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ABSTRACT

Genomic signal processing deals with applying signal processing techniques to se-

quences occurring in life forms, particularly the DNA and RNA sequences. Such

techniques become extremely important in obtaining useful information from the

large sets of data we are presented with, in the form of the human genome. Appli-

cations of some signal processing methods like Fourier transformation and spec-

trograms to DNA strings are studied. We then study the problem of locating

putative p53-binding regions on a DNA sequence. These regions are known to

play an important role in tumor suppression and thus in the prevention of can-

cer. We validate the profile Hidden Markov Model based method for locating the

p53-binding regions and extend the method with a filtering technique based on

the concept of offending bases. Simulation results are presented highlighting the

effectiveness of the proposed technique.
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Chapter 1

Introduction

1.1 Genomic Signal Processing

Genomic signal processing [1] is primarily the processing of Deoxyribonucleic acid

(DNA) sequences, Ribonucleic acid (RNA) sequences, and proteins. A DNA se-

quence is made up of an alphabet of four elements namely A, T, C, and G. These

letters represent the bases Adenine, Thymine, Cytosine and Guanine respectively.

A DNA string contains the genetic information of living organisms. More infor-

mation on DNA, genes and the Genetic code can be found in Appendix A.

Another example of discrete element sequences in life forms is the protein.

Proteins govern a number of functions in living organisms. A protein is a sequence

of amino acids. There are twenty amino acids and hence a protein is a sequence

defined on an alphabet of twenty. The twenty amino acids are denoted by letters

from the English alphabet except B, J,O, U,X, and Z.

It has been shown that [1] [2] we can perform a number of signal processing

operations like Fourier transformation, digital filtering, wavelet transformations,

and Markov modelling on gene sequences. These DSP techniques have important

practical applications and assist in obtaining useful information from these gene

sequences.

In this thesis we study the problem of locating p53-binding regions on a DNA

sequence. p53 is a protein that was first identified in 1979. Its role as a tumor

suppressor was established in 1989 and since then, it has received considerable

attention from the scientific community. Owing to its role as a transcription

factor and a tumor suppressor, the sequences on the DNA that can bind to the

p53 protein have a high likelihood of being in the vicinity of genes that regulate

the cell cycle. Hence a method of finding such genes is to locate DNA sequences

that are p53-binding.



With the completion of the Human Genome Project, vast data are available

regarding the human genome and computational methods are being developed to

analyze this data. One such method is the use of Hidden Markov Models (HMM)

to detect patterns in sequences [10]. Anders Krogh and others have developed a

HMM equivalent of profile analysis for investigating protein families. A similar

method called profile Hidden Markov Models (pHMM) has been used for the

identification of p53-binding regions in [11]. In this thesis we validate the pHMM

method for locating putative p53-binding sequences and extend the method by

filtering sequences with offending bases.

1.2 Contribution of the thesis

• We verify the Discrete Fourier Transform (DFT) technique and the Spec-

trogram technique for locating coding regions on the DNA sequence and

demonstrate their equivalence

• We validate the pHMM method for locating putative p53-binding DNA se-

quences

• We extend the pHMM method by filtering sequences with offending bases

1.3 Thesis Outline

The outline of the thesis is as follows. Chapter 2 presents some of the general

signal processing methods like Fourier transformation and Spectrograms that can

be applied to the study of DNA sequences with some simulation results to illustrate

the methods. In Chapter 3, we describe the p53 protein and its role in tumor

suppression. Chapter 4 presents the problem of locating putative p53-binding

regions in a DNA sequence. The profile Hidden Markov Model approach to this

problem is studied in detail. An extension to this method based on filtering

out sequences with offending bases is then presented. The methods studied are

demonstrated using computer simulations. Chapter 5 presents some concluding

remarks and possible directions of future research.

