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In this paper we propose a new algorithm called MEPda (Motif Extraction algo-

rithm based on Push-down automata) to solve the problem of finding patterns containing 

loops. These loop-patterns or loop-motifs are very known and used in many domains, 

especially in mathematics and bioinformatics. MEPda meant to find these kinds of pat-

terns by using pushdown automata as a mechanism of matching process alongside with a 

counter to verify the acceptance length of loop in an optimistic way of looking. The re-

sults obtained from MEPda have shown high accuracy and much reduced runtime for 

finding patterns containing loops compared to using a push-down automata based algo-

rithm without implementing a counter, a regular expression based algorithm, an 

Aho-Corasick algorithm, a KMP algorithm, and MoTeX algorithm.  

Keywords: pattern matching, pattern, loop-pattern, loop-motif, motif, motif discovery, 

pushdown automata, algorithm. 

1. INTRODUCTION 

In computer science, text remains the main form of representing and exchanging 

data in a simpler and more efficient way in a range of areas [1, 2]. Text can be defined as 

a human-readable sequence of characters and is usually distinguished from non-character 

encoded data, such as graphics or images [3]. 

Pattern matching is a very important task in text processing, which aims at finding a 

piece of text called pattern P = p1p2 … pm, in a given text T = t1t2 … tn where n>m and pi, 

ti are symbols of a given alphabet [1]. The task itself can be divided into two methods of 

matching, the first is called exact pattern matching which aims to locate the pattern P = 

p1p2 … pm in the text T = t1t2 … tn where all pi are identical to ti. The second is called ap-

proximate pattern matching (also known as error-tolerant pattern matching), the main 

purpose of this method is to find a pattern in a text where one or both of them have been 

exposed to some kind of corruption. Two examples of approximate pattern matching are, 

finding DNA subsequences after possible mutations, and finding words even in the pres-

ence of spelling errors [4]. 

The problem of text processing, specifically that of pattern matching, goes back at 

least to the 1970s, where the problem appears in many domains [1, 4]. By that time only 



  

three large application areas motivated the field of pattern matching [4], which are com-

putational biology [5, 6, 7], signal processing [8, 9], and text retrieval [10, 11, 12]. 

Thereafter, the field of pattern matching became a very active research field, more and 

more domains have solved many problems using algorithms based on pattern matching 

techniques, such as, network security [13, 14, 15], image processing [16], spell checking, 

web search engine, and speech analysis. 

The massive acquisition of data in biology [17], has brought to existence a new re-

search area, bioinformatics. In short, bioinformatics attempts to conceptualize biology in 

terms of molecules (in the sense of physical-chemistry) and applies informatics tech-

niques to understand and organize the information associated with these molecules on a 

large scale [18, 19]. 

One of the most important challenges in bioinformatics is the discovery of motifs in 

biological sequences in order to define the function or the family of biochemical mole-

cules (DNA, RNA, and Protein). Since this challenge depends on analyzing textual data, 

pattern matching algorithms are a suitable candidate to tackle this problem. 

Choosing an appropriate model for representing the pattern to be found so far. There 

are three common models: (1) matrix representation, (2) regular grammar representation, 

and (3) string representation [21]. 

In the matrix representation model, motifs are represented by Position Weight Ma-

trices (PWMs) or Position Specific Scoring Matrices (PSSMs) (e.g., W-AlignACE [22], 

DEMGD [23], Kähärä J et al [24]). Algorithms based on regular grammar representation 

assume that all the patterns satisfy a set of rules, based on this view the mechanism of 

these algorithms is to search for those sequences satisfy the rules of the pattern to be 

found (e.g., ono et all [25], EXMotif [26], SMotif [27]). Algorithms using string repre-

sentation such as (Francis et al [28], MoTeX-II [29]). 

Recent research in the field of pattern matching in the last decade shows that au-

tomata based approaches would be a useful and yet very simple tool for understanding 

and solving many pattern matching problems [1]. Based on this perspective, we designed 

MEPda (Motif Extraction algorithm based on Push-down automata ) to meet the demand 

for loop-motif representation by using pushdown automata as a mechanism of matching 

process alongside with a counter to verify the accepted length of loop in an optimistic 

way. 

The paper is organized as follows, the next section provides definitions of the basic 

components of the field of pattern matching with description of pattern matching algo-

rithms by showing different characteristics that discriminate each one from the others, 

the section also describes the automata theory in general and pushdown automata in par-

ticular due to its importance in our algorithm. The problem of loop-motif will be de-

scribed in section 3. In section 4, our proposed algorithm is presented. Section 5 gives the 

experimental result. Finally section 6 summarizes the paper in a conclusion and gives a 

direction for further research. 

2. Definitions & tools 

2.1 Basic definitions 



  

In formal language theory, an alphabet is a nonempty finite set whose elements are 

called symbols. We denoted an alphabet by ∑. A simple example of an alphabet that can 

hold DNA symbols is {A, G, C, T}. 

