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To discover frequently occurring DNA patterns related to inherent diseases or gene regulation
associated diseases, we must clarify which sequences interact with transcription factors in
genome. A probabilistic neural network model was introduced to represent variable length DNA
sequence patterns. This model, combined with an EM algorithm, was used to discover conserved
sequence patterns from some DNA sequences, and was successfully tested on two datasets, one
containing simulated sequences and the other containing upstream sequences of genes in E.coli.
Both fixed length and variable length patterns were discovered from the two datasets. The
sensitivity of this method was higher than two compared methods, and regulatory sequences of
genes were discovered from real DNA sequences of gene clusters. This method could also be used
for discovering patterns of protein sequences.
ACM Classification: G.3 (Probability and Statistics-Probabilistic algorithms), I.5.1 (Pattern
Recognition – Models – Neural nets), J.3 (Life and Medical Sciences-Biology and genetics)
1. INTRODUCTION
DNA sequences in the human genome comprise many feature elements, which play important roles
in gene regulation and the development of many diseases. Through database searches or DNA
sequencing, the DNA segment of particular location in the genome can be obtained, accordingly the
existence of a special segment relating to a particular disease can be distinguished. However, the
sequence pattern, the usual occurring positions, and the biology functions of the element needs to
be known previously, which is relatively a difficult task for biologists. Therefore, only a few
sequence elements and the corresponding diseases are clearly known. For example, Alu-rich gene
BRCA1, of which up to 40% of the genomic sequence is composed of Alu element, is involved in
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the hereditary predisposition to breast and ovarian cancer; triplet repeat, a type of short tandem
repeat sequence, can cause triplet repeat expansion diseases (TREDs) such as Huntington disease
and fragile X syndrome (Jasinska and Krzyzosiak, 2004). All cells in the body contain the same set
of genes. However, only a fraction of these genes are turned on, or expressed, in an individual cell
at any given time. The aberrant expression of certain genes can cause diseases. Once the disease
related sequence elements are discovered, they can be identified as targets for medicines to prevent
the development of the disease, to remedy the disease, or to alleviate the suffering. New classes of
therapeutics can treat a broad spectrum of diseases through affecting the regulation of diseaserelated genes in patients, or letting enzymes repair or correct the DNA sequence containing diseaserelated mutations. Some other methods use transcription factor “decoy” strategy as a means of
prevention of cardiovascular disease (Morishita et al, 1998). All these attempts need to clarify the
feature sequences in advance.
The availability of sequences of the human genome and other model organisms allows the
comparison of many related DNA sequences simultaneously, which affords a new way to discover
those disease related sequences. Computational discovery of the feature sequences is feasible. At
present, many methods of discovering fixed length motifs have been introduced. In this paper, we
proposed a variable length motif model and used it to discover gapped segments in a given set of
DNA sequences.
Methods for computational discovery of motifs vary according to the different kinds of DNA
features to be identified, and strategies to discover them. Tandem sequence search, palindrome
sequence search, gene identification, functional site discovery and so on, are some examples of
them. Hitherto, many discovery methods have been developed. Stormo used a greedy method,
combined with a relative entropy measurement to discover universal subsequences in a given DNA
set (Stormo and Hartzell, 1989). Liu used a Gibbs sampling search method and employed zero to
third-order Markov models to represent background sequences. Liu’s method could deal with input
data containing noise sequences, and could discover gapped motifs and motifs with palindrome
patterns (Liu et al, 2001). Another method named AlignACE was based on a similar principle
(Hughes et al, 2000). By utilizing binding sites features such as sequence similarities and frequencies compared to other sequences, Olman formulated the motif discovery problem as a cluster
identification problem, then, designed an algorithm for solving it (Olman et al, 2003). Sinha
introduced a method which enumerated all motifs in the search space and was guaranteed to
produce the motifs with the greatest z-scores (Sinha and Tompa, 2002). Many other methods were
introduced in the surveys of Vanet and Pennacchio (Vanet et al, 1999; Pennacchio and Rubin, 2001).
