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ABSTRACT 

 

Support Vector Machines (SVMs), one of the new and popular techniques for 

solving classification problems, have been widely used in many application areas. And 

multiclass SVMs have become popular recently. The algorithm for SVMs is sensitive 

to the choice of parameter settings and the choice of these parameters can significantly 

affect generalization performance of SVM-classifiers. One of the parameters that has a 

significant role in the performance of the SVMs is C, the regularization parameter. It 

is actually the trade-off between error and margin of the SVMs. The objective of this 

thesis is to analyze the impact of the parameter C and how to find an optimum way to 

select its value while training the SVMs for classifying Bacterial 16srRNA sequences. 

Cross validation has been proposed as a good way to find the optimum value of C for 

which the SVM can effectively classify the sequences with the highest accuracy. 

Several experimental results have been reported to show the impact of C on the 

performance of multiclass SVMs. 
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CHAPTER 1 

INTRODUCTION 

 

In the advancement of science and technologies these days, one of the fields 

that brought a revolution in human life is genetics. Although, there has been 

continuous research in different fields, genetics and molecular biology have been the 

basis of various studies. Ribosomal RNA (rRNA)-based phylogenetic comparisons has 

brought revolutionary impacts on the field of microbirology, related to the three main 

branches of life [1]. Today, rRNA-based analysis has become a point of central 

attraction in microbiology. It is used to explore microbial diversity and also to identify 

various bacterial species. Besides these, the gene sequences of the Bacterial taxonomy 

play significant role in many classification problems. Not only they help in gathering 

knowledge about various aspects of origin of species in the universe, but also helps in 

detecting various types of diseases though classification process. These topics are 

discussed in the following chapters of this thesis. 

 

1.1 Ribosomal RNA 

 

Ribosomal RNA (rRNA) is a molecular fundamental of a ribosome, one of the 

most essential parts of a cell. Ribosome is very important unit of a cell as it is called 

the cell's essential protein factory [50]. But rRNA does not play any role in making 

proteins. It makes polypeptides, which are the assemblies of amino acids, and then that 

contribute in making up proteins. But rRNA, itself, can work for catalyzer in the 

amino acid joining reaction during translation. To form the complete ribosome, inside 

the cell, the RNA is closely associated with many proteins. Ribosome is a very small 

particulate structure located in the cytoplasm of the cell (outside the nucleus). It is 

composed of two subunits; one of them is larger than the other. Both subunits were 

supposed to contain both rRNA and protein [48].  It has been found that the molecular 

maps of the ribosome have revealed startling details about its structure. This „RNA 

http://www.medterms.com/script/main/art.asp?articlekey=6554
http://www.medterms.com/script/main/art.asp?articlekey=15380
http://www.medterms.com/script/main/art.asp?articlekey=2907
http://www.medterms.com/script/main/art.asp?articlekey=4597
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world‟ can be considered as the model for the origin of life on Earth. Although the 

ribosome is a combination of both ribosomal RNA (rRNA) and protein, only rRNA  is 

contained in the „active site‟ on the larger unit of the ribosome  and most of the 

chemical reactions that change genetic information into the beginnings of a protein, 

take place at this site [50]. This suggests that the ribosome is actually a ribozyme, an 

RNA molecule that increases the speed of its chemical reactions. Actually it works as 

a catalyzer. Scientists have discovered RNA's outstanding and significant role in the 

ribosome of a cell. This may encourage the world to think that that life on earth might 

have begun with RNA. That‟s why so many researches are going on this rRNA now-a-

days to find out more information that can be gathered. 

 

1.2 Impact of rRNA in Bacteria 

 

The previous section talks about why rRNA has been in the lime light for 

scientific researches. Now the question arises about the impact of rRNA in Bacteria. In 

Bacteria (prokaryotes), three different kinds of rRNAs, i.e. 5S, 16S, and 23S have 

been found. All these rRNAs are rendered from a single operon, a group of co-

transcribed genes, in Bacteria. This means that they form part of a single 

transcriptional unit. In this case the parts of the genome that specify each of the 

ribosomal RNAs are contiguous and these „genes‟ are transcribed into a single 

precursor RNA, which has a promoter and a terminator . This large precursor RNA is 

then adhered closely to make the smaller mature ribosomal RNAs. But sometimes, this 

traditional identification of Bacteria on the basis of phenotypic characteristics may not 

be very accurate all the time.  

 

In Bacteria, the 16S rRNA is the most informative gene for investigating 

evolutionary relationships. 16S rRNA  is a sequence of DNA that encodes the RNA 

component of the smaller subunit of the Bacterial ribosome. Here 16S relates to the 

rate of sedimentation, of the RNA molecule in a centrifugal field. This gene is present 

http://www.medterms.com/script/main/art.asp?articlekey=3573
http://www.medterms.com/script/main/art.asp?articlekey=4418
http://www.britannica.com/EBchecked/topic/547115/16S-rRNA
http://www.britannica.com/EBchecked/topic/547115/16S-rRNA
http://www.britannica.com/EBchecked/topic/167063/DNA
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in all Bacteria, and a relation can be found in all cells, including those of eukaryotes. 

Some portions of the molecule of 16s RNA undergo rapid genetic changes, thus 

introducing differences between different species within the same genus. This is an 

important feature to work on and do more researches. Other positions change at a very 

slow rate and thus broader taxonomic levels can be identified. It has been found that 

comparison of the Bacterial 16S
 
rRNA gene sequence has adapted a more preferable 

genetic technique [6].
 
16S rRNA gene sequence analysis is helpful in identifying 

poorly described or rarely isolated strains. This can also be used for identifying micro-

Bacteria. This can lead to classify pathogens and non-cultured Bacteria, too. In 1980s, 

a new development process developed to identify Bacteria [6], [7], [8]. It was found 

that the genetic code play a very important role and comparison in the stable parts of 

this code can determine the phylogenetic relationships of Bacteria and all other life-

forms on earth. 

 

 Most important fact is that 16s rRNA behaves like a molecular chronometer in 

Bacteria [8]. This gene is a critical component of cell function and the degree of 

conservation is assumed to result from it. Mutations may occur in these genes. This 

can be tolerated more frequently since they may affect structures. The 16S rRNA gene 

sequence has been identified for a large number of strains. It means that there are 

many previously accumulated sequences against which the comparison of sequences 

of an unknown strain can be performed. Moreover, the 16S rRNA is a universal gene 

in Bacteria, and so relationships can be calculated among all Bacteria [7], [8]. In 

general, the comparison of the 16S rRNA gene sequences allows distinguishing 

between organisms at the genus level across all major phyla of Bacteria, including 

most of the species and subspecies level. Thus 16s rRNA gene sequences of Bacteria 

become a good source of data for analysis of classification methods using different 

algorithms. rRNA‟a starring role in so many directions in Bacteria has made it a good 

source for using in classification problems. 
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1.3 Motivation of using SVM for classifying gene sequences 

 

Supervised learning on sequence data is called the sequence classification. It 

has become well known as important data mining task with many significant 

applications [43]. In many critical applications of sequence classification, such as 

medical diagnosis and disaster forecasting, early prediction is a highly desirable 

feature of sequence classifiers. A sequence classifier has to use a tag or prefix of a 

sequence, which should be as short as possible, to make a reasonably correct early 

prediction. Sequence classification can be handled by the general classification 

methodologies using feature extraction [44]. A sequence is analyzed and then 

transformed into a set of features. Then, a general classification method such as 

support vector machines (SVMs) can be applied on the new data set of features. In 

many applications of sequence classification, the temporal order plays a critical role 

[43]. As an example, let us consider the application of diagnosing a disease using 

medical record sequences. For a patient, the symptoms and the medical test results are 

recorded as a sequence. But the diagnosis of the disease can be treated as a problem of 

classification of the collected medical record sequences.  

 

Gene sequence classification has a wide range of applications such as health 

informatics, genomic analysis, abnormal or cancerous cell detection, information 

retrieval etc. Being different from the classification task on feature vectors, sequences 

do not have explicit features. Even with sophisticated feature selection techniques, the 

dimensionality of potential features may still be very high and the sequential nature of 

features is difficult to capture. This makes sequence classification a more challenging 

task than classification on feature vectors. Using gene expression data to discriminate 

tumor cells from the normal ones is a powerful method. However, it is sometimes 

difficult because the gene expression data are in high dimension. The key technique is 

to find the new gene expression profiling that provides understanding and insight into 

tumor related cellular processes. SVM can play a significant role in it. For example, 
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early detection of breast cancer has become of crucial importance these days. This 

type of cancer is becoming the second most common cause of death among women 

due to malignant tumors. Early detection of this disease can result in to the longest 

survival or even full recovery in some cases [45]. Sometimes the conventional X-ray 

mammography retains a range of shortcomings and for this new techniques must be 

developed. While taking images with microwaves, the features of this kind of imaging 

make it an attractive approach. Now the target has become to present 3-D approach 

based on SVM classifier which gives the output in a posteriori probability measure 

that indicates the presence of the tumor. Thus it helps to identify directly the tumor 

locations, without solving computationally complex problem. The obtained maps of 

the probability measures indicate the region around the tumor location. This is the 

most important motivation to classify gene sequences using SVMs. 

