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This paper reviews applications of signal processing techniques to a number of areas in
the �eld of genetics. We focus on techniques for analyzing DNA sequences,and brie
y
discuss applications of signal processing to DNA sequencing, and other related areas
in genetics that can provide biologically signi�can t information to assist with sequence
analysis.

Keywor ds: DNA sequences;time series analysis; hidden Mark ov models; mutual infor-
mation; spectral analysis; autocorrelation.

1. In tro duction

Geneticsis concernedwith the physical characteristics of organismsthat are passed
on from one organism to another through the useof deoxyrib onucleic acid (DNA),
consisting of a sequenceof nucleotides. The nucleotides are the chemical bases
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adenosine, thymine, cytosine and guanine that are denoted using the alphabet
f A; T; C; Gg. Thoseon onestrand are paired in a complementary fashionwith those
on the other strand, where adenosinematcheswith thymine, and guanine with cy-
tosine. Groups of three basesare called codons, and theseencode the twenty amino
acids that combine to form proteins, the building blocks of life. In a nutshell, the
central dogma of molecular biology states that \DNA makesRNA makesprotein".
This is encapsulatedin Fig. 1. The DNA is transcribed into complementary messen-
ger rib onucleic acid (mRNA). In RNAs, the alphabet is f A; T; U; Gg where uracil
plays the samerole that thymine does in DNA, as it pairs with guanine. Sections
of the mRNA that do not code for proteins are removed, and a \p oly-A tail"|a
sequencecomposedentirely of adenosinebases|is added to (chemically) stabilise
the sequence.The mRNA then acts as a template for protein synthesis. Transfer
RNAs (tRNAs) bind to an amino acid on oneend, and a complimentary set of three
baseson the mRNA template. A 1D sequenceof amino acids forms and is then
detached from the tRNAs and folds into a 3D structure. This sometimesoccurs by
itself and sometimeswith the aid of other proteins, either immediately or at a later
date in the life of the cell. DNA that binds to an mRNA sequenceis complimentary
to this sequenceand is explicitly called cDNA. This principle is usedin microarray
technologiesas described later.

Fig. 1. The central dogma of molecular biology states that \DNA is transcrib ed into messenger
RNA, which is then translated into protein." This diagram also shows DNA replication, which
is done with the aid of a number of proteins. At the mRNA stage, introns are spliced out from
the sequence, leaving only the protein coding exons. This dogma is of course vastly simpli�ed,
for example there is added complexit y through splicing, RNA-only genes,RNA-RNA interactions,
prions, and other details [1, 2]. But in its essential form this does describe the 
o w of information
in a cell.

Not all regions of DNA code for proteins|some of these non-protein-coding
regionshave known functions, such as the Xist gene[3], which codesfor an rib onu-
cleic acid (or RNA) molecule that deactivates one of the two X chromosomesin
female mammals. These RNAs may play an important role in the complexity of
organismssuch as humans [4]. There are also promoter regionsaround genesthat
act as targets for geneactivation or deactivation [5]. Other non-coding regionsap-
pear to only be \junk" DNA left over from the biological past, with little or no
use|or perhaps have a yet undiscovered function. Biologists have suggestedthat
\junk" regionsmay act as a form of isolation betweencoding regionsand may also
act as error-robust locations for sexual recombination|this is described further in
Harmer et al. [6], where it is conjectured that these e�ects could be modeled in
game-theoretic terms.

Signal processingis the use of mathematical techniques to analyze any data
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signal. This data could be an image, a sound, or any other sequenceof data,
such a sequenceof nucleotides. The sequencesof interest could be protein coding
regions, repeating elements that may be associated with various diseases(such as
Huntington's disease[7]) or regions rich in someset of complementary bases,such
as A and T, which can give information on evolutionary history including lateral
genetransfer in bacteria [8].

An area where signal processingtechniques have enjoyed wide usageis in mi-
croarray processing[9]. In microarray analysis, e�ects on geneexpression(as as-
certained through mRNA levels) can be tested, for example the e�ect of a drug.
Two-color microarrays are a colored grid of spots (t ypically one color for the con-
trol, the other for the cells under test) with spot intensity and color showing the
expressionlevels for the gene associated with that spot. A�ymetrix microarrays
only considerone geneand a genecontrol in a paired-spot arrangement. The con-
trol spot controls for non-speci�c hybridization and background signals. The use
of only one 
ourescent dye removes bias causedby di�erences in 
uorescent dye
tagging.

