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ABSTRACT

This paper introduces a novel Transductive Support Vecior
Machine (TSVM) model and compares it with the
waditional inductive SVM on a key problem in
Bioinformatics - promoter recognition. While inductive
reasoning is concemed with the development of a model (a
function) to approximate data from the whole problem
space (induction), and consecutively using this model to
predict output values for a new input vector (deduction), in
the transductive inference systems a model is developed
for every new input vector based on some closest to the
new vector data from an existing database and this model
is used to predict only the output for this vector. The
TSVM outperforms by far the inductive SVM models
applied on the same problems, Analysis is given on the
advantages and disadvaniages of the TSVM. Hybrid
TSVM-evolving connections systems are discussed as
directions for future research.

1. INDUCTIVE & TRANSDUCTIVE INFERENCES

Most of the learning models and systems in artificial
intelligence apply inductive inference where a model (a
function) is derived from data and this model is further
applied on new data. [1]. This is the case in the area of sofi
computing, [2] [3] [4-7], and particularly - in neuro-fuzzy
reasoning systems [8, 9] {10}, and in support vector
machines (SVM) [11]and in their numerous applications
(see for example [12]). The model is created without
taking into account any information about a particular new
data vecior. The new data would fit into the model to
certain degree (an error is estimated). The model is in most
cases a giobal model, covering the whole problem space.
Creating a global model (function) that would be valid for
the whole problem space is a difficult task and in most
cases - it is not necessary. In some local leaming systems
(see for example [13] [14}) that include the evolving
connectionist systems (ECOS) [15] the global model
consists of many local models (rules) that collactively
cover the whole space and are adjusted individually on
new data. The output for a new vector is calculated based
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on the activation of one or several neighboring local
models {rules). The inductive learning and inference
approach 1§ useful when a global model {"the big picture™)
of the problem is needed even in its very approximate
form, when incremental, on-line learning is applied to
adjust this mode! on new data and trace its evolution.

Generally speaking, inductive inference is concerned with
the estimation of a function (a model) based on data from
the whole problem space and using this model to predict
output values for a new input vector, which can be any
point in this space {deduction) - Fig.l. Most of the
statistical, connectionist and fuzzy leaming methods, such
as SVM, MLP; RBF; ANFIS (see {10]; [161) and ECOS
[15] that include DENFIS {17], EFuNN {18, 19] and many
more, have been developed and tested on inductive
reasoning problems.

Data set D Training a

for training P odel M

k]

Fig. I A block diagram of an inductive reasoning system.
A global model M is created based on data samples from
D and then recalled for a new vector.

In contrast to the inductive inference, transductive
inference methods estimate the value of a potential model
(function) only for a single point of the space (the new
data vector) utilizing additional information related to this
point [11]. This approach seems o be more appropriate for
clinical and medical applications of leaming systems,
where the focus is not on the model, but on the individual
patient data. And it is not so important what the global
error of a global model over the whole problem space is,
but rather - the accuracy of prediction for any individual
patient [20]. Each individual data vector (a patient in the
medical area {21, 22}, a target day for predicting a stock
index or control of a process [23],0r a time moment in the
future for predicting a time series [24, 25]) may need an
individual, local model develeped in an ad-ho¢ mauner,
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that best fits the new data, rather then - a global model
used and new data tried to be matched into it without
taking into account any specific information on where this
new data point is located in the space.

Transductive inference is concerned with the estimation of
a function in single point of the space only, regardless of
its dimensionality. For every new input vector x/ that needs
to be processed for a prognostic task, the closest N
examples that form a set Di are derived from an existing
data set D or/and generated from an existing model M (if
necessary) and a2 new model M is dynamically created
from these samples to approximate the function in the
locality of point Xv only - Fig. 2. The system is then used to
calculate the function value yi for this input vector. Fig. 2
Transductive inference methods are efficient when the size
of the available data set D is relatively smali (according to
[11] a sample size is considered small if the ratio N/M <
20, where N is the size of the data set D and A is the VC
dimension - an estimate of the possible number of
functions in the space for the defined problem and for the
available data set).
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Fig.2 A block diagram of a transductive inference system.
An individual model M | is trained for a new input vectar

E’, with data samples D, selected from a data set D, and
data samples D | generated from an existing model.

