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ABSTRACT 

Following the work of Dai et al. (2006), Tan et al. (2008) and Osareh and 

Shadgar (2009) we examine the performance of several clustering and classification 

algorithms, together with common dimension reduction methods, when applied to 

two very different rnicroarray datasets (yeastCC and Breast Cancer). 

Clustering techniques examined include two main groups - partitioning and 

hierarchical methods as well as Plaid Models (Lazzeroni and Owen, 2002). This study 

examined the partitioning methods k-means, k-medoids, and Self-Organizing Maps 

(SOMs), and a hierarchical method - agglomerative hierarchical with mean linkage. 

Plaid models, which were specifically designed to accommodate the characteristics of 

rnicroarray data, were also studied. 

Classification methods adaBoost, C4.5, single classification trees (both rpart 

and tree library from R), neutral networks, support vector machines, and random 

forest were used in combination with two dimension reduction techniques: partial 

least squares and principal components analysis. The suitability of these methods 

in combination with dimension reduction techniques was assessed using experimental 

design. 
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1. INTRODUCTION 

A selection of clustering and classification techniques was used on two differ

ent microarray datasets to examine their performance and suitability. Clustering 

techniques were applied on the samples of genes (variables). Since the number of 

variables greatly exceeds the number of cases for microarray data, dimension reduc

tion was done before applying any classification algorithms. Different classification 

algorithms in combination with two different dimension reduction techniques were 

used in the analyses that follow. 

1.1 Motivation and background 

Microarray data are generated in the fields of molecular biology and medicine. 

Biologists and medical scientists now believe that sources of presently incurable dis

eases are tied to differences in expressions of genes in a particular cell and that treat

ment directions for these presently untreatable diseases can be found by studying the 

differences in the gene expressions of the diseased and normal cells. Finding appro

priate clustering and classification techniques for a microarray dataset with certain 

characteristics could pave a way to relate various gene expressions with illnesses and 

potentially lead to treatment methodologies to cure diseases. 

As a first unsupervised way to examine microarray data, clustering techniques 

can be used on samples of genes to find clusters that are similar in a given dataset. 

This could aide in identification of groups of genes related to a certain condition. In 

the case of microarray data with known classes/clusters, we might determine whether 

classes/clusters correspond to known classes/clusters in the dataset. In this case, dif

ferent classification techniques, in combination with dimension reduction techniques, 

can be assessed to find the procedure with the best predictive accuracy to predict the 
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class of a new datum. 

In this thesis, two very different microarray datasets were used to demonstrate 

the results of clustering and classification when combined with dimension reduction. 

Clustering methods were applied to samples of genes of the original data, principal 

components using both the covariance matrix and the correlation matrix of the data, 

and independent components taken from the original data and the above-mentioned 

two different principal components of the data. Two common categories of clustering 

techniques were used initially to determine clusters - partitioning and hierarchical. 

The former includes k-means (together with the sum of squares and the Davies-

Bouldin Index), k-medoids (using Manhattan and Euclidean distance in combination 

with average silhouette width), and the self-organizing map. These methods are dis

cussed in detail in Chapter 3. The latter clustering technique, hierarchical clustering, 

with average linkage using Euclidean distance, was used on samples of the original 

data. In addition, the plaid model (Lazzeroni and Owen, 2002) that was specifi

cally designed for clustering of microarray data was also used. In the literature, the 

above mentioned methods have been repeatedly used on different microarray datasets 

but without a general comparison of their performance for microarray datasets with 

different characteristics. 

A selected number of classification techniques was also used with two specific 

dimension reduction techniques - Partial Least Squares (PLS) and Principal Com

ponent Analysis (PCA) - to compare misclassification error rates. Most standard 

statistical methods and machine learning algorithms are unable to cope with mi

croarray data because these methods and algorithms require the number of cases in 

a dataset to be larger than the number of input variables. But, in the case of mi

croarray data, the number of cases can be in the range of 50-100 and the number of 

variables in the range of 1000-10,000s. As a result, to be able to use these existing 

classification methods, original microarray data was fed into a dimension reduction 
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algorithm which reduces the number of input variables by filtering out irrelevant in

put variables or building a small number of linear or nonlinear combinations from the 

original set of input variables. Principal components analysis with varimax rotation 

and the partial least squares regression were used as feature selection/dimension re

duction techniques. These were followed by different classification techniques such as 

C4.5, adaBoost, single classification trees (using rpart and tree add-on packages in 

R), Neutral Networks (NNET), Support Vector Machine (SVM), and Random Forest 

to assess which combination provided the smallest misclassification rate. In addi

tion, k-nearest neighbour classification was applied on samples of the original data. 

The above-mentioned dimension reduction methods and classification techniques are 

discussed in detail in Chapter 4. 

1.2 Data 

Genes influence human physical and behavioural development through protein 

synthesis. The information necessary for functioning of cells is encoded in the genes. 

The messages formed from the genes contain instructions for the creation of func

tional structures called proteins which are necessary for cell life processes. Informa

tion transfer from genes to Ribose Nucleic Acid (RNA) is called transcription, and 

from RNA to protein is called translation. Transcription is the information transfer 

process directly relevant to the Deoxyribose Nucleic Acid (DNA) microarray exper

iment because the quantification of the type and amount of this copied information 

is the data captured in the microarray experiment. 

What is gene expression of microarray data? The gene expression of microarray 

experimental procedure contains the following steps. First, the array fabrication 

involves preparing the glass slide, obtaining the DNA sequences and depositing the 

complementary DNA (cDNA) onto the glass slide. The second step involves total 

RNA from the tissue samples which could be from treated and control samples or 
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diseased and normal tissue samples. From this, cDNA is synthesized and labelled 

with different fluorescent dyes, and then mixed with arrayed DNA sequences. During 

the process, the probes matching the gene of the printed DNA sequences will attach 

to the printed DNA sequences. This process is called hybridization. After this, the 

slides are imaged by an imaging device that makes fluorescence measurements for each 

dye. This measured fluorescent intensity of each gene is expected to be proportional 

to transcript abundance. 

Our analyses are conducted on two microarray datasets downloaded from the 

Bioconductor website. One of them is yeast cell cycle microarray data (yeastCC), 

and the other is expression and CGH data on breast cancer cell lines (Neve2006 

data/Breast Cancer data). The yeastCC data contains 6178 genes (variables) and 77 

samples (cases). Detailed information on this dataset can be found in Speilman et 

al. (1998). Five (5) clusters (Speilman et al., 1998) were obtained using clustering 

algorithm of Eisen et al. (1999) for yeastCC. The Breast Cancer data contains 22,283 

genes (variables) and 50 samples (cases) and has 3 clusters (R-Neve2006). Both 

datasets are given as matrices where rows represent genes and columns represent 

samples. For the yeastCC dataset, there were only 509 genes out of 6178 with no 

missing values. The missing values were imputed with column mean (sample mean) 

for yeast data. The Breast Cancer data has no missing values. Genes and samples 

are highly correlated for Breast Cancer data, but not for yeastCC. Also the Breast 

Cancer data has almost balanced classes1 which are BaA (12), BaB (14), and Lu 

(24), on the other hand yeastCC has highly imbalanced classes which are alpha (18), 

cdcl5 (24), cdc28 (17), clb (2), cln (2), and elu (14). Statistical software package R 

was used to analyse the data. 