Most of the mentioned methods could find fixed length motifs, but in fact, some DNA motifs of
variable length also exist, just as protein motifs. For example, Gal4p binding domain has spacers
varying in length from 1 to 11bp to bind dimmer or tetramers (Sinha and Tompa, 2002). A candidate
transcription factor binding site identified by Pennacchio contains base deletions (Pennacchio and
Rubin, 2001). A Hidden Markov Model permits arbitrary gaps in the alignment and is flexible in
modeling patterns, but suffers the penalties of added complexity(Lawrence et al, 1993). In this
article, a probabilistic neural network (PNN) model was introduced to extract fixed length as well
as variable length motifs from some given DNA sequences.
2. DESIGN CONSIDERATIONS
The purpose of this article was to provide a novel model and a computer algorithm for the prediction
of DNA binding sites, in the condition where a set of sequences were known to contain binding sites
for a common factor, but the sites locations were not known. The process was also called “local
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multiple alignment” or “pattern discovery” (Stormo, 2000). Some sequences, each of which
containing zero to a few instances of a particular sequence pattern, were required to solve the
problem. The instances resembled each other, and all of them were similar to an original sequence
pattern. In fact, they could be taken as derivations of an original sequence by some manipulations
of base replacement or base insertion. In biology, the instances of the sequence pattern usually serve
as binding sites of regulatory proteins.
A mathematic model to represent those feature sequences is necessary to make the discovery.
Thus, the probability of a subsequence being a feature sequence can be inferred by computing the
similarity of the subsequence to the model. Currently, the PWM (Position Weight Matrices) model
often serves for the motif model, which uses relative entropy to measure the consistency of feature
sequences, but some limitations are inherent in the method (Zhang and Marr, 1993; Benos et al,
2002). A good model may comprise more common information of those feature sequences, and can
well discriminate ordinary sequences. Novel models are required to make good discoveries. It is
also important to use proper similarity measurements to compare the accordance of a candidate
sequence to a motif model. The measurement that embodies the true sequence conservation would
be a better choice.
Since feature sequences are often scarce in the given sequence set, the search route to find those
sequences is equivalently important. In fact, the motif discovery problem has proved to be a NPhard problem, that is to say, no deterministic polynomial time exists for execution to get the optimal
result. An intelligent algorithm can get better results in a relative short period compared to an
awkward algorithm. Provided that neither the sequence pattern, nor the total number of the instances
and their positions in each sequence are known, the algorithm would guess them initially. The
algorithm should distinguish the most frequent element from the input sequences. The discovered
element, or the sequence pattern, has a higher chance of being the binding site.
In this paper, a novel motif model was described, and was used to discover frequent occurring,
variable length patterns existing in a given set of DNA sequences. Meanwhile, a measurement based
on Parzen's probability density estimation, combined with an EM algorithm was used for the
discovery.
3. SYSTEM DESCRIPTIONS
3.1 PNN model and algorithm summary
Although many motif models have been used to search feature sequences in DNA, and many
successes have been achieved, how to select the right motif model is still a question. PNN is an
approach for this classification problem. It overcomes some faults of the traditional backpropagation network (Guo et al, 2004). In this study, we applied PNN into the motif discovery field.
In 1990, Spetch proposed the PNN architecture, which was based on Bayesian decision theory
and Parzen’s method of density estimation (Parzen, 1962; Specht, 1990; Berrar et al, 2003).
Generally, a PNN is constructed of four layers of neurons (Raghu and Yegnanarayana, 1998), see
Figure 1.
The network is made up of four layers. Each layer contains some neural nodes, which are the
basic processing units. The input layer is an acceptor, which accepts an unknown vector. The pattern
layer contains several neural groups, each corresponding to a recognizable pattern. The weights
between the pattern layer nodes and input layer nodes are equivalent to the distance measurements
of the two nodes. Each summation layer node sums up the outputs of the corresponding pattern
nodes, and a result is made in the output layer node by comparing all the outputs of the summation
layer nodes.
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Figure 1: The PNN architecture

Commonly, the input layer contains M nodes and can accept an M-dimensional vector. Each
node in this layer is connected to all the nodes in the pattern layer.
The pattern layer comprises K groups of neural nodes and thus makes K patterns. Each node in
a pattern corresponds to a sample vector of a known pattern. Every pattern corresponds to a special
signal, which can be recognized by the model. This layer also carries out the non-linear
transformation of the input vector and the sample vectors. When the PNN model is used to discover
DNA sequence patterns, as in this study, vectors in both the input and pattern layers were replaced
by different kinds of DNA sequences.
