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Abstract

The pivotal problemof GeneIdentificationin Eukaryotesis to locateexons. For that, a numberof methods

which utilize different types of coding measuresand the signalsat genepremisesare in use.Combinationsof

thesemethodsare more advisablethana single oneas noneof themhas100% selectivity andsensitivity. In this

paper, two of the existing methodsfor finding exons from open readingframesusing digital signal processing,

namelythe spectralanalysistechniqueandthe filtering technique,arereviewed.Thena methodfor improving the

discriminatingcapabilityof digital filtering techniqueis presented.

We suggestthat the existing filtering techniquefor locating exons can be improved if various coding statistics

like single, dinucleotideand trinucleotidebiasesare incorporated.The model independentmethodthen becomes

model dependentand the selectivity andsensitivity are improved. ExamplesusingOpenReadingFrames(ORFs)

of variousorganismsaregiven to illustrate this.

Index Terms

genomicsignalprocessing,digital signalprocessing,filtering of genesequences,genefinding, codingstatistics.

I . INTRODUCTION

IN a genome,millions of nucleotidesmay be presentbut only lessthan3% of themarepart of genes,

which are stretchesof DNA that ’code’ for proteins. And only very rarely the genesappearat a

stretchfrom start to end.Usually genesare seensplit and distributed in the genome.Coding regions in

DNA are called exons and exons are separatedby introns which are noncoding.Also in betweenthe

genes,lie intergenicregions,which aremostly not having any meaning.The areain a genomicsequence

from the ’start’ of a gene to the ’stop’ of a genewhich includesexons and introns is known as an

OpenReadingFrame(ORF). A large numberof genefinding algorithmsuseprobabilistic modelslike
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HiddenMarkov Models(HMM) [1]. They dependon genemodelsor on an a priori knowledgeof coding

statisticsof the genomeof the organismunderconsideration.They utilize coding measureslike codon

usagemeasures,oligonucleotidecounts,aminoacidusage,codonpreference,hexamerusageetc. Papers

[2–4] contain reviews and assessments.On the contrary, digital processingtechniquesof genefinding

are model independent.They utilize the generalfeaturesof coding rather than the organismdependent

measures.This paperfocuseson the digital signal processingtechniqueof genefinding and suggestsa

methodby which codingstatisticscanbe incorporatedinto it for improving the performance.

I I . GENOMIC SIGNAL PROCESSING- A REVIEW

Theshortrangecorrelations,periodicitiesandpatternsexisting in genomicdatanaturallyled to theuse

of digital signalprocessing(Fouriertransformandwaveletanalysis)andfiltering techniquesfor identifying

proteincodingregions.In papers[5–20], variousmethods,reviews andapplicationscanbe found on the

subject.Here we will have a short review of the importantaspectsof the techniquewhich have direct

relationshipwith the mattersdiscussedin this paper.

A. A preliminary spectral measure for codingregions

For a DNA stringx[n] of N characters(with analphabetA,G,C andT) let usdefinefour binaryindicator

sequences���������
	���������
	���������� and ��������� . Eachindicatorsequencehasa 1 if thecorrespondingbaseexists

at position n, otherwisea 0. For example,if x[n]=AATGCATCA, �������������������������������� . Obviously, the

sumof all binary indicatorsat any positionn is 1 for all n.

���������! "���������# $���������# "�����������%� &('*)+�,�-��	���	/.#	�0�0�021435� (1)

Let 6 ��87!�
	 6 ���97:�;	 6 �<�87!� and 6 ���87!� betheDiscreteFourier Transforms(DFT) of the binary sequences,

���������;	=���������;	=�������� and ��������� respectively.

6�> �87!���@? � > �����BADCFEDGIHKJ�L=M�NPO�QR	�&('S)UTV�XWY	[Z\	[]^'*)�_a`b�dce7\�f�#	���	/.#	�0�0�021g3h� (2)

The total spectralcontentat k is,

i �87!���@? j 6k> �97:��j H (3)

S[k] may be usedasa preliminary indicatorof a codingregion asa plot of S[k] againstn revealsa peak

at k=N/3 for a codingregion andshows no suchpeakfor a noncodingregion [5–7].
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B. Digital Filtering Techniquesfor GeneFinding

TheDFT methodof finding genesasdescribedabove maybeviewedessentiallyasa filtering technique

[9–11].As N correspondsto .Sl , theperiod3 componentsmaybeisolatedby filtering thesequencethrough

a bandpassfilter H(z) with the passbandcentredaround .Slkm�n�o If we give � > �����;	�pPTq�-WY	�Zr	[]s'S)k_ut as

an input to H(z), the output vD> �����
	*pPTw�xWY	[Z\	[]^'*)�_ut will have peaksat coding regions as � > ����� has

period3 componentsand the filter hasa passbandaround .SlkmDn�o
The total output is

v �������f? j vD> ������j H (4)

This canbe utilized for finding the exons in an ORF. H(z) canbe implementedasan antinotchfilter.