 

With the development of DNA microarray technology, the expression levels of 

thousands of genes can be measured simultaneously in one single experiment [46]. 

Sometimes the 'high-dimensional sample size' may cause some difficulties. So, 

between cancerous and normal cells, robust and accurate gene selection methods are 

required to identify differentially presented group of genes among different samples. 

Successful gene selection guides to find out different types of cancer cells. Thus it 

leads to a better understanding of genetic indications in cancers and thus brings 

improvements in the treatment strategies. Gene selection and cancer classification are 

done separately. Till now, the genes have been selected prior to their classification. So, 

SVMs can do the classification of gene sequences with higher accuracy rate in 

practical fields where the cancer or tumor-cells can be identified from the normal ones 

and treatment for them can be found out. 
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1.4 Classification of rRNA gene sequences 

 

Classifying rRNA has been an interesting topic in microbiology. Classification 

methods are preferred as they are conceptually easier to interpret than molecular 

phylogenetic analyses. The reason for this is some inconsistencies in higher-level 

Bacterial taxonomy. Most rRNA identification methods have been nearest-neighbor-

based classification schemes [2]. But recent developments have changed this situation. 

In 2002, it was found that that all new Bacterial species representations include an 

rRNA sequence from type strain [3], and a revised higher-order taxonomy has been 

published by Bergey‟s Trust attempting to settle the Bacterial taxonomy with rRNA-

based phylogeny [4], [5]. But it is difficult to analyze the huge arrays of data without 

involving any automated system and other tools that not only automate the procedure, 

but also make it more accurate and valid. 

 

 Supervised machine learning tasks are often minimized to the problems of 

assigning class labels to samples where the labels are drawn from a finite set of 

elements [47]. This task is known as multiclass learning. There are various specialized 

algorithms which have been designed for multiclass problems, based on the 

classification learning algorithms for simplest case of binary problems, where the set 

of possible class labels is of size two. But in practical, the chances of having more 

than two classes for classification are very high. However, one of the most popular 

methods for solving multiclass problems, where the numbers of class labels are more 

than two, is Support Vector Machines (SVMs). SVM is an interesting technique, a 

theoretically well motivated algorithm and it is developed from statistical learning 

theory, with empirically good performance. SVMs have gained an enormous 

popularity in statistics, machine learning theory, and categorization processes. It is 

also used in different branches of engineering. Earlier, SVMs have been designed to 

solve binary classification problems, but these days some attempts have been made to 

generalize SVM to deal with multiclass problems. In these attempts, the binary cases 
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are extended by adding constraints for every class and so the size of the quadratic 

optimization is increased in proportional to the number categories in the classification 

problems. The SVM has its own parameters, i.e. the kernel, slack variable, the epsilon, 

etc. But besides these, there‟s another important one - C, which plays as the trade-off 

between the margin and error while training the machines with the input data sets. The 

main purpose of this thesis is to analyze the role of C for multiclass SVM. C has to be 

given with some value to the SVM in the learning phase and varying C‟s value can 

present different outcome with different accuracy rate of classification. So, the target 

is to find out an optimum range of values of C for having the highest accuracy rate. 

 

  



 Texas Tech University, Samira Masoom, December 2010 

8 

 

CHAPTER 2 

RELATED WORK 

 

This chapter talks about various ways that have been adapted for classifying 

rRNA sequences into the Bacterial Taxonomy over the recent years. There have been 

several approaches to classify the Bacterial 16s rRNA sequences. Among them, the 

Naïve Bayesian Classifier, Neural Networks, etc. are well mentioning. Brief 

discussions on these methods are described in this chapter. Beyond this topic, it also 

explores how SVM works as a classification method in general, following how 

Multiclass SVM can be used for the classification of the same dataset of rRNA 

sequences. 

 

2.1 Naïve Bayes Classifier 

 

The Ribosomal Database Project (RDP) Classifier is actually a Naïve Bayesian 

Classifier. It works very rapidly and can accurately classify Bacterial 16S rRNA 

sequences into the new higher-order taxonomy [2]. This taxonomy was proposed in 

„Bergey‟s Taxonomic Outline of the Prokaryotes‟ [11]. The RDP II, which is a RDP 

Sequence classifier, provides tools, data and other services related to rRNA sequences 

to the research community. It is rich in resources and maintains over 300,000 Bacterial 

sequences and the average numbers of collected new sequences each month is over 

5,000. To handle this large volume of sequences, a Naïve Bayesian Classifier has been 

developed for classifying Bacterial rRNA sequences to fit them into the new Bergey‟s 

Bacterial taxonomy. This classifier works fast and it does not need sequence 

alignment. It can provide taxonomic distribution from domain to genus, with 

confidence evaluation for each assignment to the labels. This has become popular as 

the majority of classifications (98%) [2], have achieved high estimated confidence 
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(>95%) and high accuracy (98%). It can classify the sequences up to the genus level 

with an average accuracy above 88.7%. 

 

The RDP classifier handles rRNA sequences where each sequence is labeled 

with a set of taxa from the level of domain to that of genus. Figure 2.1 shows accuracy 

rates that were found using this classifier. 

 

 

Figure 2.1 Image from [2] of overall classification accuracy by query size  

Numbers shown here are the percentages of correctly classified test cases. 

 

The Classifier uses a feature space consisting of all possible 6 to 9-base 

subsequences which can be termed as „words‟. Words of 6 and 7 bases were less 

correct and words of 8 and 9 bases gave almost the same results. For these, size 8 was 

chosen for all future work to minimize the memory and space requirements. In this 

classifier, the position of a word in a sequence is ignored. And only those words 

occurring in the query contribute to the score in the text classification process [9]. This 

concept has been used in a similar word-based categorization method to look for 

horizontal gene transfer events in whole-genome sequences [10]. It works by 

exhaustive leave-one-out testing. For each test case, a single sequence has been saved 
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from the corpus as the test sequence and the classifier is retrained on the remaining 

sequences. This process is repeated for all sequences in the corpus. The incorrect 

genus assignment was not considered in calculating the statistics, but the results were 

stored to keep records for higher ranks containing other genera which have the valid 

training sets. From the above figure (Figure 2.1), some ideas about the comprehensive 

accuracy in this classifier for near-full-length segments can be seen. The rate of 

accuracy was very high, above 88.7% till the genus level. For lower-size-base 

segments (i.e. 400-bases), the accuracy, down to family level, was above 92.1% and 

for genus level 83.2% were classified accurately. But it has been seen that the 

accuracy for further lower segments (i.e. 50-base) was only 94.1% at the phylum level 

and decreased dramatically to 51.5% at the genus level [2]. 

 

2.2 Back Propagation and Counter propagation Neural Network 

 

Another popular approach for classifying sequences is Neural Network (NN). 

A neural network system can work for fast and accurate classification of rRNA 

sequences according to phylogenetic relationships [12]. The sequences are encoded 

into neural input vectors, using an n-gram hashing method. To handle the long and 

sparse n-gram input vectors, a Singular Value Decomposition (SVD) method is used. 

The NNs work as three-layered, feed-forward networks. They use supervised learning 

schemes, including the Back Propagation (BP) algorithm and a modified Counter 

Propagation (CP) algorithm. A dogmatic pattern selection strategy is used that causes 

reduction of the training time. After trained with rRNA sequences of the RDP 

database, the system can classify query sequences up to 99% accuracy rates. 

 

In the fields of studies involving sequence data analysis, neural network 

technology has been applied as a technique for computational analysis [13]. BP 

networks are one of the most popular learning criteria, and have been used to predict 

protein secondary structures [14], [15], [16]. This technique is used to distinguish 
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encoding regions from non-coding sequences [17], [18], to predict the promoter in 

Bacterial sequences [19]. This can classify molecular sequences [20], [21]. CP is a 

modified version of this supervised learning algorithm. It is closely affiliated to the 

nearest-neighbor classifier. It keeps record of a nearest-match lookup table. It can be 

trained very rapidly to extract the statistical properties of the input data. This is an 

improved enhancement of the BP protein classification system of the rRNA 

sequences. The NN system is designed to classify unknown sequences into predefined 

classes. In other words, it maps molecular input sequences into output sequence 

classes. Figure 2.2 gives an idea how the basic NN works on the input sequences. 

 

 

Figure 2.2 Image from [12] of a Neural Network (NN) system for RNA sequence 

classification. The sequences are first assembled by an n-gram sequence encoding 

method into neural net input vectors. Long n-gram input vectors can be 

compressed by a SVD method to minimize the vector size. The NNs then map the 

sequence vectors into predefined classes based on the information integrated in 

the neural interconnections after training the network. 

 

The BP NNs are feed forward, three-layered networks [23]. The size of the 

input layer is dictated by a sequence encoding schema. The size becomes m
n
 with n-

gram encoding, compressed by SVD [12]. Here m is the size of the alphabet. The size 
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of the output layer equals to the number of classes represented in the network. The 

hidden layer size is determined heuristically, any number between the sizes of input 

and output layers. One major problem frequently faced when using BP NNs is that it 

takes long training time.  

