
Abstract: Identifying locations and specificities of 

DNA-protein binding sites (also termed as motifs) is an 

important step towards understanding the mechanism of 

gene expressions. To save experimental cost and time, 

computational approaches have received increasing 

interest and demonstrated good potential for problem 

solving. Given a set of known motif instances associated 

with a transcription factor, motif recognition turns to be 

a biological data classification problem where the 

datasets demonstrate a remarkable imbalance property. 

This paper deals with a problem of single motif 

recognition using machine learning techniques. We first 

develop an overlap-based similarity metrics (OSIM) to 

compare DNA sub-sequences. As an application of the 

metrics to motif recognition, we then propose a motif 

recognition system that makes use of Learning Vector 

Quantization 1 (LVQ1) as a primary classifier. In the 

system, we replace the Euclidian norm of LVQ1 by OSIM 

and introduce corresponding modifications to the 

winning prototype update and classification process. The 

system is also integrated with a new sampling technique 

to handle the imbalance property of biological datasets. 

Finally, we examine the recognition capability of our 

motif recognition approach in comparison with P-Match 

and three well-known learner models, namely Neural 

Networks (NN), Support Vector Machine (SVM), and 

Learning Vector Quantization 1 (LVQ1). Experimental 

results show that with the support of OSIM and the 

sampling method, the learner models can produce high 

recall rates but quite low precision rates for the tested 

datasets. 

 

1 Introduction 
Transcription, in which genes are transcribed into 

messenger RNA segments, plays a principal role in the 

central dogma of molecular biology or gene expression. 

In order to be accomplished, the transcription requires a 

sequence-specific binding of multiple proteins or 

Transcription Factors (TFs) to short stretches of DNA 

(named as Transcription Factor Binding Sites - TFBSs or 

motifs) in promoter regions of being-regulated genes. It is 

biologically verified that this DNA-protein interaction 

underlies the success and the level of gene expression 

[16]. The identification of these TFBSs, therefore, is 

crucial for a complete understanding of gene regulatory 

complex networks [20]. 

The transcription factor binding sites (TFBSs) are 

relatively short. They appear conserved across 

evolutionary lineages and show strong sequence 

similarity. Nevertheless, due to effects of species 

selection, TFBSs are also degenerate, i.e. variations are 

allowable at a position within sites. Matches of such 

TFBSs can be present anywhere in the genome without 

having regulatory functions [22], [30]. Thus, an accurate 

and efficient method for identifying transcription factor 

binding sites (TFBSs) still remains challenging. 

Although experimental approaches such as foot-

printing and ChIP-chip technologies [28] achieve high 

accuracy in performance, they are very costly. 

Computational methods have been considered as an 

alternative. 

Current computational approaches for motif 

recognition can be categorized into phylogenetic 

footprinting approaches such as [13], [15] and model-

based approaches such as [1], [31]. Phylogenetic 

footprinting approaches work based on the alignment of 

orthologous sequences whose associated genes evolve 

through speciation from a common ancestral gene. These 

approaches share the common assumption that functional 

regions are likely to be under purifying selection, and 

mutations within these regions accumulate much more 

slowly than those in background (non-functional) regions 

[27], [38]. As a result, conserved regions can be 

differentiated from background regions by aligning 

orthologous sequences from closely related species to the 

most recent common ancestor [8]. The approaches of this 

sort, however, are significantly affected by the inaccuracy 

of the alignment algorithms and the quality of the 

orthologous sequences retrieval [26]. Furthermore, the 

process of binding site turnover, in which a binding site 

may be lost due to the creation of a new one nearby, is 

ignored in phylogenetic footprinting [10]. Recent work 

has addressed these issues. They consider the predicted 

affinities for TFs rather than directly comparing the 

orthologous sequences. In [15], [21], the authors assume 

that a binding site is conserved as long as it appears 

somewhere in an orthologous promoter. In [37], the 

authors utilize the total affinity of promoters for TFs and 

compare that affinity across orthologs. Another method to 

overcome the disadvantages of phylogenetic footprinting 

is to combine it with other approaches such as with 

statistical alignment [26] and with Gibbs sampling [29]. 

In model-based approaches, a wide variety of models 

have been employed to represent motifs, for example 

consensus sequences [31] (length- k  consensus strings of 

nucleotides), mismatch strings [1] (consensus sequences 

allowing mismatches), IUPAC strings [3] (consensus 
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sequences with degenerate (wildcard) symbols 

representing subsets of nucleotides at some particular 

positions), and Position Weighted Matrices (PWMs) [12], 

[31]. Among these models, PWM has been the most 

widely used [6], [31], [39] since it uses a matrix of size 

]4[ k  to give occurring probabilities of each nucleotide 

at each position of motifs ( k  is the width of motifs). 

