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Abstract— Currently the best algorithms for transcrip- ~ Section 1, we introduce the datasets used in this paper.
tion factor binding site prediction are severely limited in \We explain how we apply under- and over- sampling
accuracy. There is good reason to believe that predictions o chniques in Section IV. A set of common metrics and
from these different classes of algorithms could be used . fi h teristi hs f .
in conjunction to improve the quality of predictions. In rece“_/?r operaung characterisucs grap S_ or asses?'ng
this paper, we apply single layer networks, rules sets and classifier performance are covered in Section V. Section
support vector machines on predictions from12 key real VI briefly introduces our experiments and Section VII

valued algorithms. Furthermore, we use a ‘window’ of gives all the experimental results. The paper ends in
consecutive results in the lnput vector in order to contextu Section VIII with conclusions

alise the neighbouring results. We improve the classificatin

result with the aid of under- and over- sampling techniques.
We find that support vector machines outperform each of
the original individual algorithms and the other classifiers One of the most exciting and active areas of research

employed in this work. In particular they have a better in biology currently, is understanding how the exquisitely
tradeoff between recall and precision. fine resolution of gene expression is achieved at the
molecular level. It is clear that this is a highly non-
trivial problem. While the mapping between the coding
In this paper, we address the problem of identifyingegion of a gene and its protein product is straightforward
transcription factor binding sites on sequences of DNAnd relatively well understood, the mapping between a
There are many different algorithms in current use tgene’s expression profile and the information contained
search for binding sites [22], [3], [23], [5]. However, mosin its non-coding region is neither so simple, nor well
of them produce a high rate of false positive predictionanderstood at present. It is estimated that as much as
The problem addressed here is to reduce these faf#%s of the human genome is cis-regulatory DNA [15]
positive predictions by means of classification techniquesundeciphered for the most part and tantalisingly full
taken from the field of machine learning. of regulatory instructions. A cis-regulatory component
To do this we first integrate the results frdr differ- consists of DNA that encodes a site for protein-DNA
ent base algorithms for identifying binding sites, usinfnteraction in a gene regulatory system, conversely, a
non-linear classification techniques. To further improveans-regulatory component consists of a protein that
classification results, we employ windowed inputs, wheitginds to a cis-regulatory DNA sequence. Cis-regulatory
a fixed number of consecutive results are used as alements form the nodes connecting the genes in the reg-
input vector, so as to contextualise the neighbouringatory networks, controlling many important biological
results. The data has two classes labeled as either bindphgnomena, and as such are an essential focus of research
sites or non-binding sites, with abo08% used being in this field [2]. Lines of research likely to directly
non-binding sites. We make use of sampling techniqudssnefit from more effective means of elucidating the cis-
working with a traditional neural network: single layeregulatory logic of genes include embryology, cancer and
networks (SLN), rules sets (C4.5-Rules) and a conterthe pharmaceutical industry.
porary classification algorithm: support vector machines It is known that many of the mechanisms of gene
(SVM). regulation act directly at the transcriptional or sequence
In previous work we have used binary valued badevel, for example in those genes known to play integral
algorithms [19], here we extend this to use as muables during embryogenesis [2]. One set of regulatory
information as possible as provided by the real valuddteractions are those between a class of DNA-binding
base algorithms. proteins known as transcription factors and short se-
We expound the problem domain in the next section. uences of DNA which are bound by the proteins by