A simple transductive inference method is the k-nearest
neighbor method (k-NN), where a new data vectorf? 15

classified into one of the existing classes in the data
samples from D based on the majority of classes among &
nearest to (he new vector samples, that form the setD, .

The distance is measured as Euclidean distance or as
another type of distance. In terms of prediction systems,

D,
the output value y, for the new vector x, is calculated as

the average value of the aurput values of the k-nearest
samples from the data set D, . In a weighted k-NN

method (WKNN) the output for a new vector )? is
calculated based not on the majority in the set D, of the
k-nearest samples, but also on their distance to }cnl.

Y= VW M

F=L2 LN

Many problems in Bioinformatics, and in Molecular
Biology in particular, are characterized by a small data set
sparsely distnbuted in a large dimensional space {12]
where data samples are being added continuously. This
type of problems would be suitabie to solve with the use of
transductive inference techniques. Such problems are:
promoter recognition, microarray gene expression data
classification, gene expression time course data modelling,
and many more. The problem of promoter recogmition is
taken in this paper as a case study problem. The traditional
inductive SVM (section 2) are compared with the novel
transductive SVM introduced in section 3. Section 4
presents some experimental results that demonstrate the
superiority of the TSYM for the class of problems versus
the inductive SVM, while section 5 discusses further
development of the transductive SVM and hybrid systems
for bioinformatics applications.

2. INDUCTIVE SVM

Support vector machine is first proposed by Vapnik and

his group at AT\ET Bell laboratories [26],]27]. For a

typical leaming task P(X,y)= P(y |X)P(¥) ., an

inductive SYM learner aims to build a decision function
W .

fi x> {~1+1} based on a training set S

frain ¥
which is
fL = L(Srrat'n) :
@ W ()
Where: S, =(x;, ¥),(%,, ¥, (X, 3,)

In SVM theory, the computation of f; can be traced back

to the classical structural risk minimization (SRM}
approach, which determines the classification decision
function by minimizing the empirical risk, as
14, @
R=;Z[f(x.-)—y,-! 3)
i=1 ‘
where N and f represent the size of examples and the

classification decision function, respectively, For SVM,
the primary concern is determining an optimal separating
hyper-plane that gives a low generalization error. Usually,
the classification decision function in the linearly
separable problem UiJS %presemed by

= sign{w-x+b) “)

2)

In SVM, this optimal separating hyperplane is determined
by giving the largest margin of separation between
different classes. It bisects the shortest line between the
convex hulls of the two classes, which is required to
satisfy the following constrained minimization, as
... o
Minimize : =" w
2 ® (5)
i [
Subject to: y,(w-Xx+b)=1.
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For the hnearly non-separable case, the minimization
problem needs te be modified to allow misclassified data
points, This modification resulis in a soft margin classifier

that allows but penalizes errors by introducing a new set of
variables £/ as the measurement of violation of the

=l

constraints.

W+ O3 &t

Subject to: yi($~(p(xn?)+b) z1-~£&,.

where (¢ and & are used to weight the penalizing
i

=k

Minimize:

ISR

©

variables £,_, , and @(-) is a nonlinear funiction which maps

the input space inmto a higher dimensional space.
Minimizing the first term in Eq.(6)corresponds to
minimizing the VC-dimension of the learning machine and
minimizing the second term in Eq{6}) controls the
empirical risk. Therefore, in order to solve problem
Eq.6}), we must construct a set of functions, and
implement the classical risk minimization on the set of
functions. Here, a Lagrangian method is used to solve the
abave problem. Then, Eq.{(6} can be written as

Minimize:F(A)-—"A.l—lA-D-A
2 , 7

Subject to: A-y=0,ASC;A>0
where A = (4,,A ,4,) . D:y,.ng';cxf, for binary

classification and the decision function Eq. {3) can be
re-written as

1) = sign(Y 2 (Fp(B)+5°) @

i=]

3. INDUCTIVE S¥VM
In contrast to above introduced inductive SVM leaming,
transductive SVM learning specially includes the

knowledge of test set.S,  in training procedure [28],

thus the above learning function Eq.(2) of inductive
SVM can be reformulated as,

fL = L(S.'min > Saes.r)'
m * m * m L]
Where: Slmin = (x, B 1 )’(xz » V2 )""5(‘xn !yn)
Therefore, in a linearly scparable data case, to find a
labeling yl' . y;,A , y: of the test data, the hyperplane

ur .
< w,b > should separate both training and test data
with maximum margin.

fest

(&)

Minimize Over (¥,,¥,.A , s, \gj,b) :

Lpg

2 {10)
Subject to: 2 (\Evatc?er)Zl
7 (92 rpy=1.

