ABSTRACT

PONNALA, LALIT Algorithmic Approach for finding Convolutional Code genera-
tors for the Translation Initiation of Escherichia coli K-12. (Under the direction of

Professor Donald L. Bitzer and Professor Winser E. Alexander).

Using error-control coding theory, we parallel the functionality of the translation
of mRNA into amino acids to the decoding of noisy parity streams that have been
encoded using a convolutional code. This enables us to model the ribosome as a table-
based convolution decoder. In this work, we attempt to find plausible convolutional
code generators for the translation initiation of Escherichia coli K-12. We choose
the g-mask from the exposed part of the 16S rRNA. We develop an algorithmic
approach to calculate the generators from the g-mask. We assign plausibility to the
generators based on their ability to produce encoded sequences which exhibit a clear
distinction between the translated and non-translated sequences. We also explore the
construction of g-masks based on binding patterns, and evaluate the performance of

the corresponding generators.
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Chapter 1

Introduction

Since the advent of diverse genome projects, the amount of sequence data has
grown exponentially. With the increased availability of genomic data, the research
emphasis has shifted from sequence compilation techniques to genomic sequence and
system analysis. Research in genetics has had a highly positive impact on many facets
of agriculture and medicine. DNA biotechnology is opening new avenues for research.
It has had a profound influence on identifying the causes of inherited diseases, has
led to the mass production of gene products, and will be the basis for gene therapy.

The topic of genomic sequence analysis has been broken down into several parts,
and methods of communications and signal processing used in electrical engineering
have been applied to understand it [3][19][26]. In this thesis, we attempt to model
the process of translation of genetic sequences that ultimately code for protein. The
specific approach that will be followed in this thesis is that of error-control coding.
Redundancy exists in genomic sequences. Modelling protein synthesis as an informa-

tion processing system allows DNA sequences to be analyzed as messages.

Transfer of biological information can be modelled as a communication channel
with the DNA sequence as the input and the amino acid sequence which forms protein

as the channel output [23]. The genetic translation system (most likely the genetic



system as a whole) permits, if not requires, some degree of error. Therefore it must

provide some method of error detection and error correction.

The DNA encoded message, in its double-helix form, is doubly redundant. Hence,
we could consider un-replicated DNA as a half-rate systematic code, i.e., for each item
(base) there is a corresponding parity item (complementary base). At the nucleic-acid
level, messenger RNA (mRNA) sequences are mapped to amino-acids by grouping
three nucleic acid bases together to form a codon. A codon, or three base nucleic acid
vector, is mapped to a single amino acid information item. This process which occurs
during translation, could be viewed as the decoding of a rate one-third code, i.e., each
amino acid is encoded using three ”parity” items, or it could be viewed as a code of
different (non-systematic) rate depending on how much error detection capability is

assumed to be present.

It is also known that leader regions of the messenger RNA (mRNA), and other
prokaryotic regulatory regions contain consensus sequences which in some way sig-
nal or control translation. Examples are Shine-Dalgarno (SD) sequence in bacterial
mRNA, and the TATA box and the Pribnow box in double helix DNA [1]. Specif-
ically, the SD sequence always occurs before the start codon (usually AUG) of a
translating mRNA sequence in Escherichia coli (E.coli). Our hypothesis is that, if
there is a method in place that checks for the validity of the leader sequence (which
includes SD), the ribosome would somehow have a way of recognizing it. Assuming
there is a validating relationship among the leader sequence bases and/or codons,
and assuming that the ribosome has an exposed region which is in contact with the
mRNA leader for validation purposes, one may conjecture that the leader sequence
may have embedded in it (or may be modeled as) an error detecting code such as a

block code or a convolutional code.

The evidence is quite clear that Shine-Dalgarno type interactions within coding
sequences do in fact affect the efficiency of translation. This work seeks to develop

plausible coding theory-based models for translation initiation in prokaryotes, tak-



ing F.coli as the model organism. Convolutional coding captures the inter-relation
between bases in the encoding process, and is ideal for genetic communication. The
decoding of messenger RNA (mRNA) by the ribosome maps triplets of bases to an
amino acid, since the ribosome moves in steps of three [44]. This is analogous to the
decoding of a rate-1/3 convolutional code. We attempt to find plausible generators

that describe this coding process.

The DNA sequences may be classified into three categories based on their be-
havior: certains or coding sequences, hypothetical coding sequences, and non-coding
sequences. Our hypothesis is that if the generators can retain the properties of the
coding sequences, and that of the non-coding sequences, they can be said to be plau-
sible. This means that when the DNA is encoded using these generators and then
decoded using the genetic g-mask, there should be a clear distinction between the
translated and non-translated sequences. A generator which satisfies this property

can be said to be plausible, and describes the translation process well.

In order to fully understand the implications of the model based on the convo-
lutional coding theory, we need to be able to back-track from the syndrome former
(which appears to be physically expressed as SD sequence in the case of bacteria), to
the codes that actually can produce that syndrome former. In general, this is a many
to one relationship. We would expect that to be the case since the DNA information
engine may employ errors to control translation efficiency and to “lock-in” into the

translation frame [44].

Chapter 2 gives an overview of the state-of-the-art with regard to information-
based models for genomic sequence analysis. Chapter 3 discusses table-driven con-
volutional coding in some detail. Chapter 4 develops the method for finding the
generators of the convolutionally encoded genetic sequence, based on mRNA leader
binding properties. Chapter 5 discusses the results obtained. Chapter 6 summarizes

the research results and concludes the thesis.



Chapter 2

Overview

The central premise of genetics is that genetic information is perpetuated in the
form of nucleic acid sequences but functions once expressed as proteins [1]. Various
investigators have developed models that attempt to capture different information
related aspects of the genetic system. Most of these models are based on the infor-

mation contained in DNA sequences.

In this chapter, the basic understanding of nucleic acids and their relationships to
protein production is outlined. This will be followed by an overview of information
theory based approaches to genetic sequence and system analysis is given. The state
of research with regard to error-correction coding theory methods for evaluating the

genetic translation initiation system is explored.

2.1 A brief overview of Genetics

This section provides a cursory overview of the basic mechanics of protein pro-
duction and supplies the definitions of various terms used in this work. The material

presented here is available in standard texts on molecular genetics [1][2].



2.1.1 The Chemical Structure of Genetic Material

Genes and chromosomes are the fundamental units in the chromosomal theory of
inheritance, which explains the transmission of genetic information controlling pheno-
typic traits. Deoxyribonucleic acid (DNA) found in the chromosomes of all eukaryotes
and most prokaryotes occurs in the form of macromolecules. There are four different
kinds of nucleotides that make up the basic structural units of the DNA molecules.

Variation in the chains of nucleotides generates millions of DNA molecules.

Each nucleotide consists of a nitrogenous base, a phosphate and a sugar group.
The base combines with the deoxyribose sugar to form a nucleoside, which, in turn,
is attached to the phosphate group to produce deoxyribonucleotide. The different

nucleotides in the long chain polymer are linked through phospho-diester linkages.

