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ABSTRACT

Motivation: Accurate identification and delineation
of promoters/TSSs (transcription start sites) is im-
portant for improving genome annotation and devis-
ing experiments to study and understand transcrip-
tional regulation. Many promoter identifiers are de-
veloped for promoter identification. However, each
promoter identifier has its own focuses and limita-
tions, and we introduce an integration scheme to
combine some identifiers together to gain a better
prediction performance. Result: In this contribution,
8 promoter identifiers (Proscan, TSSG, TSSW,
FirstEF, eponine, ProSOM, EP3, FPROM) are cho-
sen for the investigation of integration. A feature se-
lection method, called mRMR (Minimum Redun-
dancy Maximum Relevance), is novelly transferred to
promoter identifier selection by choosing a group of
robust and complementing promoter identifiers. For
comparison, four integration methods (SMV, WMYV,
SMV_IS, WMV_IS), from simple to complex, are
developed to process a training dataset with 1400 se-
quences and a testing dataset with 378 sequences. As
a result, 5 identifiers (FPROM, FirstEF, TSSG, epo-
nine, TSSW) are chosen by mRMR, and the integra-
tion of them achieves 70.08% and 67.83% correct
prediction rates for a training dataset and a testing
dataset respectively, which is better than any single
identifier in which the best single one only achieves
59.32% and 61.78% for the training dataset and
testing dataset respectively.

Keywords: MRMR (Minimum Redundancy Maximum
Relevance); Transcription Start Sites (TSS); Promoter
Identification; Promoter Identifier Integration

1. INTRODUCTION

Promoter, a short DNA sequence, is the binding site of
RNA polymerases. It determines the transcription start
site (TSS). After RNA polymerase binding to a promoter,
the promoter initiates the transcription and indicates
where the transcription should start. In order to be rec-
ognized by the RNA polymerases, the structure of pro-
moters is rather stable, e.g. in eukaryotic genome, many
promoters contain TATA box, which can help locate
promoters by searching TATA sequences. Besides TATA
box, functional motifs, oligonucleotide composition and
compositional features are also used for promoter identi-
fication [1-8]. However, each promoter identifier has its
own focuses. Even when the same identification strategy
is applied by some different identifiers, they differ in
detail. Since some promoter identifiers maybe comple-
ment with each other because their principles are differ-
ent, their integration will be able to enhance the pro-
moter identification performance [9,10]. This paper in-
vestigates a novel way to combine some promoter iden-
tifiers together to improve the identification rate.

Voting has long been recognized as a useful integra-
tion tool to improve the robustness of a decision system.
Nearly all investigations find that if a decision gains the
majority votes, that decision is more likely to be the
right decision. These investigations are found in all
kinds of research areas, including pattern recognitions
[11-13], character and hand-writing recognitions [14-17],
image analysis [18,19], credit card slip processing [20]
and speaker identification [21]. Voting has also been
applied to identify promoters/TSSs [9,22]. In [10], 6
promoter identifiers were investigated, and 5 of them
were integrated to enhance the recognition rate by ex-
cluding a non user-friendly and poor-performed on-line
promoter identifier. In a recent work [22], Won et al.
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investigated 8 promoter/TSS (transcription start site)
identifiers and tried to find out what combinations were
best for the identification. They introduced a cut-off
value to exclude any promoter identifiers whose identi-
fication rate was lower than the cut-off value. However,
the work in [22] did not take consideration of the order
of adding the promoters into the integration, whereas,
the order will also affect the identification performance,
as will be explained later in the paragraph. In this study,
8 promoter identifiers (Proscan, TSSG, TSSW, FirstEF,
eponine, ProSOM, EP3, FPROM) are investigated. For
the eight promoter identifiers, two criteria should be
considered for the integration: firstly, the better the iden-
tifiers perform, the more preferable the identifiers should
be chosen, and secondly, dissimilar/less-correlated iden-
tifiers complement each other better and are also more
preferable to be chosen. The first criterion is straight-
forward. The second criterion is applied because similar
identifiers may strengthen each other and dominate the
decisions, e.g. if one identifier is used twice, the decision
will be biased towards this identifier. Similarly, if too
many identifiers are similar to each other, the decision
will be biased towards that type of identifiers. Since the
two criteria could be incompatible with each other, op-
timization is needed to balance both criteria. In this pa-
per, identifiers are selected one by another. The order of
the identifiers for the selection is important, illustrated
by the following example. Suppose 4 identifiers 7, i,,
i, and i, are under examination and the combination
of i, and i, produces best results, if identifiers are
added according to the list [ ,i,,%,i,], the optimized
combination can never be found. Thus following the two
criteria to make a list is important. mRMR (minimum
Redundancy Maximum Relevance) method [23] is origi-
nally developed for feature selection, and is transferred
into the selection of promoter identifiers to satisfy the
two criteria. mRMR tries to maximize the relevance be-
tween variables and the targets, which is in accordance
with criterion 1, and at the same time, minimize the re-
dundancy between variables, which is in accordance
with criterion 2. mRMR is introduced in detail in section
2.3. However, voting cannot solve the intrinsic problems
of individual identifiers and the right decision of one
identifier will be ignored if most of identifiers vote for
the wrong decision. Therefore, future researches are still
needed.