The summation layer has K nodes and can generate K outputs by adding the outputs of all the
nodes of each pattern in the pattern layer. Every output of the summation layer nodes correlates to
a probability density estimation. According to these probabilities, the output layer makes a decision
and gives a result of the input vectors.
The basic method of PNN used to make a discovery is Bayesian inference, which is defined as
(Parzen, 1962):
(1)
This formula calculates the probability of sample X belonging to pattern fk in the given i sample
elements: Xk1, Xk2,…Xki of that pattern. Here X is the input vector, or the input DNA sequence to be
identified. Xki is the i-th sample DNA sequence from pattern k. Originally, m is the dimension of the
input vector and pattern vectors; while in this model, it is the average length of the DNA sequence
pattern. σ is a smooth factor and | fk | is the sample sequence number of pattern fk.
In Euclidean space, (X – Xki)T (X – Xki) is the distance of X and Xki. When the two vectors were
used to represent a DNA sequence in this particular model, the other measurement was used to
calculate the distance. In (Equation 1), exp[–(X – Xki)T (X – Xki) / 2σ2 is the activate function of the
pattern layer nodes. It could also be defined as follows when the nodes were represented as
sequences but not vectors:
(2)
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Here, y is the output of a pattern layer node. s1 is the sample sequence in motif patterns, s2 is the
input sequence. d(s1,s2) is the distance of s1 and s2. It could be a Hamming distance when the two
sequences are equal in length. In this study, to include variable length sequence pattern, d was the
computation of edit distance, which in turn could be calculated by a recursive formula (Vilo, 2002):

(3)

All the outputs of the nodes in the same patterns of the pattern layer were summed in the
summation layer. As a result, the output of the summation layer nodes would be:
(4)
Here, s1 is the DNA sequence added to the input layer, si is a sample sequence represented by a
neural node of pattern k. The result yk is proportional to the probability of the input sequence
belonging to the pattern fk. Only a scale constant
is multiplied.
The smooth factor σ should be selected experimentally. A large value of σ has a better effect on
smoothing signals and noises and would eliminate the differences of signals, while a small value
would only favour strong signals. In this study, equivalent results have been obtained when σ was
selected between 2 and 5.
In this study, two patterns were used in the pattern layer; they were a motif pattern and a
background sequence pattern. Nodes in the motif pattern represented short DNA sequences serving
as protein binding sites, while the background sequence pattern contained ordinary DNA sequences
with no biological functions.
Theoretically the best sample sequences in the background sequence pattern are those picked from
genomic DNA sequences, but there needs to be large numbers of nodes in the pattern layer, and it
requires massive amounts of computer time. As an alternate, a zero-order HMM model, whose parameters were derived from realistic genomic sequences, was used to generate the sample sequences.
The outcome was produced in the decision layer by considering the two probabilities of outputs
from the two summation layer nodes. Final results were obtained. They reflected the character of
the sequence: a conserved sequence or an ordinary sequence.
3.2 Experimental steps
Similar to other motif discovery methods, a set of DNA sequences, each of which contained some
protein binding sites, was used as input data. The difference was that the length of the binding sites
could vary. So the alignment of the discovered sequences would contain gaps. Four major steps of
an EM algorithm were used for the discovery.
1) Model initialization
According to the average length of the sequence pattern to be identified, the number of nodes of the
input layer was determined in the first place. At the same time, a given number of sample sequences
Journal of Research and Practice in Information Technology, Vol. 37, No. 4, November 2005
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representing a motif pattern were randomly selected from the input sequences by the algorithm.
These sample sequences were used to represent the common characteristics of the feature sequence,
the counts of which were equal to the total number of potential binding sites in the input sequences.
Sequence fragments in the background pattern were randomly picked from artificial genomic
sequences generated by a zero-order HMM model. The length of each sequence fragment and the
total number of sequences were determined according to parameters given by the user. By now, the
model included two patterns: the motif pattern and the background sequence pattern. The sample
sequences in the motif model were not conserved, and were less effective in representing any
sequence pattern. Consequently, other refining steps were needed to optimize the motif pattern.
