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American University of Sharjah, 2010 

ABSTRACT 

The human genome sequence, consisting of approximately three billion bases, 

was decoded in the last decade as a result of the Human Genome Project. Information 

derived from the genomic sequences of different species is expected to contribute 

massively to advances in various fields, such as medicine, forensics and agriculture. 

The ability to decipher the genetic material is of huge importance to researchers trying 

to improve the diagnosis of genetic diseases, improve drug design to target specific 

genes, detect bacteria that may pollute air or water, explore species ancestry, etc. The 

impact of DNA sequencing in various fields has created a need to efficiently automate 

the mapping of signals obtained from sequencing machines to their corresponding 

sequence of bases, a process referred to as DNA base-calling. 

This thesis attempts to solve the problem of base-calling by using pattern 

recognition, the act of classifying raw data based on prior or statistical information 

extracted from the data into various classes. In this thesis, two new frameworks are 

proposed using Artificial Neural Networks (ANN) and Polynomial Classifiers (PC) to 

model electropherogram traces. Data is obtained from the Sorenson Molecular 

Genealogy Foundation (SMGF) and the National Center for Biotechnology 

Information (NCBI) trace archive. Pre-processing, which includes de-correlation, de- 

convolution and normalization, needs to be implemented to minimize or eliminate 

data imperfections that are primarily attributed to the nature of chemical reactions
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involved in DNA sequencing. Discriminative features that characterize chromatogram 

traces are subsequently extracted and subjected to the classifiers to categorize the 

events to their respective classes: A, C, T or G. The models are trained such that they 

are not restricted to the type of organism the chromatogram belongs to or to the 

chemistry involved in obtaining the chromatogram. 

 The base-calling accuracy achieved is compared with the existing standards, 

PHRED and ABI KB base-caller in terms of deletion, insertion and substitution 

errors. Experimental evidence indicates that the models implemented achieve a higher 

base-calling accuracy when compared to PHRED and a comparable performance 

when compared to ABI. The results obtained demonstrate the potential of the 

proposed models for efficient and accurate DNA base-calling. 
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CHAPTER   1 

INTRODUCTION 

 

Until the last decade, the entire human genome sequence was not known. A 

massive research over the last few years resulted in deciphering the three billion 

constituents of the human genome. It is believed that significant future scientific 

achievements will be related to the analysis of the vast amount of information that is 

enclosed in the human genome, and genomics of other organisms. The impact of 

DNA sequencing in diverse areas, such as medicine and agriculture, has created a 

need to efficiently automate the mapping of sequencing signals, referred to as 

electropherograms, to their corresponding sequence of bases, a process known as 

base-calling. Figure 1.1 illustrates a portion of an electropherogram consisting of four 

sequencing signals corresponding to each of the four bases contained in a DNA 

signal: Adenine (A), Cytosine (C), Thymine (T) and Guanine (G). Base-calling 

involves translating Figure  1.1 to a string of A, T, C and G sequence - 

GTCTTTTGTTGTCTACCAACAA. 
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Figure  1.1.  A sample electropherogram. 
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Prior to explaining the method adopted to solve the problem of base-calling, it 

is important to understand the structure and functionality of a DNA molecule. Section 

1.1 of this chapter describes the shape, constituents and significance of a DNA 

molecule. A brief overview of DNA sequencing is then provided in section 1.2. The 

motivation and the importance of base-calling is presented in the following section. 

Section 1.4 proceeds to discuss the objectives of this research and highlights the 

contributions achieved in this thesis. Finally, the organization of the thesis is outlined 

in section 1.5. 

 

1.1 What is DNA? 

The very basic unit of every living organism’s genome is a single DNA 

molecule which contains all the information needed for building and maintaining its 

existence. The DNA is found in each cell in the form of paired chromosomes. A 

typical human cell contains 23 pairs of chromosomes and each chromosome consists 

of a large number of genes which represents the basic unit of heredity.  

DNA stands for Deoxyribonucleic Acid. It is mostly located in the cell 

nucleus, hence referred to as the nuclear DNA. A sequence made up of four chemical 

bases: Adenine (A), Guanine (G), Cytosine (C) and Thymine (T) represent the coded 

information stored inside a DNA molecule (Figure  1.2). Homo sapiens genomic 

sequence code consists of about three billion bases that is unique to each individual. 

By learning how to decode this sequence, researchers hope to learn more about how 

to treat of genetic diseases, trace ancestry and solve crimes.   

A DNA molecule has a double helical structure consisting of two intertwined 

chains made up of complementary nucleotide strands. Each nucleotide consists of a 

phosphate group, a deoxyribose sugar molecule and one of the four nitrogenous bases: 

A, G, C or T. Consecutive nucleotide chains are held together by bonds between the 

sugar molecule of one nucleotide and the phosphate group of the successive 

nucleotide. The repeated nucleotide units, hence, form the backbone of the DNA 

molecule. The two intertwined chains are then held together by weak hydrogen bonds 

formed between bases on the complementary nucleotides chains, such that A bonds 

with T while C pairs up with G, stabilizing the DNA molecule. The ends of the DNA 
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Figure  1.2. DNA’s Four Bases: Adenine, Guanine, Cytosine and Thymine [1].  

 

strands are known as the Five Prime (5’) and the Three Prime (3’) ends. The 5’ end 

refers to the end of the strand which terminates with a phosphate group while the 3’ 

end terminates the strand with a hydroxyl group. It should be noted that all the 

information held by one DNA strand is duplicated in the second strand since the two 

DNA helical strands are complementary to each other. Figure  1.3 illustrates the 

double-helical structure of a DNA molecule and the formation of base pairs between 

the complementary nucleotide strands. Notice that three hydrogen bonds are needed to 

form a GC pair, while A and T require only two hydrogen bonds to form a base-pair. 

Hence, DNA molecules having a larger number of GC base-pairs than AT pairs are 

more stable due to the stronger interactions between the DNA’s complementary 

strands. Thus, to break the hydrogen bonds and obtain single DNA strands, a DNA 

molecule consisting of a larger number of GC pairs should be exposed to very high 

temperatures than a molecule with lower amount of GC pairs. Figure  1.4 shows the 

formation of base pairs between A and T and between C and G [2]. 
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Figure  1.3. Double Helical Structure of a DNA molecule [3]. 

 

 

 
Figure  1.4. Base Pairing between G and C, A and T [4]. 



1. INTRODUCTION DNA Sequencing 

1.2 DNA Sequencing 

DNA sequencing is the process of determining the ordered sequence of 

nucleotide bases in a DNA molecule. To determine the function of specific genes in a 

chromosome, the sequence of nucleotides that forms a gene is decoded using DNA 

sequencing. Knowledge of DNA sequences can be used for biological research and in 

applied fields such as DNA forensics and evolutionary studies. 

DNA sequencing went through several phases of development prior to the 

advancement of rapid sequencing methods. In 1976, Maxam and Gilbert developed a 

sequencing method based on chemical modification of the DNA molecule which 

breaks a terminally labeled DNA template partially at each base. The reaction of 

Dimethyl Sulphate, piperidine, formic acid, hydrazine and sodium chloride 

individually or in combinations causes the cleavage of the four bases. The lengths of 

the labeled fragments then identify the positions of each base. Maxam and Gilbert’s 

technique allowed the sequencing of at least 100 bases from the point of labeling [5]. 

The most widely used technique for DNA sequencing is the Chain 

Termination method, also known as the Sanger method. The underlying principle 

behind the Sanger method is the separation of DNA molecules, differing in length by 

only a single nucleotide, into distinct bands by electrophoresis. The sequencing 

operation consists of the following steps: 

1. A DNA strand is decomposed into smaller fragments using restriction 

enzymes.  

2. The DNA fragments are then amplified using the Polymerase Chain Reaction 

(PCR) technique generating many copies of the DNA sequence. PCR consists 

of three main temperature changes (Figure  1.5): 

a) Denaturation Step: To break the hydrogen bonds between the base-pairs in 

the complementary DNA strands, the DNA template is heated to a 

temperature above 90 ºC resulting in two single DNA strands. 

b) Annealing Step: Large amount of primers are then added to the DNA 

single strands and the whole setup is allowed to cool to 50-60 ºC so that 

the DNA strands form hydrogen bonds with the primers due to their avail- 

5 
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Figure  1.5: The different steps in PCR [6]. 

 

ability in excess.   

c) Primer Extension: The setup is then heated to a temperature between 60-

70 ºC and the DNA polymerase is added which binds to the primers and 

starts adding complementary bases to form a growing chain (i.e. on 

reading a G on the template strand, the polymerase adds a C and so on). 

Elongation of the DNA template, hence, occurs in the direction that the 
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primer faces and results in the production of a new double-stranded PCR 

product [7]. 

3. The single strand DNA template to be sequenced is divided into four separate 

sequencing reactions, each containing a primer attached to one end of the 

single strand DNA molecule. The primer serves as a starting point for DNA 

replication. To each reaction, all four of the standard deoxynucleotides (dATP, 

dGTP, dCTP, and dTTP) and a DNA polymerase are added. The DNA 

polymerase is capable of adding free nucleotides to the 3’ end of the newly 

forming DNA strand causing elongation of the new strand in the 5’-3’ 

direction. To each sequencing reaction, only one of the four di-

deoxynucleotides (ddATP, ddGTP, ddCTP, and ddTTP) are added to be used 

as chain terminating nucleotides since they lack a hydroxyl group needed for 

bonding with the successive nucleotide. Hence, the di-deoxynucelotides 

terminates DNA strand elongation and results in various DNA fragments of 

different lengths [8]. 

4. Hence, the amplified DNA synthesizes DNA chains having the same start 

point but of varying lengths. Each of these synthesized DNA chains are 

terminated with one of four different radioactive fluorescent dyes (or marked 

with the fluorescent dye at the primer end) based on the terminating base in 

the chain. 

5. Electrophoresis is then performed on the synthesized DNA fragments in 

which an electric field is used to separate DNA samples of different lengths. 

Electrophoresis is of two types: 

a) Gel Electrophoresis: DNA fragments are separated by size as they move 

through a gel matrix. In this technique, a slab of material called agarose is 

placed in a conducting buffer solution and is connected to positive and 

negative electrodes. The phosphate groups contained in the DNA molecule 

carry negatively charged oxygen resulting in an overall negatively charged 

DNA molecule. Hence, by turning on the power supply, the DNA 

molecules move at different rates, based on their radius, to the positive end 

(anode). Since the DNA stands differ by only one nucleotide in length and 

each strand is terminated using labeled fluorescent  

7 
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Figure  1.6: Gel Electrophoresis [9]. 

 

dyes each synthesized DNA strand reaches the anode at a different time. 

Thus, using the terminal fluorescent nucleotide, the DNA sequence can be 

recognized (Figure  1.6). 

