / (0% + 03), where
p; is the centre and o; is the standard deviation of class i (i = 1,2).

4 Results and discussions

In each classification task the train set of the equivalence and non-
equivalence pairs was a small, randomly selected part of the full
train sequences. This step is necessary in order to avoid overlearn-
ing, to speed up the training and to reduce the training set to a
computationally manageable size because the training pairs grows
quadratically w.r.t. the number of train sequences. In our experi-
ments 500 equivalence and non-equivalence training pairs were used
respectively, each test was repeated 10 times and the results given
in tables are the average values on them. We may conclude here
that the standard deviation is generally small, and increasing the
training points only makes it smaller (Kertész-Farkas et al., 2007b).
We should also mention here that a reasonable choice of number of
training points depends on the variability of the training set; that is
the number of protein groups, number of group members, average
protein size, similarity within and between groups and so on.

In the vectorization step the ranking of the feature set was carried
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out by using the BLAST method. For the parameter setting in the
normalization function ky, in our experiments we found that the
best results were obtained when p was set to the ratio of the non-
equivalence pairs and A was set to the tangent at the point p, that
is A = 1/( — 1) (data not shown). Finally, a vector composition
method was applied (Table 1). In order to see how well the vectors
of the equivalence and the non-equivalence sequence pairs were sep-
arated from each other the FSR method was applied. Also to see
how normalization helps the separation, the FSR was also evaluated
on the original data that is, in the vectorization step just the simi-
larity score was used instead of the normalized order number. The
results are shown in Table 2.

Table 2: The Fisher Separation Ratio (FSR) with different composition methods
applied on the original and on the normalized training data of 3PGK.

FSR on C. Co Cu Ch Cc
original 0.055 0.073 0087 0.136 ma.l 0.034
normalized  0.067  0.136  0.391 0.35 0.392 0.146

IThe Dombi operator (Cp) is only defined on in the [0,1] interval. The largest value is

underlined.

Overall we may conclude that the normalization with x makes
the classes more separated and it makes equivalence learning more
robust and less sensitive to different composition and learning meth-
ods, as well as yielding a good performance in general (data not
shown).

Table 3: The AUC results of equivalence learning using different composition
and learning methods.

C+ C. CQ CH CD CE avg
SVM 0.832 0.781 0.873 0.848 0.857 0.861 0.842
ANN 0.797 0.804 0.873 0.860 0.873 0.858 0.844
LogReg 0.721 0.781 0.860 0.828 0.875 0.845 0.818
RF 0.847 0.841 0.880 0.874 0.878 0.905 0.871

nnLS! 0.667 0.629 0.880 0.857 0.864 n.a. 0.779
1SVM! 0.680 0.692 0.790 0.766 0.863 n.a. 0.737

avg 0.760 0.765 0.844 0.824 0.868 0.867 0.815
The AUC value of the BLAST similarity method is 0.737. The largest values is underlined

here.! Learning of SVK.

On the 3PGK dataset the AUC values for the results of equiva-
lence learning with different learning and composition methods are
shown in Table 3. The AUC value based on the original BLAST
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similarity matrix is 0.737 and it rose to 0.905 with RF and the
Cc composition method. On average it rose to 0.815. In general
the composition methods Cy and C, do not perform as well as the
others, and for equivalence learning the LogReg method performed
worse than the others. On average we obtained the best AUC re-
sults with the RF learner and C'p composition method. On the
COG database we got similar results and trends (data not shown).

4.1 Classification results with learned equivalence

Here we evaluated equivalence learning in the context of protein
classification. In the case of 1NN the classification was performed
by simply the score obtained by EL. With the other vector-based
learning methods (SVM, RF, ANN and LogReg), the ith vector
component for a sequence s was the learned equivalence scores be-
tween s and the ith training sequence. To evaluate the classification
performance we used ROC analysis and the ranking variable was
the score obtained by the given learned model.

The results of the ROC analysis are shown in Table 4. These
results suggest that the equivalence learning makes the classifica-
tion easier, that is, better classification results can be achieved with
simpler method. For example, the AUC of the 1NN improved from
0.863 to 0.964 with the equivalence matrix learned by RF and Dombi
operator on the dataset 3PGK. The Table 5 presents an overall com-
parison of several similarity method with several classification meth-
ods. The best results were obtained with EL in almost all cases.

Table 4: The AUC results for protein classification on 3PGK.

CM! EL? ol Cs Co Cr Ch Co

INN SVM 0873 0910 0946  0.940  0.956  0.899
(0.863)  RF 0955 0949 0960  0.953 0964  0.937
RF SVM 0918 0910 0920  0.944 0923  0.934
(0.885)  RF 0944 0939 0948 0941 0948  0.952
SVM SVM 0946 0957 0956  0.959  0.044  0.803
(0.953)  RF 0.957 0953  0.964 0962 0966  0.962

IThe classification method applied. ?The learning method was used to learn the

equivalence. In each row the largest value is underlined.

The classification with INN on SVKs gives the best AUC results.
The SVKs with SVM perform less well than the LAK but we should
remark the time complexity of LAK is quadratic and for a sequence
pair it computes more operations than the SW method.
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Table 5: The overall protein classification results with variuos similarity and

classification methods on 3PGK and COG.

ANN

Methods 1NN, SVM RF LogReg avg
3PGK
BLAST 0.863 0.953 0.885 0.958 0.953 0.922
SW 0.861 0.953 0.866 0.955 0.948 0.916
LA 0.859 0.966 0.879 0.956 0.959 0.923
LZW 0.783 0.924 0.846 0.928 0.915 0.879
PPMZ 0.812 0.948 0.915 0.959 0.940 0.914
EL! 0.964 0.966 0.948 0.963 0.927 0.958
COG
BLAST 0.892 0.968 0.937 0.968 0.960 0.945
SW 0.762 0.915 0.892 0.961 0.874 0.881
LAK 0.889 0.972 0.931 0.973 0.966 0.946
LZW 0.843 0.941 0.883 0.924 0.920 0.902
PPMZ 0.873 0.955 0.910 0.937 0.942 0.923
EL! 0.956 0.978 0.956 0.974 0.956 0.964

1Similarity we got by equivalence learning with RF and composition method Cp. In each

column the largest value is underlined.

Table 6: The AUC results for protein classification with LAK and SVK learned

by nnLS and 1SVM.

3PGK COG
nnLLS 1SVM LAK | nnLS 1SVM LAK
INN | 0975 0.972 0.860 | 0.891 0.901 0.888
SVM | 0.963 0.930 0.966 | 0.957 0.953 0.972
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5 Conclusions

Equivalence learning provides a two-class classification approach for
object-pairs defined within a multi-class scenario where the under-
lying idea is not to classify objects into their respective classes, but
rather classify them as equivalent (belonging to the same class) or
non-equivalent (belonging to different classes). The method is based
on a spectrum of the similarity between the objects represented in
vector form. Here we used techniques from fuzzy theory like the
normalization function x and Dombi operator class that make the
equivalence learning more robust. We hope this technique will also
prove more popular in sequence vectorization in other fields of bioin-
formatics. The similarity method used during ranking represents
the biological knowledge and any special method can be used for
a specific sequence group. What is more SVK provides a way of
constructing a valid kernel function from any similarity function.
Equivalence learning could be applied as a postprocessing method
after the similarity between the query and the database have been
calculated in a pairwise manner. The time and space requirements
are dwarfed by the cost of the similarity method, but also signifi-
cantly better results can be obtained. We think that this is because
not just the similarity between the query and database used, but the
relation to the equivalent and the non-equivalent sequences is used,
hence additional information could be exploited in the classification.
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