C. An antinotch filter for geneidentification

Considera secondorderall passfilter

Wyp
z�t{� | H 3}. |e~ 'D����z E��  �z E!H��3}. |e~ 'D����z E��  | H z E!H (5)

with polesat | A�� G2� andzerosat �*m | A�� G2� o Also considera filter bankwith G(z) andH(z) definedas

Z�p
z�tU�X��o������U "W�p
zbt�� (6)

� p�zbt<�f��o�������3}W�p
zbt�� (7)

From 5 and6

Z�p�zbt<� pI�U | H t�pR��3". ~ 'D�����=z E��  "z E!H t.�pI��3". |e~ 'D�*�Dz E��  | H z E!H t (8)

where ~ 'D�����+�-. |e~ 'D����m�pR�U | H t
It is evident thatG(z) is a notchfilter with a zeroat the frequency ��� . For stability, R shouldbe lessthan

1. It is clear that as the pole radiusR getscloseto unit circle, ��� getscloseto �#o So, at any frequency

sufficiently away from ��� the contribution of zeroandpole are almostsameandG(z) hasunity gain. It

can be easily verified that G(z) and H(z) are power complementary. So, H(z) is a good antinotchfilter

which canbe usedto identify exons.
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D. Realisationof H(z)

Substitutingthe value of A(z) from 5 and noting that ~ 'D���U��� ~ 'D�S.*lkm�n , the transferfunction of the

antinotchfilter is,

� p
zbt<� pR��3 | H t�pI��3}z E!H t.�pI�U �
���#�H z E��  | H z E!H t
(9)

which may be realisedin direct form II or in lattice structureform.

II I . INCORPORATING NUCLEOTIDE BIASES.

We proposea modificationto the filtering techniquereportedin [9–11] throughwhich its performance

can be further improved. The basic filtering method is a model independentone as we do not make

useof any kind of the coding/noncodingstatisticsderived from the genome.ThereWe dependonly on

the period threecomponentof the spectraof the coding regions which are higher comparedto thoseof

the noncodingregions. Now if we incorporatecoding statisticsin terms of nucleotidebiasesin exons

and introns to the filtering technique,the discriminative power of the methodcan be enhanced.We will

incorporatethe statisticsin three ways (numerousways are possible)and the methodbecomesmodel

dependent.

A. Using singlenucleotidebias

Let us find the averagevalueof the normalizedfrequenciesof nucleotides,A, G, C & T in codingre-

gions,andnoncodingregionsandtake theratios.That is, if &S��p�W�t�	/&*��p�ZYt/	/&S��p
]�t2��&*��p�_�t arethefrequencies

of A, G, C & T normalisedto the lengthof exonsand &* RpPWet/	/&* �p
Z�t�	/&� Rp
]�t2��&� RpP_ut are the corresponding

onesfor introns,of the samegenome,we may define(nucleotide)relative frequency indicator,

)�&p�T¡t��f&*��p�T¡t=m�&� Rp�T¡t�	=Tq�¢WY	[Z\	[]^'*)�_�o (10)

This can replacethe ones in the binary indicator sequencesin the original techniqueof filtering. The

sequencesmay now be renamedasprobability indicator sequences. As an example,if the sequenceis

£������(�XW¤W¤_¤Z�]¥W¤_¤]¥W (11)

and the relative frequency indicatorsare rf(A)=0.19, rf(G)=0.2, rf(C)=0.27 and rf(T)=0.36, probability

indicatorsequencesare,

¦���������§����o¨��©���o¨��©���������o¨��©�������o¨��©D�
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TABLE I

AN EXAMPLE OF DINUCLEOTIDE BIAS TABLE

A G C T

A 0.7 0.9 0.7 0.8

G 1.2 0.7 2.3 0.8

C 1.1 0.8 2.4 0.9

T 0.9 1.2 0.8 2.3

¦����������§����������o�.+���������D�
¦����������§������������o�.�ª������#o�.�ª+�S�
¦#���������§�8������o9n�«��������#o�n�«����D�
Now let the outputsof the antinotchfilter for the inputs ¦ > ����� , X=A,G,C or T be vD> ����� then,

v ������� ? j vS> �����Ij H¬0�0�0 (12)

y[n] plottedagainstnucleotidepositionsof the given sequenceis a betterpredictor.