2



Information regarding DNA, RNA, Genes, and protein synthesis have been

included in Appendix A.
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Chapter 2

Signal Processing on DNA sequences

One of the applications of signal processing techniques to DNA sequences is in the

identification of coding regions on the DNA. These are the regions that encode for

proteins and hence constitute an important part of the human genome. We study

two techniques, the Fourier transform technique [1] and the Spectrogram technique

[2], for the identification of coding regions and demonstrate their equivalence.

2.1 Fourier transformation

Fourier transform techniques have been found to be useful in extracting infor-

mation from DNA sequences [1]. First, let us define indicator sequences for the

bases in DNA. There are four indicator sequences corresponding to the four bases

A, T,G, and C. The indicator sequence corresponding to a particular base indi-

cates the presence or absence of that base at the specified position by a 1 or a

0 respectively. For example, for the DNA sequence ATGTCGTAAGGTCCGT,

xA[n] = 1000000110000000, xT [n] = 0101001000010001 . . .

Let the Discrete Fourier Transform (DFT) of a length-N block of xA[n] as

XA[n], that is

XA[n] =
N−1∑

n=0

xA[n]e−j2πkn/N 0 ≤ k ≤ N − 1

One of the many application of Fourier transform techniques to study DNA

sequences is the identification of protein coding regions in genes, that is, the regions

which can be decoded into proteins. It has been noticed [3] that the protein-coding

regions have a period-3 component because of coding biases in the translation of

codons into amino acids. The period-3 property is not present outside the coding

regions and can be exploited to locate such regions. Thus if N is a multiple of 3,

then



S[k] , |XA[k]|2 + |XT [k]|2 + |XC [k]|2 + |XG[k]|2

should peak at k = N/3. Thus, if we track this value for short windows along

the DNA sequence, we can identify the coding regions depending on the peaks of

S[N/3]. The window length should be long enough, so that the periodicity effect

can be captured above the random variations. But a long window implies more

computations and also poorer resolution.

2.1.1 Simulation Results

The gene F56F11.4 in the C.elegens chromosome III [5] was selected for imple-

menting the above method. This gene is known to have five coding regions. The

simulations were carried out with a shift length of 30 samples between adjacent

windows. The window lengths were varied to see the effect of changing window

length and a Hamming window was used before taking the DFT so as to remove

high frequency noise. Figures 2.1, 2.2, 2.3 show the plots of S[N/3] as a function

of the position along the gene for the following three cases

i Window size 351 samples, with a Hamming window

ii Window size 351 samples, with a rectangular window

iii Window size 651 samples, with a Hamming window

As can be seen from the figures, use of a Hamming window reduces high fre-

quency noise. Also, simulation with longer windows gives less noise, but the peaks

are spread out leading to poorer resolution.

2.2 DNA Spectrograms

Spectrograms visually provide a significant amount of information about signals.

For example, trained observers can figure out the words uttered in voice signals

by simple visual inspection of their spectrograms. Similarly, spectrograms can be

powerful visual tools for DNA sequence analysis [2].
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Figure 2.1: S[N/3] for the gene F56F11.4 in the C.elegans chromosome III with
Window length = 351, Window Type : Hamming Window

Figure 2.2: S[N/3] for the gene F56F11.4 in the C.elegans chromosome III with
Window length = 351, Window Type : Rectangular Window
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Figure 2.3: S[N/3] for the gene F56F11.4 in the C.elegans chromosome III with
Window length = 651, Window Type : Hamming Window

Here we define a spectrogram as a display of the magnitude of the DFT. Since

we can use colour spectrograms, we have a dimensionality of three. Also note that

any three of the four indicator sequences are enough to define the DNA string

since the four indicator sequences should add up to 1 at all positions.