For comparison, four integration methods SMV (sim-
ple majority voting), WMV (weighted majority voting),
SMV _IS (simple majority voting plus identifier selection)
and WMV _IS (weighted majority voting plus identifier
selection), from simple to complex, are developed to
process a training dataset with 1400 sequences and a
testing dataset with 378 sequences. As a result, WMV _
IS achieves the best TSS-based recognition rates with
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70.08% and 67.83% correct recognition rates for the
training dataset and testing dataset respectively.

2. MATERIAL AND METHODS
2.1. Datasets

The EPD (The Eukaryotic Promoter Database Current
Release 95, http://www.epd.isb-sib.ch/) [24], a promoter
database of the EMBL Data Library, is an annotated
non-redundant collection of experimentally determined
eukaryotic polymerase II promoters. Since promoters are
defined and confirmed by experimentally determined
TSSs, the underlying promoter definition is given by the
position of TSS in EPD database.

First, 1871 human gene sequences were downloaded
from the EPD website, and 1778 DNA sequences were
chosen by excluding any sequence containing missing
base pairs. The sequence length is 1.5 kb while the true
TSS is located at a random position on the sequence.
These 1778 sequences are then divided into a training
dataset with 1400 sequences and a testing dataset with
378 sequences randomly. The training dataset is evalu-
ated by 5-fold cross-validation to obtain the recognition
rates for each promoter identifier. These recognition
rates are later fed back to weight the identifiers in voting
for both training and testing dataset. Since the recogni-
tion rates are gained from the training dataset and then
fed back to the training dataset for weighting, the recog-
nition might be biased. However, since the identification
accuracy is rather stable especially with a large dataset,
the bias is neglectable. For scrutiny, a testing dataset is
independently used for testing by taking the promoter
recognition rates from the training dataset. Please refer
to supplemental material 1 and supplemental material 2
for the training datasets and the testing datasets respec-
tively.

2.2. Promoter Identifiers

Many TSS predictors are available on the internet. Eight
identifiers are chosen as they have been actively main-
tained and widely used. These identifiers are Proscan,
TSSG, TSSW, FirstEF, eponine, ProSOM, EP3, FPROM.
Detail of these identifiers can be found in Supplemental
Material 3. Their different recognition mechanisms and
mathematical architectures may enable them to comple-
ment each other during voting.

2.3. MRMR (Minimum Redundancy Maximum
Relevance)

Minimum Redundancy Maximum Relevance (mRMR)
[23] is first developed by Peng. In mRMR analysis, a
good feature is characterized by its relevance with the
target variable and its correlation with other features — it
will be more likely to be chosen if it is more relevant to
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the target class and less correlated with other features.
Both relevance and correlation can be estimated by mu-
tual information (MI), indicating how much one vector
is related to another. MI is defined as follows:

I(x,y) = log—LEY) g 1
(6, = [[ p(x, ) o P (1

where x and y are two vectors; p(x,y) is the joint
probabilistic density; p(x) and p(y)are the marginal
probabilistic densities.