The analysisof the sequencesproducedhascomeunder intensefocusasan area
wheresignal processingcould be usedto solve a number of important problemssuch
as the nature of non-coding DNA and distinguishing coding DNA from non-coding
DNA. Methods such as the discrete Fourier transform [10, 11] and multifractal
analysis [12] have been applied to the problem, complementing more traditional
techniquesthat often usehidden Markov models [13, 14]; theseare detailed later. A
good overview of Fourier transform methods and wavelet transforms, not discussed
in this paper, and a more in-depth discussionof cellular neural networks can be
found in Zhang et al. [15]. Here we focus on other applications of Fourier methods,
and alsoexplore the useof hidden Markov modelsand other mathematics to general
problems in genetics.

Signal processingis not just a human enterprise|ev en individual cells process
signalsin the form of mRNA, protein, and more generalchemical levels(for example
sugarsin the environment) [16, 17, 18, 19]. As with conventional computers, cells
can be genetically programmed to processsignals [20, 21, 22]. As in electrical
circuits, switching elements can be built in, and positive and negative feedback
loops are present, enabling a range of behaviours to be \programmed", such as
chemical oscillations of a predetermined frequency. Such engineered\gene circuits"
could have important applications in genetherapies where we wish to modify the
existing protein and cellular interactions in an organism.

2. Sequence Analysis

Oncea DNA sequencehasbeenobtained, onecanthen askquestionsabout the DNA
sequenceby carrying out biological analysis in silico.a Someof the characteristics
of interest that can be determined about the sequenceare:

1. where the genesare located [23]

2. prediction of the three dimensional protein structures [24]
a in silico refers to a biological \exp eriment" done in computer simulation.
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3. the relationships betweengenesin di�eren t organisms[25, 26]

4. searching sequencesfor genesrelated to known ones[27]

5. examining lateral genetransfer (where genesare transfered betweenexisting
species)[8]

6. correlations betweenregionsof DNA [28].

Current techniques mainly use statistical and probabalistic techniques, espe-
cially hidden Markov models [13]. Recently , others have consideredapplying signal
processingtechniques [10] and fractal techniques [12] to theseproblems.

2.1. Curr ent techniques

Many of the existing techniques for solving problems like �nding the position of
genesand determining protein folding are based around hidden Markov models.
Hidden Markov models are statistical models for describing events in a given state-
space,and act as a mathematical pro�le of the sequence,capturing important de-
tails. Hidden Markov models are trained on a set of data, with someassumptions
about the data built in to the algorithm. Once trained, the model can then take a
new sequenceand �nd genesin it, or determine the way the encoded protein folds,
or look for similar sequencesin a larger new sequencein a computationally e�cien t
way. Details of the training of hidden Markov models are given in Appendix A.
Hidden Markov models have also beencombined with support vector machines for
determining the �nal basepair in DNA hairpin sequences,which can be di�cult to
sequence[29].

Essentially Markov models use a state-basedapproach to examine sequences,
with a set of probabilities giving the probabilit y of the system changing from one
state to another. For example,a simple Markov model might treat a baseasa state,
and determine the probabilit y that a T occurs after a G in the sequence.A hidden
Markov model considerssetsof statesthat are not directly observable in a sequence,
for examplethe GeneMark.hmmsoftware [14] has separatesetsof states for coding
and non-coding regions of DNA, so an A in a coding region is a di�eren t state to
an A in a non-coding region. Note that the coding and non-coding regionsare not
observable in the sequenceby itself, which makesthis a hidden Markov model.

One application of hidden Markov models is in gene �nding [14]. Here one
considersa DNA sequence,just a long string of letters from f A; T; C; Gg. Then
with no information other than knowledge of the start and stop codons, one can
predict geneswith a missedgenerate (when the predicted genesare compared to
known genes)of around 5%. Hidden Markov models have also beenusedto predict
protein folding for the proteins encoded by known genes[30], with prediction of
various structures within proteins having an accuracy around 55-70%after being
trained on known protein structures. Other related statistical modelling techniques
can give accuracy rates up to 77% [31].

It is often of interest to build up pro�les of biological sequences(both sequences
of nucleotides and sequencesof amino acids), to enable comparisonsof sequences
betweenspecies,within speciesand comparisonsbetweenrelated sequenceswithin
an individual genome. Software is available that lets the user build a databaseof
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pro�les, which can then be usedfor the above mentioned purposes[32]. Using this
software, for example,onecan build a hidden Markov model pro�le of the thrA gene
in the Escherichia coli strains E. coli K12 and E. coli O157:H7 EDL933 [33], and
then use this to �nd and align the samegenein the CFT073 strain [34]. Search-
ing and aligning can be done with other algorithms, such as the Smith-Waterman
algorithm [13, 35]. Both HMMER and Smith-Waterman have a time complexity
of O

�
ln2

�
and spacecomplexity of O

�
ln2

�
in aligning l sequencesof length n; the

HMMER algorithm doesmore general sequencesearching than dynamic program-
ming algorithms such as the Smith-Waterman algorithm, identifying more loosely
related sequences. It does this by taking a direct probabilistic approach to the
sequencesdirectly, rather than using probabilities of basesubstitutions, deletions,
and insertions, and using these in a dynamic programming algorithm.

