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Abstract— Computational prediction of transcription factor’s
binding sites and regulatory target genes has great value to the
biological studies of cellular process. Existing practices either
look into first-hand gene expression data which could be costly
for large scale analysis, or apply statistical or heuristic learning
methods to discover potential binding sites which have limited
accuracy due to the complexity of the data. Based on well-
studied information retrieval theories, this paper proposes a
novel systematic approach for transcription factor target gene
prediction. The key of the approach is to model the prediction
problem as a classification task by representing the features of the
sequential data into vector data points in a higher-order domain.
The proposed approach has produced satisfactory results in our
controlled experiment on Auxin Response Factor (ARF) target
gene prediction in Arabidopsis.

I. INTRODUCTION

A transcription factor (TF) is a protein that regulates gene’s
transcription by binding the DNA at a specific promoter,
or enhancer region, or site. The interactions between TFs
and the cognate upstream or promoter sequences primarily
determine the establishment of spatial and temporal gene
expression patterns. Briefly saying, there are three known
classes of TFs, namely general TFs which interact with the
core promoter region surrounding the transcription start sites
of all class II genes, upstream TFs which bind to the upstream
of transcription initiation site, and inducible TFs which work
like upstream TFs but require activation or inhibition. Among
them the latter two classes are of our research interests, as
each upstream TF or inducible TF regulates a specific selection
of genes, commonly referred to as target genes (TGs), under
certain biological conditions. The study of the trio, namely TF,
it’s binding site (BS, or TFBS in some other literature), and
the corresponding TGs, has great value to the understanding
of various cellular processes.

As of today, all TFs reported in the literature were dis-
covered and verified through biological experiments. On each
known TF, even the identification of corresponding BSs/TGs
is an experiment intensive and time consuming work. A good
computational prediction algorithm could greatly improve the
efficiency of the biological experiments by identifying a small
collection of candidate BSs and/or TGs out of a large DNA
sequence database. Recent research work on this topic is bring-
ing a wider attention in the community. Software programs and
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tools for BS/TG prediction are emerging.

This paper proposes a novel, systematic approach for the
prediction of primary TGs. The proposed paradigm is based on
information retrieval theories. It takes use of existing knowl-
edge on confirmed TFs and TGs, extracts the DNA sequence
features into data points in a higher-order domain, and converts
the TG prediction problem into a typical classification task
which could be further resolved with various well-studied
methods. Our experimental study on the prediction of the
Auxin Response Factor (ARF) target genes in Arabidopsis has
shown satisfactory results.

The rest of the paper is organized as following: Section II
gives a brief review of existing BS/TG prediction algorithms.
Section III presents our novel approach in details. Section IV
reports the application of the approach to ARF TG prediction.
Section V draws conclusions and proposes future work.

II. A BRIEF TYPOLOGY REVIEW OF EXISTING BINDING
SITE/TARGET GENE PREDICTION ALGORITHMS

In general, there exist three categories of practices for
computational prediction of BSs/TGs, summarized as gene
expression based prediction, statistical search based prediction,
and heuristic learning based prediction in our review.

1) Gene Expression Based Prediction: Methods in this
category apply various data mining technologies on gene
expressions, with a presumption that the TGs regulated by
a TF usually have a close association to the corresponding TF
in terms of the expression levels. Algorithms being applied for
this purpose include various clustering based algorithms [1],
[5] and Bayesian Networks [9]. Application of these practices
into a new problem domain (such as a new species) requires
the availability of first-hand gene expression data which could
be costly and time consuming in the biological experiments.

2) Statistical Search Based Prediction: Methods in this
category attempt to locate candidate BSs of known TFs
through discovery of conserved motif patterns from a set of
DNA sequences, then further make prediction on potential
TGs according to the occurrence of candidate BSs. Among
them, Expectation Maximization (EM) [2], Variable Memory
Markov Model (VMM) [3] and Artificial Neural Networks
(ANN) [22] are used to discover candidate BSs according
to a pre-defined or dynamically generated statistical model.