To reduce the dimensionality from four to three in a symmetric manner, we

can adopt the method where each of the four bases is assigned to a vertex of a

regular tetrahedron in space. Thus, the three numerical sequences xr, xg, and

xb can be defined by considering the four 3-D vectors having unit magnitude and

pointing from the centre to the vertices of the tetrahedron. For example, as shown

in Figure 2.4, we can choose A(0,0,1), T(2
√

2/3,0,-1/3), C(-
√

2/3,
√

6/3,-1/3), and

G(-
√

2/3,-
√

6/3,-1/3) as the vertices of the tetrahedron. Then

xr[n] =

√
2

3
(2xT [n] − xC [n] − xG[n])

xg[n] =

√
6

3
(xC [n] − xG[n])

xb[n] =
1

3
(3xA[n] − xT [n] − xC [n] − xG[n])

7



Figure 2.4: A schematic representation of the conversion scheme from the set
{xA[n], xT [n], xG[n], xC [n]} to the set {xr[n], xg[n], xb[n]}

The DNA spectrogram is now obtained by a superposition of the three pri-

mary colours red, green and blue. The intensity of each of these colours is made

proportional to the magnitude of the DFT of the corresponding signal.

2.2.1 Simulation Results

The DNA spectrogram defined in Section 2.2 can also be used for the problem

of identification of protein coding regions in a DNA sequence. If the DFT size

N is an integral multiple of 3, then, owing to the period-3 property mentioned in

Section 2.1, the spectrogram at N/3 should show bright spots corresponding to

the protein coding regions.

We generate the spectrogram for the gene F56F11.4 in the C.elegans chromo-

some III which, as seen in Section 2.1.1, has five coding regions. As with the

earlier method, the window size was 351 samples. This was zero padded with an

equal number of samples before taking FFT so as to improve frequency resolution.

The spectrogram thus obtained is shown in Figure 2.5. The spectrogram of a

random sequence has also been shown in Figure 2.6 for comparison.

8



Figure 2.5: Spectrogram of the gene F56F11.4 in C.elegans chromosome III
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Figure 2.6: Spectrogram of a random sequence
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As we can see in Figure 2.5, at k = N/3, we can see bright spots corresponding

to the protein coding regions. Compare this with the peaks in Figure 2.1. It it

clear that the three peaks in the central portion of Figure 2.1 have translated into

the three bright spots. The other two peaks appear slightly less bright in the

spectrogram but are still discernible.
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Chapter 3

The p53 protein and its role in cancer

suppression

The p53 protein is a transcription factor that regulates cell cycle and hence func-

tions as a tumor suppressor. It prevents proliferation of genome mutation and is

hence referred to as the guardian of the genome

3.1 The p53 protein - Structure

The human p53 protein is 393 amino acids long and consists of three principle

domains as shown in Figure 3.1:

• An N-terminal transcription-activation domain (TAD), which activates tran-

scription factors

• A central DNA-binding core domain (DBD). Contains zinc molecules and

Arginine Amino Acid Residues

• A C-terminal homo-oligomerisation domain (OD). Tetramerization greatly

increases the activity of p53 in vivo

Of these the most important region would be the central DNA-binding core

domain. This is the region that binds to the DNA and activates the synthesis of

proteins necessary for suppressing cancer. Hence mutations that deactivate p53

occur mostly in this region and destroy its ability to bind to target DNA sequences,

thus preventing activation of those genes.

3.2 The p53 protein - Functions

The main function of the p53 protein is cancer suppression. As seen in Section

3.1, it binds to specific sites on the DNA sequences and activates the correspond-



Figure 3.1: A schematic showing the different domains of the p53 protein [18]

ing genes for the synthesis of proteins. These proteins carry out the necessary

functions. Hence p53 controls the cell cycle through these proteins.

p53 maintains cell stability through multiple pathways like :

• Activating DNA repair proteins when DNA has sustained damage

• Holding the cell cycle at the regulation point on DNA damage recognition

so that the DNA repair proteins will have time to fix the damage and the

cell can continue cell cycle

• Initiating apoptosis, the programmed cell death, if DNA damage proves to

be irreparable

In a normal cell, p53 is bound to MDM2, and hence is inactive. DNA dam-

age occurs due to a various reasons like exposure to UV radiation, carcinogenic

chemicals through smoking or DNA damaging drugs. DNA damage is sensed and

causes certain proteins to inhibit MDM2 and this activates the p53 protein. Once

activated, p53 will either induce a cell cycle arrest to allow repair and survival of

the cell or apoptosis to discard the damaged cell. The functioning of p53 is shown

schematically in Figure 3.2

13



Figure 3.2: A schematic showing the function of the p53 protein

3.3 p53 binding sites

As we saw in Section 3.2, the p53 protein binds to certain regions on the DNA

sequence and activates the corresponding genes to synthesize proteins. Such se-

quences of the DNA to which the p53 protein can bind are called p53 binding se-

quences or p53 binding sites. These sequences are usually found in and ”around”

genes which produce proteins which regulate the cell cycle.