A string is a finite series of symbols from a given alphabet. We denote the empty 

string by ε; a string that has no symbols from the given alphabet. The set of all the strings 

in the alphabet ∑ is denoted by ∑∗, and the set of all the strings in the alphabet ∑ except 

the empty string ε is denoted by ∑+. For the sake of simplification ∑∗ = ∑+ U { ε }. 

The length a string x is usually the number of symbols from ∑ in it, and it’s denoted 

by | x |. It holds that | x | ≥ 0 and | ε | = 0 where | x |  . The length of a string is very 

useful to get a symbol from a specific position in x. Thus, we denote by x[i], for i = 0, 1, 

… , | x-1 |, the symbol at index i of x with the knowledge that the indices starts from 0. 

Based on this, we can write the string x as follows: 

x = x[0]x[1]…….x[ |x| - 1 ] 

Frequent use of strings in the area of computer science in general and in formal 

language theory in particular produced a variety of string functions in order to fulfill cer-

tain requirements. Some commonly used functions are string concatenation, reversing, 

substitution, projection, and matching. However, the most relevant function to our paper 

is string equality. It is aimed to compare two strings x, y and tell us if the string x is the 

same as a given string y or not, thus the equality between x and y would be x = y. For 

more simplification: 

|x| = |y| and x[i] = y[i] for i = 0, 1, …, |x| - 1 

Based on this simple function, an important class of string algorithms has been proposed 

in litterateurs, it is called string matching or pattern matching. String equality compares 

two strings with the same length, while pattern matching compares a string y of length Ly 

with part of a string x of length Lx. and that could be explained as follows: 

|x| ≥ |y| and x[i] = y[j] for j = 0, 1, …, |y| - 1 

For all possible substrings of x represented by i. 

Pattern matching can be defined as a Boolean function, due to the output of its algo-

rithms. If the output is true that means that the pattern y is included in string x and if the 

output is false that means that the pattern y is not included in the string x. Sometimes the 

output may be complex, such as a probabilistic value. This type of algorithms is called 

approximate pattern matching, also known as pattern matching that allows errors. 

As we said earlier in the introduction, computational biology is one of the research 

fields that motivated the research on pattern matching algorithms, due to the importance 

of this task in biology. Patterns can be found in biological sequences such as deoxyribo-

nucleic acid (DNA), Ribonucleic acid (RNA), and protein. These patterns, sometime 

called motifs, are presumed to have a biological function. Locating them in biological 

sequences using pattern matching techniques would help solve many biological prob-

lems. This process of pattern matching when it is applied to computational biology is 

called motif discovery. 



  

2.2 Motif discovery algorithms 

There are plenty of research fields that share the same likeness with motif discovery, 

such as Path Mining, Traversal Pattern Discovery, Sequence Mining, Frequents Item Set 

Mining... etc. this resemblance is because they are all inherited from the one top research 

domain which is pattern recognition. 

This diversity in the field of pattern recognition is due to the different challenges in 

each area. In path mining we find that almost all path mining algorithms deal with graph 

data representation and this can be found often in mobile computing environment (MCE) 

as an example. MCE has features like high mobility, frequent disconnections, and lack of 

resources, path mining algorithms here can be very useful to avoid such faults. 

Frequents item set mining is intended to discovering interesting relations between 

variables in large databases, the famous application of this field is supermarket customer 

behavior which is customer purchase list. 

Motif discovery algorithms deal with extracting pattern from a given input string 

using many techniques including string techniques. 

As there is a growing interest in regulatory elements that can lead to the under-

standing of some virus functions, detecting new drug, classifying spices, or to get many 

other helpful new knowledge of biology, the researchers have developed many algo-

rithms in order to discover this small part of biochemical molecules. Several authors have 

proposed frameworks for classifying motif discovery algorithms due to the complexity of 

these algorithms caused by the large differences between them. 

A. Building algorithm 

The field of motif discovery brings together researchers from several domains. To 

build algorithms, you have to know about at least three domains. First, biology, through 

knowing how the system of transcriptional regulation works, coding region, and regula-

tory binding site...etc. Statistics is the second domain, where building discovery algo-

rithms depends on knowing how to use training data and cleaning noise. The last, and 

most important domain, is informatics, by knowing how to design and build efficient 

algorithms taking into account all techniques from previous domains. A. Brazma et al [30] 

have defined some criteria that can interfere in building the kernel of the algorithm: 

 Training set, is the backbone of any discovery algorithm. Choosing the right type of 

data can make a huge effect on the results that the algorithm delivers. 

 Pattern model can be as simple as a Boolean type (return true or false), and it can also 

be more complicated, such as a model returning probabilistic results. 

 Design the algorithm. For this purpose, we are inspired by the work of A. Brazma et al 

[30], who concluded that the last criterion in building a motif discovery algorithm is 

designing the algorithm taking into account the two previous criteria, by carrying 

training set on a sophisticated data structure and developing a matching process for the 

pattern model. 

Measuring the performance of a motif discovery algorithm is an important task after 

developing it, due to the sensitivity of applications that implement these kinds of algo-



  

rithms. There are different ranking methods depending on the pattern model and the type 

of training set. The quality of the training set may have some influence on the ranking 

process because, in reality, the sequences coming from biological experiments may con-

tain errors [30]. 