There are also reported work that studies the protein structure
of interested regions [23]. It should be noted that since the
prediction is usually based on unsupervised search which may
not integrate the heuristic of known experimental results, the
correctness of such prediction is not necessarily high, due to
the complexity of the biological process.

3) Heuristic Learning Based Prediction: Methods in this
category take advantage of known TF, BS and TG information
in a well-studied problem domain to build a computational
model that encodes the association of the trio, then apply the
model to make prediction on a new problem domain, provided
that the regulatory associations in the known domain is well
conserved in the new domain. The Hidden Markov Models
(HMM) [12] are typically used for this purpose. A HMM
model is normally based on the multiple alignment of the
upstream DNA sequence of the known TGs. Essentially, this
is a task of heuristic learning from positive samples only,
as the information of the genes that are known as not to
be the TGs (non-TG in short in the rest of the paper) of a
TF is not utilized by the HMM model. It is understandable
that with a positive-sample-only learning paradigm, the system
could produce either a high false-positive rate or a high false-
negative rate, as there is no sound way of fine-tuning the
learning parameters.

III. THE PROPOSED SYSTEMATIC APPROACH

This section proposes a novel approach for TG prediction.
The proposed approach generally falls in the heuristic learning
category as reviewed above. Unlike a HMM model that learns
the knowledge of known TGs only, the proposed approach
encodes the information of the upstream regions of both
TGs and non-TGs. The approach can be understood as a
hybrid of three typical information retrieval processes. First,
a series of feature selection measures are used to highlight
the conserved motif patterns (not necessarily BSs) that are
statistically significant to separate the features of TGs and non-
TGs. Then the upstream region of each gene is represented
as a data point in a higher-order feature space with the
selected motif patterns. Lastly a classifier is built to learn the
differences between the features of the upstream regions of
TGs and non-TGs. With such a classification model we are
then able to make prediction on unknown genes, based on its
upstream region. Details of the approach is given below.

A. Input Data and Output Results
The proposed approach requires below data to be available:

1) A known TF, or a set of known TFs that are closely
related, in terms of biological function.
2) The sequences of the upstream region of the TF’s TGs.
3) The sequences of the upstream region of some genes
that are confirmed not to be the TF’s TGs (non-TGs).
4) The sequence of the upstream region of the gene to be
predicted.
The proposed approach makes prediction on whether a gene
could be regulated by the known TF(s), i.e. whether it is a TG.
It does not make an affirmative prediction on which motif is

a candidate BS. However the selected features containing sta-
tistically significant motif patterns could be a good reference
for BS identification in downstream analysis. The downstream
analysis anyway is not the focus of this paper.

B. Reverse-Complementary N-Gram Profile (RCNP) for Rep-
resentation of DNA Sequences

As first proposed by Shannon [18], an n-gram is a selection
of n continuous characters from a given character stream. An
n-gram profile refers to the statistics on the frequencies of
all occurring n-grams in the stream [7]. N-gram profile is a
popular technique in statistical natural language processing for
converting sequential data into histogram data (in other words,
data points in a vector space) [14], [4].

In many information retrieval applications, as long as two n-
grams are literally different, their frequencies are counted inde-
pendently. This however is not necessarily the best practice on
DNA sequences. Considering a specific TF may bind on either
a DNA strand or its complemental strand, a motif sequence
and its reverse-complementary motif sequence are biologically
identical in this sense, though they appear literally different
in the DNA sequence. With this understanding, we extend
the n-gram profile to a reverse-complementary n-gram profile
(RCNP). The modification made on the RCNP is that, any
occurring motif that is the reverse-complementary sequence
of an existing motif will be counted towards the frequency
increment of the existing motif.

With RCNP, we are able to represent the feature of the
DNA sequence x using a set of M motifs with the corre-
sponding frequencies, denoted as RCNP(x) = {(s1 : f1), (s2 :
fa)y-++,(sm = fm)}, si being a distinct n-length motif, and f;
being the frequency of the motif (and its equivalence reverse-
complimentary motif) in the sequence.