(b) Capillary Electrophoresis: It consists of a sample vial, a source vial, a 

destination vial, a high voltage power supply, an ultraviolet detector, 

electrodes and a capillary tube with an optical viewing window (Figure 

 1.7). Each of the source vial, destination vial and the capillary are filled 

with an aqueous buffer solution and the optical viewing window is aligned 

with the ultraviolet detector. Electrophoresis starts by placing one end of 

the capillary in the sample vial, which is filled with the DNA fragments to 

be sequenced, and then in the source vial. By applying a high voltage 

power supply to the cathode and the anode electrodes, an electric field is 

created which results in an electromotive force causing the analytes to 

migrate from the source to the destination at different rates. The analytes, 

hence, get separated and reach the destination vial at different times 

allowing for their detection. The detector system consists of a laser and a 

8 
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Figure  1.7: Capillary Electrophoresis System [10]. 

 

Either capillary electrophoresis or gel electrophoresis is performed on the 

synthesized DNA strands. The electrophoretic data output produced by the chain 

termination DNA sequencing method is then analyzed and DNA base-calling is 

performed. DNA base-calling is the process of identifying the ordered sequence of 

nucleotides by analyzing the electropherograms (Figure  1.1) obtained from 

electrophoresis. Figure  1.8 shows the main steps involved in the Sanger Method for 

DNA sequencing followed by gel electrophoresis in which the fragments are 

separated by size.  

DNA sequencing via the chain termination method is more efficient than 

Maxam and Gilbert’s method. Lower amounts of radioactive and toxic chemicals are 

needed in the chain termination method making it more appealing. However, it can 

only sequence short DNA fragments (300-1000 bases) in a single reaction. Hence, 

large scale sequencing methods were introduced which aim at sequencing long DNA 

fragments, such as whole chromosomes. Large DNA fragments are typically 

decomposed using restriction enzymes and the fragments are then cloned into a DNA 

vector inside the DNA of a virus or any other living organism. The organism is then  
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Figure  1.8: Chain Termination Main Steps for DNA Sequencing [11]. 

 

allowed to replicate itself, hence replicating the inserted DNA to produce large 

amounts of the DNA fragment. Short DNA fragments are then individually sequenced 

and assembled into one long sequence. 

 

1.3 Motivation 

The basic blueprint for a living organism is its DNA sequence. Information 

derived from the genomic sequence is likely to contribute enormously to medical 

advances such as more accurate diagnosis of genetic diseases, improved drug design 

to target specific genes causing certain diseases and gene therapy by replacement of 

defective genes. The ability to decode the genetic material is very important to 

researchers trying to improve the resistance of crops to parasites, detect bacteria that 

may pollute air or water, determine pedigree for seed or livestock breeds, explore 

species origin and ancestry, determine the cause of migration of different populations 

and various other evolutionary studies. DNA sequencing also has potential benefits in 

applied fields such as DNA forensics in which crime suspects can be identified by 

matching their DNA with evidence left at crime scenes, establish paternity, and 

identify crime and catastrophe victims. 

10 
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1.4 Thesis Objectives and Contributions 

Designing a highly efficient system for analyzing chromatogram traces 

obtained from the electrophoresis process would have widespread benefits both in 

biological researches and in applied fields such as DNA forensics. In this thesis, the 

last part of the whole DNA sequencing process will be focused on: base-calling. It is 

the process of translating electropherograms obtained from sequencing machines to an 

ordered sequence of letters representing the bases that compose the processed DNA 

samples. Currently available base-calling software suffer from at least one of the 

following limitations: 

1. Ability of a base-caller to process chromatogram traces obtained from 

different sequencing technologies.  

2. Ability to process efficiently long read lengths. 

3. Minimum computational cost and time in base-calling. 

4. Lack of theory supporting the principles upon which the base-calling 

software is built. 

5. Fully automated and high performance software. 

The main goal of this thesis is to design a robust and automated base-calling system 

that: 

1. Adopts a pattern recognition approach to solve the problem. 

2. Is not restricted to specific sequencing machines or chemistry. 

3. Is not affected significantly in its performance by the noise inherent in the 

electropherograms.  

In this thesis we developed a novel base caller utilizing two classifier models: 

Artificial Neural Network (ANNs) and Polynomial Classifiers (PCs) to achieve the 

previously mentioned objectives.  We used data obtained from the Sorenson 

Molecular Genealogy Foundation (SMGF, Salt Lake City, Utah, USA) and from the 

National Center for Biotechnology Information (NCBI, Bethesda, Maryland, USA) 

trace archive to train, validate and test our pattern recognition models. The system 

was designed such that it is not restricted to one specific chemistry or sequencing 
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technology. The raw data was then subjected to the following series of operations 

before the DNA sequence is obtained: 

1. Pre-processing: The pre-processing stage is designed to handle raw data 

produced by different sequencing technologies. It includes color correction by 

de-correlation, peak sharpening by de-convolution and resolve dynamic decay 

by windowed normalization.  

2. Feature Extraction: Discriminative signal characteristics are identified to 

represent the patterns in the electropherograms. Features extracted are the 

positive gradient, amplitude and negative gradient of each sample point in the 

four base-signals. 

3.  Classification: Artificial Neural Networks (ANNs) and Polynomial Classifiers 

(PCs) are implemented as base-classifiers. Using the results obtained on 

subjecting the features extracted from the pre-processed data to each of the 

classifiers, base-call decisions are made and the overall performance of the 

classifier is determined.  

The overall performance of the ANN and PC base-calling software proved to be better 

than that of the widely used PHRED base-caller and comparable to that of the ABI 

KB base-caller.  

 

1.5 Thesis Outline 

This thesis consists of six chapters which are organized as follows: 

 

Chapter 2: Literature Review 

Before the contributions of this work can be presented, a thorough literature 

review of DNA base identification algorithms is required. Chapter 2 describes the 

research carried out in this area in terms of pattern recognition models and overall 

efficiencies achieved. ABI and PHRED base-calling software are also introduced as 

they represent the most widely used DNA base-calling software both commercially 

and academically.  
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Chapter 3: Pattern Recognition 

In this chapter, the general pattern recognition framework is explained to help 

the reader grasp the essence of the fundamentals upon which the thesis is built. The 

basic operations of the two classifiers implemented in this research are also described.  

 

Chapter 4: Data Acquisition, Pre-processing and Feature Extraction 

The source, properties and categorization of the data used for training and 

testing the classifier models are discussed in this chapter. Pre-processing the 

electropherograms conditions the signals for base-calling and involves color 

correction, peak sharpening and normalization. The chapter is then concluded by a 

discussion of the invariant features extracted from the traces to represent the inherent 

patterns.  

 

Chapter 5: DNA Base-calling as a Pattern Recognition Problem 

The DNA base-calling problem is tackled in this chapter from the pattern 

recognition point of view. The ANNs and PCs designed topologies are presented and 

the post-processing of the scores obtained on subjecting the classifiers to novel data is 

explained. The results acquired in terms of deletion, insertion and substitution errors 

are illustrated and analyzed. 

 

Chapter 6: Conclusions and Future Work 

In the last chapter of the thesis, a summary of the research findings is 

presented and future research work is suggested.  
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CHAPTER   2 

LITERATURE REVIEW 

 

In this chapter, the related work in the area of base-calling is discussed.  It is 

divided into two parts. Section 2.1 summarizes some of the methods adopted for the 

determination of DNA sequences while section 2.2 presents the two most widely used 

base-calling softwares: PHRED and ABI.   

 

2.1 Proposed Base-Calling Methods 

Giddings et al. [12] proposed an object oriented modular algorithm for the 

determination of DNA sequences. The system initially consists of a pre-processing 

stage which comprises of noise filtering using a dual Gaussian band pass filter, 

manual mobility shift correction, normalization and baseline correction. The base-

calling involved identifying the peaks in the trace files for all four bases, determining 

the peaks that are most probable to represent a base by assigning a confidence value 

to each peak based on the peaks features: height, spacing and width. Peaks with low 

confidence values are discarded. The resulting sequence undergoes post processing 

which involves inserting bases in appropriate locations where no bases were called 

due to low signal strength and decreased resolution. Although Giddings et al.'s 

approach takes the advantage of object oriented programming techniques for 

modularity and extensibility, the proposed process is not automated for users who do 

not have enough background in the area. 
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In 1996, Berno [13] introduced a graph theoretic approach to perform base-

calling by proposing an algorithm designed to be applicable to data from novel 

instruments. The approach initialized by low-pass filtering the data to remove the 

noise, followed by channel separation to eliminate crosstalk between the four 

channels. Berno then performed mobility shift corrections caused by the variance in 

the fluorescent tags weight attached to the bases. It was then followed by baseline 

removal and de-convolution to solve the problem of overlapping bases. A scoring 

function was then used to assess the confidence of occurrence of each peak and the 

sequence of peaks with the maximum score then selected for base-calling. On testing 

the algorithm, Berno observed that the system generated less insertion and mismatch 

errors compared to the ABI (Applied Biosystems Incorporated) sequencing software. 

However, it produced double the deletion errors than that of the ABI software. 

Although the proposed solution has a higher overall error rate, the proposed algorithm 

was observed to require no human intervention and requires minimal configuration 

for different sequencing conditions.  

An automated base-calling algorithm called the Maximum Likelihood base-

caller was presented by Brady et al. in 2000 [14]. The algorithm involved pre-

processing as an initial step that consists of a soft caller and a hard caller. The soft 

caller is used to compute a set of tentative call amplitudes and their locations for each 

base producing a set of soft calls. The hard caller combines the tentative calls for all 

four bases and produces the final sequence estimate using a computationally 

expensive dynamic programming approach. On testing the proposed algorithm on 125 

experimental datasets, the base-caller resulted in a 40% fewer errors than the ABI 

software (version 2.1.1), and its performance was observed to be comparable to that 

of the PHRED (Phil’s Read Editor) base-caller.  

M. Pereira et al. [15] proposed a statistical learning approach to solve the 

problem of DNA sequencing that enables the usage of prior knowledge to increase the 

accuracy of base-calling. The proposed solution used the Bayesian Expectation 

Maximization (EM) algorithm to perform base-calling. The pre-processing stage 

mainly included de-correlation, background subtraction and normalization. The 

feature vector (peaks, valleys and zero crossings) was then obtained from the pre-

processed data. These features are used to segment the data into events which are 

fully characterized by four parameters: start-point, end-point, peak location and peak 
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height. The results obtained using the proposed approach was compared to ABI 

(version 2.1.1) and PHRED algorithms and was observed to have a comparatively 

lower error rate.  

An online Bayesian model for DNA sequencing was proposed by N. Haan and 

S. Godsill [16-17]. Using the Bayesian algorithm, the random nature of the DNA 

sequence was represented and the Monte Carlo Methods were adopted to perform the 

required filtering and model selection parameters. On testing the proposed algorithm 

and comparing its performance with that of the PHRED base-caller, it was observed 

that the Bayesian model was more accurate since PHRED does not model the peak 

shape and it uses a deterministic peak detection scheme making it more prone to base-

calling errors.  