B. Classification of algorithms 

Board range of computational methods are described in different vocabulary and 

have different focus on the context of motif discovery. This diversity has caused a diffi-

culty for researchers to spot similarities as well as differences between methods, leading 

to the appearance of many frameworks to classify motif discovery algorithms [31]. 

However, there are some known classifications in the literature of motif discovery that 

gives us a great perspective on how classification of these methods can be done. 

D. Modan et al. [32] classify the available motif discovery algorithms into three 

major classes. There are those based on promoter sequences of co-regulated genes, others 

are based on phylogenetic footprinting, and finally those based on merging the first two 

methods. 

These three classes result from differentiating motif discovery algorithms based on 

the kind of the used data. Another classification can be found in which the functionality 

of the pattern model is the criteria, this classification brings two major classes: 

 

 Word-based algorithms (WB): preferred for discovering short motifs, especially when 

implemented with suitable data structures, but can still be a bad choice for extracting 

transcription factor motifs that often have several weakly constrained positions. [33]. 

Many of WB algorithms are using regular expressions (RE) in their matching process, 

because RE is a powerful notational algebra describing strings and sequences [34]. 

 

Some widely used Word-Based Algorithms are shown in reverse chronological order in 

Table 1. 

 

Table 1. Word-base motif discovery algorithm 
Algorithm Principle  Date Reference 

MaMF Enumeration 2006 [35] 

WordSpy Dictionary 2005 [36] 

DMotif Enumeration 2003 [37] 

MOPAC Enumeration 2003 [38] 

MITRA Prefix tree 2002 [39] 

 

 

 Probabilistic algorithms: as the probabilistic motif is hard to understand and explain, a 

Probabilistic algorithm (PA) describes this type of motif with a position weight matrix 

(PWM) [40]. This type of algorithms is preferred for finding a longer motif compared 

to word-based algorithms. 

 

Some widely used Probabilistic Algorithms are shown in reverse chronological order 

in Table 2. 

 



  

Table 2. Probabilistic motif discovery algorithm 
Algorithm Principle  Date Reference 

ALSE Expectation maximization 2006 [41] 

GibbsST Gibbs sampling 2006 [42] 

PhyloGibbs Gibbs sampling 2005 [43] 

GIMF Expectation maximization 2005 [44] 

QuickScore Consensus 2004 [45] 

 

A. Brazma et al [30], in addition to their definition of some criteria that can interfere 

in building the kernel of the motif discovery algorithm, they have also categorized them 

with respect to whether they use explicit negative sequence sets or not, expressiveness of 

the pattern models, whether patterns are deterministic or statistical, and whether the algo-

rithms are pattern-driven, or sequence-driven. 

Three classification approaches have been described, and many others can be pro-

posed in the literature of motif discovery algorithms. Establishing a standardized frame-

work for classifying and testing motif discovery algorithms would be an important con-

tribution to the field, given the fact that this could make it easy for researchers to identify 

the choices that have to be made when a new motif discovery algorithm is being devel-

oped [31]. 

2.3 Automata theory 

The theory of automaton has been designed a long time ago in the context of circuit 

verification [46], and has since been helpful in a broad range of domains [47]. It is a the-

oretical branch of computer science on which computer scientists are able to understand 

how machines compute functions and solve problems.  

Almost every type of automata theory has the following three main components 

[48]: 

 Inputs: some kind of sequence of symbols that need to be analyzed. 

 States: whose role is to build a bridge between inputs and outputs. 

 Outputs: or acceptance states, once the automaton reaches an accepting state, it accepts 

the input. 

There are four major families of automata: the Finite-State Machine is the simplest 

automaton; Pushdown Automata, which have an extra memory in the form of a stack; 

Linear Bounded Automata; and finally the Turing Machine, which is the most complex 

one [48]. 

Structural representation is an important notation that is not automaton-like but 

plays an important role in the study of automata and their application [49]. Regular ex-

pressions (regex) are used as a structure of data to search and manipulate text based on a 

pattern, it is noteworthy to say that a large number of popular tools and languages are 

based on it to match strings. Regex is simple on implantation point of view and powerful 

for matching process but it is slow against finite-state machine for matching process. 



  

Figure 1. Time to match a?nan against an 

C. Russ et al [50], shows the time required to check whether a?nan matches against 

an using two approaches. The first represents nowday Regex engine used not just in Perl 

but in many popular languages and tools, while the second approach labeled Thompson 

NFA uses a finite stat machine in the process of matching. Thompson NFA requires 

twenty micro-seconds to match a 29-character string while Perl requires over sixty sec-

onds to match the same string. 

Finite-state automata can be defined as a set of states (initial and final) and a set of 

rules. Formally, a finite-state automaton is a 4-tuple: 

A = ( Q, F, Qf, ∆ ) 

Where Q is a set of states, F is an initial state, an element of Q, Qf is a set of final 

states and ∆ is a set of transition rules. A given string is accepted on the NFA if it can be 

produced from q (initial state) using rules from ∆. 