The following are websites from where the datasets were downloaded (October 

2008): 

1 Number of samples in a class given in parenthesis 
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YeastCC Data website: 

www.bioconductor .org/packages / re lease /data /exper iment /h tml /yeas tCC. 

html 

Breast Cancer Data website: 

h t tp : / /www.b ioconduc to r .o rg /packages / r e l ease /da ta / expe r imen t /h tml / 

Neve2006.html 

1.3 Organization of thesis 

In Chapter 2, a literature review is presented with the focus on different cluster

ing and classification algorithms discussed. Detailed discussion of different clustering 

algorithms and results are presented in Chapter 3; classification algorithms, dimension 

reduction techniques and results are presented in Chapter 4. Summary, conclusion 

and future work are given in Chapter 5. 

5 
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2. LITERATURE REVIEW 

Statistical analysis techniques are routinely used to better understand the na

ture of various phenomena and to enhance the ability to predict outcomes. However, 

we encounter problems when attempting to apply similar techniques to gene expres

sion of microarray data. This type of data typically involves tens of thousands of 

variables but only up to hundreds cases. The significantly larger number of variables 

than cases (the case of p » n) and the essentially exponential increase in the re

quired numerical effort to conduct a statistical analysis when dealing with a large 

number of variables makes dealing with gene expression of microarray data fairly 

challenging. 

Clustering techniques can be used to reduce the number of cases so that similar 

variables (genes) can be grouped together to achieve some degree of homogeneity 

within the cluster and heterogeneity between clusters. 

Clustering techniques are divided into two groups - partitioning and hierarchi

cal methods (discussed in detail in Chapter 3). In this study, we used the parti

tioning methods such as K-means, K-medoids, and Self-Organizing Maps (SOMs), 

and a hierarchical method - agglomerative hierarchical with mean linkage- and the 

classification algorithms adaBoost (Freund, 1996; Freund and Schapire, 1996), C4.5 

(Quinlan, 1992), single classification trees (Breiman et al., 1984) , neutral networks, 

support vector machines (SVM), and random forest (Breiman, 2001) along with two 

dimension reduction techniques, principal component analysis (PCA) and partial least 

squares (PLS). For the k-Nearest Neighbour (k-NN) classifier no dimension reduction 

techniques were used. 

Among the four different K-means clustering algorithms that are implemented 

in R, the Hartigan and Wong algorithm (H-W algorithm) has the properties that there 
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is no single switch of an observation from one group to another that will decrease 

the objective (total variance for that cluster assignment), and it converges with a 

minimum number iterations. We used the H-W algorithm with the Davies-Bouldin 

Index (Davies and Bouldin, 1979) to obtain the optimal number clusters as smaller 

values of the index mean that clusters are compact and far from each other (detailed 

discussion in Chapter 3). 

K-medoids (PAM- Partitioning Around Medoids), introduced by Kaufman and 

Rousseeuw (1990), was employed with Euclidean and Manhattan dissimilarity on the 

samples of data. To obtain optimal number of clusters, the silhouette validation 

technique (Rousseeuw, 1987) was used. The largest overall average silhouette width 

indicates the best clustering. Therefore, the number of clusters with maximum overall 

average silhouette width was taken as the optimal number of clusters (discussed in 

chapter 3). 

SOMs, formulated by Kohonen (1989), would be used to reduce high dimen

sional data to a one- or two-dimensional grid. This algorithm is quite similar to 

K-means, but with a constraint that restricts the cluster centers to lie in one or 

two-dimensional manifold (see Chapter 3 for details). 

Agglomerative hierarchical clustering with average linkage was used on the sam

ples of the original data. In the case of agglomerative hierarchical clustering, the 

measure of 'closeness' has many possible definitions (e.g. single linkage, complete 

linkage, mean linkage etc. (see R-help file for hclust) when clusters are not singleton 

points (detailed discussion in Chapter 3). 

In the literature, the above-mentioned clustering methods have been repeatedly 

used to cluster microarray data. K-means, hierarchical, and SOM clustering were 

discussed by Tibshirani et al. (1999) with the purpose of presenting a new clustering 

method which is expected to work on microarray data with different characteristics. 

Eisen et al. (1998) used agglomerative hierarchical clustering with average linkage 
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to cluster two different sets of gene expression of microarray data to illustrate how 

such methods can be useful in the analysis of gene expression data. Sorlie et al. 

(2001) analysed a total of 85 cDNA microarray experiments representing 78 cancers, 

three fibroadenomas, and four normal breast tissues using hierarchical clustering to 

identify tumour subtypes. Moreover, Perou et al. (1999) used hierarchical clustering 

to analyse gene expression patterns in human mammary epithelial cells and breast 

cancers. Goldstein et al. (2002) used PAM, k-means, and hierarchical clustering to 

highlight some of the issues that arise with use of hierarchical clustering techniques 

in the analysis of microarray data by looking at the effects of the above-mentioned 

clustering algorithms for a fixed number of clusters. In the above-mentioned clustering 

methods, observations must belong to one cluster only. But microarray data differs 

from much other data since a gene could belong to more than one function of cell 

process or none at all. Plaid models (Lazzeronni and Owen, 2002) were built to 

accommodate these characteristics of microarray data. Consequently, Plaid models 

were used for the purpose of comparing with traditional clustering techniques in our 

analysis. 

In addition to determining gene clusters, there is a need to make use of labelled 

data to build suitable classification models to predict the class of a new datum. We 

used the k-NN classifier which was initially proposed by Fix and Hodges (1951) as a 

consistent nonparametric estimator of the maximum likelihood discriminant rule. The 

k-NN method has been previously used by Osareh and Shadgar (2009) to compare 

its performance with some other classifiers. As the nearest neighbour classifier does 

not perform feature selection, all the variables (whether relevant or not) are used 

in building the classifier. Consequently, results that we get using the k-NN method 

might not perform as well as others for the case of microarray data with thousands 

of features, most of which are likely to be uninformative. Therefore, this classifier 

was used on the samples of the original data to estimate the best k using leave-one 
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out cross-validation, ten-fold cross-validation techniques and knn.cv function that is 

implemented in R. 

No comprehensive studies comparing the results of different clustering algo

rithms with the application of dimension reduction techniques on microarray datasets 

could be found in the literature. Our purpose here is to examine the performance of 

different clustering techniques when applied to very different microarray datasets and 

to find how the results vary depending on whether original, principal components or 

independent components of the data are used. 

In the case of microarray data, dimension reduction is an important issue in 

classification since the number of variables is higher than the number of cases. Some 

classifiers like CART perform automatic feature selection and are relatively insen

sitive to the variable selection scheme. But for many classifiers, it is important to 

perform some kind of dimension reduction; otherwise performance of the classifier 

could degrade substantially. This can be achieved in two ways - feature selection or 

variable selection. When the original gene expression data is fed into a dimension 

reduction algorithm, if it reduces the number of input variables by filtering out a 

larger amount of irrelevant input variables, then it is called variable selection. On 

the other hand, if the number of variables is reduced by building a small number 

of linear or nonlinear combinations from the original set of input variables, then it is 

called feature selection. 