PWM-based approaches [14], [23] construct PWMs for 

TFs from experimentally verified binding sites of these 

TFs. The PWMs are then used to search for motif 

instances in unexplored genomic sequences based on 

matching scores computed between the PWMs and the 

motif instances. These PWM-based approaches have a 

major disadvantage in that they rely mainly on a user-

specified cut-off to declare a new motif instance. 

Furthermore, as the number of known binding sites in 

public databases such as TRANSFAC [19] and JASPER 

[25] is typically small, PWMs are vulnerable to over-

fitting the data. Consequently, the generalization 

capability of PWMs is very limited. 

Given a set of known motif instances associated with a 

transcription factor, motif recognition turns to be a 

biological data classification problem where the datasets 

demonstrate a remarkable imbalance property. This paper 

deals with a problem of single motif recognition using 

machine learning techniques. We first develop an 

overlap-based similarity metrics (OSIM) to compare 

DNA sub-sequences. OSIM takes into consideration the 

overlap-ranges of the two compared nucleotide sub-

sequences and thus results in a high similarity degree 

between two sub-sequences that are almost overlapped in 

a DNA sequence. Meanwhile, traditional similarity 

metrics of classifiers such as Hamming distance and 

Euclidian norm cause a very low similarity degree 

between those two sub-sequences. To our best 

knowledge, there is no existing work on overlapping in 

learning classifiers, yet most current motif recognition 

approaches make use of the overlapping concept in 

performance evaluation [34], [36]. 

As an application of OSIM to motif recognition, we 

then propose a motif recognition system that employs 

Learning Vector Quantization 1 (LVQ1) networks as a 

primary classifier. In the system, we replace the Euclidian 

norm of LVQ1 with OSIM and introduce corresponding 

modifications to the winning prototype update and 

classification process. The system is also integrated with 

a new sampling technique to handle the imbalance 

property of biological datasets. We use OSIM-based 

similarities between DNA sub-sequences to under-sample 

negative examples and to over-sample positive examples. 

Accordingly, neighbours of known TFBSs in sequences 

are sampled to increase the number of positive training 

examples, while examples that are distributed around 

known TFBSs are disposed from negative training 

examples sets.  

Finally, we examine the recognition capability of our 

motif recognition approach in comparison with P-Match 

and three well-known learner models, namely Neural 

Networks (NN), Support Vector Machine (SVM), and 

Learning Vector Quantization 1 (LVQ1). The proposed 

sampling technique is also validated by comparing it with 

the traditional sampling technique which is composed of 

oversampling with replacement and random under-

sampling. Experimental results show that with the support 

of OSIM and the sampling method, the learner models 

can produce high recall rates but quite low precision rates 

for the tested datasets. 

The remainder of this paper is organized as follows: 

the proposed similarity metrics is presented in Section 2. 

The motif recognition system with an encoding method, 

overlap-based Learning Vector Quantization, and the 

sampling technique are presented in Section 3. 

Experimental results with comparisons are reported in 

Section 5. Finally, Section 6 concludes the paper. 

2 Overlap-based Similarity 

Metrics (OSIM) 
Most of current motif search approaches take into 

account the overlap concept in performance evaluation 

[34]. According to these approaches, inputs classified as 

positives by learner models (Section 4) may be 

considered as true positives as long as they overlap with 

known TFBSs over some positions. However, in the 

training of the learner models, these inputs play roles of 

negative examples due to the very low pair-wise 

similarities of neighbouring sub-sequences resulting from 

the Hamming distance and Euclidian norm. Motivated by 

this phenomenon, we develop the overlap-based 

similarity metrics (OSIM), in which the best alignment of 

two compared sub-sequences is targeted. 