A. Push-down Automata 

The notion of push-down automata has been introduced by Ginsburg's [51], a PDA 

is an automaton [52] which has a stack, a kind of simple memory in which it can store 

information in a last-in-first-out fashion [53]. 

A formal definition of PDA can be seen as a seven-tuple [54]: 

M = ( Q, ∑, Г, δ, q0, Z0, F ) 

 Q: finite set of states; 

 ∑: finite input alphabet;  

 Г: finite alphabet of push-down symbols; 

 δ: mapping Q * ( ∑  { ε } ) * Г → 2Q* Г*  transition function; 

 q0  Q: starting/initial state;  

 Z0  Г: start symbol on the push-down; 

 F  Q: set of final states. 

Unlike NFA, PDA can handle strings in which some boundaries between two sym-

bols on the input string are found. This is achieved thanks to the memory feature of the 

automata. 



  

3. Loop-Motif Problem 

Languages can be defined as a set of strings in which string operations such as 

string matching can be useful tools for solving some language problems. There are two 

kinds of languages, regular and non-regular languages.  

We say L is a regular language if L can be expressed using regular expressions or 

can be recognized by an automaton in finite steps. 

On the other hand, non-regular languages cannot be recognized by a finite automata 

and neither can regular expressions handle these kinds of languages, because all 

non-regular languages include nested structures in their sets of strings. 

A simple example of a language that is not regular is the set of strings: 

 

 L = { anbn | n ≥ 0 } 

Here, regular expressions and finite automata are the wrong tools for recognizing 

this language, because neither of them has any memory that tells what has occurred ear-

lier in the string. Therefore, it’s impossible to remember the exact number of a’s in order 

to check if it’s the same number of b’s. 

Another example in the subject of computational biology is illustrated in figure 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Looped RNA structure with equal numbers of complementary base. 

 

Despite the power of finite automata they are still not adequate for coping with cer-

tain nested structures found in bio-sequences, many biomolecule components contain 

loops between nucleotides, for example RNA sequences sometimes contain loops in or-

der to form a double strand structure, Figure 2 describes a secondary structure of 

“NNNNNAAAAAAAAAAUUUUUUUUUUNNNNN” RNA sequence. 

Regular expressions and finite automata are not powerful enough to accept only 

those strings specified by the language for these exact loops. In our example the language 

is: 

 

L = {AnUn | CnGn , n ≥ 1 } 

 

That is, while a finite automaton will accept strings of the form “AAAUUU” and 

“CCCGGG” it will also accept, incorrectly, strings of the form “AUUU” and “CCCCG” 



  

[17]. This mismatch happens because the matching process of finite automata works by 

encountering the symbol of input string by the current state of the automaton and moving 

on to the next state without keeping track of what has occurred earlier in the string. 

This is a non-regular language problem, and there are some types of automata that 

can deal with this kind of problem such as pushdown automata. In this example, PDA 

makes sure that only those strings that have an equal number of A followed by an equal 

number of U (same with C and G) are accepted, by incrementing a counter for each time 

the symbol A or C is encountered and decrementing the value of the same counter for 

each time the symbol U or G is encountered. [17]. 

 

Problem of loop-motif: Indeed, PDAs are designed to represent loops in a correct 

way, but they can’t check the exact loop that we need. The following example will de-

scribe the problem. Consider the following RNA tertiary motif sequence: 

AAAUUU 

Normally the PDA corresponding to this motif is: 

Figure 3. PDA corresponding to AAAUUU 

This PDA will accept all strings that contain this motif. It will also incorrectly ac-

cept strings that contain the same loop with more or less length, such as: 

 

• AAAAUUUU; 

• AAUU;  

• AU; 

• ….; 

 

This kind of mismatch has a significant impact on computational biology, in that bi-

ologists cannot rely on an inappropriate representation. 

4. The Proposed Algorithm ( MEPda ) 

Many motif sequences in biology contain loops in their structure definition, espe-

cially when it comes to those motifs that are describing secondary or tertiary structures. 

Exploiting the power of PDA to represent loops of those motifs will help the process of 

motif discovery to work more efficiently. 

 

4.1 Solution for the problem of loop-motif 

 



  

At first, we proposed a solution for the problem by adding a counter to the PDA to 

limit memory stack in order to accept the exact symbol that matches a given motif. 

Figure 4. PDA on Figure 3 with counter. 

 

The counter works in a very simple way. The example illustrated in figure 4 de-

scribes how our PDA matches the appropriate motif with the help of this counter. 

As was described in section 2.3, the formal definition of a PDA can be seen as a 

seven-tuple. The fourth tuple, i.e. transition function, is the element responsible for 

moving from one state to another. Table 3 shows the set of transition functions corre-

sponding to the PDA from figure 3, with the possible repetitions of each transition. 

 

Table 3. Transition functions of PDA from Figure 3 
Transition function possible repetitions 

δ (q0, a, Z) → (q1, aZ) 1 

δ (q1, a, a) → (q1, aa) * 

δ (q1, u, a) → (q2, ε) 1 

δ (q2, u, a) → (q2, ε) * 

δ (q2, ε, Z) → (q3, ε) 1 

First let’s describe transition functions. Figure 5 illustrates the components of a 

transition function, which is the first column of table 3. The second column of table 3 

shows the possible repetitions of each transition function. For example, if we take the 

first function, we will notice that the PDA can only use the function for only one time, 

contrary to the second function where the PDA can use it many times, which is repre-

sented by the asterisk symbol (*). 