In 2004, Boufounos et al. [18] presented several Hidden Markov Models to 

solve the problem of DNA base-calling.  The state emission densities are modeled 

using Artificial Neural Network (ANN) and the overall model is trained using a 

modified Baum Welch re-estimation algorithm. The model used the rise, the apex and 

the fall of the corresponding peaks in the electropherogram to represent each state, 

and the trained model then used the Viterbi algorithm to perform base-calling. 

Although an HMM base-caller was found to perform better than the PHRED 

sequencing software in terms of insertions and substitutions, a significant number of 

deletion errors was observed using the base-caller. One main advantage of this model 

is that it does not assume a particular peak shape at the cost of requiring some initial 

training. 

Thornley et al. [19] introduced a method to perform base-calling using 

machine learning by exploiting variation in peak heights. Thornley et al. proposed that 

difference in peak heights represents novel information which can be utilized for 

base-calling. The pre-processing stage involved carrying out skyline normalization 

and identifying the high quality regions of the traces. The data were then segmented 

and feature extraction was carried out. The feature vector consisted of bases, peak 

heights, peak height ratios, and peak spacing. The various features were then passed 

through neural network and classification tree classifiers, singly and in ensembles. 

The results obtained were found to be promising with lower error rates. 
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In 2006, Eltoukhy et al. [20] proposed to perform DNA base-calling by using 

Sequencing-by-synthesis methods such as Pyrosequencing. Given a test sequence and 

the expected noisy output DNA sequence, they proposed to determine the system 

parameters by finding the DNA sequence that minimizes the probability of decoding 

error. The pre-processing stage consisted of baseline correction and normalization. 

Iterative partial maximum likelihood sequence detection (MLSD) was applied to five 

pyrosequencing datasets. Of the two longest datasets, a total of 170 out of 208 bases 

and 205 out of 224 bases were observed to be correctly decoded while the other 

shorter datasets resulted in no errors on base-calling. Thus, the proposed algorithm 

has the advantage of being capable of recognizing more than 300 bases. 

Liang et al. [21] introduced a Bayesian model for DNA base-calling using 

Hidden Markov Models (HMM). Markov Chain Monte Carlo Method (MCMC) is 

used to encode the prior biological knowledge into the base-calling algorithm and 

modeling the system using the training data. Liang et al. used the rise, apex, fall and 

the buffer state between bases to represent each individual state and the MCMC 

algorithm was then used to perform base-calling. On comparing the results of the 

proposed model with that of PHRED and Expectation Maximization (EM) base-

callers, the Bayesian base-caller outperformed the other sequencing models and 

resulted in a lower total error rate compared to the other statistical base-callers.  

Another approach to perform DNA base-calling was proposed by Thornely et 

al. [22] using Neuro-fuzzy classifiers. A Self-Adaptive Neuro-Fuzzy Inference 

System (SANFIS) classifier was chosen as a Neuro-fuzzy network due to its 

immunity from the problem of dimensionality. The classifier consisted of two stages. 

Initially, using four SANFIS classifiers, bases were attempted to be recognized. In 

case of failure to call a base, the second stage was implemented where a Neural 

Network is used as a classifier. On testing the model, accuracy rates of approximately 

74%, 77%, 79% and 83% were obtained for bases T, A, C and G, respectively. Hence, 

a total accuracy rate of 68.77% was obtained. 

Heuristic base-callers, devised as in [12-13], are not built on strong theoretical 

basis. They depend on a large number of parameters that needs to be optimized to a 

specific type of chemistry or to a certain type of sequencing technology. Statistical 

base-callers are either poorly tested or slow, due to the high computational complexity 

of the implemented algorithms [14-15]. In this thesis, a well established pattern 
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recognition framework is used to build our base-caller. The base-caller we present is 

not restricted to a specific chemistry or sequencing machine, and its performance is 

not affected by the noise inherent in the electropherograms or the length of the trace. 

 

2.2 Popular Existing Base-Calling Software 

The two most widely used base-calling software, commercially and 

academically, are the PHRED and the ABI KB base-callers. 

2.2.1 PHRED base-caller 

PHRED was developed in the early 1990s by Dr. Phil Green and Dr. Brent 

Ewing. It is the most widely used base-calling software due to its high accuracy. The 

procedure adopted by PHRED to determine the DNA sequence can be summarized 

into four main phases as follows [23]: 

1. A series of evenly spaced peak locations are predicted.  

2. Actual peaks and their areas relative to their neighbors are indentified. 

3. Peaks identified in the second step are matched to their predicted peak 

locations. 

4. An unmatched clear peak is called a base if: (a) it has the largest amplitude at 

that location compared to the other signals, (b) its size exceeds a certain 

threshold, and (c) the peak is surrounded by resolved peaks.  

On calling the bases, PHRED assigns highly accurate quality scores to each base-call 

making them ideal tools to analyze the accuracy of DNA sequences [24].  

 

2.2.2 Applied Biosystems (ABI) KB base-caller 

The ABI base-caller was initially devised, based on mobility curves, to predict 

the spacing between consecutive peaks and indentify the base corresponding to the 

peak in successive intervals.  The base-caller returns an N when it fails to assign a 

base due to noisy peaks or when it cannot find a peak. This results in a high rate of 

substitution errors, but it still remains the preferable base-caller. However, with the 
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advent of PHRED in the early 1990s, which has a higher accuracy rate [23], ABI 

improved their software and developed the KB base-caller. This new development of 

ABI incorporates quality values to every base-call similar to PHRED. It was 

calibrated using more than 20 million base-calls and tested using more that 10 million 

bases [25]. 



  

  

 

CHAPTER   3 

PATTERN RECOGNITION 

Base-calling is one of many problems that is studied in the field of pattern 

recognition. Pattern recognition, also referred to as pattern classification, is the act of 

classifying raw data, or patterns, into different categories or classes. A typical 

example is handwriting recognition in which the movement of a pen tip is captured as 

input and classified to sequences of letters or words. Another example is face 

recognition where the ‘face’ of a person needs to be recognized in an image.  

The parameters of pattern recognition models are estimated usually by 

training some sample data. The trained model can then be used to classify novel data 

into its various classes. This method of training is called supervised learning. In cases 

when training data is not available and similar data needs to be clustered together, 

unsupervised learning is implemented [26, pp. 6-8]. 

In this chapter, section 3.1 discusses the general pattern recognition 

framework followed by some common considerations in the design of pattern 

recognition systems. A brief introduction to the statistical models, which are 

implemented in this thesis for DNA base-calling will then be presented. In particular, 

Artificial Neural Networks (ANN) and Polynomial Classifier (PC) will be discussed in 

sections 3.3 and 3.4 respectively. 
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3.1 General Pattern Recognition Framework 

A typical pattern recognition system includes five main steps: sensing, pre-

processing, feature extraction, classification and post processing. Figure  3.1 shows the 

general pattern recognition framework for any typical classification problem. 

 

Figure  3.1. General Pattern Recognition Framework. 

 

3.1.1 Data Acquisition/Sensing 

Sufficient data to be used for training and testing the classifier model are 

obtained using appropriate sensing devices. For DNA base-calling, data are acquired 

from existing sequencing machines, such as ABI 3700, as chromatogram traces after a 

chosen DNA template has undergone chain termination, polymerase chain reaction 

(PCR) and electrophoresis. The collected data is divided into two sets: training and 
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testing. The training data set is used to estimate the chosen classifier model’s 

parameters and the model’s performance is then evaluated using the testing set. 

 

3.1.2 Pre-processing 

The pre-processing stage involves removal of noise from the acquired data and 

isolation of the inherent patterns from its background. For DNA base-calling, pre-

processing may include wavelet decomposition, base line correction, mobility shift 

correction, outlier removal or normalization. The obtained patterns are then ready for 

feature extraction. 

 

3.1.3 Feature Extraction 

A feature represents the smallest data set that can be used for the classification 

and unique identification of each pattern. The purpose of feature extraction is to find a 

discriminative representation of the raw data and to realize that not all data points are 

useful for classification. For example a set of pixels representing a picture of a man 

could be reduced to a set of meaningful features such as shape of mouth, skin, or 

color. 

 

3.1.4 Model Training 

Implementing supervised learning, the model’s parameters are estimated on 

mapping the features extracted from the raw training data to the known labels or 

classes.   Parameters are estimated generally using an optimization technique, such as 

Gradient Descent or Expectation Maximization, aiming to minimize a related cost 

function.  

 

3.1.5 Classification 

In this stage, features extracted from novel data and learned models are used to 

assign each testing sample to a class. The performance of the trained model is then 

evaluated. 
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3.1.6 Post-processing 

To improve the performance of the classifier, post-processing of the results 

obtained on testing the trained models on novel data is needed. Based on prior 

information, the classifier’s output is modified to a more understandable and 

meaningful format.  

 

3.2 Model Design Considerations  

To design a highly efficient classifier as a pattern recognition system, several 

factors need to be taken into consideration. Correct recognition of input data increases 

based on the generalization of the training data, discriminative nature of the feature 

vector and optimal selection of the classification model.  

 

3.2.1 Data Collection 

Adequate training and testing data sets should be chosen; the larger the 

amount of data used, the better is the class representation. However, over-fitting needs 

to be prevented. Over-fitting refers to the tendency of a model to adapt itself to the 

minute details of a training data set due to the model’s many parameters. This leads to 

poor generalization performance of the trained model to novel feature vectors [26, pp. 

6-8]. To reduce over-fitting, a validation data set can be used to test the classification 

performance of a system. As training proceeds, performance of a model on a 

validation set is expected to increase. Once the performance starts decreasing, training 

should be stopped since the model starts over-fitting to the training data. 

 

3.2.2 Feature Selection 

Features that are chosen to represent a pattern should be discriminative, 

precise, concise and invariant to noise. On evaluating the model’s performance, a high 

error rate indicates the features non-representativeness and needs to be changed.  
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3.2.3 Classifier Model Selection 

An optimum model is one whose parameters are estimated once a related cost 

function is minimized such that it maps training data to a known output target. A 

model chosen to have a large parameter space requires a large duration of time to be 

trained and might result in over-fitting. On the other hand, a model with a smaller 

parameter space might result in a model with poor performance. Moreover, a 

classifier model is chosen based on the required performance and efficiency of the 

pattern recognition problem being tackled. Based on the available resources, the 

classifier model and its computational complexity are chosen. Note that a tradeoff 

between computational ease and performance is faced since a high performance 

system requires high computational complexity.  

 

3.3 Artificial Neural Network 

Artificial neural network (ANN) is a computational approach conceived as an 

imitation of the neural networks in the human brain. It is an adaptive system that 

changes its structure based on the information that it acquires from its environment in 

the learning stage. It consists of layers of simple processing units, called neurons, 

operating in parallel and connected through weights to solve specific problems [27]. 

ANN’s quality as universal function estimators renders them attractive as pattern 

classifiers. ANN can be used to model any kind of data, linear or non-linear, which is 

advantageous. However, this property of ANN makes it prone to over-fitting. In this 

section, the neuron model is studied followed by an explanation of the general multi-

layer feedforward neural network architecture. 