Many screening procedures such as the one-gene-at-a-time approach (Dudoit et 

al., 2002a), ad hoc signal-to-noise statistics (Golub et al., 1999; Pomeroy et al., 2002), 

nonparametric Wilcoxon statistics (Dettling and Bulmann, 2002; Park et al., 2001), 

and p-values (Dudoit et al., 2002b) have been used previously. In this thesis we have 

used partial least-squares (PLS) regression (Geladi and Kowalski, 1986; Hoskuldsson, 

1988), and principal components (PCA)with varimax rotation as the dimensionality 

reduction algorithms. There exist two algorithms PLS: SIMPLS (de Jong, 1993) and 
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NIPLS. We use the SIMPLS algorithm that is implemented as an add-on package 

plsr with option chosen as simpls in the R statistical software. Dai et al. (2006) 

previously used only one classifier (logistic discrimination) to assess its performance 

in combination with three different dimension reduction methods which are PLS, 

Sliced Inverse Regression (SIR), and PCA on two different microarray datasets. We 

followed the same procedure as in Tan et al. (2008) but used several classifiers on 

two quite different microarray data sets. 

The libraries tree and rpart used to build a classifier and hence to predict the 

class of a new datum were based on Atkinson and Therneau (1997). Boosting (Freund 

and Shcapire, 1996a) is a method for improving the accuracy of a learning algorithm. 

The boosting algorithm adaBoost (Freund and Shcapire, 1997) which can be used in 

the case of binary classification and adaBoost.Ml (Freund and Shcapire, 1997) is one 

of the methods extending adaboost to the multi-class case. It has been stated in the 

literature (Freund and Schapire ,1996) that adaBoost.Ml can be used with any clas

sifier as a base classifier, but the unstable classifiers such as single classification trees 

tend to benefit the most (Speed, 2003). Here, we used the adaBoost.Ml algorithm 

that uses classification trees as single classifiers. 

C4.5 (Quinlan, 1993), which uses a divide-and-conquer approach to growing 

decision trees that was pioneered by Hunt et al (1966), was another classifier used. 

Random forest (Breiman et al, 2001b) is built using an ensemble of classification 

trees. This classification algorithm has been previously used in the case of microarray 

data, especially to do gene selection (Diaz-Uriarte and Alvarez de Andre, 2005). We 

use random forest to do classification after doing dimension reduction on the data. 

The concept of a neutral network (Hastie, 2001) seems to have been first formu

lated by Alan Turing (1948). Previously, this algorithm has been used in microarray 

data by others, including O'Neill and Song (2003) and Osareh and Shadgar (2009). 

Our analysis is very different from that of O'Neill and Song, but similar to that of Os-
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areh and Shadgar. However, the latter use three different filter approaches to reduce 

the number of variables in the data, before using different classifiers for classification. 

We employ neutral networks after using the dimension reduction techniques PLS and 

PCA. This algorithm is discussed in detail in Chapter 4. 

We use support vector machines (SVMs) as the final classifier for our datasets. 

SVM was first introduced by Vapnik (1979, 1998) and has gained popularity recently. 

It has been previously used in the analysis of microarray data by Chu et al (2005), 

after doing a handful of different dimension reduction techniques since the number 

of variables in the microarray data exceeds cases. Furthermore, Brown et al. (2000) 

compared the performance of the SVM classifier with that of four other standard 

learning algorithms: Parzen windows, Fisher's linear discriminant, and two decision 

tree learners (C4.5, and MOC1), and concluded that SVMs perform better than the 

other four classifiers. Furey et al (2000) used SVMs with different kernels and a 

classifier based on the perceptron algorithm and concluded that they all perform 

similarly. Mukherjee S., et al (1998) used SVM without feature selection and showed 

that they achieve better results than Gloub et al (1999). 

The clustering methods, classification algorithms, and dimension reduction 

techniques that we use in this thesis are not new and have been previously employed 

by many different researchers but with different purposes, in different combinations 

and on different microarray datasets, and none have used experimental design to dis

cover statistically significant differences and/or interactions. There have been com

parisons of several clustering (Tibshirani et al., 2000; Eisen et al., 1998; Spellman 

et al., 1998; Tamayo et al., 1999) or classification methods (Tan et al., 2008) for a 

particular microarray dataset. There have been comparisons of a single method on 

several microarray datasets (Eisen et al., 1998; Perou et al., 1999) or of several clus

tering methods on one dataset (Sorlie et al., 2001). There has been study of the use of 

some dimension reduction method prior to using a single classifier (Dai et al., 2006) or 
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several different classifiers (Osareh and Shadgar, 2009). This thesis extends the work 

of these latter two as well as that of Tan et al. (2008). Similar work was done by Lee 

et al. (2005) using different classifiers, dimension reduction techniques and datasets 

but with no analysis of results using experimental design. There is another similar 

research by Boulesteix et al. (2008) but with focus on various dimension reduction 

techniques and not considering the possibility of interaction effects of dimension re

duction methods and classification techniques. Our purpose is to gather together 

these concepts in a thesis that examines the performance of several clustering and 

classification algorithms together with common dimension reduction methods on two 

very different microarray datasets. 
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3. CLUSTERING 

3.1 Methodology 

Clustering techniques such as k-means, k-medoids, SOM, and hierarchical clus

tering were used in this study. K-means and k-medoids were applied on samples 

of the original data, PCAs of the data, and ICAs of the data. The performance of 

these clustering techniques together with the above-mentioned dimension reduction 

techniques was assessed. SOM was applied on samples of the first three principal 

components of the data and hierarchical clustering was applied on the samples of the 

original data. These methods have long been used for clustering of data that comes 

from different fields. Most clustering methods assume that each data point belongs 

to only one cluster. This might not always be true for gene expression of microarray 

data because some genes may belong- together in a cluster according to the way they 

were expressed for a certain biological process, while they may cluster with other 

genes under some other conditions. The traditional clustering methods do not allow 

for this. Consequently, Plaid models (Lazzeroni and Owen 2002) that accommodate 

this characteristic of genes were also used and we compared their performance with 

other traditional clustering methods. 

3.1.1 Dimension Reduction Techniques 

In some instances, we applied the dimension reduction techniques Principal 

Component Analysis and Independent Component Analysis before clustering tech

niques were applied. 
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3.1.1.1 Principal Component Analysis (PCA) 

PCA is a well-known dimension reduction technique. First it constructs new 

variables which are linear combinations of the original ones in such a way that the 

new principal components are orthogonal and account for decreasing amounts of the 

variation in the original dataset. This is achieved by obtaining the particular linear 

combinations of the p predictor variables X = [X\,X2, • • • , Xp] in such a way that 

Fi = a[X 

Y2 = a'2X 

where Y = [Y1,Y2,--- ,YP] 

PCA sequentially maximizes the variance of a linear combination of the original 

predictor variables. 

<ik = arg max Var (Xa) (3.1) 
a'a=l 

subject to constraint a^Eoj = 0, for all 1 < i < j , where E = covariance of X. 

The above constraint ensures that the linear combinations y* = Xa,i are uncorrelated, 

i.e. Cov(Xa,i, Xa,j) = 0,i ^ j . The projection vectors a are obtained by eigenvalue de

composition on the covariance/correlation matrix E. The eigenvalue Aj measures the 

variance of the ith PC, and eigenvector Oj provides the loadings for the linear trans

formation, where z = 1,2,--- ,k. Geometrically, these linear combinations represent 

the selection of a new coordinate system obtained by rotating the original system. 

The new axes represent the successive directions with maximum variability, (i.e. the 

first PC accounts for the direction of largest variability and so on).. There is the same 
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number of PC's as of original variables. To reduce the dimension of our data we 

examine a scree plot of the variance associated with each component to determine 

the number k(< p) of important PC's. These k principal components form the new 

dataset (Johnson and Wichern, 2002). 