  

Figure 5. Components of transition function. 

In our PDA, the mapping function will be influenced by the counter which repre-

sents the number of loops needed. For more explanation, the set of transition functions of 

table 3 will be as follows. 

Table 4. Transition functions of PDA from Figure 4 (including the counter) 
Transition function possible repetitions 

δ (q0, a, Z) → (q1, aZ) 1 

δ (q1, a, a) → (q1, aa) 2 

δ (q1, u, a) → (q2, ε) 1 

δ (q2, u, a) → (q2, ε) 2 

δ (q2, ε, Z) → (q3, ε) 1 

 

The same set of transition functions of Table 3 is in Table 4, except that, the possi-

ble repetitions of function 2 and 4 now depend on the counter, which in our example is 2. 

The matching process of the PDA will change according to the transition functions 

table. This means that when the process reaches the state q1, the counter ensures that 

there are just two more loops and moves directly to the next state. The same thing will 

happen with state q2. 

The example shows a very simple representation of the counter (natural number Ɲ). 

However, the counter can be more complex (e.g. using a range). 

4.2 MEPda steps description  

MEPda is a motif discovery algorithm attempts to find occurrences over sequences 

that contain loops such as Palindromic sequence, by using a new kind of push-down au-

tomaton that implements counter for transition functions. At the first step of MEPda, the 

algorithm preprocesses the set of motifs and the input string. 

A. Preprocessing of input string and set of motifs 



  

Because loop-motif is a complex string type, due to the existence of some bounda-

ries between its own symbols, we distinguish six types of loop-motifs, which are de-

scribed in Table 5. 

The symbol  represents one part of the loop, while  represents gaps in the 

motif, the gaps could be any nucleotide. 

 

Table 5. Loop-motif types with each type name 
Loop-motif Description 

 

MiddelGapsMiddel is a Loop-motif that starts 

with gaps that could be any nucleotide and the 

loop is split by other gaps, finally the motif ends 

gaps. 

 

LeftGapsMiddel starts directly with the first part 

of the loop followed by gaps, which are fol-

lowed by the second part of the loop. Left-

GapsMiddel ends with gaps. 

 

The loop here is not splitted by any gaps, and 

LeftLeftGaps starts directly with the loop and 

finishes up with gaps. 

 

GapsRightRight similar to LeftLeftGaps except 

that the gaps are first and the loop follow. 

 

GapsMiddelMiddelGaps in this particular 

Loop-motif type the loop is not splitted with 

gaps and it’s located on the middle of the motif 

surrounded by two gaps, one in the beginning 

and the other on the end.  

 

GapsMiddelGapsRight starts with gaps, fol-

lowed by the first part of the loop, followed by 

more gaps, and finishes with the second part of 

the loop 

 

Many biological sequences contain these kinds of loops. We do this dichotomy of 

Loop-motifs in order to facilitate the matching process of the PDA. 

MEPda uses another kind of data structure called Linked List. A linked list is a data 

structure consisting of a group of nodes which together represent a sequence. The goal of 

using this data structure is to represent all positions of each nucleotide {A, G, T, C} from 

the input sequence, and by exploiting the quick search feature of linked list, MEPda can 

easily navigate through the given sequence. 

Let’s assume that we have the following string (DNA sequence of length equal to 99) 

as an input string for our algorithm: 



  

 

 

For each symbol {A, G, T, C} of the input string, MEPda generates a Linked List 

that holds all positions of that symbol. 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

The preprocessing of the input string and the set of motifs is like an initialization 

step in MEPda algorithms. The result of this step is very critical for our algorithm in the 

next steps. 

B. Finding motifs 

This step represents the core of our algorithm. It attempts to find all possible motifs 

that are represented on six types. Also, at this stage, MEPda no longer needs to deal di-

rectly with the input string as a full sequence of symbols, but instead uses the set of gen-

erated linked lists as input. 

At first MEPda picks one motif at a time from the set of motifs, and in order to 

make an optimistic way of finding, MEPda looks at the first symbol of the chosen motif 

and takes only the Linked List that corresponds to that symbol. 

Based on the positions in this picked Linked List, MEPda creates a set of substrings 

from each position in the List with the length that is likely to be the motif we are looking 

for. The following example gives more explanation: 

Considering the input string T = AAGCCACTTCATTGTGATTAAC, a set of 



  

Linked Lists for each symbol will be created by the algorithm as we mentioned earlier: 

 

• A = {0, 1, 5, 10, 16, 19, 20}; 

• G = {2, 13, 15};  

• T = {7, 8, 11, 12, 14, 17, 18} 

• C = {3, 4, 6, 9, 21} 

This is the first step which is input string preprocessing. Now, suppose that we have the 

following motif that we try to locate in the input string: 

 

 M = ACTCATG | counter = 2 

 

M is a MiddelGapsMiddel Loop-motif type which means that the two red symbols in the 

middle are the loop part. In the next step, MEPda gets the first symbol of the motif M 

which is A. At this point, MEPda will only focus on where A’s are located in our input 

string T, using the Linked List A. Starting from each position on that List, MEPda cuts a 

substring from T to be an input string for a PDA that represents the motif M. The length 

of these substrings depends on to the length of the motif and the counter. In this example 

length of the substrings is 9. 