C. Conserved Motif Search

Conserved motifs intuitively present the commons of var-
ious sequences, which also suggest potentially similar func-
tions. Thus various BS/TG prediction algorithms start with
conserved motif search. Typically, conserved motifs are dis-
covered through multiple sequence alignment, which could
be computationally complex and time consuming, especially
when the input data set is large and the conserved motifs are
relatively sparsely distributed.

With a RCNP representation of sequence features, it is
possible to discover potential conserved motifs through a
simple frequency count. Specifically, we adopted an sequence-
frequency filter in our study. The sequence-frequency of a
n-gram refers to the number of sequences that contains the
specific motif (or its reverse-complemental motif). Under-
standably, a n-gram with a high sequence-frequency tends to
be a conserved motif, and a n-gram with a low sequence-
frequency tends to be a noise/outliner in the data set.

With the count of sequence-frequency of all n-grams across
the whole sequence set, we may either select top N n-grams
with the highest sequence-frequency, or those n-grams with
sequence-frequencies exceeding a threshold. Thus we are able



to generate a collection of candidate conserved motifs, denoted
as C = {¢;}, each ¢; being a distinct motif.

D. Selection of Conserved Motif Features and Vector Repre-
sentation of DNA Sequences

Feature selection have been an essential pre-processing
technology in various pattern recognition applications. While
it is possible to adopt all candidate conserved motifs as
the bases of the feature space, an effective feature selection
process removes noises and outliers, drastically improves the
prediction accuracy and reduces the computational cost. In our
study, we applied the information gain (IG) measure [26] for
feature selection. The IG measure is based on the evaluation
of a fuzzy data set’s entropy, details giving as below.

Let S be the set of IV sequences, T be the k£ “classes”
of the sequences, particularly T = {T'G, TG} for the target
gene/non-target gene binary cases in our study. The entropy
(expected information) of the fuzzy set S is evaluated as

e(S) E—ELP(%SNOQ( (T:,5))

1
=~ (Sgetog(Me) + miog Mg,

where Nrg is the number of sequences corresponding to
target genes, and N7 is the number of upstream sequences
corresponding to non-target genes.

With a motif ¢, the sequence set S has correspondingly two
distinct subsets, namely S. being sequences containing the
motif, and Sz being sequences not containing the motif. The
entropy with respect to ¢ is then given by

ec(S) = Y1, P(Si,S)e(S:)
= Ree(S.) + Nre(Se)

N7a. . Ners
3 (Mg log (236) + Mftog (M)
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()
where N./Ng are the numbers of gene upstream sequences
containing/not containing conserved motif ¢ respectively;
Nrg.o/Nrgz are the numbers of target genes’ upstream
sequences containing/not containing conserved motif ¢ respec-
tively; and N7 /N=g - are the numbers of non-target genes’
upstream sequences containing/not containing conserved motif
¢ respectively.

The difference between ec and e, termed information gain
(IG), is then used to evaluate the information “gained” by the
partitioning of S according to c¢:

IG(c) = e(S) — ec(S). 3)

IG measures the significance of the observed information ec
in contrast to the background e. Compared with some other
widely used feature selection methods such as frequency based
selection and CHI statistics selection [26], we consider IG
more appropriate in our study, as it measures the distributions
of both the positive samples (TGs) and negative samples (non-
TGs).

A higher IG value indicates a higher information signifi-
cance, and thus suggests a higher capability of the correspond-
ing motif ¢ in representing the feature of the sequence. With

a simple ranking and threshold cut-off we are able to obtain
a set of K features F = {f1,f5,... ,fx}, being the top K
conserved motifs that has the highest IG metrics.

With reference to the selected feature set, we follow a
standard practice to represent the feature of the DNA se-
quence into vector format, based on the occurrence frequency
of the feature motif in the sequence. Specifically, with the
feature set F = {f;,fo,...,fx}, given the sequence x and
its reverse-complementary n-gram profile RCNP(x) = {(s; :
f1),(s2 = f2),---,(sm : fam)}, its vector representation is
v = (v1,v2,...,0;,...,0k), of which, each v; is calculated
according to

f; if3j €[1,M] that s; =f; or s; is the
reverse-complemental sequence of f;, 4)
0  otherwise.