 

3.3.1 Neuron Model: 

A neuron is an information-processing unit that represents the basic building 

block of any ANN. It consists mainly of weights equal to the size of the data set, an 

adder to sum up the weighted inputs, and an activation function for limiting the output 

of the neuron. Figure  3.2 represents a neuron model [28]. 
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Figure  3.2. A General Neuron Model. 
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… …  3.1
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The operation of a neuron can be represented by the following pair of equations, 

netN wN x bN  3.3

And 

yN f n  etN

Where bN represents the bias unit, netN is the adder’s output, also referred to as the 

N  neuron net activation, f .  represents the neuron’s activation function, which is 

explained in the following section, and yN is the  N  neuron’s output.  

3.4

 

3.3.2 Activation Functions 

Activation functions, or transfer functions, are used to limit the output of a 

neuron to proper ranges. On implementing a single layer neural network, also known 
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as perceptron, a unit step activation function generally suffices. However, on using 

multi-layered neural networks, non-linear activation functions are chosen to increase 

the performance of the model [29]. Some popular types of activation functions are: 

3.3.2.1. Unit Step Function 

 

 

 

 

Figure  3.3. Unit Step Activation Function. 

 

A unit step function is a discontinuous function which is zero for negative 

arguments and a one for positive arguments as shown in Figure  3.3. Hence, on 

passing a net activation value of less than zero through a unit step activation function, 

the output of the neuron would be a zero. On the other hand, a zero or positive net 

activation value would result in an output of one.  

f x 0, x 0
1, x 0  3.5

  

3.3.2.2. Linear Function 

Linear functions are rarely used as transfer functions. They are mainly useful 

in applications where the entire range of numbers is needed as an output. On adopting 

a linear function (Figure  3.4) as an activation function, a non-modified output is 

obtained since the linear function is defined as follows [30],  

f x x 3.6
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Figure  3.4. Linear Activation Function. 

 

3.3.2.3. Hyperbolic Tangent Sigmoid Function 

 

 

 

 

 

 Figure  3.5. Sigmoid Activation Function. 

 

A hyperbolic tangent sigmoid function used as a transfer function results in an 

output which varies continuously, though not linearly, as the input net activation value 

changes. The transfer function, as illustrated in Figure  3.5, returns both real positive 

and negative values and is differentiable, hence advantageous over a unit step 

activation function. A simple hyperbolic tangent sigmoid function is defined as 

follows [30], 
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3.3.3 Feedforward Neural Networks 

Figure 3.6 illustrates a typical feedforward neural network consisting of an 

input layer, a single hidden layer (The term hidden is used to indicate that this layer in 

the network is not seen directly by the user) and an output layer. Multiple neurons 

group together to form a layer and are connected to the neurons in the previous and 

next layers through biases and weights. The features extracted from the acquired data, 

represented as the input layer, constitute the input signals applied to the neurons 

comprised in the first hidden layer. Hence, the number of neurons in the input layer is 

equal to the dimensionality of the input feature vector. As a rule of thumb, a neural 

network with one hidden layer has the same expressive power as a network built from 

several hidden layers. Number of neurons in a hidden layer is generally chosen as 

twice that of the neurons in the input layer [31]. The outputs of the first hidden layer 

are then used as inputs to the second hidden layer, if a second hidden layer exists in 

the architecture, or to the output layer, in the case of absence of other hidden layers.  

The number of neurons in the output layer is equal to the number of classes 

representing the input data [28]. For e.g. for DNA base-calling, classification involves 

recognition of the four bases, A, C, T and G, referred to as classes. Hence, four 

neurons are used to form the output layer.   

 

 

 

 

 

 

 

 

 

 

 

 Figure  3.6. A Typical Feedforward Neural Network. 
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3.3.4 General Neural Network Model 

A general neural network model can be defined as follows: 

• Number of layers = L. 

• Number of neurons in the N r = k.  laye

• Input matrix, , composed of d dimensional input feature vectors,  

… … T 

• Weight matrix, , of size k d of the N  layer, 

3.8  

w1,1 w1,2 w1,d
w2,1 w2,2 … w2,d

wk,1 wk,2 wk,d

 3.9  

• Output vector of the N  layer, , can be defined as, 

y y … … y T  3.10

The output vector can also be defined in terms of the activation function 

output,  

f  3.11

 

3.3.5 Error Backpropagation 

To solve a problem using neural networks, the network is trained using error 

backpropagation (based on gradient descent), where each input is mapped to its 

corresponding target output. The difference between the output of the modeled 

network and the desired target is determined to obtain the error vector, , which 

represents the cost function that needs to be minimized. The error vector is defined as,  

 3.12

where  represents the target output vector. The magnitude squared of the error 

vector can be defined as, 
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E
1
2 y y

1
2 e  3.13

The derivative of the cost function is then used to update the weights after initializing 

them to random values. The following is then used to update the weights, 

w w η
∂E
∂w 3.14

where t represents the epoch or iteration number and η represents the step size or 

learning rate on which the backpropagation depends. The cost function, E, is expected 

to decrease during gradient descent. However, if the sum of the squared error 

oscillates then the chosen step size is large. If, on the other hand, the cost function 

was observed to decrease but at a very slow rate, then the chosen learning rate is small 

and needs to be increased.  

Using the updated weights, the training process is repeated until convergence 

of the error is achieved and no significant change in the weights is observed. 

ANNs have several advantages that make them an attractive tool for 

classification. They have the ability to learn complex mappings and adapt to various 

data. Though it is one of the simplest models to implement and does not require prior 

knowledge of the process being identified, ANNs need a large sample size for the 

model to be trained and requires a large computational effort to minimize over-fitting. 

Successful implementation of neural networks depends on proper selection of the 

number of layers, number of neurons in each layer, and the choice of activation 

functions. However, if the chosen topology results in a poor performance classifier 

then a new network structure needs to be selected. 

 

3.4 Polynomial Classifier 

Polynomial classifier, also known as higher order neural network, is a single 

layer neural network that adopts the polynomial terms of the pattern features as 

inputs. On considering a classifier model to be built using k: d dimensional feature 

vectors, and assuming that the classes to be categorized are non-linearly separable, a 



3. PATTERN RECOGNITION Polynomial Classifier 

  

31 

 

mapping function between each input and its respective class needs to be determined. 

The components of the model are defined as follows, 

• Number of cl ses = m. as

• Input matrix, , composed of k input feature vectors d dimensional each.  

… … T 3.15

x x … … x  3.16

• Output vector, , can be defined as, 

y y … … y T 3.17

• Target vector, , can be defined as, 

t , t , … … t ,

T
 3.18

• Non-linear functions (to define the general case) to describe the mapping 

between  and , f : 

f f f … … f , i 1,2 … , m 

The model output, , can then be described by, 

3.19

f f … f T 3.20

Assuming that the classes are separable by a non-linear hyper-surface, g 0, if a 

mapping function which converts the non-linearly separable categories to linear 

classes can be determined, non-linear g  can be represented as a linear combination 

of the interpolation functions, f  and system weights, w [26, pp. 156-158]. 

g w w f  3.21

Once the interpolation function is determined, the non-linear classification problem 

reduces to a simple linear classifier model problem where only the weights, the linear 
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model parameter, in the k-dimensional space of the input data need to be determined. 

One such known interpolation function, which is used in pattern recognition, is the 

polynomial classifier.  

A K  order polynomial classifier uses a K  order polynomial expansion 

function to map a d-dimensional feature vector, , into a O ,K  dimensional vector 

space,  to increase the probability of obtaining linearly separable categories or 

classes. O ,K is a function of both the dimensionality of the feature vector, d, and the 

order of the polynomial expansion, K, and can be expressed, for orders 1,2, 3 and 4, 

as shown in Table  3.1 [32]. 

 

 Table  3.1. Lengths of the polynomial expansion vector. 

Order, K Polynomial Expansion Length, O ,K 

1 O , d 1 

2 O , O , k 

3 O , O , d C d, 3  

4 O , O , d 2C d, 2 3C d, 3 +C(d,4) 

 

Where C d, d  is the number of distinct subsets of  elements made from a set 

of d elements. For example, let  be a 2-dimensional feature vector, i.e. d 2, 

represented as x  x . The mapping of  to a higher dimensional space of order 

K 2 produces 

1 x x x x x x

Similarly, the sequence of feature vectors, , is expanded into their polynomial basis 

terms, 

T 3.22
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…  3.23

The hyper-surface, g , can then be defined as follows [26, pp. 161-162], 

g w w x w x x w x  3.24

Thus, when d 2, 

g w  3.25

w w w w w  

The polynomial classifier is then trained using  to determine the optimum set of 

weights, , that minimizes the difference between the model output and the 

desired target output such that, 

3.26

min  3.27

The weights can then be obtained explicitly by [33],    

T  3.28

 3.29

Using the parameters obtained from the training stage, an unknown feature vector, , 

is expanded to its polynomial terms, , to test the trained model. The target vector, 

, is obtained as follows, 

 3.30

A general block diagram summarizing the training and testing of a polynomial 

classifier is shown in Figure  3.7. The simplicity and speed of PCs algorithm makes it 

an easy to implement classifier. However, the memory storage required and the model 

complexity increases as the order of the polynomial selected to make the data linearly 

seperable increases.  
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 Figure  3.7. Training and Testing of a Polynomial Classifier. 
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CHAPTER   4 

DATA ACQUISITION, PRE-PROCESSING AND FEATURE 

EXTRACTION  

 

The solution adopted in this thesis to solve the problem of base-calling is 

based on designing a pattern recognition classifier. The success in the implementation 

of any approach depends on the effectiveness of the features extracted to represent a 

DNA pattern. Since the data acquired from the sequencing machines are noisy, a pre-

processing stage is needed to achieve noise removal prior to efficient feature 

extraction. 

In this chapter, the first three main components of any pattern recognition 

model: data acquisition (or sensing), pre-processing and feature extraction are 

discussed. Electropherogram traces acquired from sequencing machines, such as ABI 

3730, are used as input data. The source and properties of the data used for training 

and testing the classifier models are discussed in the first section of this chapter. The 

details of the pre-processing stage are then presented in section 4.2. Pre-processing is 

needed to condition the signal for base-calling without losing useful information from 

the chromatogram traces. A block diagram of the pre-processing stage, which consists 

of: color correction, peak sharpening and normalization, is illustrated in Figure  4.1. 

The methods used to implement the various stages of pre-processing are explained in 

the subsequent section. The chapter is then concluded by a discussion of the features 

used to represent the pattern and the technique adopted to extract the chosen features 

from the chromatogram trace in section 4.3.  
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Figure  4.1. Pre‐processing stage modules. 
 

4.1 Data Acquisition/Sensing 

One of the main considerations on designing a pattern recognition classifier is 

the presence of an adequate size of data to train and test the model. Performance of 

the classifier model increases as the amount of data used increases. The training data 

need to be chosen such that every possible case scenario is seen and learnt by the 

model. However, over-fitting needs to be prevented so that the generalization of the 

classifier model to novel data is not affected.  