The nucleotides in a DNA molecule differ in the nature of the nitrogenous base.
The bases are of two types: purines and pyrimidines. Adenine (A) and Guanine (G)
are the purines and Cytosine (C) and Thymine (T) are the pyrimidines. There is
conclusive evidence that genes are segments of DNA, and the DNA molecule formed
by polymerization of the four types of nucleotides can generate all the genetic vari-
ability that exists within and among different species. Watson and Crick proposed the
complementary base-pairing of DNA bases in the duplex structure, and this proved
to be in excellent agreement with the experimental observation of Chargaff on the

composition of DNA molecules.

2.1.2 Replication

Replication is an essential function of the genetic material. Though it is not error-
free, it requires high precision, and an extremely accurate system of DNA replication
has evolved in all organisms. In the case of the human genome, there are about

3 billion base pairs, and even an uncorrected error-rate of 1076 would create 3000



errors during each replication cycle! The phenomenon by which DNA replicates is
called semiconservative replication. Watson and Crick [5] suggested that because of
the arrangement of nitrogenous bases, each DNA strand could serve as a template
for synthesis of its complement. Due to the stability of the hydrogen bonds between
complementary bases, A would attract T, and C would attract G. This would result
in the production of two identical DNA double strands, each containing one “old”
and one “new” strand. The fidelity of synthesis is increased by the action of DNA
polymerases, which detect and excise mismatched nucletides. This process is called

exonuclease proofreading.

2.1.3 Transcription

The first step in gene expression involves the transfer of information present in the
template strand of the DNA into RNA by the process of transcription. This is brought
about by the action of RNA polymerase, which resembles the DNA polymerase ex-
cept in that the nucleotides contain the ribose rather than the deoxyribose forms of
the sugar. Initiation of transcription is dependent on an upstream (5’) DNA region,
called the promoter, that represents the initial binding site for RNA polymerase.
Promoters contain specific sequences, such as the TATA box, that are essential to
polymerase binding. The genes of eukaryotic organisms contain internal nucleotide
sequences that are not expressed in the amino acid sequences of the proteins they
encode. These regions are called introns and those that are retained and expressed
are called erons. The synthesized RNA contains the coded information, and is hence
called the messenger RNA (mRNA). In eukaryotes, the intron regions are removed
before the mature mRNA is translated. In contrast, the genes of prokaryotic organ-

isms do not contain any intron regions.

The mRNA code contains triplets of ribonucleotides, called codons, each specifying
one amino acid. A given amino acid can be specified by more than one codon (for 18

of the 20 amino acids), which makes the code degenerate.



2.1.4 Translation

The final product of gene expression, in almost all instances, is a polypeptide
chain consisting of a linear series of amino acids whose sequence has been prescribed
by the genetic code. Translation is the polymerization of amino acids into polypep-
tide chains. It is a complex energy-requiring process that also depends on transfer
RNA (tRNA) molecules that adapt specific triplet codons in mRNA to their correct
amino acids. The tRNA molecules are first charged under the direction of aminoacyl

tRNA synthetases, and then chemically linked to their respective amino acids.

Since prokaryotes do not have nuclei, translation takes place as soon as mRNA is
created. On the other hand, organisms with nuclei, eukaryotes, ship mRNA outside
the nucleus before producing proteins. The process of translation is best described

by dividing it into three phases: initiation, elongation and termination.

2.1.5 Initiation

This process involves the small subunit of the ribosome (called the 16S rRNA
in prokaryotes), a specific charged initiator tRNA, and a number of proteinaceous
initiation factors (IFs), which are required to enhance binding affinity. In bacteria, the
binding of the ribosome to the mRNA involves a sequence of up to six ribonucleotides
(AGGAGG) which precedes the initial mRNA start codon. This sequence, called
the Shine-Dalgarno sequence, base-pairs with the exposed part of the 16S rRNA,
facilitating initiation. In prokaryotes, the initiation codon of mRNA - AUG - codes
for the modified amino acid formylmethionine (fMet). During initiation, the reading
frame is set, so that all subsequent ribonucleotide triplets are translated accurately.

Once initiation is completed, the IF's are released.



2.1.6 Elongation

This is the second phase of translation. Once the ribosome is assembled with the
mRNA, binding sites are formed for two charged tRNA molecules - the P, or peptidyl
and the A, or aminoacyl site. The charged initiator tRNA binds to the P site, provided
the AUG triplet of the mRNA is in the correct position of the ribosomal subunit. The
second mRNA triplet indicates which charged tRNA molecule will position itself at
the A site. Once it is present, a peptide bond will be formed linking the two amino
acids together. The increase of the polypeptide chain by one amino acid is called
elongation. The uncharged tRNA from the P site is then released, and the entire
mRNA-tRNA complex shifts downstream by a distance of three nucleotides. The
third mRNA triplet is now ready to accept a charged tRNA. The above sequence of
events is repeated over and over, and each time, an additional amino acid is added

to the growing polypeptide chain.

2.1.7 Termination

Termination, the third phase of translation, occurs when one of three codons:
UAG, UAA or UGA, enter the A site. These codons, called stop codons or nonsense
codons, stall protein production since they neither specify an amino acid, or call for
a tRNA in the A site. The polypeptide chain is detached from the tRNA at the P
site, and the ribosome breaks back down into the 30S and 50S subunits.

2.2 Function of coding sequences

Rodolphe and Mathe [6] state that the sequence that codes for a protein cannot
be determined from its function because of the vast amount of degeneracy present in
the genetic code. Coding sequences must satisfy several constraints such as amino
acid requirements, genomic mutational biases, constraints imposed by DNA structure,

translational processes, transcriptional processes, mRNA stability and structure and



the necessary presence of motifs. So, besides neutral polymorphism, genetic code
degeneracy is certainly widely used to satisfy such constraints. Rodolphe and Mathe
used Markov Chain models to show that codon choices are dependent, and this de-
pendence induces preferences different from those induced by all of the transcription
and translation process. They also infer the existence of constraints other than those
related to the transcription and translation process acting on coding sequences ev-

erywhere.

Orlov et al [7], attempted to model genetic text without incorporating any prior
information, thus providing a way of assessing the information measure of the genetic
code. They used variable memory Markov models for the generation of symbols based
on a stationary source. Using the method of tree sources, they studied dependencies of
the symbols upon the preceding context in DNA sequences. They found that, surpris-

ingly, the entropy reduction for DNA sentences due to correlations is only about 1-5%.

Jong [8] states that there is a pressing need to develop formal methods and com-
puter tools for the modelling and simulation of genetic regulatory networks, which
involve interactions between DNA, RNA, proteins and small molecules. The argu-
ment being that since such systems involve several components connected through
interlocking positive and negative feedback loops, an intuitive understanding of their

dynamics is hard to obtain.