The genes containing p53-binding sites are those which play an important role

in cancer suppression. Cancer is caused not only by mutations in the p53 protein.

Cancerous mutations in genes with p53 binding sites can also cause cancer since

the proteins they produce will not be able to regulate the cell cycle.

The p53-binding sequences are known to have lengths varying from 20 base

pairs to 34 base pairs. The first 10 and the last 10 base pairs together form the

p53-binding site template. Insertions up to 14 base pairs are made between these

two regions. The combined physical structure of the binding sequence should be

such that it can bind only to the p53 protein. This imposes certain constraints on

the bases that can constitute the sequence. But the exact form of such constraints

14



is not yet known.

Research in the area of p53 binding sites aims to develop a way of classifying

any given DNA sequence as p53-binding or non p53-binding. The method studied

and presented in this thesis will provide a way by which one can find all the genes

that play an important role in suppressing cancer. This knowledge is very useful

for research in gene therapy which seeks to treat diseases by correcting defective

genes responsible for disease development.
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Chapter 4

Locating putative p53-binding sites in DNA

sequences

4.1 Introduction

As described in Section A.3 proteins are synthesized from genes only when they are

expressed/activated. In the case of genes that regulate cell cycle, this is controlled

by the p53 protein. This protein binds to the DNA sequence and activates the

gene for protein synthesis. The sites on the DNA that the p53 can bind to are

called p53-binding sites.

In this Chapter, we study a method of scoring any given DNA sequence based

on it’s probability of being p53-binding. This will provide a method by which

one can find the genes that play an important role in suppressing cancer. This

knowledge is very useful for research in gene therapy.

4.2 p53-binding DNA sequences

The basic structure of the p53-binding sequences was described in Section 3.3. The

statistical properties of the first ten bases are the same as those of the last ten

bases. Every position in the template has a probability distribution for the base

that can occur at that position. Certain positions are very specific with respect

to the bases that can occur at those positions. For example the fourth (and the

fourteenth) position has a very high probability for the occurrence of the base C.

Certain positions are less specific regarding the bases that can occur.

Hence the problem is to learn the probability distributions for the different

positions using sequences known to be p53-binding and use them to score any

given DNA sequence based on the probability that it is p53-binding. This suggests



the use one of the many machine learning methods available in the literature

[10]. We use a Hidden Markov Model based approach, called the profile Hidden

Markov Model, because of its closeness to the binding sequence model and its

computational efficiency, which is an important criterion given the large amounts

of data that we intend to use it on.

4.3 The Hidden Markov Model - Description

4.3.1 The Markov Model

A Markov Model consists of a set a states each of which is associated with a

particular symbol. The system begins in a particular state depending on a prob-

ability distribution called the initial state distribution. Transitions from one state

to another are controlled by a state transition matrix. When the system is in a

state, it emits the symbol corresponding to that state. The sequence of symbols

thus emitted will be a Markov sequence, i.e

P (On+1|On, On−1, . . . , O1) = P (On+1|On)

where Oi denotes the observation symbol at time instant i.

4.3.2 The Hidden Markov Model

The model described in Section 4.3.1 is constrained because the state sequence

and the sequence of symbols should both be Markov since the difference between

the state and the emitted symbol is only one of notation. Hence this model is

extended to form the Hidden Markov Model (HMM) [4].