Here we show the match of part of the genesequencefound in E. coli CFT073.
The �rst line gives a part of the sequencein the trained hidden Markov model.
The third line, in upper case,givespart of the query sequencewhich matches the
model; the matchesof individual basesare shown in the secondline along with the
di�erences as indicated by gaps. The query sequenceis usually shown in uppercase
to distinguish it from the model and match sequences.

model ccacctggtggcg
matches cca ctggt gcg
query CCATCTGGTAGCG

The match was found by using a hidden Markov model, which �nds match states
that are not directly observable in the sequences.

2.2. Spectr a and corr elations

The discrete Fourier transform (seeEq. B.7 in Appendix Appendix B), as given in
Sussillo[36] (a slight variation of the work by Anastassiou[10]), is usedto generate
color spectrograms of DNA sequences. These enable the visual identi�cation of
regionsin DNA wheresequencesarerepeated,and what the repeat length is. Fourier
transforms can also be used to �nd genes[37, 38]. The fast Fourier transform
operates in O (n logn) time, thus this technique is faster than other algorithms for
identifying genes,which typically operate in O

�
n2

�
time.

To illustrate the usefulnessof the color spectrogram technique in identifying
regionsof DNA, Fig. 2 showsthe color spectrogramfor the DNA sequenceof Bacil lus
anthracis Ames [39], indicating the genomeis almost entirely coding, with some
AT rich regions in the �rst half of the genome. Spectrograms also show promise
in identifying coding regions and repeat sequences[36]. Another approach uses
wavelet transforms to provide pro�les of DNA sequences[40].

To obtain the color spectrograms, the DNA sequenceis converted to sequences
of numbers, as described further in Anastassiou[10], and the methods described in
Appendix B are applied to this sequence.The presenceof codons (length T = 3)
shows up as a bright band, as in Fig. 2, at discrete frequencyk = N=T where N is
the sequencelength, or in digital frequencyat f d = 1=T.
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Fig. 2. Here we show the color spectrogram for Bacil lus anthr acis Ames, with each point repre-
senting the RGB components from the power in the Fourier transforms of the mappings of the
sequence. The horizontal axis represents the position in the genome (in megabases), and the
vertical axes in digital frequency|for genomes this has units of (1/bases). The brigh t band at
frequency f d = 1=3 highligh ts the coding regions which have periodicit y T = 1=f d = 3 bases.
Since A and T map onto blue and red respectively, we expect regions that are AT rich to appear a
brigh ter shade of purple than those that are not. Here, the spectrogram shows the �rst half of the
genome to have a higher AT content than the second half. The transition point is mark ed with a
brigh t green vertical line.

2.3. Gener alize d corr elation detection

The power spectrum is related to the autocorrelation of a sequenceby the Weiner-
Khin tchine relationship

P(f ) =
1
N

NX

i =1

Rss (i )e� j 2� if ; (1)

where N is the data length, j =
p

� 1, and Rss (i ) is the autocorrelation of the
sequencefor sequencedistance i . This is only exactly true if the DNA sequence
is a stationary process. Drifts in GC content and other variations throughout a
genomemean this is not true in generalacrossa genome[41]. Therefore we needto
considera variety of other methods for analyzing correlations in DNA, from mutual
information [42] to correlation functions [43], wavelets [40], fractal techniques such
as the Higuchi method [44] and those discussedbelow. The mutual information
measure,as given in Appendix C, can be used to measurethe mutual information
(and hencecorrelations) acrossan entire genome[45, 46]. An example of the use
of this on the Escherichia coli K12 genome[33] is shown in Fig. 3. An excellent
overview of these and other techniques for studying correlations in DNA, and the
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Fig. 3. This �gure shows the mutual information plot of E. coli K12. The values of mutual
information over the sets of bases separated by distance d were computed using Eq. C.12 (see
App endix C), for d up to 1000. Note that signi�can t correlations exist only up to a few hundred
bases.

implications of the results obtained using these methods can be found in a paper
by Li [47].

Correlations can arise as a result of genetic processessuch as geneduplication
and insertions [48], and these techniques can provide indication of such events, as
well as other structures present in DNA sequences. Another technique used as
part of correlation and structure detection is the DNA walk technique [49, 50].
Figure 4(a) shows the result of doing a \w alk", where a step downwards is taken if
a G or C is encountered in the sequence.A related technique is to map the bases
onto complex numbers, and plot the cumulativ e phase[51]. We use the mapping
for sequenceelement s(i ) given in Eq. 2,

� (i ) =

8
>>><

>>>:

� =4; s(i ) = A;

3� =4; s(i ) = T;
� � =4; s(i ) = C;

� 3� =4; s(i ) = G:

(2)

If the basesare evenly distributed, this givesan averagephaseof 0, and the mapping
is designedto highlight the GC content, similar to the DNA walk. A phaseplot is
shown Fig. 4(b).