Schultz and Yarus [15] contradict the view that the genetic code is “frozen” and
immutable. It was thought to be so because the transformation of codons into lethal
amino acids could terminate an organism. The authors argue that codon reassign-
ment through an intermediary tRNA is more probable than schemes requiring the
disappearance of a codon. This means that all genomic instances of a codon must
be replaced by synonyms or undergo mutation. The authors state that “variation
from the universal genetic code may usually depend on a selected extension of tRNA

coding properties”.
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2.3 DNA Computation

DNA computation involves manipulating a set of DNA strands using certain bio-
operations such as hybridization and denaturation. It is imperative that, for such
operations to be performed efficiently, we have a set of DNA codewords with desir-
able properties. Kari and Konstantinidis [10] deal with the problem of finding sets
of codewords that do not form undesirable bonds with each other. A framework for
DNA computation has been developed based on the theory of formal languages. The
authors have developed a language of codewords that can detect an error occurring

anywhere in a sequence of eight consecutive nucleotides.

According to Marathe [13], designing equi-length words over the DNA alphabet
A, C, G, T that satisfy certain combinatorial constraints can enable efficient DNA
computation. Building on classical results from coding theory, the author calculates
upper and lower bounds on the size of DNA codewords which satisfy the additional
constraint of similar free energy and enthalpy. Large codewords are desirable because
they can store more information. The author emphasizes the need for experimental

work to validate the use of combinatorial constraints in the design of DNA codes.

In this thesis, we lay emphasis on the process of translation initiation. The DNA
sequence is encoded using the “generators” of our model, and the mRNA sequence is
formed. Assuming that the code at the translation-initiation stage is a convolutional
code, a suitable model that represents this code will be found. Since the output of
the translation stage is the coding mRNA sequence, a code that governs this process
must be able to provide a clear distinction between the translated and non-translated
sequences. Our specific task will be to find plausible convolutional code generators

that describe efficiently, the translation initiation process.
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2.4 Information-based Models

In [9], MacDonaill recognizes that the process of replication is one of information
transmission, and informatics plays an important role in shaping the nucleotide alpha-
bet. He approaches the problem of alphabet composition from the perspective of error
control coding theory. Based on a digital representation of hydrogen donor/acceptor
(D/A) patterns, he states that there are a total of 16 possible informationally distinct
nucleotides, using parity-check codes. The nucleotides of the natural alphabet A, U,
C, G belong to a set of even-parity codes, which lends support to the fact that the
natural alphabet is structured as a parity code. He says “Nature’s choice of just
four nucleotides may lie in a requirement for hardware integrity, that is, a measure
of chemical robustness and pattern stability”. Other patterns are eliminated based
on considerations of tautomeric instability of nucleotide structure and vulnerability

to hydrolysis.

Houen [16] observes that RNA is translated into proteins by ribonucleoproteins,
while proteins influence other information processing steps such as DNA replication,
transcription and protein folding. From this, it can be inferred that “the evolution
of DNA as an information storage medium was a secondary event, unrelated to the

evolution of the genetic code.”

Yockey [18] compares the genetic logic system to a Turing machine, with the DNA
as the input tape. The genetic message is recorded, and the system moves through
the “internal states” tRNA, mRNA and synthetases. The proteins specified by the

genetic message are analogous to the output tape.

The Central Dogma, according to Yockey, states that the information may be
transferred from DNA to DNA, DNA to mRNA, and mRNA to protein. There are
three transfers of information that the Central Dogma prohibits: from protein to
protein, protein to DNA and protein to mRNA. The Central Dogma indicates a uni-

directional flow of information from DNA to protein. In fact, the genetic code does
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have a Central Dogma since the source (DNA) and receiver (protein) have different
entropies. There is information loss in the conversion from mRNA, which is made up

of an alphabet of 64 letters, to the protein which has 20 alphabets.

Yockey states that Shannon’s conditional entropy is the proper measure of ge-
netic noise, and that information content or complexity of proteins can be measured
by the mutual entropy of the protein sequence. He explains that the reduction of
redundancy present in DNA during its conversion to protein, and the redundancy
present in the protein sequence could allow more than one genetic message to be
encoded in one reading frame of the single-stranded DNA. Thus, overlapping genes
illustrate the use of all the information present in the DNA sequence to record genetic
messages. The genetic code is instantaneously decodable and optimal, in the coding

theory sense. It makes the most optimal use of its alphabet, namely, the 4 nucleotides.

Yockey also explains the phenomenon of aging using error-control coding. He cites
the case of the organism coelacanth, which has preserved its morphology for 4 x 108
years, to illustrate that the protein synthesis process is highly accurate. Chemical
mutagens, UV rays and X-rays cause errors in DNA replication, but many of these
errors are removed by “repair” enzymes. The overall error rate in DNA ranges from
1077 to 107'2. It is shown, based on approximate calculations of the error frequency
that the protein generating system can tolerate, that simplest organisms must have

had high error-protection.

Yockey states that genetic noise occurs due to two factors: mischarged tRNA
moelcules, and single base interchanges. Using the communication analogy, he pos-
tulates that as time goes by, some sources forget the original “sense” codewords and
use codewords less protected from noise. This is similar to the effect of mutations

that create less protected, yet functionally equivalent amino acids.
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2.5 Error Correcting Codes in Genomics

Battail [12] says that error-correction coding needs to be incorporated in Dawkin’s
model of evolution, and suggests nested encoding (where information is encoded sev-
eral times over) as a plausible coding scheme. The author observes that the extremely
small error rate of genome replication seems impossible in the absence of some form of
error-correction, since molecules are vulnerable to thermal noise and degradation on
account of cosmic rays and natural radioactivity. According to the author, organisms
that have a short genome replicate very fast, and this serves the purpose of keeping
their genetic information intact in the absence of error-correction coding. In contrast,
eukaryotes have longer genomes and protect themselves against aging by means of

error-correction coding, in spite of low replication speed.

Leibovitch [17] tries to find if there is an error-correcting block code structure
in the DNA. He specifically explores the possibility of an (n,n-1) code, i.e., a code
in which there is ONE parity bit which is expressed as a linear combination of the
information bits. The DNA bases are mapped to a finite field of 4 elements, and a

Gaussian reduction method to solve for the coefficients z; that make up the equation

a1r1 + asTy + ... + apr, =0 (mod 4) (2.1)

where a; are the DNA bases. By dividing the DNA sequence of the cytochrome-c gene
into consecutive base-strings of length 3 to 8, solutions to the above equation were
computed. Non-trivial solutions were found in a very small number of cases, which
led to the conclusion that the DNA sequence is devoid of a linear block-coding struc-
ture. The author urges the research community to analyze DNA as a language, and

suggests the possibility of more complex error-correcting codes being present in DNA.

Rosen [11] asks the question: “Is DNA a code in the information theoretic sense?”,
and investigates redundancy in the coding structure of DNA using parity check codes.

The algorithm used modifies the vector search method using a subspace partitioning
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algorithm, which is a general technique for detecting redundancy in a linear code.
Based on the results obtained, Rosen concludes that there is no underlying code in
the DNA, but attributes any fallacies to the difference in mutation rates between the
coding and non-coding regions. In other words, the same code may not be present
throughout the genome, and may vary depending on the function of the particular
region. The author also states that, from a coding perspective, intron regions (in

eukaryotes) may contain important error-control information.