3.1.1.2 Independent Component Analysis (ICA) 

ICA is a variation of PCA and Factor Analysis. It differs from PCA in that the 

resulting components of ICA are not ordered as those of PCA. Also the components of 

factor analysis are modeled as Gaussian random variables, but Gaussian sources are 

excluded in ICA. ICA performs blind source separation assuming independence and 

non-Gaussianity of each original source (S). It tries to determine the source signal 

S from the observed mixtures X. Even though ICA starts from a factor analysis 

solution, it eventually looks for rotations that give independent components (Si that 

are statistically independent). 

The original source matrix S is considered to consist of non-Gaussian inde

pendent components. We observe mixtures X = AS where the columns of S are 

independent components and A is a linear mixing matrix. Solving this problem re

sults in finding an orthogonal A in such a way that components of S = ATX are 

independent and non-Gaussian. Maximizing the non -Gaussianity can be achieved by 

minimizing the sum of entropies of S. This concept was used in formulating the fas-

tlCA function which is available through the fastICA library in R which was used in 

our analysis. Here, non-Gaussianity is measured using approximations to neg-entropy 

which is robust and fast to compute (a detailed explanation is found in Hastie et al, 

2001). However, the resulting components of ICA are not ordered as those of PCA. 
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3.1.2 Clustering Techniques 

Traditional clustering methods can be grouped into two types: partitioning and 

hierarchical. Partitioning methods seek to optimally divide objects into a fixed num

ber of clusters; hierarchical clustering methods produce a nested sequence of clusters. 

Clustering methods attempt to group data depending on a definition of similarity (or 

dissimilarity). The distance measures used in this thesis are as follows: Euclidean (for 

k-means, k-medoids, and hierarchical) and Manhattan (for k-medoids). K-means, k-

medoids, and SOM belong to partitioning methods; hierarchical clustering with mean 

linkage belongs to hierarchical clustering. 

3.1.2.1 K-means 

The k-means clustering method is one of the most popular partitioning meth

ods; it finds clusters and their centers. The technique requires that all variables be 

quantitative hence it can be used for gene expression of microarray data. 

For a chosen number of clusters, this procedure iteratively moves the cluster 

centers to minimize the total within-cluster variance thus seeking to minimize the 

sum of squared distances from each observation to its cluster center fa (Speed, 2003) 

K 

WSS = E E Hxi-^n2 (3-2) 
k = l c ( i )=k 

Algorithm (Speed, 2003) 

(1) For a given number of clusters, cluster centers can be found, and then the 

total cluster variance (equation 3.1) is minimized with respect to {fa, • • • , fa} 

yielding the means of the currently assigned clusters. 

(2) Given a current set of means {fa,--- ,fa}, (equation 3.2) is minimized by 
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assigning each observation to the closest cluster mean, i.e 

C (i) = argmin^^K ||x± - £k | |2 

(3) Steps 1 and 2 are repeated until assignments do not change. 

However, the initial problem is to determine the number of clusters for which to 

search. If there is only one cluster then every point belongs to it, resulting in a large 

sum of squares. On the other hand, if the number of clusters equals the number of 

points then every point is its own cluster and the sum of squares is zero. As a result, 

simply making the sum of squares a minimum is not a good way of determining how 

many clusters exist. We overcome this problem by using the plot of sum of squares 

vs number of clusters together with the plot of the Davies-Bouldin index vs number 

of clusters (Mills and Norminton, 2007). The Davies-Bouldin Index is a function of 

the ratio of the sum of within-cluster scatter to between-cluster separation. 

nn : V * f Sn (cQ +SW (Cj) | 
D B ^ - g m a x ^ j g ^ j (3.3) 

where n - number of clusters, 

S„- average distance of all objects from the cluster to their cluster center, 

S (cj.c,-)- distance between clusters centers. 

Therefore, the ratio is small if the clusters are compact and far from each other. 

As a result, the Davies-Bouldin index, which is a function of the ratio of the sum 

of within-cluster scatter to between-cluster separation, will have a small value for a 

good clustering. The corresponding number of clusters for the local minimum value 

of the Davies-Bouldin index (Davies and Bouldin, 1979) can be taken as an indicator 

of the optimum number of clusters. 

There should also be a significant decrease in the sum of squares when the opti

mal number of clusters is reached. As a result, the number of clusters corresponding 

to the kink in the sum of squares curve and to a low Davies-Bouldin index can be 

taken as an indication of the optimal number of clusters. 
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One problem with k-means clustering is that it uses squared Euclidean distance 

as a dissimilarity measure and hence is not robust against outliers. For this reason 

k-medoids clustering, that does not have the above mentioned shortcoming, was also 

done. A second problem with k-means clustering is that, as the number of clusters 

changes, cluster membership can change in arbitrary ways. To overcome this problem, 

hierarchical clustering which does not possess this characteristic was also used. 

3.1.2.2 K-medoids 

The medoid of a cluster of points is the point with smallest average dissimilarity 

to all other points. This calculation is expensive, requiring all pair-wise dissimilarities 

within each cluster. However, the advantage is that the k-medoids algorithm does 

not use the original data but the dissimilarity measures (which can be calculated 

using Euclidean or Manhattan distance). This causes k-medoids to be more robust 

to outliers than k-means, where the squared Euclidean distance places the highest 

influence on the largest distances. 

Algorithm (Hastie et al., 2001): 

(1) For a given cluster assignment C find the observation in the cluster minimizing 

total distance to other points in that cluster: 

i*k = argmin{i:C(.)=fc} J^ D(x^xi') 
C(i')=k 

Then mk = xt*, k = 1,2, • • • , K are the current estimates of the cluster center. 

(2) Given a current set of cluster centers m\, • • • , m*,, minimize the total error 

by assigning each observation to the closest(current) cluster center: 

C(i) = arpmmi<k<KD(xi,mfe) 

(3) Repeat steps 1 and 2 until the allocations do not change. 
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The partitioning around medoids (PAM) (Kaufman and Rausseeuw, 1990) al

gorithm, which first finds an initial set of medoids and then swaps points so that no 

single switch of an observation with a medoid will decrease the objective, was used 

in the analysis of our data. To obtain the optimal number of clusters for the sample, 

the silhouette validation method can be used as a measure of goodness for k-medoids 

just like the Davies-Bouldin index was used for k-means. To construct silhouettes 

S(i) (Rousseeuw.P.J., 1987) the following formula is used: 

S, = -SlptiL (3.4) 
max(a i,b i) 

where â  - average dissimilarity of ith object to all other objects in the same 

cluster, b, - minimum of average dissimilarity of ith object to all objects in other 

cluster (closest cluster). 

The overall average silhouette width for the entire plot is simply the average of 

the Si for all objects in the whole dataset. The largest overall silhouette width gives 

the best clustering. Therefore, the number of clusters with largest overall average 

silhouette width is taken as the optimal number of clusters. Silhouette average width 

was calculated for initial number of clusters ranging from 2 to 16, and the correspond

ing number of clusters that gives the maximum average silhouette width was taken 

as the optimal number of clusters. 

3.1.2.3 SOM - Self-Organizing Maps 

SOM can be viewed as a constrained version of k-means clustering. Obser

vations that are initially in high-dimension are mapped down to a two-dimensional 

coordinate system. K prototype vectors m,j £ Rp (where p is the dimension of the 

data space - called input space) are scattered at random or initialized to lie in the 

two-dimensional principal component plane of the data in the input space. These 

prototype vectors are placed on a two-dimensional hexagonal-grid with numbering 
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starting in the lower left corner. Each of these K prototypes are parameterized with 

respect to an integer co-ordinate pair lj G Q\ x Q2, and Q\ = {1,2, • • • ,qi}, similarly 

Q2, and K = qx • q2. 

