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Abstract
Background: Identifying transcription factor binding sites (TFBSs) computationally is a hard problem as it
produces many false predictions. Combining the predictions from existing predictors can improve the overall
predictions by using classification methods like Support Vector Machines (SVMs). But conventional negative
examples (that is, example which is the part of non-binding sites) in this type of problem are highly unreliable.
Results: In this study, we used different types of negative examples. One class of the negative examples was
taken from far away from the promoter regions, where the occurrence of binding sites is very low, and another one
was produced by randomisation. Thus we observed the effect of using different negative examples in predicting
transcription factor binding sites in mouse. We devised a modified cross-validation technique for this type of
biological problem. Using different negative examples with modified cross-validation technique improved the
classifier performance and therefore the classifier could provide better predictions.
Conclusions: Our analysis addressed three distinct areas in the research of TFBS predictions: integrating multiple
sources of evidences and using classification technique to improve TFBS predictions; an improved cross-validation
method; and an investigation of the sources of negative examples. The major contribution of the analysis can
be stated quite simply that for the mouse genome, the position of binding sites with high confidence could be
predicted using our technique and the predictions are of much higher quality than the predictions of the original
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base algorithms.

Background
Gene expression levels can be regulated in vivo by DNA-binding proteins called transcription factors (TFs)
and genes are turned on and off according to whether specific sites on the genome have these regulatory
proteins attached to them [1]. Transcription factors are themselves encoded by genes and the resulting
regulatory interconnections form complex systems known as Genetic Regulatory Networks (GRNs) [2]. The
stretches of DNA to which transcription factors bind in a sequence-specific manner are called transcription
factor binding sites (TFBSs).
The location of TFBSs within a genome yields valuable information about the basic connectivity of
a GRN, and as such is an important precursor to understanding the many biological systems that are
underlain by GRNs [3–7]. There are many experimental and computational approaches for identifying
regulatory sites. These experimental techniques are costly and often time-consuming and therefore not
amenable to a genome-wide approach [8, 9]. Experimental approaches that are genome-wide, such as ChIPchip and ChIP-seq, are themselves dependent on the availability of specific antibodies and still require
additional verification [10]. Computational approaches for the prediction of TFBSs are therefore essential to
complement and guide experimental exploration and verification [8, 10–16]. However, these approaches are
typically prone to predicting many false predictions, limiting their utility significantly [8,16]. Figure 1 shows
different computational predictions on the mouse data (described in [17]) yielding a lot of false predictions
when compared with the real binding sites (annotated). These computational strategies are diverse and
incorporate differing sources of biological information in the predictive process. They all have their own
strengths and weaknesses. Therefore, there is good reason to consider that the set of binding sites predicted
correctly by the individual sources of evidence are likely to form non-identical sets. If these predictions do
really complement each other, then they can potentially provide more significant information when taken in
combination. Therefore, combining their outputs may lead to better predictions. If one algorithm misses any
binding site another algorithm may be able to capture that site. There are a number of approaches where
the results from different algorithms have been combined together to give improved predictions [18–21]. In
earlier works [17,22–24], results of a group of different predictors have been combined to produce a prediction
that is better than that of any of the individual predictions.
We treated the problem as a classical binary classification problem where the examples were divided
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Figure 1: Visualisations of Predictions of the Seven Sources of Evidence on the Mouse Data. Here, 2000 bps
upstream of the gene Vim has been shown. At each position in the genome sequence we have an annotation
and seven algorithmic predictions of that annotation on the mouse data.
into two classes: the positive class contains those data that have been annotated as binding sites and the
negative class otherwise. We ran experiments using the same positive examples but different sets of negative
examples. The first set of negative examples is that part of the promoter regions that are not annotated as
binding sites. But, in the type of biological data that are dealing with it is hard to establish an example as
belonging to a negative class. So there might be a possibility of noise in the negative examples that we used
in our first experiment, as base pairs marked as non-binding may be part of an unknown binding site and
using them as negative examples might make the classifier perform incorrectly. To reduce this kind of noise
we constructed two sets of negative examples- namely distal negative examples and randomised negative
examples. This is the major issue we have addressed in this paper. We will also present the improvement of
the performance of the classifier on both synthetic and unseen data by changing the negative vectors during
training.