Let 1E  and 2E  be two encoded kmers, i.e., 

i
k

ii
i eeeE 121 ...  , where }2,1{,  iei

j , and 

1,...,2,1  kj . In order to be labelled as true positive, a 

kmer must overlap with a known site over at least a 

specified number of positions. We represent this number 

as  , where 11  k , and call it the overlapping 

parameter. The distance between 1E  and 2E , ),( 21 EEd , 

is formulated as the minimum distance obtained in every 

possible move t of 2E with respect to 1E , where 

1 kt . For each moves t , we shift 2E  to the left 

tk 1  positions with respect to 1E  and compute the 

left-aligned distance ),( 21 EEd t
L . Similarly, we compute 

the right-aligned distance ),( 21 EEd t
R  by shifting 2E  to 

the right by the same number of positions. The smaller 

value between ),( 21 EEd t
L  and ),( 21 EEd t

R  is recorded as 

the distance between 1E  and 2E  in this move, 

),( 21 EEd t . Finally, ),( 21 EEd  is found to be the 

smallest value among k  values of ),( 21 EEd t
. 
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where t  is the penalty of the position shifting and 

variable with respect to t ; the higher t , the smaller t . 

The selection of t  is arbitrary and should be dataset-

dependent. We implement OSIM with 

)1/()1(  ktkt  in this work. When 1 kt , the 

two kmers completely overlap each other and OSIM 

becomes the widely-used Hamming distance. 

OSIM has two advantages. First, it can work on both 

data space and feature space. Second, the use of OSIM 

avoids the situation in which two neighbouring kmers 

appear completely dissimilar in classifier learning. 

However, it is notable that when known binding sites are 

short or k  is small, the probability of finding a similar 

sequence by chance is high, and thus, applying OSIM will 

add more false positives in prediction. Fortunately, we 

can manage the value of k  and lengths of known binding 

sites fluctuate widely. 

 

3 Motif Recognition System 

3.1 System Description 
 

 

 

 

 

 

 

Figure 1. System Workflow 

 

The structure of our motif recognition system is shown 

in Figure 1. There are three main steps in the system: data 

processing, training examples generation, and model 

learning. First, DNA sequences are segmented into sub-

sequences (kmers) using windows of size k . The kmers 

are then encoded to numerical vectors that can be 

processed by learner models. Due to the under-

presentation of TFBSs in DNA sequences, training data 

should be re-sampled before being used in learning 

models. The notable aspect of the system is at the 

overlap-based learning vector quantization, in which 

overlapping ranges of training examples are utilized to 

compute similarities among the examples. 

3.2 Encoding Method 

Sub-sequences of nucleotides with length k , namely 

kmers,  are commonly encoded by a binary coder [17]. 

Recently, in [35] the authors proposed a binary matrix 

encoding approach that concides with the position 

frequency matrix (PFM) representation for motifs. 

However, these encoding methods are not well suited for 

building classifiers. In this paper, we convert DNA 

sequences into numerical feature vectors by counting 

consecutive joint frequency. 

Let kTTT ...21 be a kmer with },,,{ TGCATj  . We 

construct an encoding matrix 44][  ijmM  as 

),( jiij VVfreqm  , where ),,,(),,,( 4321 TGCAVVVV   

and ),( ji VVfreq  is the occurrence frequency of the 

ordered pair ),( ji VV  in the working dataset. Elements of 

the matrix are then normalized by 

)/()( MinMaxMinmm ijij  , where Min  and Max  

are the minimum and maximum elements of the matrix 

M . 

The encoded kmers are now given by 

jliki meee   ,][)kmer( )1(1  if ji VT   and li VT 1 . If 

we let N  be the total number of kmers, encoding in such 

a way will shrink the input space from 4kN  to 

)1(  kN , and as a result, dramatically decreasing the 

required processing time. 

3.3 Overlap-based Learning Vector 

Quantization 
Learning vector quantization 1 (LVQ1) [9] attempts to 

construct a set of prototypes, }{ jwW  , to represent each 

class from the labelled training data. An unseen test data 

point is labelled according to the class label of the closest 

prototype. The training algorithm involves an iterative 

gradient update of the winning prototype which is defined 

by: 

        ,| || |min),(min 2
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where ix  is a training data point. The direction of the 

gradient update depends on the labels of the winning 

prototype and the data point ix . If both labels are the 

same, the winning prototype is attracted toward the data 

point, in contrast, the prototype is repulsed from the data 

point. The update equation for the winning prototype is: 

,
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where 
ixC  and 

jwC  are class labels of ix  and jw , 

respectively. Learning rate )(t  is a predefined function 

whose value is gradually decreased with the discrete time 

index t . It is heuristically verified that keeping )(t  in 

the range ]1,0[  would be advantageous [9]. 

Overlap-based learning vector quantization (OSIM-

LVQ) has the same training algorithm as LVQ1. 

However, the Equation (5) for specifying the winning 

prototype in LVQ1 was replaced by OSIM. 