The K prototype vectors are also placed on a two-dimensional grid (called the 

output space) with numbering starting in the lower left corner. We used a hexagonal 

grid although a rectangular grid may also be used. 

Each of the K prototypes can be parametrized with respect to an integer coordi

nate pair lj € Qi x Q2 where QI = {1, 2, • • • ,q2} and K = qi»q2. For some purposes, 

they are also labelled sequentially on reading from left to right moving up the rows. 

We find the closest prototype mj (referred to as the Best Matching Unit - BMU) to 

Xi (an observation) in Euclidean distance in RP and then move all neighbours rrij of 

nib toward Xi, using (Mills and Norminton, 2007). 

nij <—m j+o;(t)h(||r j - r b | | ) ( x i - x d ) (3.5) 

where a - learning rate (typically a is decreased from 1 to 0 over a few thousand 

iterations) 

r - distance threshold ( which is decreased from starting value R to 1 over a few 

thousand iterations) 

\\rj ~ rb\\ - distance between two prototype vectors. 

Note: The neighbours of m^ are defined to be all rrij that are close in the o u t p u t 

space (less than some threshold or neighbourhood radius a). The distance is defined 

in the space Qi x Q2 of integer topological coordinates of the prototypes, rather than 

in the feature space RP. Updating moves the prototypes closer to the data (in the 

input space) and maintains a smooth two-dimensional spatial relationship between 

the prototypes. Typically a (t) is decreased from 1.0 to 0.0 and a is decreased from 

some starting value to 1 over a few thousand iterations. The neighbourhood function 

h. (11rj — rb | |) is used to give more weight to prototypes rrij that are closer to mj than 

to those further away. If we take a small enough so that each neighbourhood contains 
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only one prototype vector, the spatial connection between prototypes is lost and SOM 

is equivalent to k-means clustering (Mills and Norminton, 2007). 

The first three principal components (representing 30% of the variability for 

yeastCC and 94% of the variability for Breast Cancer data) of the covariance matrix 

of the sample were used for clustering using SOM, thus the input space was three-

dimensional. Components were standardized so that the values fell between 0 and 

1. This standardization was needed in order that each of the first three principal 

components could be outputted as the three primary colours (RGB). This represen

tation helped in obtaining the optimal number of clusters in the final configuration 

for each sampling procedure since the values from each principal component could be 

represented based on the intensity of colours to which that component was assigned. 

Prototype vectors of size 66 were randomly sampled from the principal components 

so a 11 by 6 hexagonal grid was chosen as the output space. First, the initial configu

ration was plotted, and after several iterations the final configuration was plotted to 

find the number of clusters. A similar procedure was done for the first three principal 

components obtained using the correlation matrix of the sample. 

We used principal components obtained using both the covariance and cor

relation matrices of the data since they behave differently depending on the way 

variables were measured. Using the covariance matrix implies that only differences 

due to different means are removed from the original variables but the variances are 

not considered equal hence variables with larger variances will have a greater impact 

on the weights of the PCAs. If the variables studied are measured using the same 

scale, then using the covariance matrix to obtain the PCAs is encouraged so that 

the differences in the variances of the variables are preserved. If different scales are 

present, the correlation matrix is used to obtain the PCAs since in that way the 

original variables are all standardized to unit variance. To allow for all possibilities, 

we used both covariance and correlation matrices of the data to obtain the PCAs. 
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3.1.2.4 Hierarchical Clustering 

There are two types of hierarchical clustering: divisive and agglomerative. Divi

sive clustering has not been studied nearly extensively as agglomerative method but a 

potential advantage of divisive over agglomerative is when there is a need to partition 

the data into several relatively small clusters. As our interest was not focused there, 

agglomerative clustering was used in our analysis. 

Agglomerative clustering can be done in three ways - single linkage, complete 

linkage, and average linkage. Clusters produced by single linkage can. violate the 

'compactness' property that all observations within each cluster tend to be similar to 

one another; clusters produced by complete linkage violate the 'closeness' property 

whereby observations assigned to a cluster can be much closer to members of other 

clusters than they are to some members of their own cluster. Agglomerative using 

average linkage represents a compromise between using single linkage and complete 

linkage and hence was used for our data analysis. The dissimilarity measure used 

was Euclidean; the average dissimilarity was calculated using the following equation 

(Hastie et al., 2001; Speed, 2003). 

^(A5)^EE^ (3-6) 

where JVA and NB - number of observations in each group 

3.1.3 Plaid Models 

The above-mentioned traditional clustering methods were not designed to take 

into account the special characteristics of gene expression of microarray data. In these 

methods, each observation belongs to at least one cluster and to no more than one 

cluster, but in Plaid models (Lazzeroni and Owen, 2002), observations are allowed 

to be in more than one layer (cluster) or none at all. Allowing this possibility is 
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important, because a gene could participate in more than one function of cell process 

or none. Certain groups of genes may belong together in a cluster according to the 

way they expressed when a certain function is performed but at the same time, they 

might cluster with other genes for a different function. Plaid models allow clusters 

to overlap and allow a cluster of genes to be defined with respect to only a subset of 

samples, not necessarily with respect to all of them. 

Let Yij = gene expression level for gene i and sample j , for i = 1, 2, • • • ,p and 

j — 1,2, • • • , n. The general Plaid model has the following form (Lazzeroni and Owen, 

2002): 

K 

Y^ « no + 22 (Pk + a-ik + Pjk) PikKjk (3.7) 
fc=i 

where k = each of the layers in the model. 

K = total number of layers in the model. 

/ifc = constant expression level within the layer. 

Pik = 1 if gene i is in the layer k and zero otherwise. 

Kjk = 1 if sample j is in the layer k and zero otherwise. 

&ik, Pjk are structural parameters. 

If ctifc and j3jk are used, then imposing the corresponding constraints ]T^ Pik^ik = 

0 and 52. Kjkfljk = 0 avoid over-parameterization. 

Three different conditions can be imposed on this model. 

(1) The conditions 52^ Pik = 1 for all i, and Ylk Kik = 1 f° r a n J> m e a n that every 

gene and every sample is in exactly one cluster. 

(2) The conditions ^2k p^k > 2 for some i, or J2k Kjk ^ 2 for some j results in 

some genes or samples being in more than one cluster. 

(3) If there are some genes or samples do not fit into any clusters, then the 

following conditions are implied: ^2k pik = 0 for some i, or ^2k Kjk = 0 for 
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some j . 

Imposing condition (1) results in traditional clustering; the other two satisfy 

the general approach for the clustering of gene expression of microarray data. 

Some interpretations of the layers: 

• If pik — 1 for all i, but Kjh is not 1 for all j , then layer k describes a cluster of 

samples. 

• Kjk = 1 for all j , but p ^ is not 1 for all j , implies that layer k describes a 

cluster of genes. 

• The values of a ^ and (3jk provide orderings of the effects of layer k upon the 

genes and samples. 

• Genes with larger values of \i~ik + &ik\ are affected more greatly under the 

conditions of layer k, compared to genes with smaller values. These effects 

are greater for samples with larger values of \nk + (3jk\-

• If Hk + ctik is positive, then the corresponding gene is up-regulated; if negative, 

then it is down-regulated within layer k. 

