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Abstract: A key task of genomics area is precisely tracing protein 

coding sections in a gene sequence. For identification of ailments 

and designing the drugs, analysis of these coding segments plays 

a crucial role. Information required for coding of proteins is 

present in gene fragments termed as Exons. Henceforth tracing 

the protein coding fragments of DNA is a key part in genomics. 

The elementary units in structure of DNA are Nucleotides. Three 

base periodicity (TBP) remains a typical property displayedthru 

only protein coding sections and not present withinintron 

segments of DNA. TBP of exon segments can be easily predicted 

using Signal processing techniques. Amongst several techniques, 

adaptive techniques are promising due to their capability to alter 

coefficients of weight based on deoxyribonucleic acid (DNA) 

sequence. From these deliberations, we propose an adaptive exon 

predictor (AEP) using Modified Normalized Least Mean Square 

(MNLMS) algorithm. To minimize computational complexity of 

the proposed techniques, we combined MNLMS based AEP with 

its sign-based variants. It was shown that AEP based on Sign 

Regressor MNLMS standsmucheffective in applications relation 

to exon identification using measures like Sensitivity, Specificity 

and Precision. This greatly reduces computational complexity, so 

that projected AEPs are attractive in nano devices. Finally, the 

exon locating ability of different AEPs is verified by gene 

sequences considered from the renowned genomic data base 

NCBI databank. 

 

Index Terms: adaptive exon predictor, ailments, 

computational complexity, deoxyribonucleic acid, disease 

identification, nucleotide, three base periodicities 

I. INTRODUCTION 

Extreme area of research in the area of genomics is tracing 

the protein coding fragments of DNA. Precise identification 

is vital aimed at analysis of ailments also designing drugs. 

Sequence of DNA forms the combination of coding and 

non-protein coding segments [1]. Gene finding is a key 

subarea of genomics aimed at finding the exon segments. 

Study related to principal arrangement of exons aids its 

ancillary also tertiary structure. We can find all anomalies, 

drugs design and treat ailments, the moment study of 

complete protein region structure is done. Likewise, the 

investigations help to know about assessment of phylogenic 
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trees [2]-[3]. Whole living beings were classified depending 

on the elementary structure of molecules. These are 

prokaryotes and eukaryotes. Coding segments in prokaryotic 

cells are continuous and long; instances include archaea and 

bacteria. Arrangement of coding segments in genes is 

alienated by lengthy non-protein coding sections of 

eukaryotes. Coding sections responsible for protein 

synthesis are exons, while rest of segments is introns. Whole 

living beings excluding archaea and bacteria remain fall 

under this classification. The coding sections in eukaryotes 

of human beings comprise only around 3 % of gene 

sequence whereas introns comprise the rest of 97%. 

Therefore, locating the protein coding segments in a gene 

sequence is a significant job [4]-[5]. Three base periodicity 

(TBP) is pragmatic in relatively all gene sequences. A sharp 

peak is clearly shownpart of power spectral density (PSD)at 

frequency f1=1/3 [6].  Numerous techniques for locating the 

exon segments depending on several signal processing 

methods are presented in the literature [7] – [11]. However, 

length of DNA sequences in practice is very long and 

position of coding sections within different sequences 

changes. To process such sequences adaptive techniques are 

favorable which are capable for lengthy sequences in several 

repetitions by changing weight coefficients with respect to 

statistical behavior of input sequence [12]. From these, AEP 

is developed with adaptive techniques. Due to its ease to 

implement, LMS is more used technique. It undergoes 

hitches alike weight drift, gradient noise amplification, and 

poor convergence [13]. So, to improve the performance of 

AEP we propose to use normalization. Data normalized 

variant of LMS is known as normalized LMS (NLMS) 

algorithm. NLMS resolves the setbacks of LMS also offers 

better tracking ability along with speed of convergence. 