2.4. Linguistics

SinceDNA and amino acid sequencescan be thought of asa type of language,there
is interest in the useof techniquesfrom computational linguistics to analyzegenetic
sequences.This theory of grammar in a computational sensewas �rst developed
by Chomsky [52, 53]. It has been applied to a wide range of applications in se-
quenceanalysis from determining gene structures [54] to RNA (rib onucleic acid)
secondary structure [55]. Mantegna et al. have taken methods from statistical
linguistics, along with information theory approaches, to consider di�erences be-
tweennon-coding and coding DNA [56, 57, 58]. This revealsthe presenceof hidden
information and extra redundancy in non-coding regions, perhaps due to lengthy
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(a) This plot shows the GC/A T content, with a step down if a G
or C is encountered at a position in the sequence, else a step up is
made.
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(b) This plot shows the cumulativ e phase, with the phase added at
each position determined by Eq. 2. Note the similarit y to Fig. 4(a) due
to the mapping used, but note that extra information is evident in the
region from position 800 to position 1000.

Fig. 4. Tw o techniques have been used to show the structure in the DNA sequenceof the thrA
gene in E. coli . This sequenceis clearly AT-ric h, indicated by the upward trend of both graphs
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promoter regions [59], or due to information left from now defunct coding regions.
A good overview of linguistic techniquesusedcan be found in Durbin et al. [13].

The PROSITE database contains a large number of protein families (related
sequences),and their patterns, or \motifs" [60, 61]. This databasecan be searched
using PROSITE patterns; an exampleof a pattern is

[ACFI]-[QC]-G-[A F]

where the capital letters denote amino acids. Squarebrackets denote that any one
of the enclosedamino acids can occur in that position in the matched sequence,
curly brackets (not used here) denote that none of the enclosedamino acids can
occur in that position in the matched sequence. This can be written as a set of
regular grammar rules, starting with position S and with Wi the positions of the
sequence,

S ! AW1 jCW1 jF W1jI W1

W1 ! QW2jCW2

W2 ! GW3

W3 ! AjF;

(3)

where ! means \rewrite as" and j means \or". Two example sequenceswhich
match this pattern are AQGA and F CGF . The fact that PROSITE patterns can
be written as regular grammars meansthe searching for sequencesthat contain the
motif is highly e�cien t [13].

A new approach to feature detection in languageis basedupon inter-word spac-
ing [62], or better referred to in a language context as word recurrence interval
(WRI) [63], which is the number of words betweeneach occurrenceof a particular
\w ord". In DNA one would consider inter-oligomer spacing. This has potential
applications to classifying organisms[63], however to usethis method on DNA and
protein sequencesone would have to de�ne what a \w ord" is|for example, is it a
geneor an exon? A method basedon large scalestructures like WRI, called gene
order conservation, has shown somepromise [64].

2.5. Information theory and fr actals

Other techniqueswith possibleapplications in the areaof sequenceanalysis include
information-theoretic approaches [65], and related fractal approaches [26]. Multi-
fractal approachescan be used to classify bacteria by a few numbers derived from
the whole genomeDNA sequence. Obviously this has limited use becauseof the
large number of places in the genomesequencethat even closely related species
di�er by, however the multifractal technique has shown some promise in general
categorization of bacteria [26]. Other approachesbasedon information theory have
beenusedin areassuch asbinding site recognition [65]. Phylogenetic treesare con-
structed from genetic data, and show the relationship betweenorganismsbasedon
their genetic data. Figure 5 shows two phylogenetic trees, one a known tree (left),
and the other a tree constructed using a multifractal distance measure(right).
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(a) Actual tree, of real E. coli and vir-
tual descendants. The original ancestor,
no longer in existence, is the central node
of the tree, and the living descendants
of this are bacteria indicated by the nu-
merical parts of their accession numbers
(NC 000913, NC 002655, NC 002695, and
NC 004431). Descendants of those four de-
scendants as generated by in silico stochas-
tic mutations are indicated by su�xes .0
and .1.

000913.1
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(b) This is the tree of the same bacteria,
generated using a multifractal measure of
distance [26], and the neighbor joining al-
gorithm [13], where a minim um distance
means the two speciesare neighbors on the
tree. The multifractal measure clearly has
trouble distinguishing between such closely
related species, but has some potential,
and could be combined with other phylo-
genetic measures.