Method
Description of Data
Genomic Data
The mouse data set that we used has 47 annotated promoter sequences with an average length of 1294 bps
(see Table 1). Most of the promoters are upstream of their associated genes and a few of them extend over the
first exon including intronic regions. There are seven different prediction algorithms and biological evidence
that had been used and combined together they made a single data set, a 60851 by 8 data matrix where
the first column is the annotation label and rest of the columns represent scores from the seven prediction
algorithms. The label is ”1” if it is a part of a TFBS, otherwise ”0” (see Figure 2). The algorithms and
biological evidence are presented in Table 2 and discussed in one of our earlier works [22].
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Table 1: A Summary of the Mouse Data. The TFBS density in the data clearly shows that the mouse data
is imbalanced.
Total number of sequences
Total sequence length
Average sequence length
Average number of TFBSs per sequence
Average TFBSs width
Total number of TFBS
TFBS density in total data set
Strategy
Scanning Algorithms
Evolutionary Algorithms

Indirect Evidence
Negative Evidence

47
60851 bps
1294.70 bps
2.87
12.78 bps
135
2.85%

Algorithms
MotifLocator
EvoSelex
Regulatory Potential
PhastCons (Conserved)
PhastCons (Most Conserved)
CpGIsland
Exon

Table 2: The seven sources of evidence used with the mouse dataset.

Problems with the Data and Solutions
From the statistics (in Table 3), it is quite clear that mouse data set is imbalanced as our feature of interest
is significantly under-represented and it is likely to result in a classifier that has been over-trained on the
majority class and can only act as a weak classifier for the minority class, which may give false classifications.
To overcome this problem, we chose a databased method (described in [25]) in which the minority class
(binding site examples) is over-sampled and majority class (non-binding site examples) is under-sampled.
The Synthetic Minority Over-sampling Technique (SMOTE) [25] had been used to over-sample the minority
class in the training set.
Table 3: Statistics of the Mouse Data. It shows that mouse data contains a lot of inconsistent and repeat
vectors, which make the data unreliable for training.
Original
60,851

Inconsistent
12,119(20%)

Repeat
20,969 (34.5%)

Unique
32,747(54%)

Another problem with the data set is that whereas one can be reasonably confident that the bps labelled as
being part of a binding site, no such confidence can be extended to the rest of the promoter region. There
may be many, as yet undiscovered sites therein. This implies that the negative labels could be incorrect on
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many vectors. In our data set there are also a number of vectors that are repeated. There are also repeats
that belong to both classes, termed as inconsistent vectors, which make up about 20% of the data. There
are also repeats that occur in only one class and these are simply called repeats. The vectors which occur
exclusively once in any class and which do not belong to any repeats or inconsistent classes, are called unique.
The breakdown of the mouse data set is given in Table 3. To deal with inconsistent and repeated data, we
took the simplest approach by removing all such vectors (keeping one copy of the consistent vectors). As a
result, we lost over 46% of the mouse data. From Figure 2 we can see that in the mouse dataset, one data
vector is repeated 6,337 times in the negative example class labeled as the part of non-binding sites whereas
the same vector is present 19 times in the positive example class where it is labeled as the part of binding
sites. This single vector, which consists of all zeros, constitutes about 10.5% of the whole mouse dataset.
There are also other inconsistent data vectors like this present in the dataset.
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Figure 2: Frequency of inconsistent data rows in the mouse data. Only the inconsistent vectors with relatively
higher frequency is shown here.
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It is already been mentioned that negative data might be particularly unreliable. Therefore, we wondered
whether we could improve the performance of the classifier by chaining the negative training data. We
investigated whether modifying the negative training data set in such a way that it contained only vectors,
that were highly unlikely to be part of a binding site, can improve performance. Hence we constructed two
synthetic training sets with negative examples. It is important to note that the final test set has never been
altered in any way and therefore consists of vectors from the original data. However, we deal with the test
data in two different possible ways, which will be explained later.
For the first type of negative examples, called distal negative examples, we selected regions from the
mouse genome that are at least 4500 to 5000 bps away from their associated genes. For the randomised
negative examples, we placed all the training vectors labelled with a zero in the annotation into a matrix, as
their probability of being part of a TFBSs is almost zero. Each column was then independently randomly
reordered. This effectively randomised each vector whilst maintaining the overall statistical properties of
each of our original prediction algorithms. It is unlikely that a real binding site would elicit such randomly
joint predictions.