Chromatogram traces are needed to be labeled for training and testing the 

classifier model. However, acquiring labeled electropherogram traces proved to be 

difficult, expensive and labor intensive. Employing existing softwares, such as Codon 

Code Aligner and Bioedit, to label the data by using existing base-callers code, such 

as PHRED (Phil’s Read Editor) or ABI (Applied Biosystems), results in an inaccurate 

benchmark since the model would be impacted by the adopted base-callers 

limitations. To avoid such a drawback in our model, the data, which are obtained from 

the Sorenson Molecular Genealogy Foundation (SMGF) and from the National Center 

for Biotechnology Information (NCBI) trace archive [34], are labeled using one of the 

following methods: 

• Consensus Sequence: The DNA sequence obtained from the sequencing of 

overlapping fragments of a gene several times is referred to as the consensus 

sequence. Data provided by Dr. Scott Woodward from SMGF are 

supplemented with their respective consensus sequences. These sequences are 

used to label the chromatogram traces for accurate training of the classifier.  

• NCBI BLAST: Traces obtained from the NCBI trace archive are initially 

labeled using commercially available PHRED base-calling software, 

CodonCode Aligner. PHRED is used since it demonstrates high accuracies 

when tested over a wide variety of sequencing methods and has proven to 

have a higher system performance compared to other existing base-callers 
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[24]. The NCBI Basic Local Alignment Search Tool (BLAST) is then run on 

each PHRED generated sequence to locate the corresponding consensus 

sequence for each DNA fragment being tested.  

To evaluate the performance of the designed classifier models based on noise 

contamination, source and read length of the electropherograms, the traces obtained 

from the SMGF and from the NCBI trace archive are categorized into three main data 

sets: 

1. Data set one: 6 electropherogram traces belonging to Homo sapiens 

chromosomes 5, 6, 11, 12 and 13 are obtained from the NCBI trace archive. 

All the traces consensus sequences are acquired from GRCh37, the most 

recent human assembly produced by the Genome Reference Consortium 

(GRC). Compared to the following data sets, the effect of noise and anomalies 

introduced during DNA sequencing is considerably higher. On average, the 

data set contains traces consisting of 600 to 700 bases. 

2. Data set two: 11 electropherogram traces belonging to Homo sapiens 

mitochondrion D-loop chromosome, Saccharomyces mikatae (yeast) and 

Drosophila melanogaster (fruit fly) are obtained from SMGF and NCBI trace 

archive. The traces are noisy and consist of 675 to 775 bases on average.  

3. Data set three: The data, which consists of 5 traces, are obtained from the 

SMGF. It belongs to Homo sapiens mitochondrion D-loop chromosome. The 

data, compared to the previous data sets, are contaminated with a low noise 

level in the first 500 bases of the trace.  On average, the chromatogram traces 

consists of 700-800 bases.  

For the analysis of classifier performance, the DNA sequence obtained on using 

PHRED and ABI base-callers on the above three data sets is needed. The following 

software are used to call bases using PHRED and ABI respectively: 

• CodonCode Aligner 

CodonCode Aligner is a powerful software used for assembling, aligning and 

editing DNA sequences. It performs base-calling of raw data using PHRED. Figure 

 4.2 illustrates a chromatogram trace executed in CodonCode Aligner. The bases seen 

on each peak are the result of the base-calling using PHRED algorithm. The software 
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Figure  4.2. A Chromatogram Trace in CodonCode Aligner software. 

 

 

 
 

 Figure  4.3. A base view option of a chromatogram trace in CodonCode Aligner after base‐
calling using PHRED. 

 

• BioEdit 

It is an easy to use biological sequence aligner and editor designed for 

sequence manipulation. It is capable of reading and editing ABI files, complementing 
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the traces and their sequence and converting the trace to scf format among other 

functions. Figure  4.4 illustrates a chromatogram trace using Bioedit.   

 
Figure  4.4. A segment of a chromatogram trace executed in BioEdit software. 

  

4.2 Pre-processing 

After the implementation of electrophoresis, the obtained DNA trace may be 

contaminated by noise introduced at various stages of sequencing. Noise 

contamination occurs as a result of the imperfections in the chemistry involved and 

the electronics of the electrophoresis. Noise superimposed on a DNA trace may 

appear in the form of overlapping spectra, presence of one or more large peaks at the 

beginning of the trace, a drift in the DC value of the signal, variations in the dynamic 

range and low peak resolution.  The data chosen for both training and testing the 

designed models are hence subjected to several stages of pre-processing to condition 

the signals without losing useful information. It is to be noted, though, that the 

classifiers in this thesis were designed with the aim that minimum pre-processing is 

required to achieve a model with an appropriate performance. Hence, this stage 

involves three main processing functions: color correction, peak sharpening and 

windowed normalization.  
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4.2.1 Color Correction 

Cross talk refers to the detection of false peaks or peaks with erroneous 

excitation wavelengths as a result of variations in the signals present in the DNA 

sequencing channels. Cross talk interference distorts the signals and results in 

overlapping spectra which affects the performance of any base-caller. To minimize 

inter-lane cross talk chemically, the dyes as well as the laser wavelengths should be 

chosen sufficiently far apart to allow appropriate filtering. However, this needs to be 

optimized and implemented by the DNA sequencer manufacturers and is beyond the 

scope of this thesis. Instead, if the data is distorted due to cross talk, de-correlation is 

implemented to reduce the interference.  

De-correlation, also known as color correction, is a linear operation which is 

implemented on raw data (Figure  4.5 (a)) to remove the cross-talk between the four 

lanes. A 4 4 cross correlation matrix, , is needed to obtain a color separated trace. 

Each column of the cross correlation matrix, also known as the mixing matrix, 

represents the relative signal intensity of each dye compared to the other dyes. 

However,  is not known initially and needs to be determined. One common practice 

uses the manufacturer’s provided mixing matrix to implement the linear 

transformation. If the manufacturer is not known, the components of  can be 

determined by identifying a clear known peak in each lane of the raw data. For each 

of the identified peaks, the corresponding relative signal intensities are obtained and 

are placed as a single row in the matrix [12-13]. 

Since the data are acquired mainly from public databases, the matrix  

provided by the respective manufacturers could not be found. Instead, the matrix   

was initially estimated by the identification of four clear peaks in the chromatogram 

trace and the relative signal intensities were obtained. However, it was observed that 

the data did not achieve sufficient de-correlation. Hence,  was re-estimated by 

taking into consideration the entire trace, not only four clear peaks.  was determined 

using the MATLAB command “corrcoef” to obtain the correlation coefficients 

calculated from a raw input trace, , of size n 4, whose rows represent the 

observation samples and the columns are the bases (the variables). A linear 

transformation, using the matrix, , is then implemented to obtain the desired color 

corrected signal, , as follows, 
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Where R,A  ,   R,T  R,G  and ,A  ,   ,T  ,G . Figure  4.5 (b) 

shows the trace data obtained after the implementation of the above de-correlation 

routine. Observe that the noisy background ripples are removed and the overlapping 

peaks have been either eliminated or their amplitude in most cases have been reduced 

as a result of color correction. 

4.1  

 

 
Figure  4.5. Part of a chromatogram trace (a) before and (b) after color correction. 

 

4.2.2 Peak Sharpening 

Ideally, each base in an electropherogram needs to be represented by a single peak. 

However, this rarely happens in reality. During electrophoresis, based on the length of 

the DNA fragments, the time needed for a fragment to reach the photo-detector 

depends on its length. Short DNA fragments travel faster than longer ones and hence 

are located in the early segments of a chromatogram trace. Typically, a certain range 
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Figure  4.6. (a) High resolution peaks at the initial parts of a trace and (b) Low resolutions 

peaks at the final parts of a trace. 
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Low resolution peaks results in inaccurate peak detection and hence, needs to 

be resolved. A non-linear iterative de-convolution algorithm [36] is implemented to 

recover the sharp base peaks. Chromatogram traces obtained from electrophoresis 

ideally represents a linear system. A high resolution trace, , , is assumed to be a 

sparse pulse train corresponding to the occurrence of each base.  

, a k p n k  4.2  

Where k represents the peak positions, p n  represents a very narrow pulse, and a k  

represents the amplitude of each pulse. The observed low resolution chromatogram 

trace, hence, can be obtained by the convolution of the desired trace with a point 

spread function which represents a blurring effect. The low resolution trace, , , can 

be obtained, mathematically, by the convolution of the high resolution trace, , , with 

a point spread function, . That is, 

, ,  4.3  

Thus, to reconstruct the high resolution trace, iterative de-convolution is adopted.  

The following outlines the general procedure to obtain the de-convolved DNA trace: 

• Color corrected data, , , of size n 1 is treated as the observed signal. Note 

at i represents the four bases: A, C, T and G. th

• ,  is initially normalized by its maximum observation to obtain , . 

,
,

max ,
for i A, C, T and G 4.4  

• A normalized point spread Gaussian function, . 

• De-convoluted data, , , of s 1 is used to represent the desired signal. ize n

• Initializing our first iteration, y 0, to obtain ,  as follows, 

 ,

,  

4.5  

4.6  
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• The initial assumption is convoluted with the point spread function and ,  is 

updated as follows, 

, , , λ ,  ,  4.7  

Where  is an operator and λ is the relaxation constant. When y is sufficiently 

large, ,  converges to the underlying pulse train,  

lim , ,  4.8  

By performing iterative de-convolution, peak sharpening and enhancement of signal 

quality are achieved. Figure  4.7 (a) shows part of a chromatogram trace prior to de-

convolution, while Figure  4.7 (b) shows the same trace after de-convolution. By 

comparing the two figures, the low resolution peaks sharpened to a higher resolution 

as a result of de-convolution can be observed.  

 

 
Figure  4.7. Chromatogram trace (a) before and (b) after de‐convolution. 
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4.2.3 Normalization 

The amplitude of observation points in a chromatogram trace is observed to 

decay with time due to several factors including chemical and laser source 

imperfections, system configuration and variations in detector sensitivity.  Due to the 

difference in the dynamic range of a trace, it is vital to normalize the signals before 

base-calling is initiated. Normalization can be achieved using many different 

techniques. Giddings et al. [12] proposed segmentation of the observation points into 

consecutive windows. A scaling factor was then determined such that the segmented 

data are normalized to the [0, 1] range. Another method adopted, in [35], involves 

also the segmentation of the observation points into windows. However, for each 

window the average peak height is calculated and the segmented data are normalized 

according to it. 

 In this thesis, a simple normalization technique is adopted to obtain a 

sequence of sufficiently normalized observation points. The outline of the 

implemented method is as follows: 

• A color corrected high resolution trace, , , of size n 1 is used as input 

ta. da

• ,  is divided into non-overlapping consecutive windows of 2000 sample 

points in width. Choosing a window size of lesser than 2000 samples 

increased computational complexity and no increase in the performance of the 

classifier was observed. On the other hand, a window size of more than 2000 

samples decreased the performance of the classifiers. Hence, an optimum 

window size of 2000 samples was chosen. 