Fig. 5. These phylogenetic trees show the relationship between di�eren t organisms. Descendants
of one organism are shown as branches from that organism, thus a family of related organisms
with a common ancestor will all be on subtrees branching from the point at which that organism
is shown.

3. Microarra y Pro cessing

3.1. Intr oduction to micr oarr ay technolo gy

Microarrays, also known as gene or DNA chips, provide a relatively rapid way
of analyzing gene expression patterns in an organism. Genes are expressedat
di�eren t levels according to cell function, which may be altered in response to
changes in its environment or may simply vary with time. The uses of micro-
array technology are numerous, and include identi�cation of complex genetic dis-
eases,drug discovery, pathogen detection and analysis, and detecting di�eren t
expressionof genesover time. Further details on microarray technology and poten-
tial usesmay be found in the online Nature Genetics Chipping forecaststhrough
http://www.nature .c om/ng/

A microarray is an array of probesfor detecting the expressionlevels of tens of
thousands of genessimultaneously. In a typical two-color microarray experiment
the relativeexpressionlevelsbetweentwo target samples(cells) is measuredfor each
probe. For each target, the mRNA is used to form complementary DNA (cDNA),
labeled with a particular color dye. Typically green and red dyes are used. The
two target cDNA samplesare then passedover the probes, and the target cDNA
fragments bind (hybridize) to probesaccording to matching probe sequences.The
microarray is then imaged using a laser scanner that measuresthe 
uorescence
intensities of each dye. The ratio of intensities for each probe is a measureof the
relative abundance, and hence gene expression level, of the corresponding DNA
sequencein the two samples.So if a coloredspot is bright yellow (bright greenplus
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bright red) it indicates both target sampleshave the gene corresponding to that
spot highly expressedin equal amounts. SeeFig. 6 for an exampleof a microarray
image from a two-color system[66], and Yang et al. for a more detailed description
on the hybridisation and scanningprocedure[67].

Fig. 6. A microarra y showing gene expression for all 6000 yeast genes, from [66], with the two
sets of data coming from various points in the diauxic shift , where the yeast go from fermentation
(anaerobic respiration) to respiration (aerobic respiration). Each spot represents the expression
level, as determined from the amount of mRNA washed over the microarra y and bound to cDNA,
of a pair of genes. Refer to the online version of this paper to see the full range of colors. The
color of the spot shows which gene(s) is (are) being expressed: red only when the �rst gene is
being expressed but not the second, and vice versa for green only. Other shades (mostly yellows,
from an even mix of red of green) appear when both genesare being expressed. Bias in the spot
size can be seenas one moves from the bottom-left to top-righ t of the image. A problem with the
die can be seenin the orange streak approximately a quarter of the way down and across from the
top-left corner.

Several di�eren t technologiesexist for the printing of microarray slides. Two-
color microarraysareprinted usingrobotic arrayersthat deposit probematerial from
cDNA or oligonucleotides libraries onto the microarray slide, or a modi�ed inkjet
printer, which builds up oligonucleotide probesbase-pairby base-pair. Single color
microarrays are produced using propriety technologiesbasedon photolithography
or the digital light processorand feature signi�can tly higher spot density than
their two-color relatives. The two di�eren t classesof microarray platform require
di�eren t imageanalysisapproaches. With a trend in minaturising the genechips [68]
combined with rapid image analysis of the results, it becomespossibleto perform
�eld tests for pathogens.
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3.2. Curr ent applic ations of signal pr ocessing to micr oarr ays

The goal of processingmicroarrays is to turn the image of the array into a set of
values giving the level of expressionfor each geneunder analysis. The main tasks
in processingthis data are:

1. Clear the background noise from the image. The microarray will contain
background noisethat needsto be removed. For discussionsof this noise,and
techniques to remove it, refer to Haaland et al. [69].

2. Spot detection: a grid is overlayed over the array of spots, and those spots
not occuring clearly within the grid cells are deleted (as sometimesa blotch
will occur over several spots). Other irregular spots may be deleted, though
if there is a reasonablenumber of pixels contained within the spot boundary
it should still be usableregardlessof shape. The edgesof the annulus-shaped
spots are often then detected, this helpswith establishing the expressionlevel
of the spot (refer to Yang et al. [67]).

3. Normalization: the intensity of the spots represents the abundanceof mRNA
being expressed.Normalization is a processthat removesany non-biological
biasespresent, for example spatial or dye biasesto allow the comparison of
spots (genes)both within and betweenarrays. For most microarrays the ma-
jorit y of genesare not di�eren tially expressedand normalisation approaches
such as intensity-dependent robust local regressiontypically perform quite
well. Control spots may be used if this is not the case. For more details on
di�eren t normalisation approachesrefer to Smyth and Speed[70]. Somenew
approaches to normalization based on non-linear methods are presented by
Wilson et al. [71].