Combining Sources of Evidence
As mentioned in Background section , we have run three types of experiments:
Type 1: Using negative examples sequences not annotated as TFBSs from original data
Type 2: Replacing negative examples with distal negative examples
Type 3: Replacing negative examples with randomised negative examples
In each case, two sets of models were produced - one optimised for the filtered data and another one
for the biological data. A detailed description of this has been given in the following section. In addition,
we applied some pre-processing (data division, normalisation and sampling) on the training sets and some
post-processing on the prediction sets. The whole process has been depicted in Figure 2.

Pre-processing: preparing training and test set
First we normalized values from each prediction and then searched for any repetitive or inconsistent data
vector in the mouse data. Inconsistent vectors were eliminated from the training set, as these are unhelpful for
the training process prediction results and likely to result in a classifier that has been trained on misleading
support vectors. The repeats were also eliminated but keeping one representative instance. We also did the
same after mixing the positive examples with the distal and randomised negative examples. After removing
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Figure 3: Complete Workflow of Combining the Sources of Evidence. We combined the scores from different
algorithms and trained an SVM to produce the predictions.
the repetition and inconsistency from the data set, we randomised the data rows to mix the positive and
negative examples. We used two-third of this new data set as training data. However, we kept one copy of
the original dataset for the test dataset. We used sampling techniques on the training set to make it more
balanced. This is done because if a dataset is imbalanced, then training is likely to result in a classifier that
has been over-trained on the majority class and can only act as a weak classifier for the minority class [26,27].
In this sampling, the final ratio between the majority class to the minority class was was either 1 : 1 or 1 : 2
and this was done to explore the better margin of positive and negative classes suitable for training.
As mentioned earlier, while dealing with the test data, there are two different types of test sets we
used. One is where only the consistent data points considered and any inconsistent and repetitions had
been removed. This test set will be denoted as ”filtered test set”. The filtered test set will demonstrate the
correct efficiency of the classifier. This test set will be of interest to machine learning practitioners, as it
will demonstrate the classification efficiency of our SVM models on the data suitable for machine learning.
The second test, denoted as ”biological test set”, is by considering data including repeats and inconsistent
vectors t to give a biologically meaningful contextualised genome sequence. Whilst we realised that this data
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set contain a lot of repetitions and inconsistent data vectors, it is realistic that the measures on this set will
show how our process will work on real world data. Therefore, using biological test set will demonstrate how
good our prediction model is trained to predict binding sites from biological data and ultimately it is the
biologists that are most interested in the practical application of our method. Therefore, we undertook six
experiments, for two test sets for each three types of experiments.

Post-processing
The original biological algorithms predict contiguous sets of bps as binding sites. However in this study,
each bp is predicted independently of its neighbouring nucleotides. As a result, the classifier outputs many
short predictions sometimes even with a length of only one or two bps. Therefore, we removed (replaced the
positive prediction with a negative one) predictions with a length equal to or smaller than a threshold value,
and measured the effect on the performance. In the present study, a range of threshold values (from 4 to 7)
is used rather than a single one in order to assess the feasible threshold size.

The classifier and its performance measures
After constructing the training set using pre-processing, we trained a Support Vector Machines using LIBSVM [28] on the training data. We used an SVM with a Gaussian kernel. As is well known such a classifier
has two hyper parameters, the cost parameter, C, and the width of the Gaussian kernel, gamma. These two
parameters affect the shape and position of the decision boundary. It is important to find good values of the
parameters, and this is normally done by a process of cross-validation.
Table 4: Confusion Matrix. It is a way of reporting the performance of the classifier such as an SVM.