Correspondingly, the winning prototype update equation 

(Equation (6)) is modified as follows. From the process 

of finding the winning prototype, we obtain the best 

alignment between the prototype vector jw  and the data 

point ix . Therefore, only elements of the winning 

prototype within the overlap-range of the alignment are 

updated; the other elements remain unchanged. 

After the training process, a test example is classified 

based on distances from the example to all prototype 

vectors. Here, we use OSIM to compute these distances 

instead of the standard Euclidian norm. 

DNA Sequences Kmer Extraction Kmer Encoding 

Examples 

Generation 

Overlap-based 

LVQ 

Performance 

Calculation 
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3.4 Training Examples Generation 
In this paper, we propose an OSIM-based method that 

combines both under- and over-sampling techniques to 

generate training examples for learner models. kmers 

extracted from sequences in each training dataset form a 

kmer pool from which we sample new positive examples 

and choose negative examples. 

3.4.1 OSIM-based Over-sampling 

In [4], the authors introduced an over-sampling 

technique called SMOTE and showed improved 

classification results. Unfortunately, SMOTE is 

inappropriate for the motif recognition task we are 

tackling. The reason is that SMOTE generates artificial 

positive examples that are not nucleotide sub-sequences 

(kmers), while inputs of learners in this paper are kmers. 

Thus, we present here an OSIM-based algorithm to over-

sample positive examples. For each known TFBS ibs , we 

find kmers that are overlapped by ibs  over (at least)   

positions (  has the same meaning as defined in Section 

2). Then, we add these kmers into the positive examples 

set and simultaneously remove them from the kmer pool. 

 

1: For all annotated binding sites ibs  in a 

training dataset do  

2: ],[ 21 pp starting and ending positions 

of ibs  in sequence js  of the training 

dataset 

3: kpa  1  

4: 12  pb  

5: If a  is invalid, i.e., 1a  then 

6: 1a  

7: End if 

8: If b  is invalid, i.e., 

1)(  kslengthb j  then 

9: 1)(  kslengthb j  

10: End if 

11: For all t  such that bta   do 

12: Add the kmer at position t  in js  to 

the positive training examples set 

13: Remove the kmer at position t  in js  

from the kmer pool 

14: End for 

15: End for 

 

3.4.2 OSIM-based Under-sampling 

We reduce the negative examples by using a under-

sample technique, i.e., selecting only kmers that are likely 

to be non-functional under the context of OSIM. The 

selection is carried out as follows. For each kmer in the 

kmer pool, we construct a distance vector whose elements 

are distances (calculated using OSIM) from the kmer to 

all positive examples. Let iv  and jv  be two distance 

vectors of two kmers ikm  and jkm . We define a 

minimum-criteria to compare distance vectors as: if 

)min()min( ji vv   then ji vv  . Accordingly, distance 

vectors are sorted in ascending order and N  kmers 

associated with the top N  distance vectors are selected 

for negative examples. N  equals the multiplication of the 

imbalance factor (set at 1) and the number of positive 

examples. Investigating the effect of the imbalance factor 

on classifiers is beyond the scope of this paper. 

 

1: Let EPS  be the enlarged positive set 

(outputted by the OSIM-based sampling 

method) 

2: For all kmers ikm  in the kmer pool do 

3: For all positive examples jps  in the 

enlarged positive set ( EPS ) do 

4: Compute distance ijd  from ikm  to jps  

using OSIM 

5: End for 

6: | ,:|1,][ ||1 EPSjdv EPSiji   iv  is the 

distance vector of ikm  

7: End for 

8: Sort iv (s) based on the minimum-criteria 

9: :{||* NEPSfN  the number of negative 

examples; :f  the imbalance ratio of the 

training data after re-sampled, default 

}1f   

10: Select N  kmers of the top N  distance 

vectors  

 

4 Compared Learner Models 

4.1 BP Neural Networks 
Back-propagation neural networks (BPNN) [7] are 

widely used learner model that can approximate any 

continuous nonlinear map through learning over a 

compact set. The learning of the networks involves two 

major operations. In the feed-forward operation, a neuron 

receives signals from the neurons in the previous layer, 

and each of those signals is multiplied by a separate 

weight value (specified by weighted connections). The 

weighted inputs are summed and passed through an 

activation function. The output of the function is then 

broadcast to all neurons in the next layer. 

              




n

i

ohiihh uoutzuink

1

,)()(                        (7) 

            ],)([)( hh inkfoutk                                  (8) 

where n  is the number of neurons in the previous layer, 

ioutz )(  is the signal from the neuron i  in the previous 

layer, ihu  is the connection weight from the neuron iz  in 

the previous layer to neuron hk , ohu  is the bias term, and 

f  is the activation function. 