 

A modified CP algorithm uses supervised Learning Vector Quantizer (LVQ) 

and dynamic node allocation. In the forward-only CP network, there are three layers: 

an input layer, a Kohonen layer and a Grossberg (output) conditioning layer. As in BP 

network, the sizes of the input layers is the size of input vectors and the size of output 

layers is the number of output classes. As a pattern classifier, a CP network uses the 

Kohonen layer, whose size has to be determined as a parameter, to determine winning 

units for the input patterns. The output layer maps the winners into their classes. The 

Kohonen layer is a LVQ network and it works based on the concept of nearest-

neighbor classification [22]. It selects a winner based on the „Euclidian Distance‟ 

between the input and weight vectors, and then update the weight vector of the 

winners. 

 

Classifying the unknown sequences into predefined classes on a phylogenetic 

tree, but without doing any sequence alignment, is known as the rapid means of 

sequence annotation. This type of rRNA classification system, done by NNs, can be 

used to screen large collections of short ribosomal RNA sequences.  

 

2.3 SVM and Multiclass SVM 

 

Support Vector Machine (SVM) is a classifier which was derived from 

statistical learning theory, introduced by Vapnik [24]. SVMs are sets of supervised 

learning methods used for classification. It generates optimal hyper-plane and Soft 

Margin for inseparable data. SVMs were initially developed to perform binary 

classification. But practically classification problems have been extended to deal with 
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more than two class situations. For a given a set of training examples, for the binary 

classification problem, each one marked as belonging to one of two groups, an SVM 

training algorithm builds a model that predicts whether a new example falls into one 

category or the other. For this, it handles non-linear rules and non-standard data using 

kernels. SVM is a new technique for data categorization, involving training and testing 

data sets of instances. Each instance in the training set contains one „target value‟, 

which indicates the class label and several „attributes‟ which are the features of the 

instance. The target of SVM is to produce a model which foretells target value of data 

instances in the testing set which are given only the attributes and it can be done 

without the loss of generality. In this problem the goal is to keep apart the two classes 

by a function which is produced from available examples. The goal is to produce a 

classifier that generalizes well, so that it can work on any unseen example accurately. 

Let us concentrate on the Figure 2.3 bellow. There can be several possible linear 

classifiers that are capable of separating the data. But there is only one that will 

maximize the margin. 

 

Figure 2.3 Image from [25] of Linear Separating Hyper-plane 

 

It means that there‟s one that can maximize the distance between it and the 

nearest data point of each class [25]. This linear classifier is named as the „optimal 

separating hyper-plane‟. Automatically, it is expected that this boundary would 

generalize better than the other possible options.  
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Following the basic concept about SVM from [25], for a given a training set of 

instance-label pairs (xi, yi), where  i = 1,..., l and xi ϵ  R
n 

, y ϵ {1,−1}, for a binary class 

problem, the hyper plane can be expressed with the following expression:  

 ‹ , › 0x b ω  (2.1) 

Here   is the weighted vector and b is the threshold. The set of vectors is expected to 

be optimally separated by the hyper-plane when it is disconnected without error and 

for this the gap between the closest vector and the hyper-plane is maximal. There may 

be some redundancy in Eq 2.1, and when there is no scope for having any loss of 

generality, it is appropriate to use canonical hyper-plane. In this case, the 

parameters  , b are constrained by, 

 min ‹ , › 1ii x b ω  (2.2) 

This can be pictorially described as follows in Figure 2.4: 

 

 

Figure 2.4 Hyper-pane that can be linearly separable 

 

The goal in classifying the datasets is to find the maximum-margin hyper-plane 

that divides the points, belonging to different classes. Any hyper-plane can be written 

as the set of points satisfying Eq 2.1. The vector    is a normal vector, which is 

perpendicular to the hyper-plane. The parameter b determines the offset of the hyper-

plane from the origin along the normal vector. Maximizing the margin means to make 

the distance between the parallel hyper-planes as far apart as possible while they are 



 Texas Tech University, Samira Masoom, December 2010 

15 

 

still capable of separating the data. These hyper-planes can be described by the Eq 2.2 

in other way as: 

 . 1b ωX  (2.3) 

 

And 

 

 . 1b  ωX  (2.4) 

  

This trenchant constraint on the parameterization is desirable to alternatives in 

simplifying the formulation of the problem. It means that the norm of the weight 

vector has to be equal to the inverse of the distance, which is the gap between the 

nearest point in the data set and the hyper-plane. The idea is illustrated in Figure 2.5, 

where the distance between the nearest point and each hyper-plane is shown. But in 

case of the separating hyper-planes, some constraints are to be maintained.   

 

 

Figure 2.5 Image from [25] of Canonical Hyper-planes 

 

For a separating hyper-plane in canonical form the following constraints must 

be satisfied,  

 [‹ , › ] 1,     i = 1, 2, ...... i iy x b l ω  (2.5) 
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The distance d( , b;  ) of a point   from the hyper-plane ( , b) can be written 

as the following: 

  
‹ , ›

,  b;  x   

ix b
d







  (2.6) 

 

The optimal hyper-plane is given by maximizing the margin, but it has the 

constraint of Eq 2.3. The margin is given by the equation as follows: 

      i i

: 1 : 1

2
, min ,  b;  x min ,  b;  x      

i i i ix y x y
b d d   

 
    (2.7) 

Hence the hyper-plane that should optimally separate the data will minimize, 

   21

2
    (2.8)    

But this may not be the case in general. Most classification methods, however, 

are not that simple. They are often more complex structures. These are used in order to 

make an optimal separation to correctly classify new objects on the basis of the 

examples that are available from the training sets. From Figure 2.6, it is 

straightforward that a full separation of the two dataset instances would require a 

curve, not a straight line all the time. These are the more complex cases than the liner 

ones. Categorization tasks based on drawing separating lines to discriminate between 

objects, belonging to different classes are known as hyper-plane classifiers. And 

Support Vector Machines (SVMs) are particularly appropriate to handle such tasks. 
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Figure 2.6 Image from [25] of Linearly non separable dataset 

 

The diagram in Figure 2.7 below shows the basic idea of how SVMs work. 

The original objects (left side of Figure 2.7) are rearranged, using a set of 

mathematical functions. These functions are known as kernels for SVMs. The process 

of rearrangement of the objects is known as mapping or transformation. In the new 

setting, the mapped objects (right side of Figure 2.7) are linearly separable. 

 

 

Figure 2.7 Image from [25] of Illustration how SVM works on a linearly non-

separable dataset 

 

Thus, instead of constructing the complex curve, an optimal line has to be 

found out and it‟ll that separate different data objects, belonging to different classes. 
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Two approaches can be utilized to generalize the problem, where the methods 

are dependent upon precedent knowledge of the problem and an assessment of the 

noise on the data. In the case where it is known that a hyper-plane can correctly 

separate the data, it is appropriate to introduce an additional cost function associated 

with misclassification. For describing the boundary, a more complex function can be 

used. Introducing some variables and functions, the optimal separating hyper-plane 

method can be generalized [38]. The non-negative variables are     , and the 

penalty function is, 

  ξ i

i

F 

   (2.9) 

Where σ > 0 and the constraint in introduced in Eq 2.6, which becomes, 

 i , i = 1, ‹ 2, ..., › 1 ....ξ ...., i iy x b l    ω  (2.10) 

So, in case of the linearly non-separable datasets, SVMs has to find out the 

solution of the following optimization problem, that minimizes the function [49]: 

   2

i

1
,     ξ

2 i

C       (2.11) 

Which holds the same constraint as of Eq 2.8 and     . Here comes a new parameter 

C, where C > 0, and it is the „penalty parameter‟ of the error term. It is also termed as 

the trade-off between margin and error for the SVM. 

 

Up to this level, all these were meant to solve the problem of binary 

classification, where there are only two possible datasets. But these days, there are 

more than two classes in the classification problems. So, these have to be extended for 

multiclass categorization problems, too. Suppose there is a training set of (  1,   1) ... 

(  n,   n) with labels   i in [1..k], where   i indicates the class labels. Then for 

multiclass SVM, while the system is being trained, it has to find the solution of the 

following optimization problem [26]: 

 i
, ,

1 1

1
min  * ξ   

2
i i

b
i k i n

C

n 
 

   

   (2.12) 
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Such that,  

for all   in [1..k]: [   1 •   yi ]   [   1 •   y ] + 100*Δ(  1,  ) - ξ1 

… 

for all   in [1..k]: [   n •   yn ]   [   n •   y ] + 100*Δ(  n,  ) - ξn 

 

Here Δ(  n,  ) is the loss function that returns 0 if   n is equal to   and 1 

otherwise. C is our familiar regularization parameter that is actually the trade-off 

between margin size and training error. 
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CHAPTER 3 

METHODOLOGY 

 

The goal of this thesis is to classify Bacterial rRNA gene sequences with 

Multiclass SVM and also analyze the role of a particular parameter, C that has some 

significant impact on the performance of the SVM. At first, the datasets of thousands 

of sequences have been collected and then they were modified in Python to use them 

in the SVM
multiclass

 [26] tool to do the classification. Afterwards, the effects of the 

trade-off parameter, C is observed. The following sections in this chapter describe the 

steps which are necessary to obtain a working SVM along with the role of the trade-

off parameter C during the classification process. 