Il. PROBLEM DOMAIN

I. INTRODUCTION



virtue of their three dimensional conformation. Tran-
scription factors will bind to a number of different but gene alalefrlclafeee]
related sequences. A base substitution in a cis-regulatory
element will commonly, simply modify the intensity
of the protein-DNA interaction rather than abolish it.
This flexibility ensures that cis-regulatory elements, and 0’;
the networks in which they form the connecting nodes, 12 key algorithm | 047
are fairly robust to various mutations. Unfortunately, it results 06 ce
complicates the problem of predicting the cis-regulatory -
elements from out of the random background of the non-
coding DNA sequences.
The current state of the art algorithms for transcription
factor binding site prediction are, in spite of recent _ o
. . . Fig. 1. The dataset ha&8910 columns, each with a possible binding
advances, still severely limited in accuracy. We show th diction (binary or real value). The 12 algorithms giveithown
in a large sample of annotated yeast promoter sequengesyjiction for each sequence position and one such colurshaen.
a selection of 12 key algorithms were unable to reduce
the false positive predictions below 80%, with between
20% and 65% of annotated binding sites recovered. Thedeviously unhelpful to have these repeated or inconsistent
algorithms represent a wide variety of approaches to tilems in the training set, so they are removed. We call
problem of transcription factor binding site predictionthe resulting data the consistent training set. However in
such as the use of regular expression searches, PV case of the test set we consider both the full set of
scanning, statistical analysis, co-regulation and evoldata and the subset consisting of only the consistent test
tionary comparisons. There is however good reason items. As can be seen in Table 1, the removal of repeated
believe that the predictions from these different classe#d inconsistent data dramatically reduces the number of
of algorithms are complementary and could be integratéata items: roughly0% of data is lost.
to improve the quality of predictions. As the data is drawn from a sequence of DNA nu-
In the work described here we take the results frogleotides the label of other near locations is relevant
the 12 aforemention algorithms and combine them intto the label of a particular location. We therefore con-
2 different feature vectors, as shown in next sectiotextualise the training and test data by windowing the
We then investigate whether the integrated classificatizgctors as shown in Figure 2. We use the locations
results of the algorithms can produce better classificationp to three either side, giving a window size of 7,
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than any one algorithm alone. and a consequent input vector size of 84. This has the
considerable additional benefit of eliminating most of the
IIl. DESCRIPTION OFTHE DATA repeated and inconsistent data: as can be seen in Table 1

The data ha$8910 possible binding positions and aNoW less tharb% of the data is lost.
prediction result for each of the 12 algorithms. The Taple 1 gives the sizes of all the dlfferentda_ta sets.used
algorithms can be categorised into higher order grouffs this paper. The training set consists of either single
as Single sequence algorithms (7) [22], [1], [17], [20]vectors or wmdqwed vectors. In both cases only consis-
Coregulatory algorithms (3) [3], [11]; A Comparativel€Nt, non-repeating data is used. The test data consists of
algorithm (1) [23]; An Evolutionary algorithm (1) [5]. €ither single vectors or windowed vectors as appropriate.
The label information contains the best informatiofither the full test set or the relevant consistent subset

we have been able to gather for the location of knowf used. There is however, a special case, namely when
binding sites in the sequences. We useto denote the W€ want to compare the windowed model with the single

prediction that there is no binding site at this locatiofiPut version. Here we want to evaluate the windowed

and 4 to denote the predictions that there is a bindinﬁmdel on the locations represented in the consistent test
site at this location. For each of the bagealgorithms, a Set of the single _vector model. We th_er_efore construct a
prediction result can be either binary or real valued, s&@st set for the windowed model consisting of only those

Figure 1. The data therefore consists @010 12-ary Vectors corr_equndmg to the 7 Iopauons around each of
real vectors each with an associated binary value.  the data points in the single consistent test set.