2) Candidate sequences selection (Expectation step)
By comparing all the subsequences in the dataset with the current pattern, we could evaluate the
identity of each subsequence to the motif pattern. The ones whose length were close to the motif,
were selected and placed on the input layer of the PNN. Particularly in this study, if the desired motif
length was l, all the subsequences at the length of l–1,l, l+1 in the dataset would be selected. Then,
the scores of each subsequence to the motif pattern and the background sequence pattern were
calculated by the summation layer nodes. The scores were the expectation values of the input
sequence being either the motif pattern or the background sequence pattern. A judgment was then
made in the decision layer according to the two scores, and a conclusion that the subsequence is either
a potential binding site or a background sequence would be produced. Those identified as potential
binding sites were selected and used to update the current pattern. This step includes computing
expectations of subsequences being the sequence pattern, so it could be taken as the expectation step.
3) Pattern update (maximization step)
The new identified subsequences in the previous step were more identical and more conserved than
the sample sequences in the current motif pattern, and would represent a better sequence pattern.
Replacing all the sample sequences in the motif pattern with the new identified ones, the
expectation of subsequences being the sequence pattern would be maximized and the sequence
pattern revised. This step is also the maximization step.
4) Stop condition
After step 2 and step 3 were repeated many times, more conserved subsequences would be discovered. When the cycle reached a given number, or the discovered subsequences converged, the
process would be finished automatically, and a conserved sequence alignment representing a binding
site would be obtained.
The procedure underwent many Expectation-Maximization steps of the EM algorithm, and
could converge to a local optimal result. By using different initial data and running the algorithm
many times, results close to the global optimal would be obtained. An Excel add-in named PNNMD
implementing the algorithm was developed and used for tests. Users could load sequences and make
the discovery from a sample interface. The Excel Add-in with some example data can be obtained
from the location: http://202.117.57.48/pnnmd/, or by sending a request by email to the authors.
4. RESULTS
Experiments with simulated data
“Challenge problem” is representative in motif discovery. The object is to discover all the fixed
length subsequences, each of them comprised of some base mismatches to an original sequence in
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the given dataset (Pevzner and Sze, 2000). Here, we defined an alternative way to describe an
unfixed length motif existing in the dataset.
Definition: In N pieces of DNA sequences, a total of M unfixed length motif instances exist,
they all originate from K edit manipulations of a same DNA sequence of the length of L. Each edit
manipulation is a base deletion or replacement. This kind of motif could be written as M (L, K). For
example: after two edit manipulations, the sequence tagcat would produce motif instances: tGgcAt,
tC_cat, tag_Ct, tCGcat. Here, a capital letter means base replacement and “_” means base deletion.
We generated two sequence sets, each of them containing 30 motif instances. The motifs in the
two sets were M (10,2) and M (12,3), respectively. Other bases in the sequence sets were generated
from an equal probability independently identical distribution (iid). That is, 4 bases A, C, G and T
were equally generated. One dataset contained 20 sequences of the length of 200bp; the other
contained 30 sequences of the length of 300bp. During the datasets construction, the motif instances
were randomly inserted in the background sequences. Therefore, some sequences could hold
multiple instances, while others would hold no instance, which was close to a realistic situation.
Three different motif lengths 9, 10 and 12 were used to make the discovery on the two datasets.
The initial sample sequences of motif patterns in each discovery were randomly selected by the
algorithm from the input dataset. The number of motif instances, or the nodes, in the motif pattern
were set from 20 to 30. The sample sequences number in the background sequence pattern was set
to 200, and the length of those sequences was equal to the expected motif length.
The combination of different motif lengths and numbers of motif instances was used to construct
parameter sets. The discovery was performed 100 times by using each parameter set, and the best
results are selected and listed in Table 1.
Furthermore, we used two representative methods MEME (Bailey and Elkan, 1995) and
AlignACE to make the same discovery as comparisons. The parameters and results are also
provided in Table 1.
In Table 1, L is the motif length; and nSites is the motif instances in the dataset. True positive
(tp) means those whose locations are correctly recognized, false positive (fp) is those whose
locations are wrongly recognized. False negative (fn) is true motifs, which are not recognized by
the methods. The sensitivity of the algorithm is calculated by: Sn = tp/(tp + fn).
From Table 1 we can see: In dataset 1, the best sensitivity by this method is 0.83, higher than
MEME and AlignACE method, which are only 0.77 and 0.8. Dataset 2 comprises longer motifs and
longer input sequences, while the nSites is the same. At this time, the best sensitivity is 0.93, also
better than the results of other two methods. It is clear that if the motif length and motif number in
the parameters are close to the true situation, better results are likely to be obtained. Since edit

Table 1: Comparison of PNN with MEME and AlignACE using simulated data
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distance was used in the algorithm, some motifs with 1 to 2 gaps were discovered, while the other
two methods ignored that kind of motif. This is likely to be one reason for the improvement.