Excess mean square error (EMSE) also reduces part of exon 

identification
12

. Computational complexityfor an adaptive 

technique is crucial specifically for lengthy sequences due to 

overlap of samples to be given to AEP. This results in inter 

symbol interference (ISI) also inaccuracy in locating exon 

segments.Moreover, for AEP implementation on VLSI 

circuit or nano device, more complexity in computations 

tends to big circuit size also more operations. Henceforth, 

we combine proposed adaptive techniques using sign based 

algorithms to reduce multiply operations
13

. The three 

signum based simplified algorithms involves signed 

regressor (SRA), signed error (SEA) also signed signed 

algorithms (SSA) are 

combined thru MNLMS 

algorithm. Resulting 

algorithms are modified 
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normalized signed regressor LMS (MNSRLMS), modified 

normalized signed error LMS (MNSLMS) also modified 

normalized signed signedLMS (MNSSLMS) algorithms. 

Based on these MNLMS algorithm, several AEPs were 

developed also they are analyzed by actualDNAofNational 

Center for Biotechnology Information (NCBI) gene bank 

[14]. Various measures such ascomputational complexity, 

convergence characteristics, specificity (sp), sensitivity (sn), 

and precision (pr) are deliberated for validating several 

AEPs. Results of AEPs, theory of adaptive techniques, and 

discussion related to various AEPs performance are 

discussed in subsequent sections.  

II. ADAPTIVE ALGORITHMS FOR EXON IDENTIFICATION 

The first step in proposed AEP is to convertalphabetic gene 

sequence todigitalform which is crucial because methods 

based on signal processing were suitable only for signals of 

discrete or digitalnature. Now,voss numeric notation for this 

conversion processto represent DNA as four numeric 

sequences. Using this, existence of base is designatedas 1 

and nonexistenceas 0 isillustrated in [12]. At presentit 

wasappropriateto give as AEP input. Deliberate the AEP 

withX(n) asinput DNA, M(n) asnumericmapped signal, D(n) 

asreference TBPsignal, v(n) is the weight vector, O(n) as 

output attained from adaptive techniquealsoE(n) as signal of 

feedbackfor weight updating of adaptive technique and 

length of filter as ‘L’. Expression along with study of 

LMSwasexplained in [13]. Block illustration of an AEP 

isdepicted in Figure 1. 

 

Figure 1: Block illustration of AEP. 

 

The expression for massupdation of LMS adaptive 

technique is stated as 

 

                                                
 

Adaptive techniques exhibit less complexity in 

computations in exon identification applications makes them 

suitable for developing nano devices. Such reduced value is 

probable by applying clipping to input information 

otherwise signal of feedback or both. Techniques that clips 

the data or error isdemonstrated part of [13]. The signum 

representation is given below: - 

 

            

        

        

         

 (2) 

SRA, SA and SSA adaptive techniques are used for 

minimizing complexity in computations than LMS. LMS 

has added computational complexity thanproposed 

techniques. SRAremains derived using LMS recursion thru 

change of tap input vector. X(n) is replaced by means of the 

vector sign[X(n)]. 

 

Mass update expressionforSRLMS algorithm remains 

represented as 

                                               
Mass renovate relation for SLMS algorithm is 

                                                  
Similarly, mass revise expression for SSLMS algorithm 

derived via applying sign function to X(n), E(n) as 

                                            
 To overwhelm gradient noise problem of 

LMS, normalized form of LMS creates an own 

problem, namely small input tap vector. Numerical 

problems may rise due to which then we have to 

partition by a little amount of the squared norm. In 

order to overcome this problem, we change the above 

recursion by inducing a small positive constant   . This 

parameter  eludes less value from divisorwith larger 

size of step.  

The step size parameter can be expressed to be,  

     
 

           
                                                   

 

where      is normalized size of step having 0 < <2. 

Alternating S of LMS vector for weight renovate 

expression with S(n) tends to DNLMSstated as 

            
 

           
                  

In DNLMS, error reduces and multiply computations 

increases due to squared value of X(n) in the divisor 

thereby rate of convergence is faster.To minimize 

complexity in computations,MNLMS is used.  