In this work, we divide our dataset into a training set
and a test set: the fir@y/3 is the training set and the last
1/3 is the test set. Amongst the data there are repeated
vectors, some with the same label (repeated items) andn our dataset, there are less thH¥: binding posi-
some with different labels (inconsistent items). It isions amongst all the vectors, so this is iambalanced

IV. SAMPLING TECHNIQUES FORIMBALANCED
DATASET LEARNING



class is included in the Euclidean distance. A new pattern

1 belonging to the minority class can then be generated as
;%glggythm o follows: for continuous features, the difference of each
results o feature between the pattern and its nearest neighbour is
-1 taken, and then multiplied by a random number between
: 0 and 1, and added to the corresponding feature of the
Labels—— |1 [-i]-1]-1]-1]1]e o 1) pattern; for binary features, the majority voting prineipl
t ! ’ to each element of thdl—nearest neighbours in the
Windows—— Tabel feature vector space is employed. We take 5 nearest
label 2 neighbours, and double the number of items in the
minority class. The actual ratio of minority to majority

label 3

class is determined by the under-sampling rate of the
majority class. According to our previous experience, we

Fig. 2. The window size is set toin this study. The middle label of ) . . T
9 e window size is set D n this study. The middie label o set the final ratio to a half, which works well in this work.

7 continuous prediction sites is the label for a new windowsglits.

The length of each windowed input now i€ x 7.
9 P V. CLASSIFIER PERFORMANCE

TABLE | It is apparent that for a problem domain with an
DESCRIPTION OF THE DATASETS USED IN THIS WORK imbalanced dataset, classification accuracy rate is not
- _ sufficient as a standard performance measure. To eval-
ype size o . . .
— _ Single 15790 uate cI_aSS|f|ers useq in this work, we apply Receiver
training consistent S o Operating Characteristics (ROC) analysis [8], and several
. common performance metrics, such as recall, precision
single 5966 d hich lculated d d
st consistent [ Testricted and F-score [6], [14], whic are calculated to understan
windowed 5966 the performance of the classification algorithm on the
fll single 22967 minority class. Prior to introducing ROC curves, we give
windowed 22967 definitions of several common performance metrics.

A. Performance metrics

Based on the confusion matrix computed from the

dgtaset [13]', S|r)ce the d_ataset IS imbalanced, the SURESt results, several common performance metrics can be
vised classification algorithms will be expected to OV&iafined as in Table . where TN is the number of true

predict the majority class_, namely the non-blnd_lng S'_tﬁegative samples; FP is false positive samples; FN is false
category. There are various methods of dealing W'Wegative samples; FP is true positive samples.
imbalanceddata [12]. In this work, we concentrate on

the data-based method [7]: using under-sampling of the TABLE I

majority class (negative examples) and over-sampling PERFORMANCE METRICS

of the minority class (positive examples). We combine

both over-sampling and under-sampling methods in our . ., - 1p/ (TP + FN) Precision = TP / (TP + FP)

experiments. _ 2.RecallPrecision _ ___TP+IN

For under-sampling, we randomly selected a subset of %%~ Recalltbrecision  ASUIAY= TPRENFTNFFP
data points from the majority class. The over-sampling fp-rate= ppyTn:
case is more complex. In [13], the author addresses an
important issue that the class imbalance problem is onl
a problem when the minority class contains very smdi- ROC curves
subclusters. This indicates that simply over sampling with ROC analysis has been used in the field of signal detec-
replacements may not significantly improve minorityion for a long time. Recently, it has also been employed
class recognition. To overcome this problem, we applyia the machine learning and data mining domains. Here
synthetic minority over-sampling technique as proposeude follow [8] to give a basic idea of ROC curves.
in [7]. For each pattern in the minority class, we search 1) ROC curves:In a ROC diagram, thé&rue positive
for its K —nearest neighbours in the minority class usingate (also called recall) is plotted on thé axis and the
Euclidean distance. Since the dataset is a mixed onefalse positive rate(fp_rate) is plotted on theX axis.
continuous and binary features, we follow the suggesti¢toints in the top left of the diagram therefore have
in [7]: when the binary features differ between a pattera high TP rate and a low FP rate, and so represent
and its nearest neighbours, then the median of standgmbd classifiers. The classifiers used here all produce
deviations of all continuous features for the minoritya real valued output, that can be considered as a class