In the backward pass, the output produced by the 

network is compared to the target and a mean-squared 

error value is computed. The error value is then 

propagated backward through the network and connection 
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weights in each layer are updated using generalized delta 

rules given by: 

              ,,,
j

ojnj
w

E
ww




                                     (9) 

where njw ,  and ojw ,  are new and old weights, 

respectively.   is learning rate and E  is the objective 

function. 

4.2 Support Vector Machine 
Support Vector Machines (SVM) [32] are well-known 

for their high accuracy and the capability to learn 

complex nonlinear decision boundaries. During the 

training, the SVM algorithm searches for an optimal 

hyperplane to separate positive from negative examples. 

SVM believes such a hyperplane to exist since it does not 

work on the original training data but the transformed 

training data (higher in dimension) by means of kernel 

functions. Prediction for an unknown test example of 

SVM is the process of determining the side of the 

hyperplane the test example falls on. Based on this, SVM 

associates label either 1  or 1  for each test example. 

Assuming the training data is of the form 

,,...,2,1},,{ Niyx ii   where N  is the number of training 

examples. For positive examples 1iy , and for negative 

examples 1iy . The SVM-based classification is 

actually the process of finding the sign of the following 

equation: 

          




m

i

iii bxxKyxf

1

,),()(                             (10) 

where ),( xxK i  is the kernel function, b  is the bias 

term, and m  is the number of input data having non-zero 

values of Lagrange multipliers ( i ) (usually less than 

N ). 

5 Empirical Results 

5.1 Datasets 
We used 8 datasets of human promoter sequences and 

8 datasets of artificial nucleotide sequences to evaluate 

OSIM and the OSIM-based sampling method. Each 

dataset contains sequences that are known to have 

binding sites of a certain TF. Human promoters with 

known TFBSs were collected from the well-studied ABS 

database [2], and artificial sequences with equal 

distribution of nucleotides were generated by using the 

sequence generation tool of ABS. TFBSs in each 

artificial dataset are conserved and implanted into 

sequences with probability of 0.75. We chose the 

probability of 0.75 so that the high imbalance property of 

biological data is still preserved while there is still 

enough binding sites in test datasets for reliable 

experiments. All sequences in the 16 datasets have length 

of 500 base-pairs. The details of the 16 datasets are 

shown in Table I . 

The 16 datasets cover a wide range of motif properties: 

(i) the data imbalance in each dataset is high; (ii) there are 

significant variations in the number of sequences in 

datasets (from 8 to 42 in the real datasets) and the length 

of binding sites (from 5 to 46); (iii) binding sites in the 8 

real datasets are degenerated; in contrast, those in the 8 

artificial ones are more conserved; (iv) the datasets have 

been well studied, so the chance of having some unknown 

true binding sites is very slim. In such a case, it can avoid 

the possibility of a false positive instance to be a true 

positive one [36]. With the above characteristics of the 

benchmark datasets, we consider the most likely 

scenarios for assessing our work. 

 

TF 
Real Data Artificial Data 

No. 

Seqs 

No. 

BSs 

Min 

BSL 

Max 

BSL 

No. 

Seqs 

No.  

BSs 

Min 

BSL 

Max 

BSL 

CEBP 17 37 6 32 10 6 11 32 
CREB 9 19 5 22 10 6 8 22 
E2F1 8 16 8 15 10 7 8 15 
HNF1 12 27 11 29 10 5 13 25 
MEF2 6 17 7 14 10 5 9 14 
SP1 42 89 6 46 10 8 6 18 
SRF 14 36 9 22 10 8 10 22 
TBP 39 95 5 24 10 8 6 7 

Table I. Dataset Statistics (Transcription Factor, 

Number of Sequences, Number of Binding Sites, Min 

Binding Site Length, Max Binding Site Length) 

 

5.2 Performance Evaluation 
Two widely used measures in information retrieval 

systems, precision ( P ) and recall ( R ), are applied to 

evaluate the learner models in this paper. Precision 

indicates how accurate a model is and recall implies how 

good its coverage is. Precision and recall vary in opposite 

directions. When precision goes up, recall usually goes 

down (and vice versa). Therefore, F -measure is 

introduced as the weighted harmonic mean of precision 

and recall. The F -measure is calculated as 

)/(2 RPPRF   [18]. A higher score of F -measure 

indicates both precision and recall are higher, where the 

best value of F -measure is 1 and the worst is 0. 