Arques [14] identified three subsets of nucleotide triplets that can be used to re-
cover the reading frame of a coding sequence. These codes are called circular codes
and have favorable properties such as complementarity, circular permutation, rarity
and concatenation. By excluding the three codons having similar nucleotide composi-
tion, the author divided the remaining 60 codons into 20 classes of three each so that,
in each class, the three codons are deduced from each other by circular permutations.
Almost all autocorrelation functions applied in the protein genes of prokaryotes and

eukaryotes have a modulo 3 periodicity.

Viewing protein synthesis as an information-processing system allows nucleotide
sequences to be analyzed as messages [23]. May et al.’s model [24] defines a genetic
channel as the DNA replication, transcription and translation process during which
errors may be introduced, detected and possibly corrected. Figure 2.1 depicts May

et al.’s initial coding theory view of translation initiation.

The transfer of biological information can be modelled as a communication chan-
nel, with the DNA sequence as input, and the polypeptide amino acid sequence as
the output. As in error-protected information channels, redundancy occurs within
genomic sequences. The DNA encoded message, in its double-helix form, is doubly
redundant. Hence, we could consider un-replicated DNA as a half-rate systematic
code, i.e., for each item (base) there is a corresponding parity item (complementary
base). At the nucleic-acid level, messenger RNA (mRNA) sequences are mapped to

amino-acids by grouping three nucleic acid bases together to form a codon. A codon,
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Figure 2.1: Initial Coding theory view of Genetics.

or three base nucleic acid vector, is mapped to a single amino acid information item.
This process which occurs during translation, could be viewed as the decoding of a
rate one-third code, i.e., each amino acid is encoded using three “parity” items, or it
could be viewed as a code of different (non-systematic) rate depending on how much

error detection capability is assumed to be present.

May et al.’s initial communication view of the genetic system [24] has been mod-
ified as follows: (1) The replication process represents the error-introducing channel;
(2) Assuming a nested genetic encoder, the genetic decoding process occurs over three
levels: transcription, translation initiation, and translation elongation plus termina-

tion. Figure 2.2 depicts our final coding theory view of translation initiation.

May et al.’s hypothesis is that if the redundancy, or extra information, contained
in the genetic sequence is used to protect the organism against errors, then it would
be feasible to use principles of error control coding theory to interpret the genetic
translation initiation mechanism [45]. If the hypothesis is realizable then there may

exist a valid set of table-based, convolutional, error-control codes that:
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e Have decoding masks (gmasks) that are similar to the 3’ end of the 16S rRNA

e Have decoding masks which identify key sites on the mRNA leader (5’ untrans-

lated) region that are involved in translation initiation

e Have decoding masks that can be used to detect valid and invalid initiation

sites.
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Chapter 3

Convolutional Codes

This chapter explains the fundamentals of convolutional codes, and their appli-
cation to genomics. The material on convolutional coding can be found in coding
theory texts [32][33], while the material on table-driven techniques may be found in

[34[35][36][37).

3.1 Error control coding

There are two basic types of codes: block and convolutional. Block codes inde-
pendently encode fixed length blocks of information. Convolutional codes differ from
block codes in that each encoding operation depends on current as well as a number
of past information bits. This number is known as the constraint length of the code.
It is desirable to have large constraint lengths (or block lengths) for efficient encoding.
However, the decoder complexity increases in proportion to the constraint (or block)

length.

Codes can also be categorized as error-detecting and error-correcting codes. Both

block codes and convolutional codes can be used as error-detecting or error-correcting
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Figure 3.1: A concatenated coding system.

codes. Further, both block and convolutional codes can be designed to have simulta-
neous error-detecting and correcting capabilities. Yet another coding technique using
multiple encoding and decoding stages was proposed by Forney [38], and is known as
concatenated coding. The general model of a concatenated coding system is shown in

Figure 3.1.

The genetic coding system may be modelled as a concatenated code. Assum-
ing a nested genetic encoder, the genetic decoding process occurs over three levels:

transcription, translation initiation, and translation elongation plus termination.

3.2 Convolutional Coding

We will now illustrate with an example, how a convolutional code works. We will
assume that binary data is being encoded. Consider the circuit shown in Figure 3.2.
The square boxes are the delay elements (or memory elements), and the circles are
modulo-2 adders. The information sequence u is shifted in from the left one bit at
a time, and two encoded sequences vV and v(® are the outputs of the modulo-2
adders.

Thus, at time unit 4, the current information bit is u;, the contents of the two

delay elements are u; 1 and w;_o, respectively, and the two outputs are v; M and ;®.
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Figure 3.2: A convolutional encoder.

The first output v;(M is the modulo-2 sum of u; and w;_,, while the second output v;?
is the modulo-2 sum of u;, u;_1 and u;_s. The sequence of encoded bits is multiplexed

and transmitted over the channel.

In general, at time i, a block of k£ information bits is shifted in and a block of
n encoded bits is generated. The encoded block at time ¢ depends not only on the
information block at time ¢ but also on m previous information blocks. Thus, a con-

volutional encoder requires memory. The encoder above has encoding rate R = k/n.

A message to be sent over the communication channel can be viewed as a se-
quence of discrete source symbols and is called an information sequence. It is input
to a channel encoder, and the output of the encoder is called the encoded sequence
(or the codeword). The set of encoded sequences corresponding to all possible infor-
mation sequences drawn from a specific alphabet is called a channel code. Channel
coding should, at the very least, allow the possibility of recovering (or decoding)
the original information unambiguously from the received sequence in the absence of
channel noise. That is, a one-to-one correspondence must exist between the sets of

information and encoded sequences.
A few formal definitions related to convolutional codes will now be given [33].

Definition 1. An (n,k) convolutional code C' over a finite field F' is a k-dimensional

subspace of n-dimensional vector space F((D))".
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Definition 2. An encoder is a k x n convolutional encoder over F if the mapping
F*((D)) — F*((D)) realized by the encoder can be represented by V(D) = U (D)G (D),

where G (D) is a k x n matriz of rank k with entries in the subset F[D] of F((D)).

Definition 3. Let C be an (n,k) convolutional code. Then its dual code C* is an
(n-k)-dimensional subspace of F((D))* consisting of all sequences V(D) orthogonal
to all encoded sequences V(D) € C.

The dual code C* is itself an (n,n-k) convolutional code. It is generated by any
rate-(n-k) /n encoder H(D) such that G (D)H” (D)=0. The matrix H(D) is called the
parity-check matriz of the code C. An algorithm to determine H (D), given G (D), is

discussed later in this chapter.

Definition 4. The n-input, (n-k)-output linear sequential circuit whose transfer func-
tion matriz is H' (D) is called a syndrome-former, and has the property that V (D)H” (D)=0
if and only if V(D) € C.

That is, when the n outputs of an encoder or generator G (D) are connected to
the n inputs of the corresponding syndrome-former H? (D), the n-k outputs of the

syndrome-former are zero for all time.