membership probability. It is normal when using a RO® divided into 5 equal subsets, one of which is to be a
diagram to compare classifiers, to generate a set \@lidation set, and there are therefore 5 possible such
points in ROC space by varying the threshold used &ets. For each classifier a range of reasonable parameter
determine class membership. In this way a ROC curgettings are selected. Each parameter setting is validated
corresponding to the performance of a single classifiem each the five validation sets, having previously been
but with a varying threshold, is produced. One classifi¢rained on the othet/5 of the training data. The mean
is clearly better only when it dominates another over thgerformance, as measured by the AUC metric over these
entire performance space [8]. One attractive property bf validations, is taken as the overall performance of
ROC curves is that they are insensitive to changes the classifier with this parameter setting. The parameter
class distribution, which makes them useful for analysirggtting with best performance is then used with this clas-
performance of classifiers using imbalanced datasets. sifier and the corresponding data set (single or windowed)
As noted for a ROC curve to be generated a reéd the subsequent experiments. For example the SVM
valued classifier is needed. The original SVM is a binatyas two parameters and six different combinations were
classifier. As described in [21] it is possible for the SVMevaluated.
to generate probabilistic outputs. For majority voting and There are several approaches to generate an averaging
weighted majority voting, we adopt methods propose®OC curve from different test sets [8]. In this paper,
in [9]. The score assigned to each pattern is the fractiaverage ROC curves of the cross-validation results are
of votes won by the majority in majority voting; while obtained by first generating a ROC curve for each of the
in weighted majority voting, each base algorithm votegalidation sets, and then by calculating the average scores
with its confidencewhich is measured by the probabilityfrom them.
that the given patternl) is positive @), i.e., p(P|I) = The standard deviation of the AUC can therefore be
TP /(TP + FP) The class with the highest summedttained either using the cross-validation method, or when

confidence wins, and the score is the average confidenggly a single curve is available, approximated as fol-
For the neural network classifiers a real valued output i§s [10], se = () AG=A+E W=D (@Q1—A%)+ (N ~1)(Q2 =A%)

. Na N,
automatically generated. where A denotes AUC,N,, and N,, are the number of

Often to measure a classifier performance, it is convgagative and positive examples respectively, ghd=
nient to use a single metric and the area under a ROQ_ Qy = 24

curve (AUC) can be used for this purpose. Its valug A
ranges from0 to 1. An effective classifier should have
an AUC more thar.5.

VIlI. RESULTS

A. Cross validation
VI. EXPERIMENTS

The classification techniques used in this work are I_nthls experiment, we trained and tested the classifiers

single layer network (SLN) [4], support vector machin%s'ng 5-fold cross-validation as descr_il_)ed above. The
(SVM) [18], rule sets (C4.5-Rules) [16], majority voting_©>" S€t Of parameters for each classiler were selected
(MV), and weighted majority voting (WMV). and the resulting value (averaged over the 5-fo

The SVM experiments were completed usingsvm validation) is shown in Table Ill. Table Il also shows
which is available from the URL ' standard deviations computed using cross-validation. For

http://ww. csie. ntu. edu. tw ~cjlin/libsvm both single and windowed inputs, the C4.5-Rules have

The C4.5-Rules experiments were done using C4t.|%e best perf_or_mance. In addition, due to the diffe_r_ent
software from [16]. C4.5-Rules is a companion progra ze of the training sets (Se‘? Tgble I),_almqst all cla§5|f|er
to C4.5. It creates rules sets by post-processing decis’lﬁh\/e ;mallgr standard deviations with windowed inputs
trees generated using C4.5 algorithm first. The othe an single inputs.

were implemented using theENLAB toolbox, which is
available from the URL

http://ww. ncrg. aston. ac. uk/ netl ab/.