E. Building Classification Model

Once the features of the gene upstream regions are repre-
sented in vector format, without difficulty the TG prediction
problem can be modeled into a two-class classification task. In
order words, we are to build a classifier that learns the bound-
ary (differences) between the given TG and non-TG samples
and make prediction on unknown instances accordingly.

A large number of classification algorithms have been
successfully applied to the information retrieval domain. These
include, but not limited to, Naive Bayes (NB) [11], Bayesian
Networks (BN) [16], [20], k£ Nearest Neighbor (kNN) [6],
[8] and Linear List Square Fit (LLSF) [24] which are based
on statistical optimization; Adaptive Resonance Associative
Map (ARAM) [19] and Support Vector Machines (SVM) [15]
which are based on heuristic learning. We adopted SVM in
our study as it was reported to outperform other classification
methods in some previous empirical studies [25], [13]. The
concept of a two-class, linear-kernel SVM is summarized
below.

Given a set of linearly separable points S =
{X1,X2,...,Xn}, each belonging to one of the two classes
labeled as y; € {—1,+1}, a separating hyper-plane divides
S into two sides, each containing points with the same class
label only. The separating hyper-plane can be identified by
the pair (w,b) that satisfies

w-x+b=0 5)

1]7;2{

for any data point x on the hyper-plane, and
yi(W-x; +b)>1 (6)

for any training sample x; € S. The goal of the SVM learning
is to find the optimal separating hyper-plane (OSH) that has
the maximal margin to both sides. This can be formularized
as:

minimize  1||w]|[?

subject to  y;(W-x; +b)>1 )

The points that are closest to the OSH are termed support
vectors (Figure 1).

During classification, SVM makes decision based on the
OSH. It finds out on which side of the OSH the unknown



Fig. 1. The separating hyper-planes (the set of solid lines), the optimal
separating hyper-plane (the bold solid line), and the support vectors (data
points on the dashed lines) in the SVM learning model. The dashed lines
identify the maximum margin.

instance is located and assign the class label to the unknown
instance correspondingly. In our experiments, since the SVM
classifier is trained with data in two classes, i.e. TG and non-
TG, SVM will make prediction on whether a gene falls in the
TG class or non-TG class.

There exists a large number of SVM variances, with dif-
ferent non-linear kernels for handling non-linearly separable
data. Examples include the polynomial kernel, the radial basis
function (RBF) kernel, and the sigmoid kernel. These kernels
were also studied in our experiments !.

IV. PREDICTION OF AUXIN RESPONSE FACTOR TARGET
GENES IN ARABIDOPSIS

We applied the proposed systematic approach to the pre-
diction of TGs of the Auxin Response Factors (ARF) in
Arabidopsis thaliana. This section reports our experiment in
details.

A. Data Set

The Auxin Response Factors (ARFs) are a family of tran-
scription factors that regulate target genes after a plant is
treated with auxin. Biological studies have shown that an
ARF binds to the conserved motif TGTCTC under certain
conditions [17]. However, not all genes whose upstream
regions contain TGTCTC may be regulated by an ARFE
Traditionally, whether a gene with TGTCTC in its upstream
region may be regulated by ARF has to be verified through
biological experiments. In 2004, Goda et. al. [10] treated Ara-
bidopsis thaliana plants with auxin and brassinosteroid, and
investigated the gene expressions using Affymetrix Genechip.
Their experiments verified that among the 3137 genes whose
upstream contains the motif TGTCTC, 263 are ARF target
genes (TGs), and 2874 genes are not ARF target genes (non-
TGs).

Our understanding to the problem are twofold. Firstly,
besides the primary binding site TGTCTC, there may exist
some other ARF “weak binding sites” that work together with
TGTCTC during the gene regulatory process. On the other
hand, some sequential characteristics, which in turn leads

IThe SVM classifier used in our experiments was downloaded via
http://svmlight.joachims.org/.

to various biochemical and protein structural features, may
prevent an ARF to bind on the TGTCTC motif. Regardless
the complexity of the biological process, we may build the
computational classification model that learns the sequential
differences between the reported TGs and non-TGs, and make
prediction accordingly.