Let Q denote the whole vector set. The already-se-
lected vector set with m vectors is denoted by Q_,
and the to-be-selected vector set with n vectors is de-
noted by €,. Relevance D of a feature f in Q,

with a target variable ¢ can be computed by Eq.2.
D=I(f,c) 2
Redundancy R of a feature f in €, with all the
features in Q_ can be computed by Eq.3

1
R=— > I(f.1) 3)
m feq
To maximize relevance and minimize redundancy,
mRMR function is obtained by integrating Eq.2 and Eq.
3:

max| [(f,,¢)~— 3 I(f, /) |(j=12n)  (4)

1
S ; fieQ,
Let the initial Q_ ={f;} where f 1is the vector
produced by the best performed promoter identifier, and
Q, ={f1, ros fiit> Siv1s [} by excluding only f; .
Eq.4 is used to obtain one vector by another in to-
tally # — 1 rounds, resulting a vector list with the selec-

tion order S:[fo',fl',...,ﬁ,',...,f}vfl'] where 4 de-

notes at which round the feature is selected.

In this research, mRMR method is used to rank the 8
promoter identifiers. The predicted/identified results are
coded by integer numbers as is described in Subsection
2.6. The real coded promoters are the target vector, and
the predicted ones are treated as the input features for the
mRMR method.

2.4. Voting Systems

Four voting systems are developed for the promoter re-
cognition. They are Simple Majority Voting (SMV),
Weighted Majority Voting (WMV), Simple Majority
Voting plus Identifier Selection (SMV_IS), Weighted
Majority Voting plus Identifier Selection (WMV _IS).

2.4.1. Simple Majority Voting (SMV)
Each promoter identifier will give a decision. The ma-
jority decisions over a TSS are taken as the predicted
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TSS. This is the simplest voting system that does not
require any additional complex computation.

2.4.2. Weighted Majority Voting (WMY)

In SMYV, all identifiers are treated equally regardless of
their identification capability, while, in WMV, the vote
of an identifier is weighted by its recognition rate. For
example, when integrating 4 predictors, assume the de-
tected rates for the eight promoter identifiers are 0.4,
0.45, 0.5 and 0.55. The to-be-predicted sample is judged
to be a positive one with the first two identifiers, while
the other two give out negative results. With SMV, the
score of this sample obtained is 2 because two identifiers
agree that this sample is in promoter region. But with
WMV, the score become (0.4 + 0.45)/(0.4 +0.45+ 0.5 +
0.55) = 0.447. Here, if the score is no more than 0.5, the
sample would be predicted as a negative sample, i.e. not
located in promoter. So the output for this sample would
be negative. Because the performance of some identifi-
ers is much better than others, these better performed
identifiers should be weighted more heavily. The recog-
nition rate is obtained by evaluating the training dataset
using cross-validation.

2.4.3. Simple Majority Voting Plus Identifier
Selection (SMV_IS)

The 8 investigated algorithms are first ranked by the
mRMR method. Identifiers in the topper ranks are re-
garded to be less redundant between each other and
more relevant to the SST recognition. Next, we need to
find out how many identifiers should be chosen from the
mRMR ranking listS = [fo',fl',...,ﬂ] by adding one
identifier by other from the list as the candidate identifi-
ers, starting from the first identifier fo‘ . Each time when

an identifier is added, SMV is applied among the se-
lected identifiers. The integrated identifier through SMV,
with the highest correct recognition rate evaluated by
cross-validation test, is regarded as the optimized identi-
fier/predictor of SMV _IS.

2.4.4. Weighted Majority Voting Plus Identifier
Selection (WMV_IS)

The only difference between SMV_IS and WMV _IS is

that, towards the integration of the candidate identifiers,

WMV is applied instead of SMV.