(This model is discussed in detail with examples in Lazzeroni and Owen (2002)). 

3.2 Results 

Clustering techniques were applied on the samples of genes of size 1000 from 

each of the six different data sets obtained for both yeastCC and Breast Cancer so 

that the performance of k-means and k-medoids can be compared among these data 

sets and between different clustering methods. Sampling 20 times was adequate to 

see obvious high frequency for a certain number of clusters for most of the data sets 

in the case of both yeastCC and Breast Cancer. However, if there was no obvious 

24 



high frequency for a particular number of clusters based on using 20 samples, then 

sampling was increased to 100. 

Dimension reduction techniques PCA (see Chapter 3.1.1.1) and ICA (see Chap

ter 3.1.1.2) were used to obtain these six different datasets. To reduce the data di

mension, we retained the number of components that explained at least 80% of the 

variability in the original data. Since ICA components are not ordered, we used inde

pendent components obtained from principal components of the data. About 30 PCs 

were obtained in the case of yeastCC but 3 were enough for Breast Cancer to capture 

at least 80% of the variability. Therefore, ICA was used as a re-representation of the 

data especially in the case of yeastCC. 

The following are the six different datasets obtained: 

• Original data (Ori-dat) 

• First 27 principal components for yeastCC and 3 principal components for 

Breast Cancer obtained using the correlation matrix of the corresponding 

data (PCA-Cor) 

• First 33 principal components for yeastCC and 3 principal components for 

Breast Cancer obtained using the covariance matrix of the corresponding data 

(PCA-Cov) 

• First 30 independent components for yeastCC and 3 independent components 

obtained using the corresponding original data (ICA-Ori) 

• 33 independent components obtained from the first 33 principal components 

got using the covariance matrix of the data for yeastCC and 3 for Breast 

Cancer. (ICA-PCov) 

• 27 independent components obtained from the first 27 principal components 

obtained using the correlation matrix of the data for yeastCC and 3 for Breast 
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Cancer. (ICA-PCor) 

R-codes for the following analysis are in Appendix-A 

3.2.1 K-means 

The fc-means clustering technique was applied on the samples from these six 

different data sets. Sum of squares and Davies-Bouldin Index were calculated for 

number of clusters ranging from 2-14. For each sample obtained from each of the 

above-mentioned data sets (see R-code in Chapter A.1.1), plots of sum of squared 

error (SS) vs number of clusters, and Davies-Bouldin Index (DBI) vs number of 

clusters were constructed. Using these two plots, the optimal number of clusters 

for the corresponding sample was determined (e.g. see Figure 3.1 obtained for a 

sample from yeastCC). The optimal number of clusters was indicated by the number 

of clusters corresponding to the kink in the curve for the plot of SS vs number of 

clusters, and by the cluster number corresponding to the local/global minimum point 

of the curve in the plot of DBI vs number of clusters. If these two values coincide 

then that value was taken as the optimal number of clusters. In the case of the yeast 

dataset on which Figure 3.1 is based, the global minimum for the DBI plot is 12. 

However, for the SS plot it is 4; that value corresponds to a local minimum in the 

DBI plot. The optimal number of clusters was taken as 4 for this particular sample 

(see detailed discussion in Chapter 3.1.2.1). In the case of the Breast Cancer dataset, 

the global minimum of the plot of the Davies-Bouldin Index vs number of clusters 

seems to coincide with that indicated by the SS plot and give the optimal number of 

clusters when samples were taken from the PCA based on the correlation matrix of 

the data. 

The above-mentioned procedure was repeated 20 times for all six different data 

sets for each of yeastCC and Breast Cancer. The most frequent value was considered 

to be the optimal number of clusters for that dimension reduction method and data. 
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Figure 3.1: Sample plot of k-means 
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When there was no obvious most frequent value, the sampling procedure was repeated 

up to 100 times. This was done for the case of the original yeastCC data. Frequencies 

of the value three, four, and five remained almost the same even with this extended 

sampling. In all other cases, there was an obvious modal value. Table 3.1 presents 

the results for the yeastCC and Breast Cancer datasets. 

DimensionReduction 
Ori-dat 

PCA-Cor 
PCA-Cov 

ICA-Ori 
ICA-Pcor 
ICA-Pcov 

YeastCC 
4(0.4*) 
4(0.6) 
4(0.6) 
4(0.4) 

3(0.35) 
4(0.35) 

BreastCancer 
3(0.5) 
3(0.6) 

4(0.55) 
3(0.75) 
3(0.85) 
3(0.75) 

Table 3.1: Optimal number of clusters using k-means 

* - Proportion given in parenthesis 

From our analysis the optimal number of clusters for yeastCC is 4, and for 

Breast Cancer 3. The genes that belonged to each cluster are given in Appendix-B. 

3.2.2 K-medoids 

K-medoids clustering was done using both Euclidean and Manhattan dissimi

larity measures. Twenty samples of size 1000 were taken from each of six different 

datasets. Average silhouette width vs number of clusters was plotted for number 

of clusters ranging from 2 to 16 (e.g. see Figure 3.2 for yeastCC). The number of 

clusters corresponding to the maximum average silhouette width was taken as the 

optimal number of clusters for that particular sample (see details in Chapter 3.1.2.2). 

In Figure 3.2 the optimal number of clusters is 5. The procedure was repeated 20 

times, with the modal value taken as the optimal number of clusters for that data 

using this clustering method. 

The optimal number of clusters obtained using both the Euclidean and Manhat

tan measures of distance are 2 for both yeastCC and Breast Cancer data regardless 
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of dimension reduction technique used. 

3.2.3 SOM 

The first three principal/independent components of the data were used in 

the analysis using SOM. A very high proportion of variability (94%) in the Breast 

Cancer dataset was represented using relatively few PCs (3) but the same is not true 

for yeastCC (only 30% of the variability was explained by the first three components). 

There are five different datasets used in this clustering analysis. 

• The first three principal components obtained using the correlation matrix of 

the data (PCA-Cor3). 

• The first three principal components using the covariance matrix of the data 

(PCA-Cov3). 

• The first three independent components based on using original data (ICA-

ori3). 

• The first three independent components obtained using the above first cate

gory principal components (ICA-PCor3). 

• The first three independent components obtained using the above second 

category principal components (ICA-Pcov3). 

DimensionReduction 
PCA-Cor3 
PCA-Cov3 

ICA-Ori3 
ICA-Pcor3 
ICA-Pcov3 

YeastCC 
4(0.45*) 

5(0.5) 
5(0.75) 
5(0.45) 
5(0.65) 

BreastCancer 
2(1.0) 
1(1.0) 

4(0.65) 
4(0.6) 
4(0.5) 

Table 3.2: Summary of number clusters using SOM 
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Analysis was done by sampling 20 times on each of the above-mentioned data 

sets obtained using dimension reduction techniques on both yeastCC and Breast 

Cancer. Figure 3.3 shows output obtained for this analysis using principal components 

from the correlation matrix of the data for yeastCC. The number of clusters in Figure 

3.3 is 4. A similar plot for Breast Cancer is in Figure 3.4 where the number of clusters 

is 2. Table 3.2 summarizes the results for all of the above categories. 

3.2.4 Hierarchical Clustering 

Agglomerative hierarchical clustering with average linkage was applied on sam

ples of size 500 taken from the original data. The Euclidean dissimilarity measure 

was used. This procedure was repeated on 50 random samples of both yeastCC and 

Breast Cancer. Both dendogram and heatmap were obtained for our data sets. The 

cuts made to get the number of clusters for yeastCC are in the range of Euclidean dis

tances of 6-7.75 and 7.75-9, and for Breast Cancer in the range of Euclidean distances 

of 15-18 and 18-20. 