Precision and recall are calculated based on the return 

of true positives (TPs), false positives (FPs), and false 

negatives (FNs) of learner models. Here, predicted sites 

of a learner model are inputs that are classified as 

positives by the model. Each of those predicted sites is 

called overlapped by a known TFBS if it has an 

overlapping portion larger than   (defined in Section 2) 

with that TFBS. Accordingly, TPs are predicted sites that 

are overlapped by known TFBSs, FPs are predicted sites 

that are not overlapped by known TFBSs, and FNs are 

known TFBSs that are not overlapped by predicted sites. 

Precision and recall of a learner model are given by: 

)/( FPTPTPP  , )/( FNTPTPR  , where TP , FP , 

and FN  are the number of true positives, false positives, 

and false negatives returned by the learner model with a 

dataset. 

 

5.3 Experimental Setup 
The setting of the length of kmers is one of the major 

factors that affect the prediction accuracy [36]. Because 

we used unaligned known binding sites to construct 

positive training examples, the kmer length ( k ) was set 

arbitrarily as10 in our experiments.  

We compared the classification performance of our 

proposed motif recognition system (termed as OSIM-

45

Volume 10, No. 4 Australian Journal of Intelligent Information Processing Systems



LVQ) with other learner models using the 5-fold cross-

validation technique. This means that in each trial, OSIM-

LVQ, BPNN, SVM, and LVQ1 were trained by examples 

sampled from 80 % of a particular dataset. The examples 

were generated by the OSIM-based sampling method we 

presented above. After being trained, the four models 

were used to detect the remaining 20 % of the dataset and 

the 80 % of the dataset that was used for training. 

Knowing the labels of all examples in the datasets, we 

were able to calculate precision, recall, and F -measure 

for a given overlapping parameter   in each trial.   was 

set at half the length of the kmers  )2/( k  for all 

experiments in this paper. 

In addition, a well-known motif recognition approach 

P-Match [5] was employed to re-examine the recognition 

capability of OSIM-LVQ. Our purpose was to check the 

recall of P-Match, so all matrices in TRANSFAC [11] 

(not only high quality ones) were used in searching. The 

cut off parameter of P-Match was set to minimize false 

positives. 

Results obtained by OSIM-LVQ were also used to 

compare those achieved by the OSIM-LVQ that were 

trained by examples generated by a traditional sampling 

method, in which positive examples were doubled by 

replacement and negative examples were randomly 

selected. 

Finally, for completeness, we investigated the effects 

of the length settings of the kmers on the recognition 

results of our approach. We tested four different values of 

k , including 6, 8, 10, and 15. 

The results presented are the averaged performance 

from 5 trials of both training and testing data. 

Experiments were conducted on computer with a Pentium 

4, 3.00GHz CPU and 1 GB memory, and the algorithm 

was implemented in Matlab with installed toolboxes: 

Neural Network and Bioinformatics. 

5.4 Results and Discussion 
The cross-validation experiments revealed better 

performance for our approach compared with other 

learner models. Results visualized in Figure 2 and Figure 

3, and tabulated in Table II, Table III, Table IV, and 

Table V show improvement using our approach on motif 

recognition. Referring to Figure 2 and Figure 3, our motif 

recognition system achieves better or comparable F-

measure for 6 artificial datasets (CEBP, CREB, HNF1, 

MEF2, SP1, and TBP) and for 5 real datasets (CEBP, 

CREB, MEF2, SP1, and TBP). Most of the above real 

datasets are larger ones, and the known TFBSs in those 

datasets are long and not conserved. Meanwhile, the 

remaining three real datasets (E2F1, HNF1, and SRF), on 

which our approach performs slightly worse than others, 

are smaller sets and contain short and more conserved 

known binding sites. Results reported for real datasets are 

more significant than those for artificial ones. Predictions 

for artificial data only represent the independence of our 

approach on the conservation of known TFBSs. 

Compared to the recognition performance of P-Match 

for the 8 real datasets (Table VI), our proposed approach 

also achieves a superior recall rate on most real datasets 

(Table V). The best recall rate obtained by P-Match is 

0.688 on E2F1, while the best recall rate of OSIM-LVQ 

is 1.0 on most datasets. In terms of F-measure (Figure 4), 

OSIM-LVQ compares favourably with P-Match on most 

datasets (except for the smaller E2F1 set). 