B. Using dinucleotidebias

We may form two (4,4) matrices &*��pP�	�:t for exon regions and &* �p��	�bt for intron regions where the

element (i,j) of thesematrices is the probability of the nucleotide i occurring after nucleotide j. A

dinucleotideprobability indicatormatrix &*®Sp��	=:t may be formedby dividing &S��p��	�:t by &� Rp��	�:t element

by element.The elementsof &*® may now be usedto form the indicatorsequences.For examplelet &*® is

asgiven in Table(I) Thenthe new Probability IndicatorSequencesfor 11 are

¦���������§����o¨��©���o�ª���������o�ª������#o�ªS�
¦����������§����������o9¯����������D�
¦����������§����������.#o9n�������o9©��D�
¦#���������§�8������o9©���������o9©����D�
The new ¦ > ����� may be filtered as in the previous casefor locatinggenes.

C. Using trinucleotidebias

Also we may form two (4,16) matrices &*��pP�	���«�t and &� Rp��	���«bt with 4 rows for A,G,C &T and 16

columnsfor 16 nucleotidepairs, for exon and intron regions respectively. An element &pP°=	�±!7�t of these
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TABLE II

A FORMAT FOR TRINUCLEOTIDE BIAS TABLE

AA AG AC AT GA GG GC GT CA CG CC CT TA TG TC TT

A

G

C

T

matricesis the probability of the nucleotidei following the nucleotidepair ±!7 . It is formed by counting

the occurrencesof all nucleotidesin exon regions and intron regions respectively and normalisingthem

to the length. A trinucleotideprobability indicator matrix &*² may be formed by dividing &S��p��	���«bt by

&� RpP�	���«bt elementby element.(A format for trinucleotidebias table is shown asTable II). The elements

of &�² may now be usedto form the probability indicator sequences¦ > ����� andmay be utilized as in the

previous casesfor locatinggenes.

D. Reasonfor improvement

Theimprovementshown with theincorporationof codingstatistics,maybeexplainedasfollows. In this

method,thosenucleotides,which aremorein anexonic area,comparedto an intronic areageta relatively

higherweightage.By placingtherelative frequency indicatorsin theprobability indicatorsequencesat the

correspondingpositionsin which thenucleotidesexist, we take into accountthenucleotidebiasdifference

in exonsandintronsandthis makesthe differentiationbetter. The dinucleotideandtrinucleotidematrices

bring in the nucleotidedependency differencesamongexonsand introns.The authorsfound that the use

of normalizedfrequenciesof nucleotidesin exons aloneby taking a randomdistribution of nucleotides

in introns (that is to use a backgroundprobability of 0.25) is not sufficient enoughto give a better

performance.

IV. RESULTS

Here we comparethe resultsobtainedby applying the model independentfiltering technique(MIFT)

usingbinary indicator sequencesand the modeldependentfiltering technique(MDFT) usingprobability

indicatorsequences.For finding the indicatorsequences,the countsin exonsandintronsinsidethe genes

are taken. Thesemay be replacedby averagevaluesfrom the whole chromosome/genomeof interest.

Shown below is a comparisonof the resultsof filtering techniquewith binary sequenceindicatorsand

with single nucleotidebias.The genesusedfor experimentationare taken from the dataset constructed
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Fig. 1. Spectrumof F56F114a

by BursetandGuigo.

1.GeneF56F114a(a genefrom C.elegans)

Referringto Fig.(1),

a. MIFT: All the five exonsof the genearedistinguishablebut E1 peakis small and is only 58% of E5

(exon with the next higher peak)peak.Also there is a peakat position 6031, which is slightly higher

thanE1, which may lead to a wrong conclusionthat thereexists an exon around6031.

b. MDFT: E1 peakis increasedto 98% of E5. Also the peakat 6031is now only 58% of E1 andso the

doubtof an exon around6031doesn’t arise.

2. GeneHUMBETGLOA (humanbetaglobin A)

Referingto Fig.(2),

a. MIFT: alongwith the 3 exons,a falseoneappearsaroundposition500,which hasa peakgreaterthan

that of E1.

b. MDFT: The falseexon peakhasreducedto just 58% of E1 and now only the three(true) exons are

visible.

3. GeneMMHOX13 (MouseHox 1.3 gene)

Referingto Fig.(3),

a. MIFT: a falseexon with a greaterpeakthanE2 is seenaroundposition2207

b. MDFT: the maximumstrengthat position2207(falseexon region) is lesserthan(67% of) the peakat
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Fig. 2. Spectrumof HUMBETGLOBA

E2.