Actual Negatives
Actual Positives

Recall =
F -score =

Predicted Negatives
True Negatives(TN)
False Negatives(FN)

TP
TP + FN

Predicted Positives
False Positives(FP)
True Positives(TP)

(1)

P recision =

2 × Recall × P recision
Recall + P recision

(3)

FP -rate =

TP + TN
TP + FN + FP + TN

(5)

Accuracy =

8

TP
TP + FP

FP
FP + TN

(2)
(4)

As we dealt with a strongly imbalanced data set (only 2.85% in mouse data is TFBSs), simply using
the Accuracy (correct classification) as the performance measure is inappropriate, because then predicting
everything as non-binding sites would give a very good Accuracy rate. Other measures are more suitable
for this classification problem. Taking account of both Recall and Precision using the F-score should give
us a good measure of classification performance since the F-score is actually harmonic average of Recall and
Precision. In addition reducing the FP-rate should also be another major concern verifying a classifier’s
performance. The performance measures are described in Equation (1) to (5) and the confusion matrix in
Table 4.

Cross-validation
In our previous works on this problem, performance had been measured on the validation data by simply
using classification Accuracy. However this may not be the most effective method. The trained model will
have to perform well on the test set and here Accuracy is not used. We therefore decided to investigate
what could happen if we measured performance on the validation set exactly as we did on the test set. That
is we measured the performance measures after the predictions had been filtered on length and with the
repeated/inconsistent vectors placed back in the validation set. The step-by-step description of exactly what
we have done is shown in Pseudocode 1.
Pseudocode 1 Finding the best hyper-parameters with modified cross-validation method.
1: Remove all inconsistent and repeated data points
2: Split the data into two-third training from the new data set, one-third test from the original data set
3: Split the training data into 5 partitions
4: This gives 5 different training (four-fifth) and validation (one-fifth) sets. The validation set is drawn
from the related original data set
5: Use sampling to produce more balanced training sets
6: for each pair of C/gamma values do
7:
for each of the 5 training sets do
8:
Train an SVM
9:
Measure performance on the corresponding validation set, exactly as the final test will be measured.
So use the Performance Measure, after the predictions on the validation set have been filtered
10:
end for
11:
Average the Performance Measure over the 5 trials
12: end for
13: Choose the C/gamma pair with the best average Performance Measure
14: Pre-process the complete training set and train an SVM with the best C/gamma combination
15: Test the trained model on the unseen test set
16: Post-processing the final prediction
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Results and Discussion
In all experiments in this paper, we chose two different criteria for cross-validation: Accuracy and F-score
and compare the performances. We explored a set of ratios (negative examples : positive examples) for under
sampling the negative examples and in the results given below the ratio that has given the best classification
performance has been used.
As mentioned before, we used two types of test sets for our results on the three experiments we referred.
The first set of results were generated using filtered test set. In these experiments, we do not have any
biological contextualisation, therefore we did not apply any post-processing on the predictions from them.
For the second type of test set which includes repeats and inconsistent vectors, we used four variations of
cross-validations. First as a baseline, we cross-validated in the normal way using Accuracy as the performance
measure. We then changed these criteria so that the F-Score was used, in accord with how the model will be
assessed on the final training set. Both these validation methods can be combined with the post-processing
to filter out short predictions when assessing the performance of the model on a validation set. Therefore
there are six experiments we undertook in this work.
Before presenting our experimental results, let us see how the base algorithms perform for identifying
cis-binding sites on the test sets we used in all the experiments. We calculated the performance measures of
the seven algorithms discussed in [22] and the comparison of the performance measures are shown in Figure
4. Among seven sources of evidence, we took results from the best algorithm ,EvoSelex and the confusion
matrix is shown in Tables 4. Therefore, the Performance measures of EvoSelex is:
Table 5: Confusion matrix of the best base algorithm EvoSelex on the mouse data.

Actual Negatives
Actual Positives

Predictive Negatives
TN = 14985
FN = 511

Predictive Positives
FP = 3139
TP = 273

Table 6: The results from the best base algorithms on the mouse data
Base Algorithms
EvoSelex

Recall
0.35

Precision
0.08

FP-score
0.13

FP-rate
0.17

Results from the best base algorithm shows that it wrongly classified a lot of sites as binding sites which
actually are not. As a result, the Recall is very high as well as the FP-rate, but the Precision is very low.
Now we will discuss the results from our experiments.
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Figure 4: Comparison of performance measures of seven sources of evidence used on the mouse data. Among
seven evidence, EvoSelex has the highest F-score and the lowest FP-rate.
Type 1 - Prediction using model from negative examples sequences not annotated as TFBSs from the
original data
The results shown in Table 7 and Table 8 show a small improvement over the best base algorithm. For both
data sets cross validating using the F-Score is a little better than using Accuracy.
Table 7: The result of using the original negative examples in the filtered test set with varying cross-validation
methods
Cross-validation Criteria
Accuracy
F-score