For yeastCC, the most frequent number of clusters between 6-7.75 was 9; be

tween 7.75-9 it was 5. For Breast Cancer, the most frequent number of clusters 

between 15-18 is 5; between 18-20 is 3. For both of our datasets, two sets of cluster 

values resulted. The results are shown in Figure 3.5. 

For both yeastCC and Breast Cancer datasets, some genes ended up in a single 

gene cluster (see Appendix-B.2). 

3.2.5 Plaid Models 

Analysis using Plaid models (Lazzeronni and Owen, 2002) was done using their 

software and Plaid User's Guide (Owen, 2000) (detailed discussion in Chapter 3.1.3). 

The value of a^ for the first 12 genes and the value of /3jk for the first 3 samples 

are shown for the first 2 layers for yeastCC in Table 3.3. Tables 3.4 and 3.5 show 
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Figure 3.5: Summary of clusters at different cuts in hierarchical clustering 
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corresponding results for Breast Cancer. (Results are available for the first 25 genes 

and 5 samples in the first five layers, and appear as Appendix-C). 

H= 0.165 

Oii 

0.965 
0.862 
0.804 
0.804 
0.739 
0.710 
0.702 
0.640 
0.635 
0.624 
0.621 
0.620 

Pi 
0.408 
0.404 
0.269 

Layer 1 
Gene 

YBR072W 
YER150W 
YFL012W 
YCR007C 

YHR087W 
YPL130W 
YDR461W 

YJL038C 
YDR273W 

YFL051C 
YGL204C 
YGL032C 

sample 
eluO 

cdcl5.240 
cdcl5.220 

K-mean 
Cluster^ 

2 
2 
2 
2 
4 
2 
2 
2 
2 
2 
2 
2 

class 
elu 

cdcl5 
cdcl5 

//= 0.088 
Oii 

0.949 
0.632 
0.588 
0.525 
0.525 
0.516 
0.498 
0.494 
0.492 
0.492 
0.479 
0.477 

Pi 
0.248 
0.230 
0.220 

Layer 2 
Gene 

YKR039W 
YKL096W 
YHR137W 
YML030W 
YLR081W 

YLR131C 
YLR304C 

Y M L 1 0 0 W 
YJR048W 
YLR079W 
YFR053C 

YOR332W 
sample 

cdcl5.150 
cln3.2 
cln3.1 

K-mean 
Cluster^ 

4 
1 
4 
4 
1 
4 
4 
1 
4 
4 
1 
4 

class 
cdcl5 

cln 
cln 

Table 3.3: Top 12 genes and 3 samples in layerl and layer 2 for yeastCC 

The main difference between Plaid Models and traditional clustering is that 

a gene can be in more than one cluster/layer in Plaid Models. For Plaid models 

applied to yeastCC, when comparison was done for the top 25 genes and 5 samples 

that exist in the first 5 layers, results show that gene YML100W is in layer 1 and 2, 

and gene YLR131C is in layer 2 and 3; also sample cln3.1 belongs to layer 2 and 5, 

and samples cdcl5.30 and cdcl5.50 belong to both layer 3 and 5. That means that 

genes YML100W and YLR131C and the samples cln3.1, cdcl5.30 and cdcl5.50 exist 

in more than one cluster. Genes that belonged to each layer were compared to genes 

that belonged to each cluster obtained using k-means clustering (Appendix-B). In 

the case of yeastCC, 88% of layer 1 genes belonged to cluster 2 (of k-means); layer 

2 genes belonged to all clusters except cluster 2; layer 3 genes belonged to cluster 1 

and 3; 92% of layer 4 genes belonged to cluster 4; 84% of layer 5 genes belonged to 
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//= 0.165 
Oii 

7.273 
7.224 
7.190 
7.188 
7.145 
7.116 
7.104 
7.080 
7.064 
7.061 
7.031 
6.970 

Layer 1 
Gene 

201492_s.at 
AFFX-hum_alu_at 

217398_x_at 
212581-x.at 
204892_x_at 
203107_x_at 
221798_x_at 
206559_x_at 

AFFX-r2-Pl-cre-3_at 
213453_x_at 
201049_s_at 
211296_x_at 

K-mean 
clus# 

2 
.2 
2 
2 
2 
2 
2 
2 
2 
2 
2 
2 

/_=0.088 
O-i 

1.760 
1.748 
1.732 
1.689 
1.688 
1.683 
1.679 
1.678 
1.670 
1.664 
1.663 
1.661 

Layer 2 
Gene 

220468_at 
204422_s_at 
220432_s.at 
218541_s_at 

206100_at 
214862_x_at 

205222_at 
211361_s_at 
218602_s_at 

215172_at 
210286_s_at 

220609-at 

K-mean 
clus# 

3 
3 
3 
3 
3 
3 
3 
3 
3 
3 
3 
3 

Table 3.4: Top 12 genes in layerl and layer 2 for Breast Cancer 

Pi 
0.138 
0.105 
0.085 

sample 
016_HCC202.U133A.CEL 

CC_MCF10A_U133A.CEL 
035_ZR75-1.U133A.CEL 

Pi 
0.526 
0.406 
0.4.5 

sample 
08.SUM225.CEL 

035_ZR75-1.U133A.CEL 
037_SUM-44PE.U133A.CEL 

Table 3.5: Top 3 samples in layerl and layer 2 for Breast Cancer 
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cluster 3. For Breast Cancer, 100% of genes in layer 1 belonged to cluster 2; 100% of 

layer 2 genes to cluster 3; but layer 3, 4, and 5 genes belonged to all clusters. 

Sample effects for the first five layers are summarized for yeastCC data in Table 

3.6 and for Breast Cancer in Table 3.7. The results in Table 3.6 do not show any 

significant results unlike the results in Table 3.7. The reason could be that there were 

many missing values which were imputed by sample mean for yeastCC. Values of the 

sample mean may not reflect the real characteristics of a gene for the samples in the 

case of yeastCC. The results in Table 3.7 show that layer 1 has significant sample 

effects from all of the samples. Layer 2 has significant sample effects from samples 

that come from the classes Lu and BaA, though not as significant as for layer 1. 

There are a few samples from class BaB that also have significant sample effects on 

layer 2. Layer 3 has sample effects only from all samples of class Lu, and layer 4 only 

from all samples of class BaB. The above results for the Breast Cancer dataset give 

the confidence that Plaid models can be used classify a new sample with unknown 

class. If the new sample belonged to layer 3, we can say that it belonged to the class 

of Lu; if it belonged to layer 4, then,to the class of BaB; if it belonged to layers other 

than 3 or 4, then we can say that it belonged to the class of BaA. Table 3.8 shows 

genes and samples belonging to more than one layer (for Breast Cancer), obtained 

using results of the top 25 genes and top 5 samples from the first 5 layers. 