2.5 Detection and Prediction Rate

If an identifier outputs a predicted promoter instead of
an explicit TSS, the prediction is regarded to be correct
if the predicted promoter is within the range from 200bp
upstream to 100bp downstream of the experimentally
determined TSS. The Detected TSS Rate is defined as
the number of recognized TSSs divided by the total
number of experimentally determined TSSs, and Non-
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detected TSS Rate is calculated as 1 minus the detected
rate. The Correct Prediction Rate is defined as the num-
ber of correctly recognized TSSs divided by the total
number of the predicted TSSs, and the False Prediction
Rate is calculated as 1 minus the correct prediction rate.
The prediction rates we use are defined as follows:
Detected TSS Rate
the number of recognized TSSs

"~ the total number of experimentally determined TSSs

Non -detected TSS Rate =1 - Detected TSS Rate
Correct Prediction Rate

_ the number of correctly recognized TSSs
the total number of the predicted TSSs

False Prediction Rate = 1 - Correct Prediction Rate

2.6. Generate Input Matrix for MRMR
Algorithm

First the prediction results need to be organized in a way
that can be input into mRMR. Each residue is predicted
by N predictors (N is the number of predictors used),
and its true identity is determined by experiment. Thus
each residue can be coded by N + 1 digits. The experi-
mentally determined TSSs are regarded as the target
variable of mRMR while the N predicted TSSs are re-
garded as the features of mRMR.

The final matrix is a 1-0 matrix of 2100000 x (N + 1)
(2100000 = 1400 x 1500), including the true TSS region
and N prediction results. Each sequence consists of 1500
nucleotides, and the matrix contains all the 1400 se-
quences. The input matrix is shown in Figure 1. The
first column: The sites from 200bp upstream to 100bp
downstream of the TSS are set to be 1, and others are set
to be 2. The other N columns: The predicted TSSs are set
to be 1, and others are set to be 0.

Then mRMR is applied to filter the features and get
the rank.

All supplemental materials mentioned above are avail-
able upon request.

3. RESULTS

3.1. Training Sets

3.1.1. The Prediction Results of the Eight Predictors

The training dataset (1400 sequences) were input into the
8 promoter predictors (refer to Subsection 2.2) and the
prediction results were produced. The prediction rates
(defined in Subsection 2.5) were calculated to rate the
performance of the predictors, which are shown in Table
1. Correct prediction rate is the best standard to evaluate
the prediction performance. If two predictors have similar
correct prediction rates, the one achieving significantly
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better detection rate is regarded to perform better. The
predictor FPROM is considered to have best prediction
performance since it achieves the best correct prediction
accuracy, 59.32%, among all the 8 predictors, and at the
same time has a reasonable detected rate (64.57%). Cor-
rect prediction rates, obtained by the train- ing dataset,
are used to weight the corresponding predictors when
they are integrated by WMV and WMV _IS.

3.1.2. Voting Method (SMV and WMY)

The sequence of 1500 bps is divided into 15 regions,
each of which contains 100 bps. Votes are counted on
each region, i.e., if a predicted TSS falls on a region, the
region gets a vote. The prediction rates of Simple Major-
ity Voting are shown in Table 2. For the SMV, though its
correct prediction rate is a little lower (1.52%) than that
of the best predictor FPROM, the detected rate is much
higher (8.14%) than FPROM. For WMV, both its de-
tected rate and correct prediction rate are higher than
FPROM, indicating that WMV performs better than any
individual predictor and also the SMV.

3.1.3. Output of MRMR Program

The mRMR program used in this contribution is
downloaded from website http://research.janelia.org/peng/
proj/mRMR/. As all of the input vectors are integer vec-
tors, we specify the parameter ¢ =0 in the mRMR pro-
gram to satisfy the integral calculation. Submit the ma-
trix, resulted from the promoter identifiers to the mRMR
program, (resulted from Subsection 2.6) to get the ranks
of the identifiers. The list, provided by mRMR, is shown
in Figure 2.

Table 1. The performance of 8 promoter predictors.