MNLMS is mathematically represented as, 

            
   

           
               

where q = diag {Q} and Q = {1 if x >xmax}. The term 

q will be either zero or one, based on the value of x. In 

case the value of x is higher compared to the threshold 

value, then the q will be set to one otherwise it is set to 

zero, thus reducing the entire numerator to zero and 

number of calculations reduces. Here, signed forms of 

MNLMS are considered for this purpose. Also,all 

proposed AEPs offersprecisetracing of protein coding 

fragments and better convergence. Hence, to reduce the 

complexity involved in performing computations of 

MNLMS algorithm, we combine MNLMS with sign-

based algorithms. The hybrid versions are named as 

MNSRLMS, MNSLMS and MNSSLMS algorithms.  

The mass renovates equations of MNSRLMS, 

MNSLMS added to MNSSLMS algorithms are 

numerically expressed as, 
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Hence, finally the algorithms to develop four AEPs are 

chosenalso comparedto LMS. Computational complexities 

of projected AEPs along with LMSwere shown in Table III. 

Convergence plots for modified normalized algorithms are 

shown in Figure 3.  From Figure 3, all proposed modified 

normalized adaptive algorithms have a faster convergence 

rate than LMS and other AEPs. Hence, among the 

algorithms considered for the implementation of AEPs, the 

MNSRLMS based AEP is considered to be better, with 

respect to convergence characteristics and complexity in 

computations compared to other normalized algorithms.  

III. RESULTS AND DISCUSSION 

Here,several AEPs were compared also analyzed for 

performance. Figure 1 presents block illustration of AEP. 

Different AEPs are developed using modified normalized 

LMS procedurealsotheir signed forms. AEP using LMS also 

derived for comparison. Five sequences of DNA with 

description shown in Table I were used from NCBI 

databank for analysis [14]. The theory and expressions of 

performance measures alike specificity (Sp), sensitivity 

(Sn),also precision (Pr) parameters are given in [11]. PSD 

plots along with metrics like Sn, Sp and Pron values of 

thresholdas of 0.4 to 0.9 thru interval of 0.05with sequence 5 

were depicted in Figure 2. Identification of exon fragment is 

better at 0.8 threshold value. Therefore, values of measures 

at 0.8standspresented in Table II. 

 

Process for AEP wasillustrated as below:  

 

1. From NCBI databank, gene datasets are extracted 

and considered for analysis [14]. Voss numeric 

representation is used totransforminput gene 

sequence to digital notation.  

2. Now, give the digital form of input to the AEP.  

3. A reference signal that conforms TBP property is 

given to the AEP. 

4. A signal for feedback as depicted in Figure 1 is 

producedis usedfor filter co-efficient updating.  

5. Adaptive technique locates the exon segments 

precisely once signal of feedback turn out to be 

minimum.  

6. PSD plots were derived to depict the exon 

segments also metrics Sn, Sp and Pr were derived.  

 

Figure 2depictsthe traced protein coding fragmentsusing 

different AEPs. LMS based AEP not identifiedexon 

fragments precisely with some ambiguities by tracing few 

intron regions, which was evident from Figure 2. 

Someundesirable peaks werepredictable at positions 1200
th
, 

2300
th

also 3500
th

 values of samples without tracing actual 

exon location 3934-4581 from Figure 2 (a).From modified 

normalized variants, MNLMS, MNSRLMS also MNSSLMS 

based AEPscorrectlyforecastedprotein coding fragmenton 

3934-4581 thruhigh intensity on PSD plot that are depicted 

in Figure 2 (b), (c) and (d). Exon finding ability is better 

compared to LMS algorithm due to use of normalization. 

 

As a result, from convergence performance, complexity in 

performing computations, PSD plots for locating exons, 

alsoSn, Sp and Pr calculations, AEP using MNSRLMS 

remainsa better choice in real time applications. Lower 

computational complexity leads to less complex architecture 

aimed at system on chip (SOC)also lab on chip (LOC) 

applications.  