TF 
Artificial Data Real Data 

Pre Re F Pre Re F 

CEBP 0.03 0.80 0.06 0.08 1.00 0.12 

CREB 0.03 1.00 0.05 0.02 0.09 0.04 

E2F1 0.02 0.90 0.04 0.04 1.00 0.07 

HNF1 0.02 0.80 0.04 0.05 0.80 0.09 

MEF2 0.01 0.60 0.02 0.02 0.87 0.04 

SP1 0.04 0.60 0.07 0.08 0.85 0.15 

SRF 0.02 0.60 0.03 0.09 1.00 0.15 

TBP 0.01 1.00 0.02 0.02 0.83 0.04 

Table II. Classification Results of BPNN (learning 

rate = 0.01, number of epochs = 500, number of hidden 

neurons = 5) 

TF 
Artificial Data Real Data 

Pre Re F Pre Re F 

CEBP 0.03 1.00 0.07 0.08 1.00 0.12 

CREB 0.03 1.00 0.06 0.09 1.00 0.11 

E2F1 0.03 1.00 0.07 0.04 1.00 0.07 

HNF1 0.02 0.80 0.03 0.06 1.00 0.12 

MEF2 0.01 0.80 0.02 0.03 1.00 0.05 

SP1 0.09 0.80 0.15 0.07 1.00 0.14 

SRF 0.02 0.80 0.05 0.07 1.00 0.13 

TBP 0.04 1.00 0.07 0.02 1.00 0.03 

Table III. Classification Results of SVM (linear 

kernel, sequential minimal optimization) 

TF 
Artificial Data Real Data 

Pre Re F Pre Re F 

CEBP 0.03 1.00 0.06 0.05 1.00 0.11 

CREB 0.04 1.00 0.08 0.07 1.00 0.13 

E2F1 0.03 1.00 0.06 0.06 1.00 0.12 

HNF1 0.03 1.00 0.05 0.05 1.00 0.10 

MEF2 0.02 1.00 0.04 0.04 1.00 0.08 

SP1 0.09 0.67 0.16 0.08 1.00 0.15 

SRF 0.04 1.00 0.08 0.03 1.00 0.06 

TBP 0.05 1.00 0.09 0.02 1.00 0.03 

Table IV. Classification Results of LVQ1 (Number of 

epochs = 500, number of hidden neurons = 5) 

TF 
Artificial Data Real Data 

Pre Re F Pre Re F 

CEBP 0.06 1.00 0.11 0.07 1.00 0.13 

CREB 0.04 1.00 0.09 0.08 1.00 0.15 

E2F1 0.03 1.00 0.06 0.06 1.00 0.11 

HNF1 0.03 1.00 0.05 0.05 1.00 0.10 

MEF2 0.02 1.00 0.04 0.05 1.00 0.10 

SP1 0.19 1.00 0.32 0.12 1.00 0.21 

SRF 0.03 1.00 0.05 0.06 1.00 0.11 

TBP 0.05 0.84 0.10 0.03 1.00 0.06 

Table V. Classification Results of OSIM-LVQ 

(Number of epochs = 500, number of hidden neurons =5) 

 

 
Figure 2. Performance statistics comparing the F-

measure of BPNN, SVM, LVQ1, and OSIM-LVQ           

on Real Data 
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Figure 3. Performance statistics comparing the F-

measure of BPNN, SVM, LVQ1, and OSIM-LVQ on 

Artificial Data 

 
TF No. 

Sites 

Precision Recall F-measure 

CEBP 829 0.039 0.351 0.069 

CREB 339 0.029 0.420 0.055 

E2F1 164 0.085 0.688 0.151 

HNF1 513 0.045 0.519 0.082 

MEF2 290 0.027 0.294 0.050 

SP1 1294 0.045 0.236 0.075 

SRF 453 0.062 0.389 0.107 

TBP 1526 0.025 0.400 0.047 

Table VI. Recognition Results of P-Match on Real 

Datasets 

Table VII presents the performance of OSIM-LVQ 

when the overlap-based learning vector quantization is 

trained by examples generated by a traditional sampling 

method with random negatives selection and over-

sampling with replacement. Although OSIM-LVQ with a 

traditional sampling method has comparable precision 

with OSIM-LVQ with an OSIM-based sampling 

technique, it performs poorly in terms of recall rate. 

 
Figure 4. Performance statistics comparing the F-

measure of P-Match and OSIM-LVQ 

 

Furthermore, it is clear from Table VIII, Table IX, and 

Figure 5 that a higher value of kmer length k  produces 

higher precision and F-measure values with the exception 

again being for the smaller E2F1 dataset. In addition, the 

recall rate is largely not affected by k . This once again 

demonstrates the true potential of our approach for motif 

recognition task. Nevertheless, the computational cost is 

also increased with higher values of k . 