To prepare the primary sequence data, we obtained the
accession IDs of the reported 3137 genes, then identi-
fied their location information from TAIR6 Arabidopsis In-
formation Resource (available via ftp://ftp.arabidopsis.org/
home/tair/Genes/TAIR6_genome _release). The location infor-
mation of each gene includes its corresponding chromosome
ID, the transcription start point and end point. With these,
we extracted the upstream region of each gene through
a search from the Arabidopsis thaliana whole genome
sequence (available via ftp:/ftp.arabidopsis.org/home/tair/
home/tair/Sequences/whole_chromosomes). We limited the up-
stream regions to be within 1000 bases as previous studies
have shown most binding sites fall within this frame.

B. Experiment

1) Data Processing: Following the proposed approach, we
started with building reverse-complemental n-gram profile
(RCNP) of each gene’s upstream region. Noting the fact
that TGTCTC is the primary binding site, and considering
the relative stable structure of DNA helix, we believed the
characteristics of the sequential region nearby the primary
binding site mostly affect the transcriptional process. Thus we
limit our feature extraction in a small window that evenly cover
the surround regions of the primary binding site. We tested
different window sizes and found that a relatively small size,
100 bases (i.e. 50 upstream bases and 50 downstream bases)
yielded satisfactory results. This in turn proved our hypothesis.

We used a combination of n = 4,5,6,7 (i.e. four-grams,
five-grams, six-grams, and seven-grams) as they appeared to
give empirically good results in our trial-and-error studies.
10901 unique n-grams were generated from the 3137 se-
quences. Among them, we selected the top 5000 candidate
conserved motifs that have the highest sequence-frequency.
Out of these candidate conserved motifs, we selected top 500
motifs as the feature set based on IG. They include 19 four-
grams, 47 five-grams, 121 six-grams, and 313 seven-grams.
Table I lists the top 20 motifs in terms of IG value.

The selected motif features were further used to convert
each sequence into vector format, according to Equation 4.
At last we obtained a set of 3137 500-dimensional vectors,
among which, 263 were labeled as the positive class (i.e. TG)
and 2874 were labeled as the negative class (i.e. non-TG) for
our classification experiments.

2) Performance Evaluation: Following a standard pro-
cedure, we carried out the leave-one-out cross-validation
(LOOCYV) to examine the efficacy of the proposed approach.
On a set of N instances, the leave-one-out test replicates the
experiment for N times. Each time it uses [N — 1 instances
as the training set while leaving one different instance as the
testing sample. It is widely considered as an effective practice



TABLE 1
THE TOP 20 N-GRAMS BEING SELECTED AS THE FEATURE MOTIFS,
ACCORDING TO INFORMATION GAIN (IG) SCORE. N7 AND Nz
CORRESPOND TO THE NUMBER OF TARGET GENE SEQUENCES AND
NON-TARGET GENE SEQUENCES THAT CONTAIN THE THE MOTIF.

Rank | Motif/Reverse-complement | Nyrg | Ngm 1G Score
1 CGGAG/CTCCG 6 239 | 0.001119329
2 ACTCAAG/CTTGAGT 12 31 | 0.000990069
3 TATTAA/TTAATA 53 337 | 0.000953703
4 ACCGG/CCGGT 3 160 | 0.000932376
5 TATTAAA/TTTAATA 28 139 | 0.000900589
6 GTCTTAA/TTAAGAC 12 34 | 0.000894641
7 GTAGA/TCTAC 60 409 | 0.000866178
8 TGAGAAA/TTTCTCA 2 130 | 0.000851824
9 CTGACAC/GTGTCAG 8 16 | 0.000834962

10 CACTTAG/CTAAGTG 8 16 | 0.000834962
11 AAAGT/ACTTT 115 949 | 0.000823801
12 GGGCTGA/TCAGCCC 5 5 | 0.000821921
13 ATTAA/TTAAT 113 930 | 0.000815191
14 CAGATC/GATCTG 1 101 | 0.000806264
15 AGTTTG/CAAACT 11 288 | 0.000804118
16 GTCTAA/TTAGAC 22 103 | 0.000787142
17 AATATTC/GAATATT 16 63 | 0.000769756
18 AAGCTC/GAGCTT 3 142 | 0.000754201
19 ACTAAAT/ATTTAGT 16 64 | 0.000750307
20 ACGAGG/CCTCGT 0 61 | 0.000747079

to evaluate the generalized learning capability of an algorithm
on a specific data set, with least statistical bias.