Let R(D) be the received sequence when the codeword V(D) is transmitted over a
channel. The sequence R(D) € F((D))" may be different from the transmitted code-
word V (D) since the channel may introduce errors. Let E(D) be the error sequence.
Then,

R(D)=V(D)+E(D) (3.1)
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Definition 5. The syndrome vector S(D) is defined as

S(D) = R(D)H" (D) (3.2)

3.3 Decoding of Convolutional Codes

Various algorithms are available for decoding convolutional codes. The Viterbi
algorithm has received considerable attention [39][40]. This algorithm is maximum-
likelihood and optimum for the decoding of convolutional codes. A difficulty with
Viterbi decoding is the fixed amount of computation always required per decoder
information block for a given code constraint length, and that this effort grows expo-
nentially with the code constraint length. Under low noise conditions, a more flexible

(adaptive) algorithm may be desirable.

Sequential decoding represents an alternative procedure [32][41]. The perfor-
mance of sequential decoding is slightly less than optimal, but the decoding effort is
basically independent of the code constraint length, so large constraint lengths can
be used, and very low error probabilities can be achieved. An algebraic approach
called majority-logic or threshold decoding can also be applied to convolutional codes
[32][42]. Majority-logic decoding differs from Viterbi and sequential decoding in the
fact that the error detection process is data-independent, and that the final deci-
sion in an information block is based only on one constraint length of the received
blocks rather than on the entire received sequence. Because of the latter, majority-
logic decoding usually results in inferior performance when compared with Viterbi or
sequential decoding where the correction decisions are made based on at least five

constraint lengths.

In all three approaches, some of the more important design parameters are the

code constraint length which heavily determines the ability to detect errors, the coding
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Base Numeric Symbol
Adenine (A) 1
Guanine (G) 2
Cytosine (C) 3
Thymine (T) 4

Table 3.1: Mapping of DNA base-pairs

rate, i.e. the applied information redundancy, and the number of receiver quantization
levels which can provide further enhancement such as weighting of each bit change

by the signal-to-noise ratio for that bit, i.e. soft decision [43].

An ideal decoder would have performance approaching maximum-likelihood, but
would have hardware complexity and speed comparable to a majority logic decoder.

Table-driven decoding is one approach that provides such a combination.

3.4 Table-driven encoding and decoding

In the above sections, the concepts of convolutional encoding and decoding have
been illustrated. It has been assumed that the source alphabet is binary. But it is
possible that the source alphabet could belong to any finite field. A finite field is a
field with a finite field order (i.e., number of elements), also called a Galois field. The
order of a finite field is always a prime or a power of a prime. For the purpose of our
genetic computations, we map the DNA bases to a field of five elements as shown in

Table 3.1. So all the arithmetic related to coding must be performed in GF(5).

We will now explain the table-driven coding technique using an example based on
rate-1/2 non-systematic codes. However, the technique can be used with any coding
rate and with both systematic and non-systematic codes, although the performance
is superior when non-systematic codes are used. A rate k/n convolutional code will
have n generators, each of which operate on L input symbols at a time. The length

L, which is also the length of each generator, is called the constraint length. The
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Iteration No.of data elements No.of encoded elements

0 L n

1 L+k n+n
2 L+2k n+2n
j L+jk n+jn

Table 3.2: One-to-one mapping in table-driven coding

encoded data is also referred to as parity.

The table-driven decoding method is based on the existence of a one-to-one map-
ping of a set of encoded elements and a set of data elements. Though the encoded
elements are generated at a rate different from the data rate in rate-k/n coding, it
is possible to find a relationship between the two which involves the same number of

elements.

Consider the production of the encoded symbols during rate-k/n coding with
constraint length L, as shown in Table 3.2. The first L. data symbols produce n
parity symbols. Each additional data symbol produces n more encoded bits. A
necessary condition for the one-to-one mapping is that the number of data symbols
and encoded symbols be the same. By requiring the number of data and encoded

symbols in the j** iteration to be equal, and solving for j, we have

L+ jk=n+jn (3.3)

j=(L=n)/(n—k) (3.4)
A parameter called the window length w is defined as
w=L+jk=n(L—-Fk)/(n—k) (3.5)

Therefore, w data and encoded symbols are needed for uniquely resolving a mes-
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sage encoded with code of length L, and w symbols must be taken at a time for it
to be possible to have a one-to-one mapping. The method of calculating the parity

sequence will now be illustrated with an example, for a rate-1/2 code, L = 3.

Let the generators be
g1 = [1 2 4} .

and

g2= |13 2|

Let the input information be

u:[OOllOZOO].

Each generator is applied on the input data, and the encoded symbols are calcu-

lated as follows.

1 2 4
0O 0 1
vo=01x0)4+(2x0)+(4x1) mod—5 = 4 (3.6)
1 3 2
0O 0 1
v=>1x04+Bx0)+(2x1) mod—5 = 2 (3.7)

Next, the generators are moved by k (in this case k = 1) positions to the right,

and the procedure is repeated.
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v=>1x04+2x1)+(4x1) mod—5 = 1 (3.8)

n=01x0+BxD+2x1) mod—5 = 0 (3.9)

Repeating this procedure till the end of the data sequence, we get the following
parity stream:

v:[4210...4122].

The syndrome-former, or g-mask enables one to check if the received parity stream
is correct or not. The g-mask is and-ed with the received parity bits and the result is
summed modulo-5, giving the syndrome. The procedure is repeated after shifting the
g-mask n positions along the parity stream. A correct g-mask would yield a syndrome
of all zeros when applied over the received sequence, provided the received sequence

has no errors.

The g-mask can be calculated from the generator coefficients using an algorithmic
approach. The procedure will now be explained using the generators for the rate-1/2,

L = 3 code. We now denote the generators as

g = [951) g gél)}

and

g® = [99 g% 982)}

The set of generators can also be described by the generator matriz, which contains

the individual generators row-wise.
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1 1 1
G L_[gé) g gé)]
nx -

g g P

We first choose a data vector u with an element 1 in a unique position as shown

below. Note that the number of leading and trailing zeros should be sufficiently large.

u:[000010000

By applying the generators on the data sequence, we get the following parity

sequence:

vl 0 g o o P g P 0 ]

The g-mask a (or syndrome-former) has 6 elements for the present code.

T
a = |:CLO a; Qg Qas Qa4 Cl5]

When the g-mask is applied over the correct parity elements, shifting appropriately
each time, a syndrome of all zeros should result. We obtain the following equations

when we apply the g-mask over the parity vector v

gél)a4 + 962)a5 = O (310)
gél)aQ + g((f)ag + gil)a4 + g§2)a4 =0 (3.11)
oM ao + 98 ar + gV as + 9P ag + g8 ay + ¢ a5 = 0 (3.12)

9Wag + gPar + gMay + ¢8Pas = 0 (3.13)
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(1) (2)

gs "Qo -+ gs a1 = 0 (314)

The above equations may be re-arranged in matrix form by defining a matrix C

as follows

0 0 0 0 gV g

0 0 g g gV ¥

1 2 1 2 1 2
Clusmyxsn = |57 o2 g ¢ g ¢

R S S

g’ ¢ 0 0 0 0

The g-mask is related to C as follows

Ca=0 (3.15)

Invertibility of C guarantees that the code is non-catastrophic [37].