A schematic of a simple HMM is shown in Figure 4.1. In addition to the initial

probability vector (denoted by π) and the state transition matrix (denoted by A)

defined above, a HMM consists of an emission probability matrix (denoted by B)

which gives the probability of a particular symbol being emitted in a particular

state. Hence the HMM, denoted by λ, is characterized by the three entities, π,A

17



and, B.

Figure 4.1: Schematic of a simple Hidden Markov Model

To use HMMs, three basic problems need to be solved. They are :

1. Given an observation sequence, how do we adjust the model parameters (λ)

such that the probability of the sequence being emitted by the HMM is max-

imized ?

2. Given an observation sequence and the model, how do we choose a corre-

sponding state sequence which is optimal ?

3. Given an observation sequence, and a HMM, how do we efficiently compute

the probability that the sequence was emitted by the given HMM ?

The first problem is that of training the HMM. We iteratively adjust the param-

eters λ using the Baum Welch or the Expectation Maximization (EM) algorithm

[8]. The second problem attempts to learn the hidden part of the model. If the

states have some physical meaning, then knowing the state sequence can provide

information about the workings of the system. This problem is solved using the

Viterbi’s algorithm [7]. The third problem is that of scoring a given sequence with

18



respect to the model. In the present case, since we are using the HMM to model

p53-binding sequences, the score should indicate the probability of the sequence

being p53-binding. This problem is solved using the forward-backward algorithm

[6].

4.4 The Hidden Markov Model - Algorithms

This section describes the algorithms [4] for solving the problems related to HMMs

that were described in Section 4.3.2. The notations used in this section are as

follows.

N Number of states in the model

qt The state at time instant t

Si The ith element of the set of all states S

Ot The observation symbol at time instant t

vi The ith element of the set of all symbols V

B Observation symbol probability distribution

A Transition probability distribution

π Initial state distribution

λ The HMM, λ = (A,B, π)

bj(k) = P (Ot = vk|qt = Sj)

πi = P (q1 = Si)

aij = P (qt+1 = Sj|qt = Si)

4.4.1 The forward-backward algorithm

The forward-backward algorithm [6] is used to calculate the probability of the ob-

servation sequence O = O1O2 . . . OT given the model λ, i.e, P (O|λ). The straight

forward procedure is computationally expensive and hence we used the forward-

backward approach. Consider the forward variable αt(i) defined as

αt(i) = P (O1O2 . . . Ot, qt = Si|λ)

19



We can solve for αt(i) inductively, as follows

1. Initialization:

α1(i) = πibi(O1) 1 ≤ i ≤ N

2. Induction:

αt+1(j) = {
N∑

i=1

αt(i)aij}bj(Ot+1)
1≤t≤T−1
1≤j≤N

3. Termination:

P (O|λ) =
N∑

i=1

αT (i)

Step 1 is clear from the definition of αt(j). The induction step is the most im-

portant step in the algorithm. The ith term in the summation is P (O1O2 . . . Ot, qt+1 =

Sj, qt = Si|λ) . Hence the result of the summation is P (O1O2 . . . Ot, qt+1 = Sj|λ)

which when multiplied with bj(Ot+1 given αt+1(j). In the termination step, each

αT (i) is equal to P (O, qT = Si|λ). Hence the result.

4.5 The Viterbi Algorithm

The Viterbi algorithm [7] is used to find the optimal state sequence given the

model and the observation sequence, i.e Q = q1q2 . . . qT such that P (Q|O, λ) is

maximized. This is equivalent to maximizing P (Q,O|λ). Define the quantity,

δt(i) = max
q1,q2,...,qt−1

P (q1q2 . . . qt = i, O1O2 . . . Ot|λ)

i.e, δt(i) is the highest score along a single path, at time t, which accounts for the

first t observations and ends in state Si. By induction we have

δt+1(j) = [max
i

δt(i)aij] ¦ bj(Ot+1)

To retrieve the state sequence, we need to keep track of the argument i that

maximizes the above expression. Hence the algorithm for finding the best state

sequence would be as follows
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1. Initialization:

δ1(i) = πibi(O1) 1 ≤ i ≤ Nψ1(i) = 0

2. Induction:

δt+1(j) = max
1≤i≤N

[δt(i)aij]bj(Ot+1)
1≤t≤T−1
1≤j≤N

ψt+1(j) = argmax
1≤i≤N

[δt(i)aij]
1≤t≤T−1
1≤j≤N

3. Termination:

P ∗ = max
1≤i≤N

[δT (i)]

q∗T = argmax
1≤i≤N

[δT (i)]

4. Path trace-back:

q∗t = ψt+1(q
∗
t+1) t = T − 1, T − 2, . . . , 1

The steps above constitute the Viterbi algorithm which has been applied to a

variety of problems. As can be inferred, ψ is the array that stores the index of

the state that maximizes the probability at each step for all paths. Finally in the

back tracking step, the indices for the optimal path are obtained from ψ.

4.6 The Baum Welch Algorithm

The Baum Welch or the Expectation Maximization [8] [13] algorithm solves the

problem of training the HMM. Here we need to adjust the parameters of λ =

(A,B, π) to maximize the probability of the observation sequence given the model.

Since finding λ, to maximize this probability globally is not possible, we try to

choose λ such that P (O|λ) is locally maximized. We need to define two quantities,

β and ξ :

βt(i) = P (Ot+1Ot+2 . . . OT |qt = Si, λ)

βt(i) is called the backward variable. Again βt(i) can be found inductively as

follows:

21



1. Initialization:

βT (i) = 1 1 ≤ i ≤ N

2. Induction:

βt−1(i) =
N∑

j=1

aijbj(Ot)βt(j) t = T, T − 1, . . . , 2, 1 ≤ i ≤ N

Also, ξt(i, j) is the probability of being is state Si at time t and state Sj at

time t + 1 given the model and the observation sequence, i.e,

ξt(i, j) = P (qt = Si, qt+1 = Sj|O, λ)

We can write ξt(i, j) in terms of the forward and the backward variables as:

ξt(i, j) =
αt(i)aijbj(Ot+1)βt+1(j)

P (O|λ)

ξt(i, j) =
αt(i)aijbj(Ot+1)βt+1(j)∑N

i=1

∑N
j=1 αt(i)aijbj(Ot+1)βt+1(j)

Also, define γt(i) as the probability of being in state Si at time t, given the

observation sequence and the model. Hence:

γt(i) =
N∑

j=1

ξt(i, j)

Note that
∑T−1

t=1 γt(i) is the expected number of transitions from Si and
∑T−1

t=1 ξt(i, j)

is the expected number of transitions from state Si to state Sj, where the expec-

tation is over time.

Using the above formulae, we can give a method for re-estimation of the pa-

rameters of the HMM. The set of re-estimation formulas are:

π̂i = γ1(i)

âij =

∑T−1
t=1 ξt(i, j)∑T−1
t=1 γt(i)
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ˆbj(k) =

∑
t=1

Oj=vk

T
γt(j)

∑T
t=1 γt(i)

It has been shown that [13] [12] that either:

1. The initial model λ defines a critical point of the likelihood function, in

which case λ̂ = λ, or

2. The model λ̂ is more likely than the model λ in the sense that P (O|λ̂) >

P (O|λ)

If we iteratively update λ with λ̂, we can improve the probability of O being

observed given the model until some limiting point is reached. It should be noted

that this procedure yields only the local maxima, and in most problems of interest,

the optimization surface is very complex and will have many local maxima [4].

4.7 The profile Hidden Markov Model

4.7.1 Introduction

It was noted in Section 4.3 that HMMs can be used to model sequences whose

internal states are hidden. This is used in modelling various kinds of sequences like

in speech recognition, protein modelling etc. This can be used for modelling p53-

binding sequences as well. However a modification of this called the profile Hidden

Markov Model (pHMM) [11] proves to be beneficial in terms of computational

efficiency and also fits the p53-binding sequence model better.