Recall
0.30
0.44

Precision
0.09
0.11

F-score
0.14
0.18

FP-rate
0.14
0.15

Type 2- Prediction using model from promoter negative examples replaced by distal negative examples
Looking first at the results for the filtered data (Table 9) we can see that performance has improved and
with the F-Score optimised model both Recall and Precision are much better giving a F-Score of 0.62. Even
more remarkable is the model optimised for the full biological data (Table 10). In all cases the Precision is
almost 1, implying that almost all the predicted binding sites are also annotated as such. The best models
(all those except the first) also have quite a high recall and therefore have high F-score. The change to the
11

Table 8: The result of using the original negative examples in the biological test set with varying crossvalidation methods
Cross-validation Criteria
Accuracy
F-score
Accuracy+post-processing
F-score+post-processing

Recall
0.20
0.24
0.17
0.24

Precision
0.14
0.17
0.15
0.17

F-score
0.16
0.20
0.16
0.20

FP-rate
0.05
0.04
0.04
0.05

negative training data can therefore be seen to be of significant benefit.
Table 9: The result of using the distal negative examples in the mouse data with varying cross-validation
methods
Cross-validation Criteria
Accuracy
F-score

Recall
0.27
0.62

Precision
0.56
0.62

F-score
0.36
0.62

FP-rate
0.02
0.04

Table 10: The result of using the distal negative examples in the mouse data with varying cross-validation
methods
Cross-validation Criteria
Accuracy
F-score
Accuracy+post-processing
F-score+post-processing

Recall
0.37
0.65
0.68
0.68

Precision
0.97
0.99
0.99
0.99

F-score
0.53
0.79
0.81
0.81

FP-rate
0.0006
0.0002
0.0001
0.0001

Type 3 - Prediction using model from promoter negative examples replaced by randomised negative
examples
Surprisingly the randomised negative training data actually produces the best models for both types of data.
With the filtered data (Table 11) we get a best F-Score of 0.82, reflecting a predictor with both high precision
and recall. We also get a predictor of similar quality on the full test set (Table 13).
Table 11: The result of using the randomised negative examples in the mouse data with varying crossvalidation methods
Cross-validation Criteria
Accuracy
F-score

Recall
0.80
0.82

Precision
0.79
0.83

Here is the confusion matrix of our best model on the filtered data:
12

F-score
0.79
0.82

FP-rate
0.02
0.02

Table 12: Confusion matrix of prediction using best model on the filtered test data.

Actual Negatives
Actual Positives

Predictive Negatives
TN = 10831
FN = 191

Predictive Positives
FP = 176
TP = 836

Whereas, the result using biological test set is shown in Table 13.
Table 13: The result of using the randomized negative examples in the mouse data with varying crossvalidation methods
Cross-validation Criteria
Accuracy
F-score
Accuracy+post-processing
F-score+post-processing

Recall
0.76
0.69
0.76
0.76

Precision
0.69
0.97
1.0
1.0

F-score
0.73
0.81
0.86
0.86

FP-rate
0.02
0.001
0.00
0.00

The confusion matrix of our best model on the biological data is as follows:
Table 14: Confusion matrix of prediction using best model on the biological test data.

Actual Negatives
Actual Positives

Predictive Negatives
TN = 18124
FN = 190

Predictive Positives
FP = 0
TP = 594

It is interesting to see that the number of False Positives decreased to zero in case of biological test set
whereas we can still observe some False Positives for filtered test set. This is because model on filtered test
set predicts a lot of binding sites of very short in length. Whereas, in case of prediction on biological test
set, we undertook the post-processing which eliminated all the short predictions. Therefore, the number of
False Positives reduced to zero and produced 100% correctly predicted positive examples.