Software Detected Rate Correct Prediction Rate
Proscan 35.79% 47.35%
TSSG 59.36% 47.35%
TSSW 66.21% 49.47%
FirstEF 31.29% 55.17%
eponine 42.86% 50.81%
ProSOM 50.43% 44.17%
EP3 29.50% 49.17%
FPROM 64.57% 59.32%

Table 2. The performance of SMV and WMV.

Software-Integration Detected Correct

SMV(8 identifiers together) 73.36% 63.01%

WMV (8 identifiers together) 68.57% 69.03%
JBIiSE
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2,0,0,0,0,0,0,0.0
2,0,0,0,0,0,0.1.0
1,0,0,1,0,0,0,0.0
1,0.0,0.0,0.1.0.0

2.0,0.0,0,0.0,0,0
O lines

00real,01Proscan,02TSSG,03 TSSW ,04FirstEF,05 eponine,06ProSOM,07EP3,08 FPROM\

>2100001 rows

Figure 1. The input matrix of mRMR, suppose N = 8. The first row shows the titles of columns. The first column shows the
category of each sample, representing positive ones with 1 while negative ones with 2. The other eight columns show the
outputs of the eight individual predictors. If the sample is predicted as in promoter region, the corresponding value of the

sample will be assigned to 1, otherwise, 0.

You have specified parameters: no discretization, #fea=8, selection method=MID, #maxVar=8, #maxSampie=316.

Target classification variable (#1 column in the input data) has name=00real
*** mRMR features ***

Order Fea Name Score
1 8 10FPROM 0.017
2 4 O5FirstEF 0.001
3 2 03TSSG 0.000
4 5 06eponine -0.001
5 3 04TSSW -0.001
6 1 02Proscan -0.002
7 6 08ProSOM -0.003
8 7 09EP3 -0.004

entropy score=0.982

Figure 2. The output rank of mRMR. The first two rows show the parameters of mRMR program, while entropy score was
calculated based on the probabilities of each feature obtained from the training dataset. The order of features was calculated

based on Eq.4 in methods.

3.1.4 Software-Integration (SMV_IS and WMV _IS)
According to the rank of mRMR result, we add the
identifiers to be integrated through voting one by one.
The integration results of SMV_IS and WMV _IS are
shown in Table 3 and Table 4. The best correct pre-
diction rate is achieved by integrating 5 identifiers,
FPROM, FirstEF, TSSG, eponine and TSSW using
WMV _IS, shown in Table 4. The correct prediction rate
of the integration is 70.08, a slight improvement to the
WMV. At the same time, the correct detected rate has
also been improved, confirming that WMV _IS performs
better than WMYV. The integration of 7 identifiers of
SMV _IS is also slightly better than including all the 8
identifiers, as is shown in Table 3.

The best results obtained from different prediction
methods are shown in Table 5. When sorted by the
correct prediction rates, the order of these prediction
methods is WMV _IS>WMV>SMV_[S>SMV>FPROM.

Copyright © 2010 SciRes.

3.2. Testing Sets

3.2.1. Results of the Eight Individual Identifiers

The testing dataset with 378 sequences was input into the
eight promoter predictors (refer to Subsection 2.2, two
predictors are deleted). The prediction rates (defined in
Subsection 2.5) were calculated to rate the performance of
the identifiers. These values are shown in Table 6.

3.2.2. Identifier-Integration

We use the same voting methods, SMV and WMV, as in
Subsection 3.1.2, and methods WMV _IS and SMV_IS,
as in Subsection 3.1.4. Because testing dataset is only
used for testing, the list and the number of the identifiers
are adopted from the training dataset. The purpose of the
testing dataset is to validate the results from the training
dataset, as it is regarded to be unbiased in the voting.
The prediction results of the testing dataset are shown in
Table 7. By comparing the results in Table 5 with those
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Table 3. The SMV_IS results.