4.7.2 The pHMM structure

In certain problems like p53-binding sequence modelling, the profile/template of

the sequence is fairly well known. In such cases, one can model the sequences

better by constructing a HMM which resembles the template. For example, based

on the template of the p53-binding sequences as explained in Section 4.2, a pHMM
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to model such sequences is given in Figure 4.2. The system begins at the ’start’

state and terminates at the ’end’ state.

Figure 4.2: A state diagram of a profile Hidden Markov Model [11]

The model has three kinds of states denoted by M , I and D. The states M are

called the match states and corresponding to the 20 base pairs in the template.

Hence there are 20 M states. The states I are called insertion states. They

are used to model insertions between the template symbols. Although it was

mentioned in Section 4.2 that insertions take place only after the 10th template

symbol and before the 11th template symbol, I states are included between each

pair of adjacent template symbols to make the model more general. The D states

are called deletion states and are used to model deletions of the template symbols.

4.7.3 Extending the pHMM Model

The pHMM of Section 4.7.2 can be initialized to a uniform distribution, i.e, the

transition and emission probability distributions are uniform. It is then trained

with sequences known to be p53-binding to update the parameters of the model.

This way we are incorporating statistical information about p53-binding sequences

into the model. But we can improve the results obtained if we make use of other

pieces of information about p53-binding sequences. One such method is to filter

the results obtained based on concept of offending bases.

It has been found that [14] certain bases at certain positions are incompatible

with p53-binding. For example, base A cannot occur at the 7th position on the

template. Such bases are called offending bases. This information can be used to

filter out all sequences that have been detected as p53-binding and have offending
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bases. Note that since we are starting with a uniform model, even if none of the

training sequences has such bases, the emission probabilities will still be finite for

offending bases. Hence the sequences should be filtered after they are obtained

from the pHMM.

4.8 Simulations and Discussions

4.8.1 Training the model

The pHMM model described in Section 4.7.2 was trained with sequences obtained

from the database of the Laboratory of Statistical Genetics at the Rockefeller Uni-

versity [15]. The set of training sequences was divided into 10 sets. The distance

measure (ratio of difference between the lowest positive detection score and the

highest negative detection score to the highest negative detection score) was cal-

culated after every stage of training. Here the lowest positive detection score is

the lowest score that was obtained for a sequence known to be p53-binding and

the highest negative detection score is the highest score obtained for a sequence

known to be non-p53-binding. The distance measure as a function of the number

of training sets used is plotted in Figure 4.3.

4.8.2 Thresholding

The scores (obtained as the ratio of the probability of the sequence being emitted

by this model to the probability of the sequence being emitted by a random model)

for the human gene acinus is shown in Figure 4.4.

As we can see, there are a few peaks in the plot which correspond to p53-

binding sequences. But for classifying any given DNA sequence as p53-binding or

non-p53-binding, we need to define a suitable threshold for the scores obtained,

above which the sequence is declared p53-binding. It should be noted that true

positives and false positives both increase with decreasing threshold. Figure 4.5,

shows the variation of true positives with the threshold. It is clear the the threshold

should appear before the steep part of the curve, i.e, before 5.5. Also, the tolerance
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Figure 4.3: Distance measure as a function of the number of training sets

Figure 4.4: Scores obtained for the gene acinus
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for true negative is much smaller than that for false positive since we would not

want to lose any p53-binding sequences in the first step.

Figure 4.5: The variation of the number of true positives with the threshold

4.8.3 Filtering

As mentioned in Section 4.7.3, filtering of the sequences obtained from the model

can be used to improve results. This is due to a decrease in the number of false

positives after filtering. This is illustrated in Figure 4.6 where the false positives

are plotted as a function of threshold with and without filtering.
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Figure 4.6: The number of false positives before and after filtering as a function
of the threshold
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Chapter 5

Conclusion and Future Work

In this project, problems in Genomics were considered. We studied the various

ways of applying signal processing techniques to obtain useful information from

biological sequences, particularly DNA sequences. The fourier transform tech-

nique and the Spectrogram technique for finding coding regions in a DNA were

demonstrated using computer simulations. We then considered the problem of

locating p53-binding sequences in a gene. The pHMM approach was used to solve

this problem. Computer simulations were used to conduct experiments for train-

ing the model, finding optimum threshold values and to demonstrate the filtering

technique used.