To be able to handle non-separable data, similar to the way
in above inductive SVM, the leaming process of
transductive SVM can be formulated as the following
optimization problem,

Minimize OQver
* * « 10 . -
(Y( 7y25A aY3’W:b:§|'!A 3§n}§[ 1A g&):
e 1 L K *
. ?‘Eﬁ% e ey +cQent an
i=l j=

0 [0}
yviw-p(x)+b)21-¢
P 0l *
Y, (P p(B)+0)21-¢)
Where C is the effect factor of the query examples,

Subject to:

and C" &, is the effect term of ith query example in above

objective function. To solve this optimization equation,
algorithms can be referenced from [281,{291.

4, CASE STUDY: PROMOTER RECOGNITION
4.1. Promoter Recognition

Only 2-5% of the human genome (the DNA)} contains
useful information what concerns the production of
proteins. The number of genes contained in the human
genome is about 40,000. Only the gene segments are
transcribed into RNA sequences and then translated into
proteins. The transcription is achieved through special
proteins, enzymes called RNA polymerase, that bind to
certain parts of the DNA (promoter regions) and start
‘reading’ and storing in a mRNA sequence each gene code.

Analysis of 2 DNA sequence and identifying promoter
regions is a difficult task {303. If it is achieved, it may
make possible 1o predict, from a DNA information, how
this organism will develop, or alternatively - what an
organism looked like in retrospect [15]. The promoter
recognition process is part of a complex process of gene
regulatory network activity, where genes interact between
each other over time, defining the destiny of the whoie celi
31

4.2, Data Sets
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TSVM and SVM are trained in a supervised manner on a
collection of promoter and non-promoter sequences. The
promater sequences are obiained from the Eukaryotic
Promoter Database {(EPD) http://www.epd.isb-gib.ch/. We
have used 793 different vertebrate promoter sequences of
length 250 bps contained in EPD Rel.65 and covering the
region of 200 bps upstream of the transcription start site
(TSS) and 49 bps downstream of the TSS. These 250 bps
long sequences represent posifive training data. 'We also
collected a set of non-overlapping human exon and intron
sequences of length 250 bps each, from the Genebank,
http://www.ncbi.nlm.nih.gov/Genbank/GenbankOverview.

htm!, Rel. 121. In total we used 800 exon and 4000 intron
sequences. The training of the system is made on this set.

Since heuristic approaches have been proven 1o be detect
promoters with a very high level of specificity {38}, it is

highly preferable to make as few heuristically decisions as=

possible, relying on an optimization process to find the
best solution. In order to create a feature vector from
promoter elements, we carried out an imitial study on
promoter vocabulary for feamre encoding.

4.3. Promoter Feature Encoding

Qur feature encoding is based on a promoter vocabulary in
the meaning of promoter language. But our understanding
of promoter vocabulary is very modest compared to our
understanding of the vocabulary of human being language.
This is mainly due w basic pattemns of promoter encoding
have not yet been identified; a standardized set of features
for addressing the characteristics of promoter does not exit;
nor are there rules defining how features are 1o be
combined.

Previous investigations on promoter recognition
concentrated mainly on promoter encoding by a set of
Motifs [32],133]. Particularly interesting is the work of
Matthias Scherf ete. [32]. Their research focused on
classifying sequence in terms of two disjunct sets of
TUPAC groups: a set of promoter-related IUPAC groups
define the class “‘promoter", while a set of
non-promoter-related TUPAC groups defines the class
“non-promoter”, Similarly, we encode the promoter
feature by judging the similarity between the query
sequence and the basic promoter Motifs - promoter
vocabulary, which is defined and optimized in two steps
by K-NN classifier.