 
Figure 2: PSD with the location of exon (3934-4581) for a 

gene sequence of accession AF009962 locatedwith use 

ofvarious AEPs, (a). AEP using LMS, (b). MNLMS based 

AEP, (c). MNSRLMS based AEP, (d). MNSLMS based 

AEP, (e). MNSSLMS based AEP 

 

Table I. Gene datasets from NCBI gene databank 

Seq. 

No. 

Accession 

No. 

Sequence Definition 

1 

E15270.1 Osteoclastogenesis inhibitory 

factor (OCIF) of Human gene 

gene 

2 X77471.1 Human tyrosine 

aminotransferase(tat) of homo 

sapiens gene 

3 AB035346.2 T-cell leukemia/lymphoma 

6(TCL6) gene of homo sapiens 

4 AJ225085.1 Fanconi anemia group A(FAA) 

gene of Homo sapiens 

5 AF009962 CC-chemokine receptor (CCR-5) 

homo sapiens gene 
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Figure 3: Convergence Characteristics for various 

algorithms in exon prediction.  

 

Table II. Performance measures of various modified 

normalized based AEPs pertaining toSp, Sn, and 

Prcomputations. 

 

Seq. No. Parameter LMS 
MDN 

LMS 

MDN 

SRLMS 

MDN 

SLMS 

MDN 

SSLMS 

1 

Sn 0.6481 0.7634 0.7324 0.7015 0.6826 

Sp 0.6518 0.7428 0.7172 0.6995 0.6781 

Pr 0.5904 0.7521 0.7236 0.7082 0.6865 

2 

Sn 0.6286 0.7428 0.7172 0.6995 0.6781 

Sp 0.6435 0.7521 0.7236 0.7082 0.6865 

Pr 0.5922 0.7437 0.7123 0.6967 0.6788 

3 

Sn 0.6384 0.7524 0.7235 0.6989 0.6797 

Sp 0.6628 0.7532 0.7241 0.7075 0.6886 

Pr 0.5894 0.7636 0.7324 0.7015 0.6826 

4 

Sn 0.6457 0.7428 0.7172 0.6993 0.6781 

Sp 0.6587 0.7521 0.7236 0.7082 0.6865 

Pr 0.5934 0.7434 0.7123 0.6967 0.6788 

5 

Sn 0.6273 0.7645 0.7336 0.7035 0.6857 

Sp 0.6405 0.7524 0.7235 0.6989 0.6797 

Pr 0.5858 0.7537 0.7241 0.7075 0.6886 

 

Table III. Computational complexities of proposed AEPs 

 

S.No. Algorithm 
Multiplicat

ions 

1 LMS T+1 

2 MNLMS 2T+2 

3 
MN 

SRLMS 
T+3 

4 MNSLMS 2T+1 

5 
MN 

SSLMS 
T+3 

 

IV. CONCLUSION 

In current work,we have addressed key problem of tracing 

exon fragments of DNA whichdevisesnumeroushealth care 

applications part ofcurrent technology. At this point, AEPs 

based on data normalization are considered for locating 

exon sections in DNA. To further lessen the complexity in 

performing calculations, concept of modified data 

normalization is used. Towards further minimize 

computational complexity,sign basedvariants of MNLMS 

are used. Resulting hybrid variants are MNSRLMS, 

MNSLMS also MNSSLMS algorithms. Thus, four AEPs 

werederivedalsoverifiedwithactualgene 

datasetsacquiredusing NCBI databank. From complexity 

involved in performing computations in Table III also 

characteristics related to convergence depicted in Figure 3, 

AEP usingMNSRLMS remains better in applications related 

to exon identification. Metrics related to performance in 

Table IIalsoplots of PSD for predicted exon shown in Figure 

2.  Therefore, AEP using MNSRLMS is suitable for 

genomic applications in real timeto develop nano devices, 

SOCs also LOCs.  
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