• The data in each segment is then normalized by its maximum amplitude.  

• The above is repeated for each of the four lanes: A, C, T and G. 

Figure  4.8 (a) illustrates the trace signals before applying normalization while Figure 

 4.8 (b) shows the same trace after normalization. The decay in the amplitude is 

evident in Figure  4.8 (a) while the uniformity of the signal height after normalization 

is seen in Figure  4.8 (b). 
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Figure  4.8. A Chromatogram trace (a) before and (b) after normalization. 

 

4.3 Feature Extraction 

Feature extraction is the heart of any classifier model design. Feature 

extraction is the main stage which has a vital affect on the performance of a pattern 

recognition model. Feature extraction is the process in which discriminative and 

unique functions are extracted from the pre-processed data to characterize the 

chromatogram trace. These features are then used to train and test the designed 

classifier model.  

In our approach, the features chosen to represent each observation point in a 

chromatogram trace are as follows: 

 4.9  

Where, 

for i A, C, T and G  4.10
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And: 

•  represents the set of feature vectors of base i. It is a matrix of size n 3 

here n is the number of sample points in the chromatogram trace. w

•  is a vector of size n 1. It represents the signal strength of base i at each 

observation point, 

x x … x  

•  is a vector of size n 1. It consists of the gradient values for each 

observation point, 

4.11

g g … g  4.12

It is calculated using the signal strength of the prior three sample points for 

each observation. 

g
x x

3 for z 4,5, … , n 3 4.13

•  is a vector of size n 1. It consists of the gradient values for each 

observation point,  

g g … g  4.14

It is calculated using the signal strength of the subsequent three sample points 

for each observation. 

g
x x

3 for z 4,5, … , n 3 4.15

From the chromatogram trace, it is observed that the positive ascent of a peak is 

defined by a minimum of 3 sample points before reaching the apex. Similarly, the 

negative ascent of a peak is represented by a minimum of 3 sample points before 

reaching a subsequent valley or positive slope. Hence, for the calculation of positive 

(4.15) and negative (4.13) gradient values, 3 samples points are used.  
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CHAPTER   5 

 DNA BASE-CALLING AS A PATTERN RECOGNITION PROBLEM 

 

As discussed earlier in chapter 3, any typical pattern recognition system 

involves five main steps as demonstrated in Figure  5.1. The method we adopted to 

acquire and pre-process the data needed to design our DNA base-caller has been 

explained in chapter 4. Using the features extracted in the previous chapter, the DNA 

base-calling problem can now be tackled. In this chapter, the implementation of our 

base-calling method and its results are discussed. In section 5.1, the classifiers 

topologies that fit the requirement of the problem will be developed. The post-

processing of the scores obtained will then be explained in section 5.2. Section 5.3 

presents the results obtained on training and testing the ANN and PC model on each 

of the three different acquired data sets (explained in section 4.1). A new training 

technique, leave-one-out method, which we adopted to create a large sample of 

training data, will also be briefly discussed in section 5.3. Finally, section 5.4 presents 

a summary of the conclusions we reach on observing the performance of our base-

callers. 

 

 

Figure  5.1. A Typical Pattern Recognition Framework. 
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5.1 Classification 

In this thesis, two pattern recognition models are used to solve the base-calling 

problem: Artificial Neural Networks (ANNs) and Polynomial Classifiers (PCs). This 

section explains how each model’s framework was designed and the notations used to 

describe the input data, output data and the parameters chosen.   

 

5.1.1 ANN Model Topology 

The neural network adopted is a single hidden layer feedforward model that 

updates its weights according to the backpropagation algorithm explained earlier in 

section 2.3.4. The chromatogram trace pattern is represented using the features 

extracted from each sample poin  to for  the i put d ix, , where, t, m n ata matr

x , x , … x ,
x , x , … x ,

x , x , … x ,

 5.1  

 , is an n d matrix made up of d-dimensional feature vectors, where d is 12 since 

each base signal is represented by three features. Hence, to represent the entire 

chromatogram trace, which consists of n sample points, made up of four base signals, 

each feature vector consists of 12 features. For training an ANN model, a target 

matrix, , is needed to label the classes for each input feature vector, . Each 

chromatogram trace consists of 5 classes, i.e. m 5, as follows: 

• A class to represent the presence of base . A

• A class to represent the presence of base . C

• A class to represent the presence of base . T

• A class to represent the presence of base G. 

• A class to represent the absence of all the above four classes.  
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The columns of the n 5 target matrix, , represents the base signals A, C, T and G, 

respectively,  and the last column represents the absence of all the bases, also referred 

to as N. 

 

t ,A t ,C t ,T t ,G t ,N
t ,A t ,C t ,T t ,G t ,N

t ,A t ,C t ,T t ,G t ,N

 5.2  

The values assigned to the ele ents re ows: m  of  a as foll

• t , B 1 while t , B and t ,N 0 for sample point z and  B

A, C, T, G  , if base i has a positive feature g , indicating a positive slope for 

the three sample points prior to z, and a negative feature g , indicating a 

 for the re le points subsequent to znegative slope  th e samp   .  

• t ,N 0.05 while t , 0 for sample point z and B A, C, T, G   if the 

above condition is not satisfied. The prior probabilities of the presence of a 

base and the absence of a base are imbalanced due to the large availability of 

class N in a chromatogram trace compared to the other bases. Since it is 

difficult to balance the amount of data belonging to each class, the weight 

given for class N is reduced by assigning it a target value of 0.05 [33]. 

Using the Neural Network toolbox, found in MATLAB R2009b, the neural network 

model was trained and tested using a single hidden layer, an output layer consisting of 

five neurons to represent each of the five previously mentioned classes and hyperbolic 

tangent sigmoid transfer functions. To avoid the problem of over-fitting, the acquired 

data are divided into three sets for training, validation and testing. The validation data 

set is used to stop the training process when further training will only optimize the 

performance of the model on the training set at the expense of its ability to generalize. 

  

5.1.2 Polynomial Classifier 

Polynomial classifiers (PCs) represent non-linear system identifications 

providing an efficient method to describe non-linear input/output relationships. Its 

parameters are estimated using least squares to minimize the error between the model 

output and the desired target output. On employing a 2nd order polynomial expansion, 
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the data was still observed to be non-linearly separable. Hence a 3rd order polynomial 

classifier using a 3rd order polynomial expansion function is implemented in this 

thesis. The 12 features extracted from the n  sample point chromatogram trace to 

represent the observed pattern involved is used to for ta matrix, , where, m the da

x , x , … x ,
x , x , … x ,

x , x , … x ,

 5.3  

The polynomial expansion function is then used to map each 12 dimensional feature 

vector into a higher dimensional vector space, . Since a 3rd order polynomial 

classifier is used, the length of the interpolated feature vector, obtained by using  

Table  3.1, is  

O , O , d C d, 3  5.4  

Where C d, d  is the possible number of distinct subsets of l elements made 

from a set of d elements. The higher order monomials, can then be stacked together to 

form a set of feature vectors, , which is used for training the polynomial classifier 

model and obtaining its parameters. Moreover, similar to ANNs, a target matrix, , is 

needed to label the classes: A, C, T, G and N, for each input feature vector, . The 

target matrix is identical to that generated for ANNs. The trained model is then tested 

using novel data from the three data sets and a set of scores are obtained which 

undergoes post-processing to attain the final DNA sequence. 

 

5.2 Post-processing 

Through the training of ANN and PC models, a set of optimum weights is 

obtained. The trained models are then tested on novel data to determine the 

performance of each. A set of scores is obtained, based on which, the class of each 

sample point is decided. Post-processing involves the following steps: 

• Features resulting in negative scores are equated to zero. Negative scores 

represent the absence of a peak in that specific base signal. 
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Adjacent peaks, irrespective of the bases, need to be separated by a minimum 

of 6 sample points. If two neighboring peaks are separated by less than 6 

sample points, the peak with the highest score is called while the other peak is 

classified as an N. 

• After observing a histogram of the scores obtained, a specific threshold is 

chosen below which a sample point is classified as an N. 

The Bioinformatics toolbox in MATLAB is then used to align the DNA sequence 

that was obtained using the trained model and the reference sequence. A 3 n 

character array is attained where the two sequences in first and third rows, while 

symbols representing their optimal alignment are found in the second row. The “|” 

symbol indicates matched bases, the “-” indicates the absence of a base and the “:” 

indicates a mismatch. Figure  5.2 illustrates a sample of aligned sequences. 

Using the alignment, the performance of the trained model can be measured. 

The performance measure we used is based on the three types of errors that can occur 

in DNA base-calling: deletion errors, insertion errors and substitution errors. A 

deletion error occurs when a base is not called by the base-caller where there should 

have been one. For example, when the actual base sequence is ATCGT and the base-

caller calls ACGT, a deletion error occurs. An insertion error occurs when a base is 

called by the base-caller where there should have been none. For example, when the 

actual base sequence is ATCGT and the base-caller calls ACTCGT, an insertion error 

occurs. A substitution error occurs when the called base is different from that of the 

actual sequence. For example, when the base sequence is ATCGT and the base-caller 

calls AACGT, a substitution error occurs. The bases called are not only compared to 

the actual reference sequence but also to the DNA sequences obtained using PHRED 

and ABI base-callers to validate the performance of our classifiers. 
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Figure  5.2. A sample aligned sequence. 

 

5.3 Results and Discussion 

As explained in section 4.1, data acquired were divided into three sets based 

on the extent of noise contamination, source of the data: NCBI or SMGF, the 

organism the trace belongs to, and the read length. The method adopted to train and 

test each data set’s ANN and PC model is as follows: 

5.3.1 Data set one  

The data set consists of six chromatogram traces obtained from the NCBI trace 

archive. It belongs to Homo sapiens’s chromosomes 5, 6, 11, 12 and 13. The 

reference sequence, which is used to generate the target matrix for training the 

models, was acquired from the GRCh37, the most recent human assembly produced 

by the Genome Reference Consortium (GRC). The data chosen in this set were 

contaminated with a high level of noise so that the performance of the model to 
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various anomalies could be observed. On average, the data set contains traces 

consisting of 600 to 700 bases. 

In light of the limitation in the number of bases, round robin strategy is used 

in training and testing the proposed models to increase the statistical significance of 

the results.   The available traces are divided into k disjoint sets, such that k models 

are trained using the data in the k 1 sets and tested on the remaining non-trained 

data set. In the case where k is equal to the number of traces in the data set, i.e. k 6, 

leave-one-out method is implemented (Figure  5.3), i.e. out of the six available traces, 

traces 2 to 6 are used for training while the first trace is used for testing. The next 

round uses traces 1, 3 to 6 for training and the second trace is spared for testing, and 

the cycle repeats itself k times [37]. 