Software-Integration Detected pg;’;’;gn
FPROM 64.57% 59.32%
FPROM&FirstEF 73.00% 57.31%
FPROM&FirstEF&TSSG 77.07% 56.04%
FPROM&FirstEF&TSSG&eponine 76.07% 60.99%
FPROM&FirstEF&TSSG&eponine& TSSW 73.57% 63.35%
FPROM&FirstEF&TSSG&eponine& TSSW &Proscan 72.711% 62.71%
FPROM&FirstEF&TSSG&eponine& TSSW &Proscan&ProSOM 73.57% 64.12%
FPROM&FirstEF&TSSG&eponine& TSSW &Proscan&ProSOM&EP3 73.36% 64.01%

Table 4. The WMV _IS results.

Software-Integration Detected Cor.re?t

Prediction
FPROM 64.57% 59.32%
FPROM&FirstEF 67.57% 60.37%
FPROM&FirstEF&TSSG 69.29% 64.58%
FPROM&FirstEF&TSSG&eponine 69.43% 68.62%
FPROM&FirstEF&TSSG&eponine& TSSW 69.01% 70.08%
FPROM&FirstEF&TSSG&eponine& TSSW &Proscan 68.79% 68.87%
FPROM&FirstEF&TSSG&eponine& TSSW &Proscan&ProSOM 68.64% 69.01%
FPROM&FirstEF&TSSG&eponine& TSSW &Proscan&ProSOM&EP3 68.57% 69.03%

Table 5. The prediction results of the training dataset.

Predicction Methods Detected PCor're?t

rediction
The best single software(FPROM) 64.57% 59.32%
SMV(8 softwares together) 73.36% 63.01%
WMV(8 softwares together) 68.57% 69.03%
SMV_IS(FPROM&FirstEF&TSSG&eponine& TSSW &Proscan&ProSOM) 73.57% 64.12%
WMV _IS(FPROM&FirstEF&TSSG&eponine&TSSW) 69.01% 70.08%

Table 6. The performance of 8 promoter identifiers using test-

ing sets.
Identifiers Detected Rate Correct Prediction Rate

ProSOM 48.15% 40.63%

EP3 28.04% 45.30%
Proscan 34.92% 45.52%
TSSG 59.52% 47.77%
TSSW 62.96% 49.64%
eponine 46.56% 49.93%
FirstEF 32.80% 60.08%
FPROM 67.99% 61.78%

Copyright © 2010 SciRes.

in Table 7, we can tell that WMV _IS performs the best
in both training dataset and testing dataset. However, we
cannot tell whether SMV or SMV _IS performs better
than the best single software FPROM in the testing,
since they produces lower prediction accuracy than the
FPROM. As a conclusion, several observations can be
made: 1) The prediction rate of integrating several iden-
tifiers is not necessarily better than the best single iden-
tifier, e.g. the SMV and SMV _IS have lower correct
prediction rates than the best single identifier; 2) In all
cases, the prediction rate is greater with the identifier
selection than those without; 3) The prediction rate of
WMV is greater than that of SMV.
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Table 7. The prediction resluts of the testing dataset.

Software-Integration Detected Correct

The best single software(FPROM) 67.99% 61.78%

SMV(8 softwares together) 71.16% 59.33%

WMV (8 softwares together) 65.87% 67.30%
SMV_IS(FPROhgicri:sziiiisssc)Gh%eponlne&TSSW 70.10% 62.82%
WMV_IS(FPROM&FirstEF&TSSG&eponine& TSSW) 66.67% 67.83%

4. CONCLUSIONS

We introduce a voting system to integrate several eu-
karyotic promoter identifiers to predict promoters in the
human genome. We find that the integration of several
identifiers through a simple voting does not necessarily
improve the prediction performance. However, after the
identifiers are weighted using their prediction accuracies,
the prediction performance is improved. Moreover, fil-
tering the identifiers is able to improve the prediction
accuracy than using all identifiers without a filtering.
The order of the identifiers to be added, provided by the
mRMR, may not be truly optimized since mRMR makes
the list without an attempt to integrate the identifiers,
which could potentially be a topic for a future research.
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