4. Identi�cation of di�eren tially expressedgenesets: Analysis methods to iden-
tify di�eren tially expressedgenesare actively being developed. Linear mod-
elling and empirical Bayesianapproachesare used to rank genestaking into
account multiple testing issues,clustering and discrimination (unsupervised
and supervisedlearning) techniquescan be usedto distinguish betweendi�er-
ent classesof treatment or diseases,and time seriesanalysiscan be performed
to identify di�erences in generegulation betweensamples[72, 73, 74, 75].

Biasesmay be causedby interactions between the cDNA sequencesand dyes,
dyes and arrays, and variations between arrays, among others. A variety of tech-
niqueshave beendeveloped to try and remove thesebiases,both by smarter design
of experiments [76, 77] and also by intelligent choice of signal processingtech-
niques [69, 78, 77]. Due to the costs involved in producing microarrays, it is im-
portant to have a cost-e�ective microarray experiment that maximisesthe amount
of information produced. Thesedesignissues,and a way of designingcost-e�ective
microarrays are given by Glonek and Solomonet al. [79].

One interesting technique for processingof microarray data is to usea CNNUM
(cellular neural network universal machine) [80]. The main components of this
electrical hardware are:

1. an array of analogprocessors,each one connectedto all the surrounding pro-
cessors,
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2. a meansof storing locally the intermediate computation results for each pixel,
and

3. stored, programmable parameters.

The CNNUM is then programmed to implement the following steps:

1. To clear the imagefrom the background noise,a sequenceof thresholding and
di�usion templates (setsof weights) are applied. This hasthe e�ect of quickly
and accurately removing the background, even if the background luminosity
varies acrossthe microarray.

2. A set of operations are then applied, which �rst determine the grid in which
the spots should lie, and then deletesthose spots not in correct positions.

3. Four operations that remove small spots in any of the four directions (up,
down, left, right) are then applied to remove those small irregular shaped
spots, which are too small to be usedaccurately.

4. Another four operations which remove all unusable large irregular shaped
spots are applied that operate similarly to those that remove the small irreg-
ular shaped spots.

5. A set of threshold operations are then performed,which classifythe remaining
well-de�ned spots into a set of expressionlevels.

Sincethe CNN algorithm is run in parallel on the spots, the overall time complexity
is O (n) in n, the number of spots (geneexpressionlevels), as comparedwith more
traditional techniques which operate in O (n) time. As the geneexpressionlevels
can be obtained quickly with a high degreeof accuracy in a CNNUM chip laid
directly on top of a gene chip, it should be possible to build cheaper and faster
microarray technologiesfor real-time analysis.

3.3. Time series analysis of gene expr ession data

Of interest to geneticists is not only what happens in the expressionlevels of two
di�eren t samplesat a �xed point in time, but how the expressionlevels vary over a
number of di�eren t points in time. These experiments must be designedproperly
to ensure statistically signi�can t information can be derived [79]. A number of
di�eren t signal processingtechniqueshave beendeveloped to analyzesuch data, as
well as \gene clusters" (sets of related genes)in microarrays. An overview of gene
clustering algorithms can be found in Moreau et al. [81], and below we discusssome
time seriesapproaches.

One approach taken to analysis of time seriesmicroarray data, as well as other
microarray data, is to take a standard statistical approach to determining factors
a�ecting the output [72]. Bayesiannetwork models have also beenusedto analyze
time seriesmicroarray data [74]. With a Bayesiannetwork model, onecane�cien tly
analyze the relationships between the expressionlevels at di�eren t points in time,
and betweendi�eren t genes.All the typesof analysis that are usedfor microarray
time seriesdata have the property that they can make accurate predictions about
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geneexpressionlevels basedon models with a limited amount of input data. The
input data is limited due to the time and cost involved in preparing the microarray
data.

One method for analysisof geneexpressiontime seriesdata is that developed by
Bar-Josephet al. [75]. Their method usesmathematical techniquessimilar to those
developed by Jamesand Hastie [82], however it dealsproperly with geneclusters|
groups of related genes,which have correlated expressionlevels in a microarray
analysis. The method �ts curves to the limited number of data points available,
which are limited due to the cost and time involved in preparing microarrays, and
takes into account underlying biological processesand variabilit y. The main steps
of the method are outlined in Appendix D. The result of applying the above spline
�tting and warping algorithms to geneexpressionlevelsin yeastare shown in Fig. 7.

Fig. 7. These graphs, from [75], show the result of �tting spline curves to two sets of time data.
These two sets are the expression levels of the yeast genes cdc28 and cdc15 as shown in the two
left graphs. The results of applying the warping procedure is shown in the graphs on the righ t.
The warping algorithm has changed the time scalesso that the time seriesare aligned as intended.