 

3.1 Creating the dataset 

 

The datasets of Bacterial rRNA sequences for this thesis have been collected 

from the Ribosomal Database Project (RDP) [27]. Afterwards the features are selected 

and then the sequences have been modified based on the features to use them for the 

SVM
multiclass

 both for training and testing stages. Brief discussions about these steps 

are stated below. 

 

3.1.1 Database of rRNA sequences 

 

RDP has a significant role in the world of science today as it supplies ribosome 

related data and services to the scientific community, including online data analysis 

and 16S rRNA sequences of Bacteria and Archaea [2]. These sequences are rich in 

significant enhancements over the previous collected versions of the database. But for 

this thesis, only the Bacterial sequences have been in the consideration. The data file 
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contains the raw sequences with some necessary information. Only a few examples are 

shown here as follows:  

 

„>AB002630|S000427298 Root; Bacteria; ProteoBacteria; GammaproteoBacteria; 

Alteromonadales; Colwelliaceae; Colwellia  

ttgaacgctggcggcaggcttaacacatgcaagtcgagcggtaacagagagtagcttgctactttgctgacgagcggcgg

acgggtgagtaatgcttgggaatatgccttatggtgggggacaacagttggaaacgactgctaataccgcataacgtctacg

gaccaaagggggggatcttcggacctctcgccatttgattagcccaagtgagattagctagttggtgaggtaaaggctcacc

aaggcgacgatctctagctggtttgagaggatgatcagccacactgggactgagacacggcccagactcctacgggagg

cagcagtggggaatattgcacaatgggcgaaagcctgatgcagccatgccgcgtgtgtgaagaaggccttcgggttgtaa

agcactttcagttgtgaggaaaggttagtagttaatagctgctagctgtgacgttaacaacagaagaagcaccggctaacttc

gtgccagcagccgcggtaatacgaggggtgcaagcgttaatcggaattactgggcgtaaagcgttcgtaggcggttattta

agcaagatgtgaaagcccagggctcaaccttggaactgcattttgaactgggtaactagagtactgtagagggtggtggaat

ttccagtgtagcggtgaaatgcgtagagattggaaggaacatcagtggcgaaggcggccacctggacagatactgacgct

gaggaacgaaagcgtggggagcgaacaggattagataccctggtagtccacgccgtaaacgatgtcaactagccgtttgt

ggacttgatccgtgagtggcgcagctaacgcactaagttgaccgcctggggagtacggccgcaaggttaaaactcaaatg

aattgacgggggcccgcacaagcggtggagcatgtggtttaattcgatgcaacgcgaagaaccttaccatcccttgacatc

cacagaagagaccagagatggacttgtgccttcgggaactgtgtgacaggtgctgcatggctgtcgtcagctcgtgttgtga

aatgttgggttaagtcccgcaacgagcgcaacccctatccttatttgccagcgcgttatggcgggaactctaaggagactgc

cggtgataaaccggaggaaggtggggacgacgtcaagtcatcatggcccttacgggatgggctacacacgtgctacaatg

gcaggtacagagggcagcaataccgcgaggttgagcgaatcccacaaagcttgtcgtagtccggatcggagtctgcaact

cgactccgtgaagtcggaatcgctagtaatcgtagatcagaatgctacggtgaatacgttcccgggccttgtacacaccgcc

cgtcacaccatgggagtgggatgcaaaagaagtggctagtttaacccttcggggaggacggtcaccactttgtgtttcatga

ctggggtgaagtcgtaacaaggtaaccctaggggaacctgcggctggatcacctcc‟ 

 

„>AB003623|S000018929 Root; Bacteria; Proteobacteria; Betaproteobacteria; 

Burkholderiales; Incertae sedis  5; Roseateles 

attgaacgggc….tggggtga‟ 
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„>AB003932|S00038718 Root; Bacteria; Actinobacteria; Actinobacteria; 

Actinobacteridae; Actinomycetales; Frankineae; Kineosporiaceae; Kineosporia 

tagagtttgat…cggataacc‟ 

 

The raw dataset has thousands of lines of input where each line starts with a 

„>‟ and Identification Number, then it gives the names of different labels, from top to 

bottom of the tree of the taxonomy, in which the Bacterial rRNA sequence belongs to. 

The very first line, at the starting end of every sequence contains the name of the root 

of the taxonomy, here the Phylum is the root and it is Bacteria for all of them. Then 

the names of Class, Order, Family, Genus and Species come respectively. But some of 

these sequences also have the names of their sub-classes, sub-order or sub-family, too. 

For the convenience for analysis, these sub-sections and the Species were not taken 

into consideration. The average size of each sequence is around 1450-1550 characters, 

containing different combinations of „a‟, „c‟, „t‟, „g‟. Around 2 GB data, with 6523 

sequences, were used for this. In this large volume of data, the numbers of different 

categories for the basic five levels of the taxonomy are, Phylum: 25, Class: 34, Order: 

84, Family: 236 and Genus: 1291. 

 

3.1.2 Feature Selection 

 

The input rRNA gene sequences are actually a large string of amino acids, „a‟, 

„c‟, „t‟, „g‟. But significant characteristics are introduced in different species by 

different orientation and numbers of them in the gene sequences. So, features are to be 

detected from these large strings of characters. Formation of „n-mer‟ word is a popular 

way of selecting features from a gene sequence. Here, n-mer words play the role for 

creating features. For this n is varied from 3 to 8, forming words of 3-mer to 8-mer 

respectively. The n-mer words are nothing but words, having length of n-characters 

with all possible combinations of the four characters, „a‟, „c‟, „t‟, „g‟, with and without 
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the repetition of each character. This means, that each of these four characters can be 

repeated or unique in each word, but every single word is different from each other. 

 

For example, the 3-mer words are formed by all the possible combinations of 

those four characters and so the words become, „aaa‟, „aac‟, „aag‟, …, „tcg‟, „tct‟, 

„tga‟, „tgc‟, „tgg‟, „tgt‟, „tta‟, „ttc‟, „ttg‟ and „ttt‟, giving total of 64 ( = 4
3 

) different 3-

mer words. In case of 4-mer words, total 256( = 4
4 

) different words as „aaaa‟, „aaac‟, 

„aaag‟, …, „ttta‟, „tttc‟, „tttg‟, „tttt‟ are in the dictionary. The 8-mers are something like 

these, „aaaaaaaa‟, „aaaaaaac‟, „aaaaaaag‟, ... , „tttttttc‟, „tttttttg‟, „tttttttt‟. So, the total 

numbers of features become 87360 ( = 4
3
 + 4

4
…+ 4

8 
) as all the four letters, denoting 

the amino acids in the rRNA sequences. So, all these 87360 different words have been 

used as the features that are searched through the input sequence and the count values 

of them are kept in record for later use in the SVM for classification. This „count‟ is 

treated as a constant term, called the „frequency‟ of the feature in the input sequence. 

And all this features are stored in a file, assigned with sequential number from 1 to 

87360. So that, any feature can be identified with a specific number. For example, 

feature no.1 will indicate to „aaa‟, and feature no. 87360 will mean „tttttttt‟. 

 

3.1.3 Dataset formation 

 

The dataset that has been formed is actually a multi category multiclass 

system. There are 25 different Phylum and they have been labeled from 0 to 24 as 

denoting the „class labels‟. So, it is individually a multiclass classification problem. 

Then comes the Class category and they are also numbered from 0 to 33. Now this 

becomes another multiclass problem. So, a storage or matrix has to maintain to keep 

the labels of Phylum, Class, Order, Family and Genus for each sequence. Python is 

used to create the input data file from the raw rRNA sequences.  
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The input file for the SVM
multiclass 

is formatted in a way that for each sequence, 

and for every category (i.e.  basic levels of taxonomy - Phylum, Class, Order, Family 

and Genus), the whole length of the input sequence is scanned and a count for those 

87360 features are preserved. But if the count for any particular feature is 0, it means 

that that very feature is absent in the input string and so the absence of any feature is 

neglected and it is not saved for future reference. For example, any single line in the 

formatted input file may look like this: 

3 1:0.43 3:0.12 6784:0.2 

And it means that an example of class label 3 (it may be from any of the 

Phylum, Class, Order, Family or Genus) for which first feature has the value 0.43, 

third feature has the value 0.12, 6784th feature has the value 0.2, and all the other 

features have value 0. This is the basic format of the input file for the SVM
multiclass

 

tool. From the input sequences, this form of new files are generated so that those can 

be fed to SVM
multiclass

, train the tool and afterwards use the gathered information for 

testing a new file. 

  

This is an example of only one category. For all the 5 different categories, (i.e. 