The p53 model discussed can be extended/modified to yield better results. For

example, more filtering techniques can be explored but this would require a study

of the biological literature regarding p53-binding sequences. In the model that

was used, the deletion states were not used since all the sequences were of length

greater than the template length. If the template length is increased, the deletion

states will also be used.

The pHMM model discussed is quite general and can be used for various other

applications one of which is protein modelling. Here pHMMs can be used to

classify proteins based on their family, functions etc [16] [17]



Appendix A

DNA, Genes and the Genetic Code

A.1 Deoxyribonucleic acid (DNA)

DNA is a double stranded molecule as shown in Figure A.1 which is in the form of a

double helix. Between the two strands of the backbone made of sugar-phosphate,

there are pairs of bases Adenine, Guanine, Cytosine and Thymine. There are

about three billion of these bases in a single human cell.

Figure A.1: The DNA double helix structure [1]

An opened up section of a DNA is shown in Figure A.2. The genome sequence

corresponding to this example is AGACTGAA. The ordering is from the 5′ end to

the 3′ end since they are scanned in that direction during the synthesis of amino

acids. In the double stranded DNA, the base A always pairs with the T and the

base C pairs with G. Thus the bottom strand contains no extra information and

mostly only one of the two strands are active in gene expression.



Figure A.2: An opened up section of a DNA sequence [1]

A.2 Genes

A DNA sequence can be separated into two regions namely genes and intergenic

regions. Genes contain information for the generation of proteins. Each gene is

responsible for the synthesis of a particular protein. Even though all the cells in a

particular organism have the same DNA sequence and hence the same set of genes,

only some selected genes are active in a particular family of cells. For example,

the set of genes active in blood cells are different from those that are active in

nerve cells which is reason they perform different functions. This is called gene

expression and is a major topic of research.

Genetic information flows from the DNA to the protein through another set of

molecules called Ribonucleic acids (RNA). These are sequences similar to the DNA

but are single stranded and are made up of bases Adenine, Guanine, Cytosine and

uracil.

The gene is first copied on to a type of RNA called mRNA (messenger-RNA)

and this moves out of the nucleus into the cytoplasm. This is used by a large

molecule called ribosome for the synthesis of the appropriate protein. The trans-

lation from mRNA to protein is aided by molecules called tRNA (transfer-RNA)

which store the genetic code.
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A.3 The Genetic Code

The synthesis of amino acids based on the gene sequence is governed by a universal

code, common to all life. This is called the Genetic Code, identification of which

and associated work was awarded the 1968 Nobel Prize in Physiology or Medicine.

We saw in section A.2 that the DNA sequence is copied on to an mRNA and

transferred out of the cytoplasm. This is called transcription. This is then used

by the ribosomes to synthesize a string of amino acids which constitutes a protein.

The conversion of mRNA into a sequence of amino acids is called translation and

is governed by the Genetic Code. It is a three letter code, meaning that the

bases in the mRNA (and hence the DNA) are divided into groups of 3 adjacent

bases called a codon, each of which stands for a particular amino acid. Since the

alphabet size is 4, there are 64 possible combinations but there are only 20 amino

acids. Hence there exists a lot of redundancy in the system. The 64 codes with

the corresponding amino acids is shown in Figure A.3.

Figure A.3: The Genetic Code [1]

The translation of the codon into an amino acid is physically made possible

by the tRNA molecules. One end of the tRNA molecule matches the specific

codon and the other end attaches to the corresponding amino acid as shown in
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Figure A.4. The ribosomes work in conjunction with the mRNA and the tRNA

to produce the protein. Hence it can be said that the tRNA molecules store the

genetic code.

Figure A.4: A tRNA Molecule [1]
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