 

 

 

 

 

 

 

Figure  5.3. Assignment of the testing data set using leave‐one‐out method. 
 

5.3.1.1. Evaluation of performance of ANNs 

The performance of the trained model in terms of correct bases obtained, 

deletion errors, insertion errors and substitution errors is shown in Table 5.1 and 

Table 5.2. Table  5.1 compares the performance of the proposed ANN model to that of 

PHRED while Table  5.2 compares it to that of ABI. As observed from the tables, on 

average, an accuracy of 97.39% is achieved on testing the trained ANN model. After 

a close examination of the errors, a lower substitution error is observed for all tested 

data compared to PHRED. The misclassifications are generally observed after 

crossing 500 bases which might be a result of the data being of a low resolution in the 

Training Data

1  2  3 4 5 6

1  2  3 4 5 6

1  2  3 4 5 6

Round 1 

Round 2 

Round 6 

Testing Data 
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However, on comparing the proposed model to ABI, the performance of the 

ABI base-caller is higher than that of ANN. Being a heavily optimized software, ABI 

made a lower total error specially in terms of deletion error. The model was trained 

using only six chromatogram traces; hence, it was only a quick implementation to 

provide enough evidence for the validity of the method. Figure  5.4  illustrates the 

different types of errors as a function of read length for the trained ANN, PHRED and 

ABI base-callers for trace 5. 

 
Table  5.1. Performance measure of the trained ANN compared to PHRED. 

Chromatogram  

Traces 

Correct 

Recognition (%)

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 ANN PHRED ANN PHRED ANN PHRED ANN PHRED 

Trace 1 - 639 Bases 97.65 61.19 1.56 18.47 0.16 0.78 0.63 19.56 

Trace 2 - 623 Bases 96.15 71.43 1.12 4.01 1.61 0.32 1.12 24.24 

Trace 3 - 632 Bases 97.63 97.63 0.79 0.16 0.95 0.16 0.63 2.06 

Trace 4 - 632 Bases 97.47 98.73 1.11 0 0.16 0 1.27 1.27 

Trace 5 - 722 Bases 97.23 97.51 0.83 0.14 0.83 0.69 1.11 1.66 

Trace 6 - 722 Bases 98.20 88.92 0.28 8.73 0.83 0.69 0.69 1.66 

 

 

 

Table  5.2. Performance measure of the trained ANN compared to ABI. 
Chromatogram 

 Traces 

Correct 

Recognition (%) 

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 ANN ABI ANN ABI ANN ABI ANN ABI 

Trace 1 - 639 Bases 97.65 99.21 1.56 0.16 0.16 0.63 0.63 0 

Trace 2 - 623 Bases 96.15 97.75 1.12 0.16 1.61 0.16 1.12 1.93 

Trace 3 - 632 Bases 97.63 99.68 0.79 0 0.95 0 0.63 0.32 

Trace 4 - 632 Bases 97.47 99.37 1.11 0.16 0.16 0.32 1.27 0.16 

Trace 5 - 722 Bases 97.23 98.75 0.83 0.55 0.83 0.14 1.11 0.55 

Trace 6 -722 Bases 98.20 99.45 0.28 0.14 0.83 0.28 0.69 0.14 
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Figure  5.4. The performance of PHRED, ABI and the proposed ANN as a function of read 

length. 
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5.3.1.2. Evaluation of performance of PCs 

Table  5.3 and  Table  5.4 illustrate the error rates attained on testing the trained 

polynomial classifier on data set one. An overall average accuracy of 97.9% is 

achieved. The substitution error of PC model compared to that of PHRED is 

significantly lower. As apparent from the tables, PC overcomes PHRED in its 

performance in most of the testing cases. However, the performance of PC is 

observed to be comparable to that of ABI. The errors observed in read lengths lower 

than 500 bases is negligible when testing the PC model and comparing its results to 

that of ANN. Moreover, the overall efficiency attained by PC is higher than that 

attained by ANN. Figure  5.5 shows the performance of PC model in comparison to 

that of PHRED and ABI for electropherogram number 5. 

 

Table  5.3. Performance measure of the trained PC compared to PHRED. 
Chromatogram  

Traces 

Correct 

Recognition (%)

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 PC PHRED PC PHRED PC PHRED PC PHRED 

Trace 1 - 639 Bases 98.6 61.19 0.63 18.47 0 0.78 0.78 19.56 

Trace 2 - 623 Bases 95.83 71.43 0.64 4.01 1.12 0.32 2.41 24.24 

Trace 3 - 632 Bases 98.1 97.63 0.79 0.16 0.32 0.16 0.79 2.06 

Trace 4 - 632 Bases 98.26 98.73 0.47 0 0.32 0 0.95 1.27 

Trace 5 - 722 Bases 98.06 97.51 0.83 0.14 0.42 0.69 0.69 1.66 

Trace 6 - 722 Bases 98.34 88.92 0.28 8.73 0.55 0.69 0.83 1.66 

 

 

 Table  5.4. Performance measure of the trained PC compared to ABI. 
Chromatogram 

 Traces 

Correct 

Recognition (%) 

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 PC ABI PC ABI PC ABI PC ABI 

Trace 1 - 639 Bases 98.6 99.21 0.63 0.16 0 0.63 0.78 0 

Trace 2 - 623 Bases 95.83 97.75 0.64 0.16 1.12 0.16 2.41 1.93 

Trace 3 - 632 Bases 98.1 99.68 0.79 0 0.32 0 0.79 0.32 

Trace 4 - 632 Bases 98.26 99.37 0.47 0.16 0.32 0.32 0.95 0.16 

Trace 5 - 722 Bases 98.06 98.75 0.83 0.55 0.42 0.14 0.69 0.55 

Trace 6 -722 Bases 98.34 99.45 0.28 0.14 0.55 0.28 0.83 0.14 
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Figure  5.5. The performance of PHRED, ABI and the proposed PC as a function of read 

length. 
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5.3.2 Data set two 

To test the applicability of our approach on various organisms; traces from 

three species: Homo sapiens mitochondrion D-loop chromosome, Saccharomyces 

mikatae (yeast) and Drosophila melanogaster (fruit fly), were included in data set 

two. The data set consists of 11 chromatogram traces obtained from the NCBI trace 

archive and SMGF. From the database, 8 traces are used for training while 3 traces 

were chosen for testing the trained model. It should be noted that the training set did 

not include any trace from Drosophila melanogaster (fruit fly) so that the 

generalization of the model to new organisms could be tested. On an average, the 

electropherograms consist of 650 to 750 bases per trace.  

 

5.3.2.1. Evaluation of performance of ANNs 

  The performance of the ANN model trained using the training set is 

measured in terms of correctly called bases obtained, insertion errors, deletion errors 

and substitution errors. Table  5.5 and Table  5.6 compare the performance of the 

trained ANN model to that of PHRED and ABI, respectively.  

As observed from the tables, on average, an accuracy of 98.27% is achieved 

on testing the trained ANN model using data obtained from the three different 

organisms. The performance of the model did not change significantly although the 

organisms, the source of the data and the amount of noise varied among the traces. It 

should be noted that by varying the source of chromatogram traces, dynamic decay 

along the trace varies since different sources use different concentrations of chemicals 

in DNA sequencing. Moreover, even though the model did not encounter data 

obtained from Drosophila melanogaster (fruit fly) while training, the total 

performance of ANN when tested on this novel species is better than the ABI base-

caller proving the generalization of our model. A close examination of the errors in 

the other two traces shows that ANN performance is comparable to that of both ABI 

and PHRED base-callers. The performance of the model in terms of insertion and 

substitution errors is satisfactory, but its effectiveness in terms of deletion errors 

requires improvement. Figure  5.6 illustrates the different types of errors as a function 

of read length for PHRED, ABI and ANN base-callers, for the trace that belongs to 

Drosophoila melanogaster (fruit fly). 
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Table  5.5. Performance measure of the trained ANN compared to PHRED. 

Chromatogram  

Traces 

Correct 

Recognition (%)

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 ANN PHRED ANN PHRED ANN PHRED ANN PHRED

Homo sapiens - 639 

Bases 
97.81 61.19 0.47 18.47 0.94 0.78 0.78 19.56 

Yeast - 674 Bases 99.41 99.41 0.59 0.15 0 0.15 0 0.30 

Fruit Fly - 744Bases 97.58 99.33 2.15 0.67 0 0 0.27 0 

 

 

 

  
 Table  5.6. Performance measure of the trained ANN compared to ABI. 

Chromatogram 

 Traces 

Correct 

Recognition (%)

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 ANN ABI ANN ABI ANN ABI ANN ABI 

Homo sapiens - 639 Bases 97.81 99.21 0.47 0.16 0.94 0.63 0.78 0 

Yeast - 674 Bases 99.41 99.41 0.59 0.15 0 0.15 0 0.30 

Fruit Fly - 744 Bases 97.58 97.45 2.15 1.75 0 0.27 0.27 0.54 
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Figure  5.6. The performance of PHRED, ABI and the proposed ANN as a function of read 

length. 
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5.3.2.2. Evaluation of performance of PCs 

The performance of the trained PC model compared to PHRED and ABI base-

callers in terms of deletion, insertion and substitution errors is illustrated in Table  5.7 

and Table  5.8, respectively.  As observed from the tables, on average, an accuracy of 

98.53% is achieved through testing the trained model with novel data. A close 

examination of the performance achieved, PCs are observed to attain comparable 

classification rates to that of the other two base-callers. The performance of the model 

remained consistent irrespective of the specie the electropherogram belongs to. The 

trained model’s generalization to unseen data was observed to be better than that of 

ANN as evident from the PC’s higher recognition rate in base-calling Drosophila 

melanogaster (fruit fly).  

Figure  5.7 exemplifies the three types of errors used as a measure of the 

performance of the base-callers: PHRED, ABI and PC for the trace that belongs to 

Drosophoila melanogaster (fruit fly). 

 

 Table  5.7. Performance measure of the trained PC compared to PHRED. 
Chromatogram  

Traces 

Correct 

Recognition (%)

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 PC PHRED PC PHRED PC PHRED PC PHRED

Homo sapiens - 639 

Bases 
98.12 61.19 0.63 18.47 0.94 0.78 0.31 19.56 

Yeast - 674 Bases 98.81 99.41 0.59 0.15 0.59 0.15 0 0.30 

Fruit Fly - 744Bases 98.66 99.33 0.81 0.67 0.27 0 0.27 0 

 

 

 Table  5.8. Performance measure of the trained PC compared to ABI. 