Phylum, Class, Order, Family and Genus), the input files are formatted in the same 

way. So, one single sequence is scanned 5 times to create 5 different records to keep 

track of the frequency count of the particular features in the sequence. The whole 

dataset of rRNA sequences are divided into 10 files. For the case of Phylum, among 

these 10 files, one is left out and the other 9 files are concatenated together and used 

for training the SVM and the rest one file is used for testing. So, when the first file is 

left out, from second to tenth file, all are joined together and the system is trained. The 

left out, first file is used for testing. When the second file acts for the test case, the first 

file and from third to tenth files are used for training the system and the same process 

goes on. Thus the dataset are created for using in SVM
multiclass

 both in the training and 

the testing stages. 
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3.2 Using the SVM
multiclass

  tool for Multiclass classification problem 

 

SVM
multiclass

 uses the multi-class formulation [28], but optimizes it with an 

algorithm that is very fast in the linear case. This is an algorithmic implementation, 

written in C on Linux with gcc, to deal with the multiclass vector machines. It uses a 

generalized notion of the margin for solving multiclass problems. These multiclass 

categorization problems are also projected as a constrained optimization problem with 

quadratic objective functions. This yields a direct method for training multiclass 

predictors. This brings changes in most of previous approaches which typically 

decompose a multiclass problem into multiple independent binary classification tasks. 

The use of the dual of the optimization problem makes it easier to integrate kernels 

with a compact set of constraints and then decompose the dual problem into multiple 

optimization problems of smaller complexity. A brief discussion about this dual is 

described in the later sections of this chapter.  

 

In supervised multiclass learning methods, basic tasks are to handle problems 

of assigning labels to instances, where the tags of the labels are chosen from a finite 

set of elements. Among various approaches, the ruling one for solving multiclass 

problems using SVMs is to reduce a single multiclass problem into multiple binary 

problems. But it has been found that the correlations among different classes cannot be 

captured properly in this way and it lacks some information. Another problem is that 

the size of the quadratic optimization becomes proportional to the number of different 

class labels and it increases different constraints. So, it becomes a homogeneous 

quadratic problem which is hard to solve. But SVM
multiclass 

is designed on the basis of 

the structural SVMs. It is an instance of SVM
struct

 [28]
 
. SVM

struct
 is based on another 

SVM algorithm which can predict multivariate outputs. It performs supervised 

learning using an approximate mapping function as follows: 

h: X --> Y 
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This function uses labeled training examples as (x1,y1), ..., (xn,yn). xi indicates 

samples and yi are the class labels. SVM
struct

 can predict complex objects „y‟ like trees, 

sequences, or sets and this is the difference between this and the regular SVMs. 

SVM
struct 

algorithm can also be used for linear-time training of binary and multi-class 

SVMs, using the linear kernel. It uses a new but equivalent formulation of the 

structural SVM quadratic program and is faster than prior methods. The SVM
struct  

is
 

implemented based on the SVM
light

 [29], [30], a quadratic optimizer. However, large 

datasets are being used these days and they may become computationally expensive. 

The „cutting-plane‟ methods in SVM
struct

 can provide fast training. Here, for linear 

SVM training problem, this method has linear time complexity and becomes linear in 

the precision and the regularization parameter even on large datasets. For linear 

kernels, SVM
multiclass

 runs very fast and runtime varies linearly with the number of 

training examples. But non-linear kernels are not supported in SVM
multiclass

. So, for 

this thesis only linear kernels were kept in consideration while training the system. 

 

So, after compiling the program, SVM
multiclass

 is ready to train and test input 

data, formatted from the input gene sequences, with its relevant executable files. Its 

learning module helps to learn the system and the classification module does the 

classification. The classification module is applies the known model to new examples 

for testing them. At first, C is given as an input to the learning module and the learned 

model is stored as an individual output file. This model file holds the information 

needed to be used, during the testing phase. The classifying module of SVM
multiclass

 

reads the information from the model file and based on that, it makes prediction on the 

test examples.  

 

3.3 The parameter C for in SVM 

 

From Chapter 2, in Eq 2.9 and 2.10, the parameter C has been introduced. It is 

the regularization parameter for SVM and it is also the trade-off parameter between 

http://www.cs.cornell.edu/People/tj/svm_light/index.html
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margin and error. It means how much error can be compromised while maximizing the 

margins for the SVMs. From the figure below (Figure 3.1), we get the idea about the 

margins in the SVM and it shows for a binary classification problem, in which the „+‟ 

and „-‟ indicates 2 types of elements belonging to different classes and they are 

separated by the margins. 

 

 

Figure 3.1 Basic margins for a binary SVM 

 

The basic idea is to minimize the training errors and maximize the margin. In 

case of the Hard Margin, (when     ), the two dataset can be easily separable. 

Figure 3.2 gives an idea about the Hard Margin and Soft Margin cases. 

 

 

Figure 3.2 Image from [31] on Hard and Soft Margin for binary SVM 
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Following the basic concepts from Eq. 2.9, the error term becomes 0 and so the 

equation can be written as follows: 

   21

2
     (3.1) 

And for Soft Margin, Eq 2.9 holds with all those constraints.  

 

The optimization problem for the SVMs is trading off how fit it can make the 

margin versus how many points have to be placed around to allow this margin. When 

ξi >0, following the concepts from Chapter 2, the margin can be less than 1 for any 

point, xi. But for this, the penalty of Cξi has to be  paid in the minimization. The upper 

bound, on the size of the training set, comes from the sum of the ξi. When C is small, it 

becomes the case of Soft Margin SVMs. These SVMs try to minimize the portion that 

has been traded off between training error and margin. In case of Soft Margin a fat 

margin is placed and it can model the collection of the data. The trade-off between the 

error and margin becomes less and so some of the instanced may be misclassified. 

When C is large, then the trade-off between error and margin becomes larger. This is 

the situation of Hard Margin. It reduces the geometric margin and it may not consider 

most of the data. Figure 3.3 gives a geometric idea in case of 2-class problem. 

 

 

Figure 3.3 Image from [31] of how C effects in deciding the margin for SVM 

 

In case of multiclass classification problem, from Eq 2.10, we find that C is 

divided by the numbers of instances in the dataset. But is has to be considered for all 
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the different class labels yi, for i=1…k. Here the slack variable is introduced for all 

possible non-linear constraints. This constraint may result in an upper bound on the 

risk and offer some algorithmic advantages. 

 

3.4 Tuning of the parameter C 

3.4.1 Mathematical Analysis 

 

C is first introduced in the Eq 2.10 for a binary classification problem and 

solution for this Eq 2.10, based on the constraints of Eq 2.9 can be found by the 

Lagrangian [33] as the following equation: 

    2

i i

i 1 1

1
, , , ,     ξ 1 ξ

2

l l
i T i

i i i

i j

L b C y x b        
 

            (3.2) 

where     are called the Lagrange multipliers. The Lagrangian has to be minimized 

with respect to       and maximized with respect to    . The classical Lagrangian 

duality enables the primal problem, Eq 3.1, to be transformed to its dual problem. The 

dual problem can be written by, 

     
, ,  ,

max , max min , , , , ,
b

W L b
   

       (3.3) 

The minimum with respect to       of the Lagrangian,  , can be found by, 
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  (3.5) 

 0 i i

L
C 




   


 (3.6) 

Hence from Equations 3.1, 3.2 and 3.3, the dual problem becomes, 

  
1 1 1

1
max max ‹ ›  

2

l l l

i j i j i j i

i j i

W y y x x
 

  
  

     (3.7) 
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And hence the solution to the problem becomes: 

 
*

1 1 1

1
arg min ‹ ›

2

l l l

i j i j i j i

i j i

y y x x


  
  

    (3.8) 

For this the constraints are,  

 0       for        ,    and   

 1

0
l

j j

j

y


  (3.9) 

This gives the decision function as follows: 

  
1

 ‹ ›
l

j j i j

i

f x sign y x x b


  
   

  
  (3.10) 

A general way to solve for multiclass problem is to construct a decision 

function by considering all classes at once [5]. So, for multiclass SVM, Eq 2.9 can be 

modified as: 

  
1 1

1
, ( . )    

2
i

l
k

i i i

j k i j y

C     
   

    (3.11) 

With the constraints 

(      )         (     )          
    

    0 ,  1              1,    \      k

i ii l j k y       (3.12) 

Now the decision function becomes: 

    arg max[ ( . ] ,   1, i i
k

f x x b i k     (3.13) 

Now the solution to this optimization problem in dual variables by finding the 

Lagrangian: 
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 (3.14) 

with the dummy variables  

 α 0, ξ 2, β 2,  1i i iy y y

i i i i l      (3.15) 
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and the constraints 

  α 0, ξ 2, β 2,  1            1,    \j j j

i i i ii l and j k y        (3.16) 

Which has to be minimized with respect to     and maximized with respect to    . 

Introducing the notations: 
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And  

   ∑  
 

 

   

 

And then differentiating w.r.t.           ξ 
 

 we obtain: 
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 (3.19) 

After necessary calculations [5] and substitutions using equations 3.8, 3.9, 3.10 and 

3.11, we obtain: 

  
, , ,

1 1
2 [  ]‹ ›

2 2
i iy yj k k k

i j i j i i i i i j

i j i j k

W c A A x x            (3.20) 

This is a quadratic function with linear constraints: 

∑    
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This gives the decision function: 
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3.4.2 Statistical Analysis 

 

Like most machine learning techniques, SVMs have parameters to be tuned. 

These parameters influence their performance. In SVM, the parameter C introduces 

additional capacity control within the classifier. C is the regularization parameter of 

the SVMs [34]. But finally it has to be chosen in such a way that it can reflect the 

knowledge of the data. This parameter is selected using an exhaustive search 

procedure based on a set of candidate values.   