 

• T1 = AAGCCACTT from position 0 

• T2 = AGCCACTTC from position 1; 

• T3 = ACTTCATTG from position 5; 

• For the rest of the positions, MEPda cannot create a substring of length 9 from 

them. 

 

MEPda considers T1, T2, and T3 as an input string for a PDA with a counter value equal 

to 2, which represents the motif M. With the help of this counter, MEPda will only loop 

once when it reaches the first T symbol, and will ensure the same thing will happen for 

the second part of the loop and as a result MEPda will only match the substring T3. 

T A A G C C A C T T C A T T G T G A T T A A C 

M      A C T2 C A T2 G         

 

 

 

 

 

 

 



  

4.3 MEPda pseudo-code and architecture 

The preprocessing task of the input string that creates a Linked List for each symbol 

is described by the following pseudo-code. 

 

Data: input string T 

Result: Set of Linked Lists P 

i ← 0 

c ← ‘’ 

create a set of empty linked lists P 

while (i ≤ length of T) do 

   c ← T [i] 

   switch c  

     insert i on the appropriate linked list of the set P. 

   i ← i + 1. 

end While. 

Return P. 

 

For the entire algorithm, the following pseudo-code describes how MEPda algo-

rithm works. 

 

Input Data: input string T, set of linked lists P, set of motifs M. 

Result: set of all found motifs F. 

c ← ‘’ 

p empty linked list 

Create an empty list F 

For all motif m in M loop 

   c ← first symbol of selected motif m. 

   p = Select (P, c). 

   For all position in p loop 

     ti ← create a substring from this position 

     If PDA match ti then 

       Insert ti into F 

   End loop. 

End loop. 

Return F. 

The above description and pseudo-code for the MEPda algorithm can be summa-

rized into the following architecture diagram. 



  

Figure 6. The global architecture of MEPda algorithm. 

 



  

5. EXPERIMENTAL RESULTS  

We have performed comprehensive experiments on three datasets. The main objec-

tive of these experiments is to show the efficiency and the accuracy of MEPda to find 

loop-motifs in a given input string. All experiments are performed using c# as a pro-

gramming language and tested on a computer with 3.2 GHz Core I3 processor and 8 GB 

of memory. 

5.1 Experiments on accuracy and runtime 

The first dataset consists of two databases, one represents protein sequences of hu-

man species collected by UniProt [55], while the other is a database of protein families 

and domains collected by Prosite [56].  

Table 5. Contents of the first dataset  
Database Content 

UniProt (Human species) 88708 sequences repre-

sented in FASTA format. 

We selected only the first 

100 sequence 

Prosite 1308 patterns 

We selected only the first 

69 patterns 

The aim of this first experiment is to prove that MEPda can find patterns of Prosite 

which have no loops, in the human sequences of UniProt. It also analyses the accuracy 

and runtime of MEPda compared to two well-known pattern matching algorithms: 

Aho-Corasick [57], and KMP [58].  

As commonly known, Aho-Corasick and KMP algorithms are the reference when it 

comes to string matching due to their acceptable runtime and accuracy for locating pat-

terns. Some recent algorithms based on AC and KMP are extension of one of this two 

algorithm such as Extension of Aho-Corasick Algorithm to Detect Injection Attacks [59], 

Extension of Aho-Corasick algorithm to match biological motif of variable gaps [60], 

And Adapting the Knuth-Morris-Pratt algorithm for pattern matching in Huffman en-

coded texts [61]. 

As expected, the three algorithms (Aho-Corasick, KMP, and MEPda) provide 

equally high accuracy for finding patterns in each sequence, since all the three are 

word-based pattern matching algorithms and use the same source for patterns which is 

Prosite. 

Table 6 also shows that MEPda is faster for matching patterns in sequences with 

lengths between 10 and 1000, and starts to slow down for sequences with lengths ex-

ceeding 1000. However, it is still performing reasonably well, proof being that MEPda is 

still better than KMP. 

The results of this experiment are summarized in table 6 and illustrated on figure 7 

and 8. 

 

 



  

Table 6. Statistical comparison indicating accuracy and runtime of MEPda com-

pared to Aho-Corasick and KMP for finding patterns without loops 
Algorithm Accuracy Runtime (ms) 

Length of each sequence  

10~100 100~500 500~1000 1000~2000 >2000 

MEPda 100% 25 39 60 104 218 

Aho-Corasick 100% 62 65 73 83 112 

KMP 100% 31 56 113 205 424 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. The accuracy values of MEPda, Aho-Corasick, and KMP for finding 

patterns of Prosite in selected sequences from UniProt. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. The runtime values of MEPda, Aho-Corasick, and KMP for finding 

patterns of Prosite in selected sequences from UniProt. 