Chromatogram 

 Traces 

Correct 

Recognition (%)

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 PC ABI PC ABI PC ABI PC ABI 

Homo sapiens - 639 Bases 98.12 99.21 0.63 0.16 0.94 0.63 0.31 0 

Yeast - 674 Bases 98.81 99.41 0.59 0.15 0.59 0.15 0 0.30 

Fruit Fly - 744 Bases 98.66 97.45 0.81 1.75 0.27 0.27 0.27 0.54 
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Figure  5.7. The performance of PHRED, ABI and the proposed PC as a function of read 

length. 
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5.3.3 Data set three 

One of the main difficulties faced in this thesis is acquiring noisy traces with 

more than 750 bases so that a more representative performance measure of the model 

can be obtained. NCBI trace archive does provide long traces but since the noise 

contamination of the chromatogram traces beyond 600 bases is high, it was practically 

impossible to determine the consensus sequences of such traces. To demonstrate the 

potential of the model when tested using long traces, traces along with their reference 

sequence were attained from SMGF. The chromatogram traces belonged to Homo 

sapiens mitochondrion D-loop chromosome. The ANN and PC model obtained on 

training the entire first data set was used and its efficiency was measured using five 

different chromatogram traces consisting of 750-850 bases on an average. 

 

5.3.3.1. Evaluation of performance of ANNs 

On average, an accuracy of 99.55% is achieved on testing the neural network 

model trained using data set one. This can be observed from Table 5.9 and Table 5.10 

which compare the performance of ANN model to that of PHRED and ABI base-

callers, respectively. ABI achieves the highest base recognition when judged against 

PHRED and the proposed ANN. However, the performance of the neural network 

model was comparable to the existing base-callers irrespective of the length of the 

data. A better system can be developed by solving the comparatively high rate of 

deletion errors that are obtained using ANN. Figure  5.8 illustrates the different types 

of errors as a function of read length for the trained ANN model, PHRED and ABI 

base-callers for the third trace contained in the data set. 
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Table  5.9. Performance measure of the trained ANN compared to PHRED. 

Chromatogram  

Traces 

Correct 

Recognition (%)

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 ANN PHRED ANN PHRED ANN PHRED ANN PHRED 

Trace 1 - 759 Bases 99.87 100 0.13 0 0 0 0 0 

Trace 2 - 882 Bases 99.66 99.89 0.23 0 0 0 0.11 0.11 

Trace 3 - 866 Bases 99.31 99.53 0.46 0.12 0.23 0 0 0.35 

Trace 4 - 740 Bases 99.19 99.73 0.68 0.27 0.14 0 0 0 

Trace 5 - 710 Bases 99.72 100 0.14 0 0 0 0.14 0 

 

 

 Table  5.10. Performance measure of the trained ANN compared to ABI. 

Chromatogram 

 Traces 

Correct 

Recognition (%) 

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 ANN ABI ANN ABI ANN ABI ANN ABI 

Trace 1 - 759 Bases 99.87 100 0.13 0 0 0 0 0 

Trace 2 - 882 Bases 99.66 100 0.23 0 0 0 0.11 0 

Trace 3 - 866 Bases 99.31 100 0.46 0 0.23 0 0 0 

Trace 4 - 740 Bases 99.19 99.86 0.68 0.14 0.14 0 0 0 

Trace 5 - 710 Bases 99.72 100 0.14 0 0 0 0.14 0 
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Figure  5.8. The performance of PHRED, ABI and the proposed ANN as a function of read 

length. 
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5.3.3.2. Evaluation of performance of PCs 

To verify that the performance of the proposed model does not get affected as 

the read length increases beyond 650-750 bases, data set three was used. The PC 

model trained using data set one was used and an average accuracy of 99.5% was 

achieved as evident in Table  5.11 and Table  5.12.  Table  5.11 represents the 

performance of the model compared to that of the PHRED base-caller while Table 

 5.12 compares to the ABI base-caller. The misclassifications were generally observed 

to occur beyond 700 bases, below which the PC model resulted in a maximum of one 

erroneous call. The performance of the model was observed to be comparable to the 

existing base-callers. Figure  5.9 demonstrates the performance of the polynomial 

classifier model compared to that of PHRED and ABI in terms of the various types of 

errors for the third electropherogram. 

 
 

 Table  5.11. Performance measure of the trained PC compared to PHRED. 
Chromatogram  

Traces 

Correct 

Recognition (%)

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 PC PHRED PC PHRED PC PHRED PC PHRED 

Trace 1 - 759 Bases 99.74 100 0.13 0 0.13 0 0 0 

Trace 2 - 882 Bases 99.55 99.89 0.23 0 0.11 0 0.11 0.11 

Trace 3 - 866 Bases 99.53 99.53 0.35 0.12 0.12 0 0 0.35 

Trace 4 - 740 Bases 98.78 99.73 0.68 0.27 0.27 0 0.27 0 

Trace 5 - 710 Bases 99.86 100 0.14 0 0 0 0 0 

 

 

 

 Table  5.12. Performance measure of the trained PC compared to ABI. 
Chromatogram 

 Traces 

Correct 

Recognition (%) 

Deletion 

Errors (%) 

Insertion 

Errors (%) 

Substitution 

Errors (%) 

 PC ABI PC ABI PC ABI PC ABI 

Trace 1 - 759 Bases 99.74 100 0.13 0 0.13 0 0 0 

Trace 2 - 882 Bases 99.55 100 0.23 0 0.11 0 0.11 0 

Trace 3 - 866 Bases 99.53 100 0.35 0 0.12 0 0 0 

Trace 4 - 740 Bases 98.78 99.86 0.68 0.14 0.27 0 0.27 0 

Trace 5 - 710 Bases 99.86 100 0.14 0 0 0 0 0 
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Figure  5.9. The performance of PHRED, ABI and the proposed PC as a function of read 

length. 
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5.4 Conclusions 

PHRED is currently the most widely used base-caller software due to its high 

base-calling accuracy which exceeds that of ABI [23]. The ABI base-calling software 

was improved by developing the KB base-caller which incorporates base-specific 

quality scores similar to PHRED. ABI KB was calibrated using more than 20 million 

base-calls and tested on more than 10 million bases [38]. Hence justifying the high 

accuracy of ABI compared to the proposed models and PHRED. However, it should 

be noted that PHRED results in high error in some traces which already has their 

quality scores assigned. In such cases, PHRED makes obvious errors in perfectly clear 

sequences as it is apparent in Figure  5.10 which demonstrates the first trace in data set 

one. As observed in base number 210, an “N” is called although it clearly is a “T”. 

 

 
 Figure  5.10. Trace one of data set one illustrating the base‐calling errors in PHRED. 

 

ABI and PHRED base-callers are both based on predicting the spacing 

between consecutive peaks. Moreover, in the event of failure to call a base, an “N’ is 

assigned. This is not so in the proposed models which does not depend on the spacing 

between adjacent peaks that varies dynamically as we progress through the trace. In 

addition, the models were designed to not assign an “N” to a peak. The base with the 

highest score is assigned to a peak irrespective of the noise. Moreover, the ANN and 

PC models have not been trained and tested in this thesis using thousands of 

chromatogram traces. In fact, discrete number of traces were utilized and a 

performance that exceeds the accuracy of PHRED and comparable to ABI was 

obtained. This indicates the huge potential of the proposed methods.  



  

  

 

CHAPTER   6 

CONCLUSIONS AND FUTURE WORK 

 

The problem of base-calling has not been completely solved; there is still 

room for improvement. In this chapter, some directions for potential future research to 

improve the performance of the proposed base-caller are suggested in section 6.1. 

Furthermore, section 6.2 summarizes the contributions of this thesis which attempts to 

solve the problem of base-calling by implementing a pattern recognition framework.  

 

6.1 Future Work 

Although the objective of the thesis, which is - to devise a base-caller using a 

pattern recognition framework - has been achieved, the subject has by no means been 

exhausted. Further investigation in several areas should be addressed to obtain a 

robust, automated, high performance base-caller. 

• Data Acquisition: For a more accurate and generalized model, a larger data set 

is needed for training and testing the models. 

• Pre-processing:  To ensure that useful information is not eliminated from the 

chromatograms, most pre-processing operations could be removed. The 

models could be trained to perform the needed pre-processing internally 

hence, improving the performance of the base-caller. 
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• Feature Selection: The features used for the designed models achieved a high 

recognition rate. Other deterministic features could be extracted to increase the 

classification performance of the tested models. Moreover, in the polynomial 

classifier, feature selection of the higher order features could be implemented 

to reduce computational complexity and improve classification.  

• Design a model that does not take into consideration each sample point. This 

would reduce the computational complexity of the base-caller. 

 

6.2 Conclusions 

Efficiently deciphering the human genome through DNA sequencing has been 

anticipated widely for the contribution it will make in a range of applications such as 

understanding the causation of genetic diseases and human evolution.  However, the 

relatively high cost of the chemistry involved in DNA sequencing results in high 

operational cost in genome research centers. This fact has motivated the research on 

improving the accuracy of base reads in chromatograms with low signal to noise 

ratios so that re-sequencing of the required DNA fragment is not needed, thereby, 

reducing sequencing expenses.  

The main objective of this thesis is to solve the problem of efficient base-

calling by designing a system that:  

1. Adopts a sound pattern recognition model, 

2. Is capable of processing chromatogram traces that were obtained from 

different sequencing machines using different chemistries, and 

3. Is not affected significantly by the noise inherent in the electropherograms.  

The three objectives have been achieved. The data acquired from the NCBI trace 

archive and from SMGF were subjected to simple pre-processing operations to 

condition the signals without losing useful information. Pre-processing involved color 

correction by de-correlation, peak sharpening by de-convolution and compensation of 

dynamic decay by windowed normalization (Chapter 4). The pre-processed data were 

then subjected to feature extraction in which discriminative features are extracted to 
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characterize the chromatogram trace (Chapter 4). These features are then used to train 

and test the designed classifier models.  

The models, ANN and PC, were designed such that they were not restricted to 

specific types of chemistries and were capable of recognizing bases up to 890 bases in 

long read DNA fragments deteriorated with noise. This was tested by subjecting the 

classifiers to three data sets to observe each model’s performance when subjected to 

(Chapter 5): 

1. Noisy chromatogram traces consisting of an average of 600-700 bases. 

2. Traces belonging to three different organisms: Homo sapiens mitochondrion 

D-loop chromosome, Saccharomyces mikatae (yeast) and Drosophila 

melanogaster (fruit fly). 

3. Electropherograms consisting of 750-850 bases on average. 

In the three cases above, an overall average of 98.4% and 98.64% are achieved by 

ANN and PC respectively indicating the flexibility of the designed topologies. 

Moreover, the performance of the classifiers was compared to the currently most 

widely used base-calling software: ABI and PHRED in terms of deletion, insertion 

and substitution errors. Both proposed models achieved a higher accuracy than 

PHRED and a comparable performance to that of ABI. However, ABI and PHRED 

base-callers were designed using thousands of chromatogram traces while the models 

designed in this thesis used a discrete number of traces for its training and testing. 

This indicates the potential of the proposed classifiers as base-callers.  

The proposed method has the potential of solving the problem of base-calling 

such that the final software developed is independent of the source of the data and the 

amount of noise inherent in the data. However, more work is needed to further 

investigate the different areas involved in the problem to build a highly efficient 

system that would not only solve the problem of base-calling but also encourages the 

usage of pattern recognition models as a tool in the field of biology.  
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