3.4. Futur e dir ections

As microarray technology evolves,new applications, cheaper platforms, specialised
microarrays, and increasing complex experimental designsare likely to be devel-
oped [68, 80]. Whilst existing techniques are still likely to be e�ectiv e, such as the
Bayesiannetwork method and spline curve method for analysisof time seriesdata,
the generation of new or larger volumes of data will require the development of
more sensitive and robust techniques to identify the biological information signal
present amongst the noise.

As microarray technology becomesfaster and cheaper [68, 80], the analysis of
time seriesmicroarray data will becomemore commonplace. The existing tech-
niquesused,especially the Bayesiannetwork method and spline curve method, will
still be e�ectiv e, however other techniques that work with a larger set of data will
be able to be used, since it will be easierto generatelarger sets of data. As more
time seriesdata is analyzed,it may be possibleto build better models for clustering
and for predicting the time responsesof expressionlevels in responseto a number
of factors.
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4. Conclusions

Vast amounts of data are generated by a wide variety of techniques in genetics.
Signal processingmethods, which have already made a great impact on a number
of other areas, are part of a revolution in genetics as they are able to quickly
and e�ectiv ely processthe large amount of data. In particular, signal procesing
techniques can be used to rapidly processmicroarray data, making microarrays a
much more powerful tool for genetic testing, drug development, and more.

Sequenceanalysisis an exponentially growing industry, asweexploremoreof the
organismswe shareour environment with, even the environment inside and on our
own bodies. Thesesequencesallow us to producemore e�ectiv e drugs, better foods,
biological solutions to pollution, and to gain valuable insights into the functioning
of our own bodies.

Signal processingtechniquesshow promise in being able to complement current
techniques in analysis of genetic sequences.The genomesof over ten plants and
animals and eighty bacteria are now available, and much of the data would bene�t
from further exploration. As advancesin aerospacetechnology allowed us to reach
out to the stars, so advancesin geneticprocessingallow us to reach out to our own
destinies.
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App endix A. Hidden Mark ov Mo dels

Subsection2.1 details the use of Markov models in sequenceanalysis. A Markov
model of order k has a set of states S, with the probabilit y of being in state s 2 S
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being dependent only on the previous k states. So for a discrete time sequence
s1; : : : ; sn ,

P (sn = i n j sn � 1 = i n � 1; : : : ; s1 = i 1) = P (sn = i n jsn � 1 = i n � 1; : : : ; sn � k = i n � k ) ;

(A.1)

except where k = 0 and the probabilit y does not depend on the previous states.
In a hidden Markov model, the states are unknown and must be inferred from the
data. We �nd a model that maximizesthe log likelihood (and thus the likelihood),

logP (xj� ) =
X

y

P (x; yj� ) ; (A.2)

for x the observed sequence,the y's are the possiblesequences,and � is the set of
observed parameters. Then assumethere exists a model � t , and we wish to seeif
there is a better model � t +1 . Using Bayes' theorem, we can rewrite logP (xj� ) as

logP (xj� ) = logP (x; yj� ) � logP (yjx; � ) : (A.3)

Using results from information theory [83], one can show that

logP (xj� ) � logP
�
xj� t � � Q

�
� j� t � � Q

�
� t j� t � ; (A.4)

where
Q

�
� j� t � =

X

y

P
�
yjx; � t � logP (x; yj� ) : (A.5)

Setting
� t +1 = argmax

�
Q

�
� j� t � ; (A.6)

will always make the di�erence positive, and thus the log likelihood of the new
model will be greater than the old one, unless� t +1 = � t in which caseit stays the
same. The above method is the expectation maximization algorithm, and forms the
basisof the Baum-Welch algorithm usedin hidden Markov model construction [13].

App endix B. Fourier Transforms

Fourier transforms are used in a wide range applications such as voice prints for
evidencein criminal cases,compressingimages,removing noise from music, and of
course in DNA sequenceanalysis (Subsec.2.2) The discrete Fourier transform is
given by

X (k) =
1
N

N � 1X

n =0

x(n)e� 2� j nk =N ; (B.7)

where x(n) is the sequenceof data (n = 0; : : : ; N � 1), j =
p

� 1, k is the discrete
frequency, and X (k) is the discrete Fourier transform at frequency k. For DNA
sequences,we must transform the DNA sequences(n) into a numerical sequence
x(n), or in somecasesseveral numerical sequencesx i (n). One such transformation
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is that used by Silverman and Linsker [84]. To a sequenceof bases,denoted by
s = s(1)s(2) : : : s(N ), a vector is assignedto each bases(i ) as per Eq. B.8,

x(i ) =

8
>>><

>>>:

(1; 0; 0); s(i ) = A;

(� 1=3; 0; 2
p

2=3); s(i ) = C;
(� 1=3; �

p
6=3; �

p
2=3); s(i ) = G;

(� 1=3;
p

6=3; �
p

2=3); s(i ) = T:

(B.8)

So for example the sequenceAT G is represented by the sequenceof vectors
(1; 0; 0); (� 1=3;

p
(6)=3; �

p
(2)=3); (� 1=3; �

p
(6)=3; �

p
(2)=3). We then compute

the power spectrum

P(f ) =
3X

c=1

�
�
�
�
�

1
N

NX

i =1

x(i )ce� j 2� if

�
�
�
�
�

2

; (B.9)

where x(i )c is the c-th component of x(i ), and j =
p

� 1. Here, N is the length of
the sequence(number of bases).A simpler method is to use indicator functions

x(i ) =

(
1; s(i ) = �;

0; otherwise;
(B.10)

for some� 2 f A; T; C; Gg [85]. The power spectra of thesetwo methods are related
through Eq. B.11 [86],

jY (k)j2 =

8
>><

>>:

N
N � 1

jX (k)j2; k 6= 0;

N
N � 1

jX (k)j2 �
c

N � 1
;

(B.11)

where N is the length of the sequences,c is a constant that varies with N , X (k) is
the Fourier transform of the indicator sequence,Y (k) is the averageof the Fourier
transforms of the sequencesof components of the vector sequenceasgivenin Eq. B.9.

App endix C. Mutual Information

The mutual information function, intro ducedin Subsec.2.3, for symbols at distance
d apart is given in Eq. C.12,

M (d) =
X

� 2A

X

� 2A

P�� (d) log2
P�� (d)
P� P�

; (C.12)

for symbols �; � 2 A , and in the caseof DNA, A = f A; T; C; Gg. Here, P�� (d) is
the probabilit y that symbols � and � are found a distance d apart. This is related
to the correlation function in Eq. C.13 [42]:

�( d) =
X

� 2A

sum� 2A a� a� P�� (d) �

 
X

� 2A

a� P�

! 2

; (C.13)

where a� and a� are numerical representations of symbols � and � .
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App endix D. Spline Curv es

The use of spline curves was intro duced in Subsec.3.3. With a spline curve, one
approximates a curve using a set of basic functions (often polynomials) that are
�tted to the function at a set of points where the function used to approximate
the curve can change,but must meet certain speci�cations (often onesdesignedto
make the spline curve look smooth), and conditions are also speci�ed on the ends
of the spline curve. The main steps of the method used by Bar-Joseph et al. [75]
are:

1. A spline curve model is developed that takes into account the gene cluster
information, and �ts a curve to the set of data points.

2. If the genecluster information is not already available, an EM (Expectation
and Maximization) algorithm is used to give estimates of the gene cluster
information.

3. The curvesare then scaledon the time axis, so that di�eren t realizations of
biological processescan be compared.

In step one, we develop a spline curve using the model

Yi (t) = s(t)( � j + 
 i ) + � i ; (D.14)

where Yi (t) is the observed expressionlevel for gene i at time t, s(t) is a vector
containing spline functions, � j is the average value of the spline coe�cien ts for
genesin cluster (or class) j , 
 i is the genespeci�c coe�cien ts for genei , and � i is
a random noise term. If the � j or clusters are unknown, they are estimated using
the following algorithm (note that MAP stands for Maximum A Posteriori ):

TimeFit( Y; S;c;n)
For all classesj f

choosea random genei
initialize classcenter with a random gene
calculate an initial value of � j

g
Initialize the other variables
Repeat until the variables convergef

E step:
for all genesi and classesj
compute the conditional probabilit y p(j ji )

M step:
for all genesi and classesj

�nd the MAP estimate of 
 i;j

Maximize the other variables with respect to p(j; i )
for all classesj , pj  1

n

P n
i =1 p(j ji )

g
g
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The spline curvesare then aligned using the following method. First denote a
referencespline curve (that is, the one we are aligning to) as g(1)

i (s), where smin �
s � smax , smin and smax are the start and end times. The splines to be aligned
are denoted g(2)

i (t) for tmin � t � tmax . Then de�ne a mapping for the time as
T(s) = t = (s � b)=a. The alignment error e2

i for each geneis

e2
i =

R�
�

h
g(2)

i (T (s)) � g(1)
i (s)

i 2

� � �
: (D.15)

The error for a set of genesS of sizen is then

ES =
nX

i =1

wi e2
i ; (D.16)

where wi = ES=n. Minimising ES numerically then gives the alignment factors �
and � .