Using the example generators for the rate-1/2 code and solving (3.15), we get the

set of possible g-masks to be

T
a1:[143321]

T
a2=[231142]

T
a3:[324413]

T
a4:[412234]

There are four g-masks since we are dealing with elements in GF(5). The all-zero
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g-mask is excluded, since it is a trivial solution. Only one of the g-masks is “unique”
and the others are just its multiples. When the elements of a; are multiplied (modulo-
5) by 2, we obtain the elements of ay. When the elements of a; are multiplied by 3

and 4, we get the elements of as and a, respectively.

In the absence of any errors, it can be verified that the syndrome is all zero.
The above g-masks when applied over the parity sequence v, shifting by n (here, 2)

positions each time, gives a syndrome of zero at every location.
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Chapter 4

Algorithm for finding Generators

As stated previously, the transfer of biological information can be modelled as a
communication channel, with the DNA sequence as input and the polypeptide amino
acid sequence as the output. As in error-protected information channels, redundancy
occurs within genomic sequences. The DNA encoded message, in its double-helix
form, is doubly redundant. Hence, we could consider un-replicated DNA as a half-
rate systematic code, i.e., for each item (base) there is a corresponding parity item
(complementary base). At the nucleic-acid level, messenger RNA (mRNA) sequences
are mapped to amino-acids by grouping three nucleic acid bases together to form a

codon.

A codon, or three base nucleic acid vector, is mapped to a single amino acid
information item. This process which occurs during translation, could be viewed as
the decoding of a rate one-third code, i.e., each amino acid is encoded using three
“parity” items. We assume that the mRNA has been encoded as a rate 1/3 code
with constraint length L. = 5. This assumption is the same as in previous work [45],
but the method of constructing the model differs. In this work, we have developed

an algorithmic approach for finding the generators of a convolutional code when the
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g-mask (syndrome former) is known. This approach will be illustrated in this chapter

with an example.

4.1 Theoretical Basis

It is also known that leader regions of the messenger RNA (mRNA), and other
prokaryotic regulatory regions contain consensus sequences which in some way signal
or control translation. Examples are the Shine-Dalgarno (SD) sequence in bacterial
mRNA, and the TATA box and the Pribnow box in double helix DNA [1]. Specif-
ically, the SD sequence always occurs before the start codon (usually AUG) of a
translating mRNA sequence in E.coli. Our hypothesis is that, if there is a method
in place that checks for the validity of the leader sequence (which includes SD), the
ribosome would somehow have a way of recognizing it. Assuming there is a validating
relationship among the leader sequence bases and/or codons, and assuming that the
ribosome has an exposed region which is in contact with the mRNA leader for val-
idation purposes, one may conjecture that the leader sequence may have embedded
in it (or may be modelled as) an error detecting code such as a block code or a con-
volutional code. In Escherichia coli (E.coli), the exposed part of the 16S ribosomal
RNA (rRNA) binds with the mRNA leader sequence during the initiation of transla-
tion. The same exposed part appears to remain in contact with mRNA (in addition

to P and A sites and possibly other ribosomal regions) during the translation process.

The specific form of coding theory we apply in the present analysis is called table-
driven convolutional coding. A brief overview of this theory has been covered in
Chapter 3. The mathematics of coding is carried out over a finite field, also referred
to as Galois Field (GF), using a set of discrete source symbols [32]. Since Uracil (U)
replaces Thymine (T) in messenger RNA, the mRNA bases are mapped to the field
of five, as shown in the Table 4.1.

This calls for arithmetic operations such as addition and multiplication to be
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Base Numeric Symbol
Inosine (I) 0
Adenine (A) 1
Guanine (G) 2
Cytosine (C) 3
Uracil (U) 4

Table 4.1: Mapping of bases to GF(5) elements

carried out in GF(5). The assignment of numerical values to the nucleotides is con-
sistent with the bonding characteristics of the base pairs. In digital communication
theory, checking the validity of an encoded message corresponds to matching of the
message, piecewise, to a syndrome former (a sequence of symbols also known as the
g-mask). A correct message is expected to yield zero syndrome when matched against
the syndrome former. The syndrome former symbols (which will be the same symbols
used to encode the sequence, A, U, G, C and I in our case) are “multiplied” (in this
case base five) with the corresponding portion of the encoded sequence, and these
products are then “added” (base five) to form one symbol of the syndrome. The syn-
drome former is then moved downstream by a code-specific distance and the process
is repeated. If the resulting syndrome is zero, the message is assumed to be error-free.
However, the syndrome can contain any of the five operational symbols. Also, it must
be noted that if the number of “errors” exceeds the error-detecting capability of the
code, the message may be flagged as correct even when it is not. It is interesting to
note that this reminds us very much of what happens in the case of cancers where an

erroneous genetic code is allowed to translate.

It has been stated that constructing the g-mask is one of the primary challenges
of table-based decoding, as applied to genetic coding systems [27]. A good g-mask
which gives nearly zero-syndrome patterns at appropriate locations along the mRNA

leader sequence will prove to be a viable tool for calculating the generators.

In previous research [26][27], the g-mask has been constructed from the exposed

part of the 16S rRNA. A plausible distinction between the syndrome patterns for



32

Gmask length = 6
0.075 T

T
—#— Certains
— — Hypotheticals
—— Non-translated

0.07 q

0.065

frequency

0.06 -

0.055]

30

position

Figure 4.1: Syndrome patterns obtained using g-mask

translated and non-translated sequences has been obtained. This has led us to believe

that the convolutional code is an acceptable coding paradigm for genetic sequences.

We will now demonstrate the validity of the convolutional code hypothesis by
considering a rate 1/2 code with constraint length I = 3. This is similar to May
et al.’s previous work [27]. As per the rules of table-driven coding, this code must
have a g-mask of length 6. The results of sliding a g-mask of length 6, chosen from
the exposed part of the 16S ribosome, over the mRNA leader sequences are shown in

Figure 4.1.

The genetic g-mask is formed from subsets of contiguous bases on the exposed
part of the 16S rRNA. There are 8 possible g-masks of length 6 that can be formed
from the 13-base long exposed part. Each g-mask is applied on three different sets
of sequences: “certains” or translated sequences, “hypotheticals” or hypothetically-
translated sequences and non-translated sequences. At every position, we measure
how well a g-mask decodes the leader sequence at that position by calculating the

syndrome at that position for all participating sequences (1000 in our case). Then we
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consider groups of adjacent syndrome values as a “distance pattern” [27]. Finally, at
each position, we find the most frequent “distance pattern” and compute its relative
frequency. If the pattern were truly random we might expect that relative frequency
to be around 0.04. In Figure 4.1, relative frequency is shown on the vertical axis.
The larger the frequency, the more the g-mask favors the sequence. The horizontal
axis indicates position in the mRNA leader sequence, with zero corresponding to the
location of the first base of the start codon (usually AUG). A clear peak is observed
around position zero in the translated and hypothetically-translated sequences, the
peak being more prominent in the former case. This indicates that the convolu-
tional coding model may have the ability to distinguish between the three types of
sequences. The results do differ from previous work [27] since we find the frequency
of syndrome symbol pairs obtained from all the g-masks at each position. In order
to fully understand the implications of the model based on the convolutional coding
theory, we need to be able to back-track from the syndrome former (which can be
chosen complementary to the SD sequence in the case of bacteria), to the codes that

actually can produce that syndrome former.