Based on the N prediction scores made by the leave-one-
out test, we may draw various statistics. We firstly adopted the
receiver operating characteristic (ROC) measure to evaluate
our system’s efficacy. A ROC curve plots the correlation of
a classifier’s true-positive rate (sensitivity) and true-negative
rate (specificity, or the complemental false-positive rate in
some other studies) according to the change of the prediction
cut-off threshold. It is widely used to evaluate the classifier’s
systematic efficacy at all cut-offs. The area under the curve
(AUC) is commonly used to summarize the results into a single
score for the ease of comparison. In addition, since ARF TGs
are our primary interest, we adopted a commonly used set of
measures to evaluate the correctness of the prediction on the
positive class (i.e. TG) with a default cut-off threshold 0.0.
These measures are precision (P), recall (R), and Fy [21],
[25]. Let S be the positive sample set (actual positive) in cross-
validation and T be the samples being predicted as positive by
the classifier (positive prediction), the definitions of precision
(P), recall (R) and F} are as follows:

sAT
p=210 8
snT
r=21120 9
S| C))
and 2SO
=220 1
R o

where the norm |.| denotes the size of a data set; the inter-
section of the two sets S () T identifies the correct prediction,

True Positive Rate

0 T T T T
0 0.2 0.4 0.6 0.8 1
True Negative Rate
Linear -——-Binomial ------- Trinomial
————— RBF —--—--Sigmoid

Fig. 2. The receiver operating characteristic (ROC) curves of the leave-one-
out cross-validations (LOOCVs) on Auxin Response Factors (ARF) target
gene (TG) prediction, using different support vector machine (SVM) kernels,
namely linear, binomial, trinomial, radial basis function (RBF), and sigmoid.

i.e. those samples that are predicted as positive and are actual
positive (true positive). It should be noted that the F; measure
is intended to incorporate P and R measures into one for
cross-comparison, and essentially

_ 2RP
R+ P’

3) Results and Discussions: Figure 2 illustrates the ROC
curves of the LOOCVs with different SVM kernels, namely
linear, polynomial (specifically binomial and trinomial), RBF
and sigmoid. The AUC scores and corresponding P, R, and
F'1 scores with a default cut-off threshold 0.0 are reported in
Table II. Figure 2 shows that the linear SVM kernel outper-
formed other kernels in our controlled experiments, indicating
that with the proposed feature selection and extraction process,
the sequential data are best linearly separative. The binomial
and trinomial kernels performed slightly worse than the linear
kernel. The RBF kernel and sigmoid kernel performed worst,
being close to a random prediction. It however should be
noted that this reflects the mismatch between the RBF and
sigmoid kernels and the actual data distribution, rather than
the unsuccess of the proposed approach.

Figure 3 depicts the venn diagram on the prediction of the
linear kernel SVM with a default cut-off 0.0. Vertical strip area
denotes the TG training samples (i.e. actual TGs). Horizonal
strip area denotes the predicted TGs. Their intersection, shown
as in grids, denotes the true positive predictions. The rest,
blank area, denotes the true negative predictions. Among the
635 positive predictions, 204 are correct; whereas only 59 out

Iy

(1)



TABLE 11
THE AUXIN RESPONSE FACTORS (ARF) TARGET GENE (TG) PREDICTION
RESULTS USING DIFFERENT SVM KERNELS, EVALUATED WITH AREA
UNDER CURVE (AUC), AS WELL AS PRECISION (P), RECALL (R) AND F}
ON TARGET GENES WITH DEFAULT CUT-OFF THRESHOLD 0.0.