 

The best way to find the value of C for having the best performance of the 

SVMs, is cross validation [35]. Cross-Validation is a statistical method which can 

evaluate and compare learning algorithms by dividing data into two parts. One part is 

used in learning (or training) the model and the other one is used to validate the data. 

There can be variations in cross-validation process but the basic form of cross-

validation is k-fold cross-validation [34]. In typical k-fold cross-validation, the 

training and validation sets must cross-over in successive rounds. As a result, each 

data point has a chance of being validated against other points in k rounds. Here, the 

data is first partitioned into k equally sized segments. Subsequently k iterations of 

training and testing are performed so that a different fold of the data is left-out for 

testing. The remaining (k – 1) folds are used for learning. And afterwards, the learned 

models make predictions about the data in the testing phase. The performance of each 

learning algorithm on each fold can be tracked using some predetermined performance 

metric. For example, one of these can be accuracy. Upon completion, k samples of the 

performance metric, i.e. accuracy will be available for each algorithm. 

 

There are two targets in cross-validation process. One is to estimate 

performance of the learned model using one algorithm from the available data. And 

the other one is to compare the performance of two or more different algorithms. Then 

it finds out the best algorithm for the available data. These two goals are highly 

related. If the accurate estimates of the performance of the algorithm are known, then 
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the second goal can be automatically achieved. The main factors, in order to have 

independent measurements of an algorithm‟s performance, are the training and testing 

datasets and these sets should be independent from one run to the next. If some data is 

used for testing in more than one round, the obtained results will be dependent and a 

statistical comparison may not be valid. So, the datasets must be independently 

controlled and there must not be any overlap between the data used for learning and 

those used for testing in the same run. Otherwise it can lead to an over-estimation of 

the performance metric and this is not encouraged.  

 

The training set can have indirect influence on the measurements through the 

learning algorithm. But the test set has a direct impact on the performance measure. In 

most cases it is easy to learn the proper value for a parameter from the given data. But 

in some cases, there is no good way to select a best value for a parameter other than 

trying out many values and picking the one that yields the highest performance. For 

example, when dealing with noisy data, SVMs use Soft Margins. There is no easy way 

of learning the best value for the Soft Margin parameter for a particular dataset other 

than trial and error method to find out how it works. In such cases, cross-validation 

can be performed on the training data to measure the performance, at the same time 

each value being tested.  Besides the problem of over fitting during classification can 

be prevented using cross validation process [36]. These are the reasons why cross 

validation has been chosen as the working method to select the value of the 

regularization parameter C for the SVMs. 

 

3.4.3 Other Approaches 

 

Besides cross validation, there are several other ways to find the parameter C 

for multiclass SVMs. Among them Genetic Algorithm (GA), Grid Search, etc. are 

quite notable. It has been observed that trying exponentially growing sequences of C 

and is a practical method to identify good parameters (for example, C = 2
−16

, 2
−15 

. . . 
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2
16

) [36]. Among various methods, grid-search is a straightforward way. It may seem 

naive. There can be several advanced methods which can be computationally cheaper 

than other approaches. However, simple grid-search approach can be still be used 

because generally it is always preferred to adapt the options that don‟t require an 

exhaustive parameter search by heuristics. Another reason is - it takes less amount of 

computational time, than other advanced approaches. A complete grid-search may still 

cause lot amount of time, but a coarse grid must be conducted first. When a „better‟ 

region is identified, then a finer grid search on that region can be evaluated. 

 

 Another very popular approach can be the Genetic algorithms (GAs). They 

have the capability to generate SVM parameters, while maintaining the SVM 

classification accuracy properly. The feature selection in the GAs is performed 

independently of the learning algorithm. Now, the feature subset selection algorithms 

can be done in two categories: the filter approach and the wrapper approach [37]. The 

wrapper approach is popular because of getting high accuracy. The GAs are promising 

alternatives to conventional heuristic methods. They work on a set of candidate 

solutions called a population. Based on the Darwinian principle of „survival of the 

fittest‟ of the biological systems, the GAs obtain the optimal solution after a series of 

iterative computations. GA generates successive populations of alternate solutions that 

are represented by a chromosome, i.e. a solution to the problem. This process goes on 

until acceptable results are obtained. GA can handle large search spaces efficiently. A 

fitness function determines the quality of a solution in the evaluation step. The fitness 

value is controlled by the main operators- crossover and mutation functions. 

Chromosomes or new solutions are selected for reproduction by evaluating the fitness 

value. The fitter chromosomes have higher chances to be selected.  

 

Figure 3.4 and Figure 3.5 illustrate the general idea how the genetic operations 

of crossover and mutation take place in the GAs in their evolutionary cycle. Crossover 

is a random process for exchanging genes between two chromosomes. This is actually 

the critical genetic operator that allows new solution take position in the search space 
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to be explored. Crossover can be done in different ways, i.e. using the one point, two 

point or homologue ways. 

 

 

Figure 3.4 Image from [37] of Genetic crossover and mutation operation. 

 

 

Figure 3.5 Image from [37] of Evolutionary Cycle. 

 

In mutation step, the genes may occasionally be altered. For example, if binary 

code is used as the code representation, the genes should change code from 0 to 1 or 

vice versa. Offspring or the new generation replaces the old population using the 

diversity replacement strategy and thus a new population is generated in the next 

generation. So, at the end of each iteration, GAs can give new improved solution. 

Thus new values of C can be selected for improving the performance of the SVMs. 
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CHAPTER 4 

EXPERIMENTS AND OBSERVATIONS 

 

This chapter discusses about the experiments that have been done on the 

datasets and also the results after using the SVM
multiclass

 for classifying them, using the 

concepts of SVM. The program of the SVM
multiclass

 was run on the datasets with 

several combination of the regularization parameter, C of the SVMs and then outputs 

from every case were observed. And it has been found that performance, based on the 

accuracy of classifying the testing datasets, varies with the change in the value of the 

parameter, C. 

 

4.1 Experiments run for finding optimum value of C 

 

Couple of sets of experiments have been done to select an optimum range of C 

values while classifying the 16s rRNA Bacterial sequences. The basic idea, to keep in 

mind was, to select C by the process of cross validation and the error rate should be 

lowest, at the same time with highest speed while converging. 

 

C is varied along a long range of values, such as 2
−16

, 2
−15

. . . 2
16

 [36]. For each 

value of C the program SVM
multiclass

 is run for every single subset of the total 10 

different datasets for each category. For each C, the values of two different variables 

can be known as the program runs. One of them is the error rate and the other one is 

the run time. So, each C is related to its corresponding error rate and also with the run 

time. In these experiments, there are 5 different categories as Phylum, Class, Order, 

Family and Genus from the levels of the taxonomy. For each case, for example, the 

Phylum level, there are 10 different sets of data. Using the concept of cross validation, 

all the values from the range of 2
−16

, 2
−15

. . . 2
16

 for C have been used to train the 

system for just one dataset, e.g. the first dataset, leaving other 9 datasets aside. So, we 
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can get a set of 33 different values for error rate and run time, for just one 

corresponding value of C. The same experiment is repeated for the other 9 different 

sets of input data. So, only for the Phylum level of inputs, there are 330 different 

combinations of C, error rate and run time. This same process is repeated for the other 

4 categories (Class, Order, Family and Genus). From the 330 sets of C and error rate 

combinations, the value of C for which the error becomes the minimum, is selected. At 

the same time, the run time of the process is also in concern. So, the value of C for 

which the error is the minimum and the program runs faster, is chosen for the whole 

level. First, the error rate becomes the center of concentration, and then the run time. 

At first, just one dataset is trained with 33 different C values and the corresponding 

error rates and run times are stored. The value of C for which the minimum error rate 

is observed, is stored and at the same time the average run time for this case is saved, 

too. Then same experiment is done on the rest of the 9 sets of data. Thus 10 different 

C values give 10 different sets of the best classification results, with highest accuracy 

and also the corresponding average run time. In the next stage, C is selected for which 

the average run time is the minimum. It means, the C which the gives the highest 

accuracy rate in the shortest time is chosen at the training level. This C is said to be 

optimum for the whole dataset of the Phylum level.  

 

This experiment can be presented in a tabular view (Table 4.1) as follows. This 

is just an example for only one level of the taxonomy, i.e. the Phylum or Class level. 

There would be four other but similar looking tables for rest of the four levels of the 

taxonomy.  The table is shown in the following page. In this table (Table 4.1) Cij, Ck 

and Rk are variables to hold values of different metrics. Here „i‟ denotes number of 

iterations, „j‟ indicates number of the datasets and „k‟ points to the values of C and 

error rate after running the tool on each of the ten datasets. 

 

 

 

 



 Texas Tech University, Samira Masoom, December 2010 

38 

 

Table 4.1 This table shows how C is chosen for just one level of input. There will 

be 4 more same tables for the other 4 categories. 