In general, this is a many to one relationship. We would expect that to be the case
since the DNA information engine may employ errors to control translation efficiency
and to “lock-in” into the translation frame [44]. We do assume that in the present
study, the most important feature of a good code is its ability to distinguish the
translated sequences from the hypothetical and non-translated sequences. Genetic
algorithms have been used with considerable success in constructing convolutional
code models for translation initiation [45]. The optimal codes possess the following
features: high similarity of the g-mask to the 3’ end of the 16S rRNA, ability of
the g-mask to recognize key regions on the mRNA leader such as the non-random
and the Shine-Dalgarno domains, and potential to detect valid and invalid leader
sequences. The genetic algorithms-based method searches the space of all possible
codes of a given description, to find optimal generators. In this work, instead of using

search-based methods, we apply analytical methods to find good generators.
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4.2 Method of finding generators from g-mask

We now describe a numerical algorithm for finding the generators of a convolu-
tional code, when the g-mask is known. The algorithm is based on concepts of matrix
theory and linear algebra, and is computationally simple. The syndrome former and

the generators of a convolutional code have the following relationship:

Ca=0 (4.1)

C is the matrix containing the generator coefficients, and a is the g-mask. An
example of forming the above equation is described in the previous chapter. For a
catastrophic code generator, C is not invertible [37]. This serves as a test for catas-
trophicity, and will hence be referred to as the “rank test”. If r = k/n is the rate of

the code, and L is the length of each generator, number of generator coefficients is
(nL).

When the coefficients of the g-mask a are known, equations (3.10)-(3.14) may be

re-arranged in the form

Ac=0 (4.2)

The matrix A contains elements of the g-mask.

0 0 ag 0 0 a
0 g as 0 a; as
Awib)x(win) = |ao as as ay az as
as ag 0 ag as O

Qg 0 0 as 0 0

The vector ¢ contains the generator coefficients.

1 1 1 2 2 2
L A
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Given the g-mask coefficients, (4.2) may be solved to find the generator coef-
ficients. This gives us an elegant way to find the generators of the convolutional

coding system, when the g-mask is known.

For the rate-1/2 code discussed in the previous chapter and the g-mask a;, the A

matrix is

s

I
R T=
oS = w N O
T B S SO O
B W = o o
o o B W =

0
1
3
4
0

Solving (4.2) using this matrix yields the set of four possible generators

3 1 2]
G1:

3 4 1]

[1 2 4]
G, =

1 3 2]

(4 3 1]
Gs =

4 2 3]

(9 4 3]
G, =

_2 4_

The set of generators which we used to find the g-mask are in Gy. There is always
a one-to-one correspondence between the generators and the g-mask. A “good” g-
mask would give strongly correlated patterns of zero-syndrome when applied over the
portions of the leader sequence that distinguish coding from non-coding sequences.

Techniques for constructing optimal g-masks will be illustrated in the next chapter.
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Chapter 5

Results

In this chapter, the results of this research will be presented. Two important
methods for constructing the genetic g-mask will be discussed. The generators of the
convolutional code model will be calculated using these g-masks. The coding theory
model states that the generators encode the genetic information. We assume that
the DNA represents the “correct” genetic information. The phenomena of replication
and transcription explain the action of encoding the genetic information, and produce
mRNA as the output.

We will investigate the plausibility of each generator by encoding the DNA se-
quences using them, and decoding using the appropriate set of g-masks.

The most plausible generators will be able to produce encoded sequences which,
when decoded, would yield a clear distinction between the translated and non-translated

sequences.

5.1 G-mask from 16S ribosome

One method of obtaining the g-mask is from contiguous locations on the exposed

part of the 16S ribosomal RNA. This in fact corresponds to reality, since the rRNA
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binds to the mRNA leader sequences during translation initiation. The plausibility

of using such g-masks has been demonstrated previously [26][27].

The E.coli K-12 strand [47] is used as a model organism to analyze our coding

model. The length of the g-mask for a rate 1/3 code, L= 5, is

gmlen =9

The exposed part of the 16S rRNA that is involved in binding is of length

lexpl6S = 13

So the number of g-masks is given by

numgmask = lexpl6S — gmlen + 1

In this case, the number of possible g-masks that can be formed are 13-9+1 = 5.
There are two g-masks in a rate 1/3 code, so we choose all possible pairs of g-masks

from the available five sequences of length nine.

There is one caveat here! All the possible g-masks cannot be inverted to obtain
the generators. In order to find the generator coefficients c, the matrix A should be
reducible into row-echelon form. In this case, it is found that all the g-masks are

invertible. We calculate one non-catastrophic generator from each g-mask pair.

The following procedure illustrates the approach:

e Form a list of g-masks from consecutive locations of the exposed part of the 16S
ribosome. Use pairs of g-masks in the computations, since the rate 1/3 code

has 2 g-masks.

e Test whether the matrix A is invertible in each case. Select only those g-masks
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which can be inverted to calculate the generators.

e For each g-mask pair that can be inverted, form a set of possible generators.

Test each generator for non-catastrophicity.

e (Calculate one non-catastrophic generator from each g-mask pair. This gives the

set of generators to be used in encoding the DNA sequence.

The entire genome of E.coli has 4288 protein-coding genes [46]. The E.coli genome
[47] consists of sequences which are denoted as CDS. This means that the particular
sequence referred to is, hypothetically, a coding sequence. Out of a total of 4288
sequences which are denoted CDS, only 1172 are known to code for protein [44].
These certain sequences are first extracted and stored in a file. A list of certain
coding sequences in E.coli is given in the appendix. The remaining CDS sequences,
i.e. hypotheticals are also stored in a separate file. The genome is parsed to find
other sequences which possess a start codon (AUG) but are not denoted as CDS.
These non-coding sequences are also stored separately. Out of the 1172 certain cod-
ing sequences, the first 1000 are chosen to construct our model. Correspondingly,
the number of hypotheticals and non-coding sequences is chosen to be 1000, and the
length of each sequence is 60, centered around the start codon. The base A of the

AUG start-codon triplet is assigned position 0.

With this data available, the encoding of the DNA sequences is performed us-
ing the calculated generators. Table-driven encoding is used to obtain the encoded
sequences [34]. The decoding of these sequences is performed using the g-masks ex-
tracted from the exposed part of the ribosome. There are five g-masks in this case,
and all of them are used in decoding the obtained mRNA sequences.

The results of decoding are given in Figure 5.1, Figure 5.2, Figure 5.3, Figure 5.4,
Figure 5.5, Figure 5.6, Figure 5.7, Figure 5.8, Figure 5.9 and Figure 5.10. The x-axis
shows the position of the base on the mRNA leader sequence (-30 to +29).

At each position, the syndrome distance obtained from decoding using the g-mask

is calculated. There are totally 20 syndrome distances in the mRNA leader sequence
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of length 60, since the g-mask moves in steps of n = 3. Each of the 1000 sequences are
decoded using each g-mask. The coding sequences have tandem repeats such as the
Shine-Dalgarno sequence a few bases upstream of the start codon. This causes the
syndrome distance values to be identical in this range, since they are decoded with
the same g-mask. The maximum frequency of 2-symbol distance patterns will show a
prominent peak in this range. Two-symbol syndrome patterns obtained at each posi-
tion from all the decoded sequences are used in finding the fequency. The y-axis shows

the maximum frequency of 2-symbol syndrome distance patterns [27] at each position.