TF Precision Recall F-measure 

CEBP 0.039 0.351 0.069 

CREB 0.029 0.420 0.055 

E2F1 0.085 0.688 0.151 

HNF1 0.045 0.519 0.082 

MEF2 0.027 0.294 0.050 

SP1 0.045 0.236 0.075 

SRF 0.062 0.389 0.107 

TBP 0.025 0.400 0.047 

Table VII. Recognition Results of OSIM-LVQ on Real 

Datasets with Random Under-sampling and Over-

sampling with Replacement 

TF 
k = 6 k = 8 

Pre Re F Pre Re F 

CEBP 0.07 1.00 0.13 0.08 1.00 0.14 

CREB 0.07 1.00 0.13 0.09 1.00 0.17 

E2F1 0.04 1.00 0.07 0.03 1.00 0.06 

HNF1 0.06 1.00 0.11 0.06 1.00 0.11 

MEF2 0.02 1.00 0.03 0.02 1.00 0.04 

SP1 0.07 1.00 0.13 0.08 1.00 0.14 

SRF 0.05 1.00 0.10 0.05 1.00 0.10 

TBP 0.01 1.00 0.03 0.01 1.00 0.03 

Table VIII. OSIM-LVQ Performance with Different 

kmer Lengths on Real Datasets (k=6 and k=8) 

TF 
k = 10 k = 15 

Pre Re F Pre Re F 

CEBP 0.07 1.00 0.13 0.08 1.00 0.14 

CREB 0.08 1.00 0.15 0.10 1.00 0.18 

E2F1 0.06 1.00 0.11 0.04 1.00 0.07 

HNF1 0.05 1.00 0.10 0.07 0.67 0.12 

MEF2 0.05 1.00 0.10 0.05 1.00 0.11 

SP1 0.12 1.00 0.21 0.13 1.00 0.23 

SRF 0.06 1.00 0.11 0.08 1.00 0.15 

TBP 0.03 1.00 0.06 0.03 1.00 0.07 

Table IX. OSIM-LVQ Performance with Different 

kmer Lengths on Real Datasets (k=10 and k=15) 

 

 
Figure 5. Comparing F-measure(s) of OSIM-LVQ 

with Different Settings of Kmer Length on Real Datasets 

 

Another property of experimental results reported in 

this paper that deserves closer attention is the low 

precision in all experiments. Studies have shown that 

traditional classifiers are severely limited in accuracy on 

highly imbalanced data [32]. Biological data possesses 

many other difficulties in addition to imbalance, with the 

human genome being even more challenging. If some pre- 

and post-processing operations are taken, classification 

performance might be improved [24]. In this work, we 

only aim to demonstrate the workability and higher 

performance of our approach over traditional classifiers 

so that it can be exploited in further motif recognition 

practice. Achieving significant precision will be the goal 

of our further research. 
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6 Conclusion 
In this work, we explore the use of machine learning 

techniques for motif recognition tasks. We introduce a 

novel overlap-based metrics (OSIM) for measuring the 

similarity of nucleotide sub-sequences and an OSIM-

based sampling method for generating training examples 

for learner models. Accordingly, we propose an LVQ-

based motif recognition system that integrates both OSIM 

and the OSIM-based sampling method. We demonstrate 

the effectiveness of our proposed approach on both 

synthetic and genomic data in comparison with three 

traditional classifiers and P-Match. The two most 

significant results presented are: (i) our approach has a 

higher recall rate; and (ii) our approach can work better 

on real datasets in which annotated binding sites are long 

and degenerated. However, parameters significantly 

affect the performance of the similarity metrics. The 

penalty term,  , is set arbitrarily in this paper. 

Furthermore, this work exploits only the information 

from nucleotide sequences of TFBSs to guide the motif 

recognition. Recently, it has been discovered that the 

TFBSs are contingent on a higher order chromatin 

structure that is dictated by selective constraints from the 

cellular environment [39]. Therefore, if a model can 

integrate features of a DNA sequence reflecting genomic, 

cellular and physiological properties, it may have high 

predictive potential [39]. 

Further research in this direction may address the 

following: (i) building a more systematic setting model 

for  ; (ii) utilizing available biologically derived 

features of binding sites in motif recognition, (iii) adding 

pre-processing and post-processing steps to the system to 

improve the precision.  
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