4. GeneHUMCBRG(homosapienscarbonyl reductasegene)

Referingto Fig.(4),

a. MIFT: threefalseexonswith peaksgreaterthanE2 areseenaroundpositions1600,2100and2500.

b. MDFT: the maximumstrengtharound1600, 2100 and 2500 (falseexon regions) are lesserthan the

peakat E2.

5. GeneHUMMIF (homosapiensmacrophagemigration inhibitory factor)

Referingto Fig.(5),

a. MIFT: a falseexon with a greaterpeakthanE3 is seenat position960

b. MDFT: the maximumstrengthat position959 (falseexon region) is lesserthan the peakat E3.

6.GeneHSODF2(homosapiensODF2 gene)

Referingto Fig.(6),

a. MIFT: a falseexon with a peakof strength75% of E1 is seenaroundposition726

b. MDFT: the maximumstrengthat position726 (falseexon region) is now reducedto 40% of the peak

at E3.

TableIIIsummarizestheexperimentalresultsby comparingthe peaksobtainedin exon and intron regions

usingbinary indicatorsequencesandsequenceswith single,dinucleotideand trinucleotidebiases.It can

be notedthat the peaksin exon regions are boostedup and the peaksin the intron regions are reduced
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Fig. 3. Spectrumof MMHOX13

thus avoiding the detectionof falseexons in intron regions in most of the caseswhennew techniqueis

applied.

If the coding statisticsin the chromosome/genomeis unknown for a sequencewhoseexons are to be

locatedthe above mentionedresultsmay be usedas follows. Initially MIFT may be usedto locatethe

moreprominentexonsin thesequenceasthemethoddoesnot needany codingstatistics.The frequencies

of nucleotidesin the exons and introns thus obtainedmay be utilized to build a codingstatistics.Using

that MDFT may be performedfor betterdiscriminationand to identify the exons not visible by MIFT.

Improving the reliability of codingstatisticsthroughiterationsmay alsobe considered.Finally, Genomic

signals( startandstopcodons,exon-intronboundarypatterns,promotersequences,poly-Asequenceetc)

may thebeusedto find theexactnucleotidepositionsof theexonsaroundthepeaksfoundby themethod

describedabove.

V. CONCLUSION

We have incorporatedcoding statisticsinto the filtering techniquefor locating exons, in the form of

single nucleotide,dinucleotideand trinucleotidebiasesand have found that it improves the power of

discrimination of the techniquesubstantially. But the authorshave also found many caseswhere the

resultsare not very much appreciable.So incorporatingothercodingmeasuresinto DSP techniquescan

alsobe experimentedwith.
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TABLE III

A COMPARISON OF RESULTS

gene segment region binary singlebias dinu.bias trinu.bias

F56F114a 929-1135 exon 0.0244 0.0547 0.0524 0.0664

2528-2857 exon 0.0750 0.1109 0.1402 0.2227

4114-4377 exon 0.0655 0.1075 0.1488 0.2158

5465-5644 exon 0.0514 0.0733 0.1027 0.1052

7255-7605 exon 0.0415 0.0606 0.0827 0.1294

6000-6100 intron 0.0246 0.0373 0.0341 0.0397

humbetgloa 866-957 exon 0.0250 0.0560 0.0867 0.0964

1088-1310 exon 0.0364 0 .0577 0.1203 0.1539

2161-2289 exon 0.0352 0.0630 0.1176 0.1411

450-600 intron 0.0269 0.0344 0.0466 0.0390

2850-2900 intron no peak no peak 0.0604 no peak

mmhox13 238-799 exon 0.0922 0.1531 0.1839 0.2473

1760-2010 exon 0.0279 0.0329 0.0397 0.0406

2100-2300 intron 0.0468 0.0292 0.0349 0.0436

humcbrg 277-566 exon 0.0941 0.0958 0.1058 0.1538

1112-1219 exon 0.0162 0.0232 0.0285 0.0401

2608-3044 exon 0.0587 0.0803 0.0840 0.1148

1600-1650 intron 0.0207 0.0167 0.0150 0.0269

2100-2150 intron 0.0300 0.0206 0.0244 0.0369

2450-2500 intron 0.0253 0.0177 0.1360 0.0186

hummif 1173-1280 exon 0.0339 0.0451 0.0631 0.0741

1470-1642 exon 0.0707 0.0965 0.1264 0.0741

1738-1804 exon 0.0238 0.0332 0.0275 0.0741

940-1000 intron 0.0242 0.0264 0.0415 0.0668

hsodf2 280-599 exon 0.0380 0.0464 0.1055 0.1364

843-1275 exon 0.0590 0.0840 0.1960 0.4637

700-750 intron 0.0284 0.0200 0.0269 0.0467