We observe that there is a marked distinction in the graph around zero, which
is to be expected, based on the biology of the system. The coding sequences have a

higher value of maximum frequencies than the non-coding sequences.

5.2 Constructing G-mask from binding patterns

We will now illustrate a method of calculating the g-mask based on binding pat-
terns between the ribosome and the exposed mRNA leader sequences. A true test
of a g-mask’s goodness is its ability to distinguish the coding from the non-coding
sequences. In coding theory, we consider zero syndrome as an indicator of correctness.
This means that the g-mask which produces consistent patterns of zero syndrome for

the coding sequences would be considered an ideal g-mask.

The theory of binding patterns has been presented in [44] [45]. The basic idea
is that coding sequences can be identified from the way in which they bind to the
mRNA leader sequences. The sequences which possess high complementarity to the
3’ end of the exposed part of the 16S rRNA have a higher probability of coding for
protein. This is because greater binding energy is released if there are consecutive

bonds between the ribosome and the mRNA leader.
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It is known, from an analysis of binding patterns, that the largest difference be-
tween the consecutive binding patterns between coding and non-coding sequences
occurs at position -14 [45]. We first find a list of sequences having strong binding
patterns in this region. These are the most certain coding sequences. We choose the
g-mask to be complementary to the mRNA leader sequence, centered around posi-
tion -14. We then apply these g-masks on the other coding sequences, and find five

g-masks that give the least overall syndrome.

The following procedure illustrates the method of finding the g-mask based on
binding patterns:

e Select certain coding sequences from the FE.coli genome. For each sequence,

find the position-wise binding vectors.

e In each binding vector, denote the presence of an exact complement as 1, and

absence as 0.

e Calculate the maximum number of consecutive ones in each binding vector.
Sum this number, say M1 over all positions along the coding sequence. Select
the sequences having the highest values of this sum. These can be characterized

as most favorable sequences for binding with the exposed part of the ribosome.

e Choose the g-mask to be complementary to the coding sequence, centered
around position -14. The hypothesis is that this g-mask would surely indi-
cate, by means of the low syndrome values, that the corresponding sequence is

a certain coding sequence.

e Apply the chosen set of g-masks on another set of coding sequences, and find
the syndrome at each location. Sum the overall syndrome per sequence. Choose

a fixed number of g-masks which give least overall syndrome.

Each of these g-masks is now used to calculate the generators of the correspond-

ing rate 1/3 code. The results of decoding the mRNA leaders using these g-masks



46

Gmask length = 9

0.08

T
—— Certains
— — Hypotheticals
0.075 — Non-translated 4

0.07

0.065

o
o
>

frequency
o
o
a
a

o

o

a
I

' I
1Ny
0.045 \
\ /\\/\ \ i\
\ ! \
0.04 /
\/\MN }r / \
\// \N/Y\ ]
’ \\}r
\

0.035

0.03 1 1 1 1 1 1 1
-20 -15 -10 -5 0 5 10 15 20

position in parity stream

Figure 5.11: Decoding the generator; sequences: binding patterns

are presented in Figure 5.11, Figure 5.12, Figure 5.13, Figure 5.14, Figure 5.15, Fig-
ure 5.16, Figure 5.17.

In accordance with our predictions, the generators of the convolutional code model
show a clear distinction between translated and non-translated sequences. We will
now evaluate the fitness of each generator based on its ability to distinguish between
translated, hypothetically translated and non-translated sequences. The best g-mask
does not necessarily produce an all-zero syndrome. This leads to the generators being
non-ideal in most of the cases. We therefore need a different metric to evaluate the

performance of the generators.

The metric we compute is the ratio of average frequencies in the range -10 to
+10 along the mRNA leader, since this is where we observe the greatest distinction
between the translated and non-translated sequences. This ratio can be taken as a
measure in evaluating the fitness of each generator. We define two metrics, Fitnessl
and Fitness2, to evaluate the plausibility of each generator. A higher value of both

these parameters indicates greater plausibility of the generator.
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Let us denote

fet = querage frequency of certain coding sequences

fiwp — querage frequency of hypothetical coding sequences

faet = querage frequency of mnon — coding sequences

Fitnessl = feert [ fhop

Fitness2 = feert ] fron
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(5.3)

(5.4)

(5.5)

Based on these metrics, the fitness graphs shown in Figure 5.18, Figure 5.19 are

obtained.

The hypotheticals have an average frequency which is close to that of the certains,

since the value of Fitness1 is close to 1. A higher value of Fitness2 indicates that the

generator is good, since such a generator would clearly distinguish the coding regions

from the non-coding regions. In this regard, among the generators calculated from

the exposed part of the 16S shown in Figure 5.18, Generator;y can be considered the

best, since it has a reasonably high value of Fitnessl and the highest Fitness2 value.

In the case of generators calculated from binding patterns, as shown in Figure 5.19,

we follow a similar procedure for evaluation of fitness. Generator, may be considered

the best in this case, since it has the highest value of Fitness2 and a reasonably high

value of Fitnessl.
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Chapter 6

Summary and Conclusions

We will now discuss the significance of the results presented in the previous chap-

ter. To start with, let us analyze the method of calculating the generators.

Using the g-masks from the exposed part of the ribosome, or calculating them
from binding patterns makes the method computationally less intensive. Several pos-
sible generators can be computed and their fitness or plausibility can be measured

easily using our method.

For the analysis presented, we have used 1000 sequences in each category, i.e.,
a 1000 certain coding sequences, a 1000 hypothetical coding sequences, and a 1000
non-coding sequences.

The main research contributions presented in this thesis are:

e A method to find effective gemetic g-masks based on the theory of binding

patterns.

e An efficient method to algebraically calculate the generators of the convolutional

code of desired rate from the g-mask

e Development of metrics to evaluate the efficiency of the calculated generators
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The fitness plots in figures Figure 5.18 and Figure 5.19 show that the generators
calculated from the exposed part of the 16S ribosome have a smaller variance than
those calculated based on binding patterns. This shows that generators calculated

from the exposed part of the ribosome perfom better.

A sequence-based model for prokaryotic translation initiation has been presented
using the theory of convolutional codes. We have devised a novel method for finding
the generators of the convolutional code model, using table-based coding techniques.
The performance of each generator has been evaluated based on its ability to produce
a clear distinction between translated, hypothetically-translated and non-translated

sequences.

In this thesis, we attempted to find plausible convolutional code models based on
the interactions at the translation initiation stage. We assume that the code is one-
dimensional and has a fixed rate and constraint length. Future work in this direction
would be to investigate the concatenated coding approach, and develop appropriate
coding models for each step of the genetic coding process. Coding models may also
be used to predict secondary and tertiary structure of proteins, based on their one-
dimensional sequences. It would be interesting to construct coding models in higher

dimensions for this purpose.
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