TABLE Il
CROSS VALIDATION WITH DIFFERENT CLASSIFIERS

A. Parameter Settings input classifier | Mean of AUC | std
_ . . SLN 74.41 2.04
Since we do not have enough data to build up an inde- single SVM 78.36 138
pendent validation set to evaluate the model, all the user- C4.5-Rules 86.55 121
SLN 75.94 0.59

chosen parameter_s_are obtaln_ed using (_:ross-vahdatlon. windowed VM =17 03T
There are two training sets (single or windowed), and C4.5-Rules 87.01 124
for each of these sets, and each classifier, the following
cross validation procedure is carried out. The training set
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Fi‘g. 3: RQC graph: five classifiers applied to the consistest $set Fig. 4. ROC graph: three classifiers applied to the full testusing
with single inputs. windowed inputs.

B. Classification results on the fixed consistent test s&here over some of the range it is predicting below

with single and windowed inputs random.
This test set hag966 data points (see section 1) in VIII. CONCLUSIONS
both the single and windowed versions. The significant result presented here is that by inte-

The results are shown in Table IV, together with th%rating the 12 algorithms we can considerably improve
best base algorithm (the one with the highest F-scorgjnging site prediction. In fact when considering the
Compared with the best base algorithm, all classifiergy)| contiguous test set, we are able to reduce the
except MV and WMV decrease the fpte. It can be fase positive predictions of the best base algorithm
seen that with both single and windowed inputs, thgy 26%, whilst maintaining about the same number of
SVM is. clearly the best classifier - it outperforms the,e positive predictions. As expected the SVM gave a
others in terms of the F-score and AUC performanqgstter classification result than the SLN and the decision
metrics. However this is at a cost: in comparison tgees. Majority voting was actually worse than the best
the best base algorithm the recall has been decreasggividual algorithm. However, weighted majority voting

especially with single inputs. The classifier has becomgys g Jittle better. C4.5 has a tendency to badly overfit

more conservative, predicting binding sites less often biffe training data and produce very poor predictions,
with greater accuracy. When comparing the single ar@metimes worse than random.

windowed results the only major difference is that C4.5- Fyture work will investigate i) searching for a method

Rules does a lot better with single input data. to find out a suitable ratio of minority to majority classes,

Figure 3 shows ROC curves obtained using the consighich could give better results; ii) using algorithm based
tent test set and single inputs. The curves show that i@hnologies to cope with the imbalanced dataset; iii)
SVM and SLN have similar performance, outperformingonsidering a wider range of supervised meta-classifiers
the others. MV and WMV are the weakest. or ensemble learning algorithms. Another important av-
enue to explore will be to examine the biological sig-
fiificance of the results and we are currently working on
using a visualisation tool.

In this experiment, we use the full contiguous test set.
All the results are presented in Table V, with one of the
Corresponding ROC curves Shown in Figures 4. [1] A. ApQSt0|iC0, M. E, Bock, S. Lonardi and X. 'XU, “E_ﬁicient

. . . Detection of Unusual WordsJournal of Computational Biology

Looking at the results for the single inputs, the SLN 4 7 "No.1/2, 2000.
performs well in the AUC, while the SVM in F-score.[2] M. I. Arnone and E. H. Davidson, “The hardwiring of devglo
Although their recalls are lower than the best base ment: Organization and function of genomic regulatory eyst’,

Igorithm, this is explained by their far lower fate Development 124, 1851-1864, 1997. :
a 90” o ° p y h - * [3] T.L.Bailey and C. Elkan, “Fitting a mixture model by exqtation
With windowed inputs the story is very much the same. maximization to discover motifs in biopolymersProceedings of
In fact the windowed SVM is the overall best performer the Second International Conference on Intelligent Systéon
inal d windowed classifiers. The C4.5-Rul Molecular Biology 28-36, AAAI Press, 1994.
across single and window : : @? C. M.Bishop. (1995)Neural Networks for Pattern Recognition

perform particularly poorly, as is shown in Figure 4, Oxford University Press, New York.

C. Classification results on the full test set with singl
and windowed inputs
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