Comparison of the prediction performances
The first way of reporting, while using filtered test set, helps us to understand how good the classifier is
after training it with new negative examples along with the modified cross-validation method. In this case,
we are not going to compare the results with the best base algorithms as the base algorithms need to have
repetitions and inconsistency in the datasets. The comparison (Figure 3) shows remarkable improvement on
the classifier’s performance. While using distal negative examples in the mouse data the F-score improves
from 18% to almost 62%. This is due to the fact that the classifier improved almost all the measures (TP,
13

0.9
Type 1
Type 2
Type 3

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

Recall

Precision
F−score
Performance Measures

FP−rate

Figure 5: Comparison of prediction results on the filtered test set.
FP, and FN except TN) in the confusion matrix. The True Negative prediction is decreased by 50% as the
previous classifier tried to predict everything as negative examples. However, the False Positive prediction
increases three times which increases the proportion of correct predicted positive examples. The same is
true when using random negative examples in the mouse data.
By extending the same approach while reporting classification performance on test sets with repeats and
inconsistent vectors, we actually observed the same trend of improvements. Due to the nature of the data
set (containing a lot of repeats), the prediction performances are more improved than that of with the test
sets where we excluded repeats and inconsistent vectors. Accumulating all the results together (see Figure
5), we can observe that a more than three times improvement occurred in F-score by using randomised
negative examples comparing to the best base algorithms. This is due to a huge drop in false predictions
(FNs and FPs). The False Negative prediction is decreased by four times and there is very little False
Positive prediction, in the case of mouse data it is even zero. Therefore, there is a big reduction in FP-rate.

14

1
EvoSelex
Type 1
Type 2
Type 3

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

Recall

Precision
F−score
Performance Measures

FP−rate

Figure 6: Comparison of prediction results on the biological test set.
This means that the possibility of predicting new novel sites become less. This can be due to the fact that
the algorithms combined can characterise the annotated examples (examples from the positive class), but
cannot characterise promoter negative examples well. These negative examples act as noisy data for the
classifier, which is an obstacle to the classifier performance. However, this combination technique works fine
with other negative examples (distal and randomised), which have less possibilities of having binding sites
in them.

Visualisation of predictions on biological test sets
Apart from assessing the prediction based on performance measures, we visualised the data (like Figure
1) to see if our prediction was as good as it reflected in our results. We took a fraction of mouse genome
(upstream region of the gene MyoD1, Q8CFN5, Vim, and U36283 ) and compared our best results from
different experiments along with prediction algorithms and annotation. In Figure 6, the upper 7 results
are from the original prediction algorithms and the next one is experimentally annotated binding sites from
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ABS [29] or OregAnno [30]. The last three results are our best prediction results from three different
types of experiments (described in Section 4). The figure shows that the prediction algorithms generate
a lot of false predictions. On the other hand, using original mouse data (Experiment 1) does not make
good predictions. Whereas, using distal or randomised negative examples (Experiment 2 or 3) improves the
prediction considerably. The predictions are almost identical to annotations and experiment with randomised
negative example gives slightly better predictions than that of distal negative examples.

Conclusions
The identification of binding sites for transcription factors in a sequence of DNA is a very difficult problem.
In previous studies, it was shown that basic algorithms individually could not produce accurate predictions
and consequently produced many false positives. Though the combination of these algorithms using two
class SVM (see Experiment 1) gave better results than each individual prediction algorithm, there were still
a lot of false positives due to vulnerability of the negative examples in our data set. Our current approach is
similar to using a one class classifier. However our previous attempts to use such classifiers had results similar
to that of the original two class SVM (see Experiment 1). Our present results show that a change in the
provenance of the negative examples significantly improves the resulting predictions and that implementation
of the new cross-validation technique can bring further improvements. Consequently our major result here is
obviously the effects of changing the source of the negative examples used in the training data. Along with
the novel cross-validation method our procedure can be a step in the right direction for dealing with this
type of biological data. At present we are still in a preliminary stage of our work and any claim that we have
solved the binding site problem would be premature, but the results so far certainly look promising. Future
work will involve using the most recent prediction algorithms available and we would also like to extend our
work to the genomes of other organisms.
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Figure 7: Visualisations of Predictions of the Seven Sources of Evidence and Varying Negative Examples
with Modified Cross-validation Method on the Mouse Data. At each position in the genome sequence we
have an annotation and several algorithmic predictions of that annotation.
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