Dataset1 Dataset2 … Dataset10 

C Error 

Rate 

Min 

Error 

rate 

Corresp

onding 

runtime 

C Error 

Rate 

Min 

Error 

rate 

Corresp

onding 

runtime 

 C Error 

Rate 

Min 

Error 

rate 

Corresp

onding 

runtime 

C11 E11  R11 C12 E12  R12 … C110 E110  R110 

C21 E21  R21 C22 E22  R22 … C210 E210  R210 

… … E1_min  … … E2_min  … … … E10_min  

C331 E331  R331 C332 E332  R332 … C3310 E3310  R3310 

C with min 

error rate, 

C1 

Average 

Runtime 

AVG R1 

C with min 

error rate, C2 

Average 

Runtime 

AVG R2 

… C with min 

error rate, 

C10 

Average 

Runtime 

AVG R10 

C is chosen from the set {C1, C2,… C10} for which runtime, R=min { R1, R2,… R10} 

 

These experiments have been done for all the n-mer words from the datasets 

separately. Starting from the 3-mer, up to 8-mer words, this experiments were done. 

So, for every n-mer word, we have 5 tables for Phylum to genus levels. For different 

datasets, C is also different. 

 

4.2 Impact of C on Classification of rRNA sequence datasets using 

SVM
multiclass

 

 

The datasets from the RDP [27] are established source of huge information. 

These are popularly used for showing the performance of classification algorithms 

using the SVM
multiclass

. The datasets were formatted, as stated in chapter 2, in such a 
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way that they are ready to use in the SVM
multiclass

 program for training and testing 

phases. Different values of C in different times, gave diverse results during 

classification. Some observations, while trying with different C‟s, are stated below. 

 

 The regularization parameter C is used in the training phase while using the 

SVM
multiclass

. As C is the trade-off between margins and training error of SVMs, so its 

value means how much error can be compromised with the maximization of the 

margin at the training step. The default value of C for using SVM
multiclass

 is 0.01 [26]. 

But during the training step, the values of C are varied along a large range of 2
−16

, 2
−15

. 

. . 2
16 

[36]. The run time of SVM
multiclass

 during the training stage varies depending on 

the value of C. Smaller values of C cause the program to run faster but larger values of 

this parameter cause delays. For smaller C, the program converges faster but when it 

has large value, then it takes quite a large amount of time to end the program. 

 

Different observations can be mentioned when different C‟s are used in 

SVM
multiclass

. When the datasets are less complex (with fewer class labels, e.g. 25, 34 

or 84 classes), then for a certain C, it takes less amount of time to converge, whereas 

the same C causes lots of time for more complex datasets, which have class labels as 

236 and 1291. Again, smaller C makes the program run faster, but the larger C takes 

more time. For Phylum, Class, Order and Family levels, the values of C have the 

impacts as stated. But for it has been observed that at the Genus level, which has 1291 

different class labels, it takes lots of amount of time, both for smaller and larger C. 

 

While training the system with the training datasets, the value of the C may not 

be the same for all the 5 main categories, e.g. the Phylum, Class, Order, Family and 

Genus. As the size and complexity of these 5 categories are not the same, so they 

differ in time runtime, too. And so, C varies from the levels of Phylum to Genus. 

Phylum has 25 class labels, whereas Genus has 1291 different groups.  
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When C is small, numbers of iterations are also few and for large value of C, 

the opposite thing happens. But again it varies from the level of Phylum to Genus. It 

has been found that C, used in the training phase for the Phylum, may be larger than 

that, used for training the system with any input from the Genus level. For example, 

let us think that C=0.01 (the default value) was used to train the system for Phylum or 

Class levels, for 3-mer inputs. And it took around 22s with around 100 iterations. But 

for Genus level, and for 3-mer input C=0.0009 was used and it took 10 iterations, but 

finished after around 850.55s. So, less numbers of iterations not necessarily mean that 

it will take less amount of time. Specially, in case of the Genus levels, each iteration 

step can take quite a significant amount of time and so, at the end it can take more 

time. As the input datasets grow more complex or filled with more information, 

meaning the input changes from 3-mer to 8-mer words, time and space in memory are 

more utilized. So, the same value of C cannot be used for every case and so we cannot 

find any „exact‟ value for C to use in the SVM
multiclass

 to train the system from Phylum 

to Genus levels. It varies and the optimum one, for which time, memory spaces are 

optimally used and the error rate is less, is found by cross-validation process. So, for 

different dataset, C should be different and we cannot say or establish one single value 

of C to be the „best fit‟ for every case. 

 

But in case of accuracy in classification of the rRNA sequences, large values 

of C give high accuracy rate. But smaller values of this parameter give high error rate. 

So, based on the impact of different values of C, it was found that relation between 

accuracy rate and speed of convergence becomes inversely proportional. In other 

words, error rate and amount of time required to convergence move in the same 

direction. A few examples from running the program can be shown here, in Table 4.2 

and Table 4.3 for different values of C (i.e. C=0.000059 for Table 4.2 and C=2
8
 for 

Table 4.3): 
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Table 4.2 For very small C, observations after running the SVM
multiclass

 on the 

Bacterial 16s rRNA sequences for classification. The table shows the average 

runtime and error rates for different combinations 

Input dataset Average run time in seconds (s) for training Average 

error rate 

 Phylum Class Order Family Genus  

3-mer 11 15.6 35.7 60.01 70.34 52.7% 

4-mer 18.2 30.23 56.45 87.56 100.56 45% 

5-mer 23.4 30.00 50.23 150.12 189.09 60% 

6-mer 30.44 55.45 98.34 200.54 300.00 39.5% 

7-mer 37.56 60.00 130.23 230.09 534.01 40.32% 

8-mer 56.3 102.06 387.05 576.44 703.52 70.15% 

Input file, 

including all the 3-

mer to 8-mer 

words 

207.45 395.00 650.09 800.76 1104.45 66.08% 
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Table 4.3 For very large C, observations after running the SVM
multiclass

 on the 

Bacterial 16s rRNA sequences for classification. The table gives an idea about the 

average runtime and error rates for different combinations. 

Input dataset Average run time in seconds (s) for training Average error 

rate 

 Phylum Class Order Family Genus  

3-mer 20.5 130.56 407.89 1056.03 6532.87 0.3% 

4-mer 36.44 270.56 800.34 2050.87 9897.34 0.51% 

5-mer 55.09 573.56 1500.56 3054.02 11285.5 1.31% 

6-mer 140.55 765.34 3982.2 5000.55 30765.23 2.57% 

7-mer 170.8 1965.03 786.34 6783 54398.34 0.45% 

8-mer 260.34 3800.78 849 98761 175400 2.8% 

Input file, 

including all 3-

mer to 8-mer 

words 

700.4 5300 7860 14000 267200 0.93% 

 

And the average run time for testing stage also varies as the numbers of class 

levels is different. But it varies in different way. From Phylum to Genus level, the 

amount of time to test the input test files, using the model file, generated after the 

training phase and then give the predictions as outputs increases gradually. But for n-

mer dataset, the runtime for testing is almost same. For example, all 3-mer datasets 

have the same run time, so also is for the 4-mer or n-mer datasets. Below we can show 

a sample table how it takes time in the testing phase in Table 4.4 and Table 4.5: 
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Table 4.4 For small C, the table shows the average runtime during the testing of 

rRNA sequences. 

Input dataset Average run time in seconds (s) for testing 

 Phylum Class Order Family Genus 

3-mer 7.5 8.0 8.78 9.5 10 

4-mer 9.0 9.12 10.08 11.00 12.40 

5-mer 10.14 11.5 12.78 14.56 17.56 

6-mer 13.42 14.03 18.34 19.43 21.53 

7-mer 13.9 15.34 19.12 20.49 22.57 

8-mer 15.8 18.58 20.38 25.89 30.52 

Input file, including all 3-

mer to 8-mer words 

17.45 20.5 36.45 50.76 75.45 

 

Table 4.5 For large C, the table shows the average runtime during the testing of 

rRNA sequences. 

Input dataset Average run time in seconds (s) for testing 

 Phylum Class Order Family Genus 

3-mer 0.01 0.021 0.098 0.18 0.37 

4-mer 0.0212 0.029 0.1 0.2 0.41 

5-mer 0.095 0.15 0.20 0.28 0.48 

6-mer 0.11 0.20 0.27 0.45 0.59 

7-mer 0.35 0.39 0.46 0.67 1.04 

8-mer 0.51 0.65 0.84 0.97 1.56 

Input file, including all 

3-mer to 8-mer words 

1.25 1.45 1.67 1.98 2.06 
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4.3 Performance of the SVM 

 

For Multiclass classification problem, the performance of the system can be 

determined based on the accuracy or the error rate, speed or requirement of rum time, 

and memory or space utilization of the program. From the above discussion, we can 

have some idea about the performance of the SVM
multiclass

 already. A brief discussion 

on each of these topics is stated below. Figure 4.1 gives an idea about how the 

performance of SVM varies, based on the accuracy, speed and time and space 

requirements. 