5.2 Experiments on robustness 

MEPda was designed to meet the demand of loop-motif representation as we men-

tioned in the beginning. In fact, we performed this experiment in order to prove that 



  

MEPda has high accuracy and high efficiency for finding patterns containing loops.  

In this experiment we used the remaining datasets, the first one is an artificial data-

base generated by C# containing more than 2000 sequences and more than 200 patterns 

containing loops of different types. While the second dataset is an RNA secondary struc-

ture collected by Rfam [62]. 

Table 7. Contents of the second and third datasets 
Dataset Content 

Artificial dataset 2000 generated sequences, 

and 200 generated patterns 

Rfam dataset 115 sequences from 

vibrionaceae family, 

which include 110 differ-

ent species. 

In the first part of this experiment, we use the second dataset in order to show the 

robustness of MEPda for finding patterns containing loops compared to the other algo-

rithms. 

Table 8. The robustness of each algorithm for finding loop-motifs  
Algorithm Loop-motif type Robustness  

MEPda All types Despite the length of loop-motif being equal to or larger than 

1, MEPda can match loop-motifs with any loop length. 

  Loop-length = 1 Loop-length > 1 

Aho-Corasick 

& KMP 

 

algorithm can 

match all 

loop-motif type 

Algorithm can only find the first gaps 

and the first letter from the loop 

 

Algorithm can only find the first letter 

from the loop 

 

Algorithm can only find the first letter 

from the loop 

 

Algorithm can find the first gaps and the 

first letter from loop 

 

Algorithm can find the first gaps and the 

first letter from loop 

 

Algorithm can find the first gaps and the 

first letter from loop 



  

Table 8 describes the robustness of each algorithm for finding loop-motifs. Except 

for MEPda, all the other algorithms cannot identify loop-motifs due to the special repre-

sentation that we proposed, and they stop matching at the first letter of the first loop. 

In order to prove table 8, we selected 100 sequences from the artificial dataset, each one 

containing between 1 and 6 loop-motifs from different types and different loop-lengths. 

The main criteria that influences accuracy values is finding loop-motifs with loop length 

equal to 1. In other words, if there are many loop-motifs of length equal to 1, the value of 

accuracy will increase for Aho-Corasick and KMP algorithms, because all the three algo-

rithms share the same results of finding this specific type of motif. 

 

Table 9. Statistical comparison indicating accuracy and runtime of MEPda com-

pared to Aho-Corasick and KMP for finding pattern containing loops 
Algorithm Average 

Accuracy 

Runtime (ms) 

Length of each sequence  

>100 >500 >1000 >2000 

MEPda 100% 51 60 96 104 

Aho-Corasick 60~70% 60 61 65 73 

KMP 60~70% 33 51 92 151 

 

 

 

 

 

 

 

 

 

 

 

Figure 9. The accuracy values of MEPda, Aho-Corasick, and KMP for finding 

loop-motifs in generated sequences. 

 

 

 

 

 



  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10. The runtime values of MEPda, Aho-Corasick, and KMP for finding 

loop-motifs in generated sequences. 

In addition, we perform experiment between our algorithm MEPda and two recent 

motif discovery algorithms, exMotif [26] and sMotif [27] to prove that our algorithm 

MEPda can extracting motifs from IUPAC pattern template (like sMotif can do) and ex-

tracting motif from structured motif template (like exMotif can do). In this experiment 

our proposed algorithm show run-time efficiency of 60% better than sMotif algorithm, 

and >85% better than exMotif. Figure 11 and Table 10 summarizes the results of this 

experiment. 

 

Table 10. Statistical comparison indicating runtime of MEPda compared to exMotif 

and sMotif for finding motif containing loops 
Algorithm Runtime (s) 

Number of sequences  

>10 >100 >500 >1000 

MEPda 0,000081 0,000195 0,00304 0,012 

sMotif 0,00024 0,00108 0,00481 0,0263 

exMotif 0,013 0,046 0,161 0,268 

 

 

 

 

 

 

 



  

Figure 11. The runtime values of MEPda, sMotif, and exMotif for finding 

loop-motifs in different set of sequences 

We also perform another experiment between our algorithm MEPda and one of mo-

tif discovery efficient and recent algorithm, which is MoTeX [29]. The experiment runs 

using a collection of sequences with different length and a set of motifs. 

In this experiment our MEPda outperform MoTeX in accuracy point of view, as the 

same results when we run an accuracy test against Aho-Corasick algorithm, and KMP 

algorithm. This performance is due to the proposed representation of loop-motif in our 

MEPda algorithm. 

The runtime of this experiment shows that our algorithm outperform MoTeX to find 

motifs in a set contains over 500 sequences. However, the runtime results in finding mo-

tifs over a set contains less than 500 sequences is still promising, note that MoTeX algo-

rithm uses 4 process in parallel in matching process, and in the other side our algorithm 

uses only 1 process in matching process. Figure 12 summarizes the results of this exper-

iment. 

 

 

 

 

 

 

 

Figure 12. The runtime values of MEPda, and MoTeX for finding motifs in 

generated sequences. 