In the first siep, using Motif search engine provided by
Genome Net http://motif. genome.ad jp/, we extract a set of
promotor TUPAC group and a set of non-promotor TUPAC
group by conducting DNA motif searching on promoter
traning set and non-promoter training set (including exon

and intron), respectively. To select the motifs with the
most important characteristic of promoter, we set the
searching cut score as 98. Next, we use a set of promoter
IUPAC that is not contained in the non-promoter TUPAC
as an initial promater vocabulary.

In the second step, @ K-NN classifier is employed as a
representative of Bayesian classifiers o judge how a
promoter vocabulary response to bayesian classifiers on
promoter recognition. Results are evaluvated by
three-folder cross-validation. Then, the set of promoter
vocabulary 1s finally determined after a recursive selection
procedure of one-by-one adding and removing examples
according 1o the classification cutput of K-NN classifier.

0

1oy for

Based on the selected promoter vocabulary {#;}

one DNA sequence X of length L , its similarity reflexed

on the ith word of vocabulary H can be computed as,

LR, |+ &)

Dk |~ LCS(h, x ;. &) (12)

i=L
Where L.CS denotes the computation of longest cormnon
sequence [1], & is matching interval of sequence alignment,
and £ is gap penalty.

T S, =

- i

In the third step, to reduce the classification difficulty, an
ensemble of SVM3s on promoter versus intren and SVMs
on promoter versus exon is modeled by using the strategy
of majority voting [34]. Fig. 3 is the siructure of SVM
ensemble. Due to the larger dataset of intron, the number
of SVMs in ensemble on promoter versus intron is greater
than the number of SVMs on promoter versus exon.
TSVM and ISVM are tested in turn for comparison.

Tnputs
SYMs(TSYM/ISVM)
Fromoter versus Exon

SVMs{TSVM/ISVM), ...

Fromozer versus infron

Majority Voting '

Fig. 3 The structure of SVM ensemble for promoter
recagnition

4.4. Comparison Results of TSVM versus ISVM

To evaluate the results using the approach of 3-fold
cross-validation, we used 80\% of sequences in each class
for training, while the left 200% was kept for evaluation.
We divided the training set into three disjunctive sets.
Fram these sets, three different training sets are built by
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Method 7P P FP TP/FP Accuracy
of total matches (%4)
(%)

ISVM: Ex1(que:l,reg:2,3) 81 64.8 298 0.27 51
Ex2(que:2,reg:1,3) 69 65.2 273 0.25 43
Ex3{que:3,reg:1,2) 92 633 ) 317 0.29 58
Average 81 64.4 296 0.27 51

TSVM:Ex1{gue:1,reg:2,3) 126 859 98 1.28 79
Ex2{que:2,reg:1,3) 132 83.9 126 1.04 83
Ex3(que:3 reg:1,2) 119 84.2 110 1.08 75
Average 126 84.6 111 1.13 79

Table. } Experimental results of promoter recognition using TSVM and ISVM
joining two of the sefs in tum, while the third set was 6. REFERENCES

used as a test set.

For the convenience of results comparison, we follow the
evaluation schema of Fickett [35) to consider the true
positive (TP) and false positive (FP) of system, Tabie. 1
shows the comparison result of TSVM versus ISVM for
promoter recognition. As we can see, the TSVM leads to
an improved performance on promoter recognition,
raising coverage from 50% for ISVM to 79%, and TP/FP
from .27 to 1.13 as well. It indicates that transductive
inference performs much better than inductive nference
because it makes use of the information about the
distribution of unlabelled data.

5. CONCLUSION

We compared transductive SVM and inductive SVM on
promoter recognition. During this procedure, we first
collected promoter motifs by performing motif searching
on both promoter dataset and non-promoter dataset, and
from which we select promoter motifs with strongest
response to bayesian classifier as promoter words to
make up of the promoter vocabutary. Next, we used this
vocabulary as a codebook/dictionary, and extract
promater features for SVM classification by performing
a LCS searching in this codebook. We demonstrated that
TSVM performs better than ISVM on a specific
promoter recognition task with a ready both training and
test dataset, which indicates the special usage of
trunsductive learning compared to inductive learning.
However, datasets in practice are not always available in
advance. They are usually provided as a data stream. [t
follows that we cant have the information of unlabelled
data included in our model training, Thus it will be
difficult to use Transductive models like TSVM as a
general online classifier. To deal with this limitation, we
think, evolving systems like Hybrid evolving TSVM can
be a direction in our futures work.
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