 

4.3.1 Accuracy 

 

Accuracy is the first feature that reflects the performance of any problem 

solving algorithm. As long as any algorithm cannot give any correct solution, it cannot 

be of proper use or value. In the field of classification or categorization problems, the 

first and most important benchmark to analyze the performance is to decide if it can 

classify the test samples properly. It means, based on the knowledge base, that the 

system is trained with, any test samples should be classified correctly. Otherwise, the 

approach of classification is meaningless. In general, the higher accuracy rate in any 

classification problem as expected, the more popular the system is. Higher accuracy 

rate means that the error in the classification system is negligible and most of the test 

samples are correctly grouped. From the above tables it has been seen that when C is 

small, error rate for Phylum, Class, Order, Family and Genus levels is very high. So, 

we get lower accuracy rates during the testing phase and most of the test cases are 

incorrectly classified. When C grows, accuracy also increases. This relation can be 

shown in the following graph, Figure 4.1 (a). The probable reasons for this situation 

can be stated as follows: 
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- When C is small (Soft Margin), a wide margin is placed and a bulk of the data 

can be modeled. The trade-off between the error and margin becomes less and 

so some of the instances become misclassified (Figure 3.2). 

- When C is large (Hard Margin), then the trade-off between error and margin 

becomes larger but it becomes unattractive as it may not respect a significant 

part of the data, even at the cost of reducing the geometric margin (Figure 3.2). 

- In case of Hard Margin, when C is large, (Figure 3.3), the margin becomes 

narrower and so it allows few numbers of samples to fall in that zone.  

- On the other hand, the opposite thing happens when C is small (Figure 3.3). 

 

  

  

Figure 4.1 Relation of Accuracy, Speed, Time and Memory requirements with C 

in a, b, c and d respectively 

 

Accuracy 

C 

   (a)    (b) 

C 

Speed 

  C 

Time 

(c) 

C 

Memory Space 

(d) 
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4.3.2 Speed 

 

Speed or time complexity is one of the most important criteria to compare the 

performance of a program. From the above discussion, it is already clear that for 

smaller C, it takes less amount of time and so the speed of convergence is high. For 

larger C, the speed is slow. It takes good amount of time to finish the program. The 

figure above, Figure 4.1(b) and (c) shows the relation of speed and time requirements 

with the variation of C for the program. Possible reasons may be: 

- Numbers of iterations varies with C.  

- Less iterations take less time and generate fewer variables that has to be stored. 

- Less numbers of iterations of the program become enough to converge when C 

is small and vice versa.  

 

4.3.3 Memory Space Utilization 

 

When C is small, then few numbers of iterations are enough to train the 

system. So, fewer amounts of resources, e.g. memory and time, are utilized. The 

program converges faster and so also less numbers of Support Vectors (SVs) can be 

there. These have to be stores in some parameters to for future references. So, storage 

for these SVs in the memory space becomes less than the situation where numbers of 

iterations are high due to large C. In case of large C, the situation is the opposite. The 

relation can be also shown as in Figure 4.1 (d). Possible reasons may be: 

- Numbers of iterations varies with C.  

- Numbers of SV also varies and these have to be stored in the memory, so more 

variables are used.  
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CHAPTER 5 

CONCLUSION 

 

In the last few years, SVMs have become widely used methods in 

classification tasks. They can provide sound theoretical foundations and good 

empirical results in the solution of categorization problem. But the performance of the 

SVM algorithm is very sensitive to the proper selection of the values of the 

parameters. The use of SVMs to classify Bacterial 16s rRNA sequences has been 

described in the previous chapters. For doing this, the role of the regularization 

parameter, C, has been in the main focus. And cross validation has been considered as 

a good method to select the optimum values of it. Using the datasets of sequences 

from the RDP, the SVMs were trained and tested for classification. Cross validation is 

one of the most common approaches to adapt and it consists of the following steps: 

preselecting the sets of candidate values, according to some heuristic rule, measuring 

the error of each of the cases, and then choosing the one for which error rate can be 

minimum [38]. These were the main steps to find the C for the particular dataset that 

have been used and these we already discussed in the previous chapter. But like every 

method, this has its own limitations. A brief discussion about it and some 

recommendations to bring improvement are talked about in the following sections. 

 

5.1 Discussion 

 

C is the regularization parameter for SVMs. It indicates how much trade-off 

can be allowed between the margin and the error during training the system. And 

based on this, the classification is done. There is an impact of the value of C on the 

results obtained after the classification. When a new set of data is tested, SVM
multiclass

 

generates some prediction values as output and also some percentage of error rates. 

Definitely, the target is to classify accurately, with the highest accuracy rate. So, 
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minimum of the error rate is always desired. In the previous chapter, it has been 

already talked about the influence of C on the classifying system. For large values of 

C, we get higher accuracy and for smaller C, we find higher error rate. But it is also 

observed that larger C takes quite a long amount of time and smaller C causes less 

time. However, it is challenging to choose the proper value for C, the penalty factor of 

the SVMs [41]. If C is too large, (C = ∞), there is a high penalty for non-separable 

points and there has to be good amount of memory allocation for storing many support 

vectors. This is called the over fitted condition. This also leads to the situation of hard 

margin. If it is too small, under fitting occurs. The parameter C controls the trade-off 

between errors and margin of the SVM. It means that how much error can be 

compromised on training data during the margin maximization. 

 

Cross validation has been used as the most preferred choice to detect the 

optimum value of the regularization parameter C, when the error rate is the minimum. 

The parameter C is varied through a wide range of values. The optimal performance is 

estimated using a separate validation set. In cross validation, the training set is used 

for checking the performance of the classification process, how fast or slow it can 

converge or how accurately the samples can be classified [43]. As minimizing the 

error rate and runtime has been point of concerns to analyze the performance here, so 

there has to be numbers of experiment to find the optimum C as the regularization 

parameter. But for large numbers of inputs, it might be time consuming to find the 

optimum C value. This is one weakness of this approach. This coefficient C is to be 

selected by the user. This parameter influences the degree of complexity and also the 

proportion of non-separable samples in the whole set [40]. 

 

In this thesis, the impact of C on the rate or accuracy or classification error, 

runtime or speed, numbers of iterations of the SVMs are also described. When C is 

large, it takes both longer time and larger numbers of iteration to converge. Again, 

larger C values can give higher accuracy, but in respect to speed, it is not very fast. 

For smaller C, the opposite thing happens. So, C has to be selected in such a way that 
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both of the requirements about accuracy and speed of the program can be met. In the 

SVMs, changing the values of C affects the amount of trade-off between complexity 

of decision rule and frequency of error at the training stage [39].  

 

While experimenting with different C values, some other different issues are 

also observed during the classification process. While training the machine sometimes, 

it happens that the program halts without generating any proper output prediction or 

model file. This usually happens when large amount of data are used for training or 

very large value of C has been used. In such situation, sometimes the running program 

may be killed, without giving any kind of output at all. If the machine has some kind 

of limitations on the numbers of programs running at the same time, then this kind of 

situation happens. When large volume of data is used, memory or space scarcity can 

cause the program to halt without generating the desired output. So, memory or space 

organization of the machine is also an important factor for this type of classification 

processes. 

 

There have been several works on the parameters of SVM and most of them 

have worked on binary classification problems. Again, most of them emphasize with 

other parameters of SVM, e.g. the kernel parameter (k), similarity measure (ε), along 

with the C and they have tried to find them in pair. Various works have been done to 

find the values of C, also relating other parameters of SVM at the same time. There 

has been a research on the selection of the values of similarity measure, ε and 

regularization parameters, C of the SVM [42], and the empirical results found here 

suggest that when ε is chosen optimally, the value of regularization parameter C has 

very insignificant effect on the performance of generalization. This holds true as long 

as C is larger than a certain threshold which is determined from the training data after 

a god level of analysis. Again in some cases, it is also said that “the parameter C has 

no intuitive meaning” [43]. When other parameters have significant amount of role in 

the performance of the SVMs, then probably C has the least effect among them. But 

for Multiclass SVM, using the SVM
multiclass

 tool, here C has been the only parameter of 
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the main concentration. As SVM
multiclass

 does not allow and support any other kernels, 

other than the linear one, other parameters like the kernel, k or the similarity measure, 

ε didn‟t come up in this discussion. Only C has been in the main focus to analyze the 

performance. 

 

5.2 Further Work 

 

SVMs have been fascinating approaches for data modeling. They combine 

generalization control to handle the trouble of dimensionality. The formulation 

proceeds to be a global quadratic optimization problem. But there have to be some 

constraints. These constraints can be solved by interior point methods. As described 

earlier, C is the trade-off between the margin and error of the SVM. Here the process 

of cross validation has been used for deciding an optimum value of C for certain 

datasets. Sometimes it may have some limitations due to large volume of data and 

there‟s also scope for choice from the user [40]. The method, used in this thesis, is a 

little bit time consuming and it takes quite a good amount of work to do the same type 

or job repeatedly. So, some improvement must be introduced to find a solution of 

doing this process more efficiently. Genetic Algorithm (GA) can be a good approach 

to predict an optimum value for certain dataset. Genetic algorithm involves a 

knowledge base, mutation, generating new population of dataset to train the system 

and also for testing. The GAs are promising alternatives to conventional heuristic 

methods. They can obtain the optimal solution after a series of iterative computations. 

GAs generate successive populations of alternate solutions until acceptable results are 

obtained. So, there‟s always an improvement after every iteration step. Combining the 

two methods of cross validation and GA can be a better improvement. Perhaps, it will 

be able to predict the values of the regularization parameters C for multi class SVMs 

more efficiently. And at the same time, the maximization in speed and accuracy can be 

achieved. 
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