 

The second part of this experiment is to apply MEPda on 5 RNA sequences from 

Rfam, and compare runtime and accuracy of MEPda with a Regular expression based 

algorithm and a PDA based algorithm. Table 11 summarizes the results of this experi-

ment. 

Table 11. Statistical comparison indicating accuracy and runtime of MEPda com-

pared to PDA based algorithm and Regular expression based algorithm 
Sequence ID MEPda PDA RegEx 

Accuracy Runtime Accuracy Runtime Accuracy Runtime 

ACYU01000068.1/17818-17

635 Vibrio mimicus  

66.7% 49ms 57.1% 40ms 33.3% 6ms 

ACYV01000017.1/37265-37 66.7% 50ms 57.1% 39ms 33.3% 5ms 



  

448 Vibrio mimicus  

ACHZ01000017.1/1901543-

1901726 Vibrio cholerae 

83.3% 47ms 71.4% 35ms 50% 4ms 

AGUK01000128.1/14553-1

4736 Vibrio cholerae 

83.3% 48ms 71.4% 35ms 50% 4ms 

AEVS01000007.1/50190-50

372 Vibrio brasiliensis  

100% 30ms 50% 20ms 50% 2ms 

Average  80 % 44.8ms 53,32% 33.8ms 53,32% 4.2ms 

There are some observations on this table that need to be explained. First of all, we 

notice that the accuracy of our algorithm has been reduced due to expose some motifs on 

mutation in nucleotides that form loop part. Nonetheless, MEPda is still highly accurate 

compared to other algorithms, followed by the PDA based algorithm which is capable of 

finding some loop motifs due to the memory property of PDA, unlike the RegEx based 

algorithm. Secondly, we can also see that the fastest algorithm in this experiment is Re-

gEx due to the average length of sequences on the dataset used, which does not exceed 

200, and as we know RegEx is very fast when working on strings with small lengths, 

unlike PDA that can handle larger lengths of strings in less time. The experiment results 

are summarized in Figure 13, and 14. 

 

 

 

 

 

 

 

 

 

Figure 13. The accuracy values of MEPda, PDA, and RegEx for finding 

loop-motifs in Rfam sequences. 

 

 

 

 

 

 

 

 



  

Figure 14. The runtime values of MEPda, PDA, and RegEx for finding 

loop-motifs in Rfam sequences. 

In the last part of this experiment, we provide a simulation of how MEPda works 

and matches patterns. The simulation was ran on JFLAP [63], one of the major visualiza-

tion projects to simulate automata. 

We take 2 examples, one with a positive match, while the other is negative. Exam-

ple 1: the pattern is p = CG3AG3U a loop-motif with length equal to 3, and an input text, 

which is a part of sequence seq = …..CGGGAGGGU…… 



  

The simulation starts with the initial state q0 with empty stack, and moving forward 

to q1 by putting the symbol $ in the head of stack. When the simulation reaches the state 

q1 the input string must start with the symbol c in order to move to q2. There is no push-

ing or popping from stack at this stage. 

In this step, the counter (equal to 3) makes sure the state q2 will loop only 3 times, and 

pushing the symbol g to the stack each time, and move forward to the state q3 if the next 

symbol from input string is a. 

In the same way, the state q3 will loop 3 times and for each time will pop one g from the 

stack, and move to q4 if next symbol from input string is u, in this step MEPDA will pop 

the symbol $ and reach the final state.  



  

If MEPDA reaches the final state q4 with empty stack then the matching is successful 

with this input string. 

Example 2: we use the same pattern from example 1 with a different input string: 

CGGGAGGU. 

The simulation runs normally with the first steps, until the state q3 when MEPDA 

will loop 2 times and will try to loop for the last time according to the counter value, but 

instead of that the simulation will stop with error because the next symbol of the input 

string is not g. 



  

6. CONCLUSIONS  

Pattern matching has been used very frequently in the last decade within different 

research areas. One of the most interesting researches in which pattern matching can be 

found is computational biology. Due to this importance, we present in this paper a litera-

ture review and classification schema of pattern matching algorithms that are applied in 

the context of computational biology, the research area is known as motif discovery al-

gorithms. A novel algorithm has been proposed in this context called MEPda, which can 

find loop-motifs in a given sequence. The algorithm takes its power from using 

push-down automaton as a mechanism of matching process alongside with a counter to 

verify the accepted length of the loop in an optimistic. 

In addition, our experimental results show high accuracy and much better runtime 

for finding and locating patterns that do or do not contain loops, by comparing it to many 

well-known algorithms in the context of pattern matching. As a conclusion the proposed 

algorithm MEPda show an improvement of 40% in accuracy compared to Aho-Corasick 

and KMP algorithms, and a runtime efficiency of 60% better than exMotif and sMotif 

algorithms, also a runtime efficiency of 20% better than MoTeX algorithm.  

As of now, MEPda is a word based algorithm. As future work, we aim to implement 

another extension of MEPda that can allow errors, instead of giving only one of two re-

sults, “true” or “false”, the next extension can give a probability value. 
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