Experiments with true DNA sequences
In the realistic DNA, the sequence form is much more complex, and the discovery becomes more
difficult. One of the important applications of motif discovery is to identify conserved sequences in
the upstream regions of sets of co-expressed genes obtained from microarray data cluster. Spellman
analyzed some microarray data of yeast cell-cycle related experiments, and identified many gene
clusters. In them, the CLN2 cluster is a large cluster comprising many genes that are subject mainly
to cell cycle regulation. These genes were considered to have common binding sites to some
proteins in the regulatory regions (Spellman et al, 1998). We picked up all upstream regions from
-1 to -700bp relative to transcription start sites of a total of 57 genes, and constructed a dataset, then
used this method to make the discovery.
In the discovery, the motif length was set to from 6 to 10, and the nodes in the motif pattern were
set from 20 to 50, representing 20–50 motif instances. The background sample sequences came
from synthetic genomic data that was generated from a zero-order HMM. The sequences number
was set to 100, and the sequences length was equal to the expected motif length. Each discovery
began with different initial sample sequences, and the procedure was repeated 100 times, some of
the best results were selected and arranged in Table 2.
In Table 2, five discovered motifs and the genes that comprise them are listed. The alignments
came from some representative sample sequences of the final motif pattern. Spellman pointed out
that three important motifs exist in the dataset. They were motif ACGCGT, which was the MCB
element, motif CRCGAAA, which was the SCB element, and AGAAGAAA, which was a
conserved sequence with unclear function. From Table 2 we can see, both SCB and MCB elements

Table 2: Feature sequences discovered from CLN2 gene cluster

In this table, l is the motif length; and nsites is motif instances in the dataset.
DB entries in the last column refer to TRANSFAC entries.
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were discovered by this method, together with a TATA box element. In addition, two conserved
sequences with unknown function were discovered. One was motif 3, the consensus was
KTCCTTKT; the other was motif 5, the consensus was SCTTTTAAR. Both occurred many times
in the dataset. Through TRANSFAC database searching, we matched the two motifs to 3
TRANSFAC entries, which meant that in other species, these kinds of sequences could arouse gene
regulation. With some confidence, we can guess that, the two conserved sequences would have an
analogous function in yeast.
This algorithm was also tested by using other gene cluster datasets. Many conserved sequences
were discovered, and lots of them could match TRRD and TRANSFAC databases, indicating the
protein binding property of those sequences. As a conclusion, this method can be considered as a
useful tool for searching for potential functional segments in DNA sequences.
5. CONCLUSION
We present a sequence pattern discovery method based on PNN and EM algorithm to discover
variable length conserved segments hidden in DNA sequences. The method shows some advantages
when compared with other representative methods such as MEME and AlignACE in tests of two
simulated datasets. In true DNA sequence analysis, motifs coinciding with reality were also
discovered, and two more conserved sequences were identified, which could match TRANSFAC
entries and be inferred to have some potential biological functions.
A probability value was used to evaluate the likelihood of a subsequence belonging to a sequence
pattern, which was a natural statistical inference of the sequence. Instead of sequence models, real
DNA subsequences are stored in the network. Consequently, all features of those sequences are
preserved. Since a matrix based model can be used only for searching fixed length motifs, this model
shows an improvement and can be used to search flexible length motifs in a genome.
This method could also be regarded as a framework of a new way to explore common signals
in biological sequences. Specially, edit distance used in this method could be replaced by other
measurements such as Levenshtein distance. As a result, the cost of base substitution, base insertion
or base deletion could be set to different values, which is rational in some circumstances. More
complex similarity measurements, which would embody the features of inter-base relationships, or
base order occurrence chance of the candidate subsequences, could also be used. In addition, the
search route, as an EM algorithm used in this study, could be replaced by other intelligent
algorithms to achieve better search results. Through using different background sequence patterns
and adding more sequence patterns, subtle signals which might be miss-recognized by other
methods would be discovered.
Since the PNN model is based on statistics and probability inference, it can be extended to solve
different kinds of problems. The future work is to apply this model to protein domain discovery and
RNA structure prediction.
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