Kernel AUC Score P R F1
Linear 0.8949 0.3213 | 0.7757 | 0.4543
Binomial 0.8232 0.3937 | 0.3802 | 0.3868
Trinomial 0.7757 0.3778 | 0.1939 | 0.2563
RBF 0.6840 0.2857 | 0.0076 | 0.0148
Sigmoid 0.4883 0.0530 | 0.0646 | 0.0582
2443

Fig. 3. The venn diagram of the leave-one-out cross-validation (LOOCV) on
Auxin Response Factors (ARF) target gene (TG) prediction, using the linear
support vector machine (SVM) kernel, with a default cut-off threshold 0.0.
Vertical strip area denotes the actual target genes. Horizonal strip area denotes
the predicted target genes.

of 263 actual target genes are missed in the prediction. This
yields a 32.13% precision rate, a 77.57% recall rate, and a
0.4543 F'1 score.

The overall results are quite encouraging to us, considering
our studies reported here are quite preliminary and the parame-
ters during each step are not optimized. One may understand
the prediction results in this way: if we focus our biological
experiments on the verification of the 635 genes that are
predicted as ARF TGs, roughly one out of three inspected
genes will be an actual ARF TG; and the experiments will
only miss about 22% actual TGs. Thus the computational
approach could greatly improve the efficiency of biological
experiments. The satisfactory results suggest two facts. Firstly,
the human inspected data are of relatively high consistency. In
other words, there is a high correlation among the sequence
upstream regions of the ARF TGs. And there really exist
underlying differences between them and those of non-ARF
TGs. Secondly, though the underlying differences are not no-
tably viewable to the human, the proposed systematic approach
indeed has the capability of identifying these differences
through supervised learning. On the other hand, compared
to prior reports on other information retrieval applications
such as text classification [25], [13], the performance scores
generated in our experiments are relatively low. This reflects
the complexity of the biological process and the challenges
to the computational prediction work, if merely based on
sequential information.

V. SUMMARIES AND FUTURE WORK

It has been widely known that DNA sequences could be no
more complicated than human’s natural languages. Literally,
they could be considered as in a language with limited
alphabet (G, C, A, and T). Many well-studied natural language
processing (NLP) and information retrieval (IR) algorithms
have been successfully applied to sequence analysis. The
proposed systematic approach incorporates a series of well-
studied IR theories, namely n-gram profile for feature rep-
resentation, information gain (IG) for feature selection, and
support vector machine (SVM) for classification. While they
appear well-known to the computational community, we took
the initiative to extend and apply extend them to the chal-
lenging transcription factor target gene prediction problem. It
should be noted that while n-gram profile has been applied
for binding site prediction by some researchers, there is no
reported work like ours that predicts target genes through
classification model. By converting the prediction problem into
classification task, our methods not only learns the common
of positive samples (i.e. upstream regions of target genes),
but also learns the differences between the positive samples
and negative samples. In computational research, this practice
has been shown to generally outperforms positive-sample-
only learning methods such as the HMM model. Lastly while
most importantly, this paper essentially proposes a systematic
approach for representing DNA sequence features as data
points in a higher-order vector space. With this, various vector-
space based technologies may be applied to solve sequential
problems. Hence, this approach is of great referential value to
other sequence analysis studies.

The proposed approach contains a set of dynamics, such
as the length of the gene upstream region, the length of
the n-gram motif (n), the number of candidate conserved
motifs being selected as the features (hence the dimension of
the extracted feature vectors), and the various parameters in
response to SVM’s learning. These dynamics are not optimized
due to the time constraint in preparing this manuscript. The
optimization of these dynamics typically involves a manu-
ally trial-and-error or a computationally simulated annealing
process, which remains a future work to us. Despite of this, the
proposed approach has performed satisfactorily in the reported
application, suggesting its promising efficacy.

Following this paradigm, our future work also include the
comparison of different feature selection methods and different
classifiers, as well as the cross comparison between the
proposed approach and other target gene prediction algorithms
reported in the literature, such as HMM.

Finally, as a side note, based on the reported data on
Arabidopsis thaliana, we will apply the learnt classification
model to predict ARF TGs in other related plant species, and
further verify the predictions through biological experiments.
These results are to be published in the future.
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