Table 3.6: sample effects (// + fij) in the first five layers 

for yeastCC 

sample/layer 

cln3.1 

cln3.2 

class 

cln 

cln 

1 

-0.060 

-0.64 

2 

0.133 

0.143 

3 

-0.262 

-0.389 

4 

-0.098 

0.073 

5 

0.268 

0.117 

Continued on next page 
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Table 3.6 — continued from previous page 

sample/layer 

clb2.2 

clb2.1 

alphaO 

alpha7 

alpha 14 

alpha21 

alpha28 

alpha35 

alpha42 

alpha49 

alpha56 

alpha63 

alpha70 

alpha77 

alpha84 

alpha91 

alpha98 

alphal05 

alphall2 

alphall9 

cdcl5.10 

cdcl5.30 

cdcl5.50 

class 

clb 

clb 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

alpha 

cdcl5 

cdcl5 

cdcl5 

1 

-

0.294 

0.194 

0.060 

-

2 

-0.276 

-0.113 

-0.270 

-0.098 

-0.031 

-

3 

-0.152 

0.044 

0.093 

-0.026 

0.049 

-0.109 

-0.043 

0.006 

-0.032 

0.411 

0.432 

0.248 

4 

-

-0.006 

-0.046 

-0.018 

-0.051 

0.028 

-0.052 

-0.49 

-0.526 

-0.39 

5 

-

0.002 

0.113 

-0.011 

0.071 

-0.109 

0.135 

0.18 

Continued on next page 



Table 3.6 — continued from previous page 

sample/layer 

cdcl5.70 

cdcl5.80 

cdcl5.90 

cdcl5.100 

cdcl5.110 

cdcl5.120 

cdcl5.130 

cdcl5.140 

cdcl5.150 

cdcl5.160 

cdcl5.170 

cdcl5.180 

cdcl5.190 

cdcl5.200 

cdcl5.210 

cdcl5.220 

cdcl5.230 

cdcl5.240 

cdcl5.250 

cdcl5.270 

cdcl5.290 

cdc28.0 

cdc28.10 

cdc28.20 

class 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdcl5 

cdc28 

cdc28 

cdc28 

1 

-

0.192 

-

0.316 

-

0.27 

-

0.13 

-

0.145 

-

0.380 

-

0.233 

-

0.433 

-

0.569 

-

-

-

0.286 

0.075 

-0.236 

2 

-0.024 

-

-0.205 

-

-0.142 

-

-0.026 

-

0.160 

-

0.040 

-

-0.233 

-

-0.212 

-

-

-

-0.317 

-0.208 

-0.317 

-

-

-

3 

0.047 

-0.325 

0.094 

-0.223 

0.112 

-0.394 

-

-

-

-

-

-0.282 

0.135 

-0.309 

0.12 

-0.380 

-

-

-

-

-

-

-

-

Continue 

4 

-

-

-

-

-

-

0.035 

-0.126 

0.012 

-

-

-

-

-

-

-

0.106 

0.040 

0.288 

0.201 

0.364 

-0.16 

-0.242 

-

d on ne3 

5 

-

0.065 

-

-

-

-

-

-0.2 

0.113 

-0.244 

0.074 

-0.014 

-

-

-

-

-

-0.217 

-

-

-

-

-

0.235 
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Table 3.6 — continued from previous page 

sample/layer 

cdc28.30 

cdc28.40 

cdc28.50 

cdc28.60 

cdc28.70 

cdc28.80 

cdc28.90 

cdc28.100 

cdc28.110 

cdc28.120 

cdc28.130 

cdc28.140 

cdc28.150 

cdc28.160 

eluO 

elu30 

elu60 

elu90 

elul20 

elul50 

elul80 

elu210 

elu240 

elu270 

class 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

cdc28 

elu 

elu 

elu 

elu 

elu 

elu 

elu 

elu 

elu 

elu 

1 

-0.085 

0.573 

2 

0.048 

0.037 

0.046 

0.052 

0.008 

-0.038 

-0.607 

0.077 

3 

-0.080 

-0.081 

-0.101 

-0.07 

-0.074 

-0.045 

0.126 

0.062 

-0.025 

0.018 

4 

0.207 

0.011 

0.073 

0.224 

0.103 

-0.099 

-0.088 

5 

0.216 

0.129 

-0.097 

0.054 

0.019 

0.048 

0.091 

0.003 

Continued on next page 



Table 3.6 - continued from previous page 

sample/layer 

elu300 

elu330 

elu360 

elu390 

class 

elu 

elu 

elu 

elu 

1 

-

-

-

-

2 

-

0.025 

-0.110 

-

3 

0.038 

-

-

-

4 

-

-

-

-

5 

-0.021 

-

-

-

Table 3.7: sample effects (// + Pj) in the first five layers 

for Breast Cancer 

sample/layer 

08.600MPE.U133A.CEL 

01.AU-565.CEL 

01.BT474.U133A.CEL 

11_BT483.U133A.CEL 

044_CAMA-1.U133A.CEL 

020_HCC1007.U133A.CEL 

018_HCC1428.U133A.CEL 

016_HCC202.U133A.CEL 

021_HCC2185.U133A.CEL 

09.LY2.U133A.CEL 

02.MCF7.U133A.CEL 

024_MDA-MB134-VI.U133A.CEL 

08_MDA-MB361.U133A.CEL 

030_MDA-MB415.U133A.CEL 

class 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

1 

5.911 

5.856 

5.920 

5.850 

5.914 

5.885 

5.910 

5.991 

5.873 

5.878 

5.889 

5.884 

5.859 

5.878 

2 

1.642 

1.575 

1.619 

1.632 

1.366 

1.580 

1.430 

1.512 

1.677 

1.234 

1.332 

1.352 

1.637 

1.558 

3 

-0.622 

-0.319 

-0.607 

-0.541 

-0.473 

-0.488 

-0.484 

-0.870 

-0.377 

-0.381 

-0.412 

-0.360 

-0.551 

-0.404 

4 

-

-

-

-

-

-

-

-

-

-

-

-

-

-

5 

-

0.105 

-

0.301 

-

0.109 

-

-

0.065 

-

-

-

0.293 

0.081 

Continued on next page 
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Table 3.7 — continued from previous page 

sample/ layer 

06.SKBR3.U133A.CEL 

041_SUM-185PE.U133A.CEL 

037_SUM-44PE.U133A.CEL 

038_SUM-52PE.U133A.CEL 

036_T47D.U133A.CEL 

09.UACC812.CEL 

035_ZR75-1.U133A.CEL 

034_ZR75-30.U133A.CEL 

ZR-75-B.CEL 

10_BT20.U133A.CEL 

013_HCC1143.U133A.CEL 

04.HCC1187.CEL 

014_HCC1569.U133A.CEL 

022_HCC1937.U133A.CEL 

015_HCC1954.U133A.CEL 

019_HCC2157.U133A.CEL 

017_HCC3153.U133A.CEL 

02.HCC70.CEL 

11.MDAMB-468.U133A.CEL 

042_SUM-190PT.U133A.CEL 

08.SUM225.CEL 

05.BT549.U133A.CEL 

07.HBL100.U133A.CEL 

class 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

Lu 

BaA 

BaA 

BaA 

BaA 

BaA 

BaA 

BaA 

BaA 

BaA 

BaA 

BaA 

BaA 

BaB 

BaB 

1 

5.896 

5.866 

5.935 

5.843 

5.908 

5.787 

5.937 

5.927 

5.857 

5.820 

5.823 

5.856 

5.832 

5.799 

5.819 

5.819 

5.817 

5.769 

5.778 

5.802 

5.721 

5.795 

5.719 

2 

1.474 

1.650 

1.692 

1.444 

1.404 

1.639 

1.693 

1.593 

1.446 

1.214 

1.314 

1.338 

1.037 

1.540 

1.212 

1.223 

1.288 

1.587 

1.484 

1.437 

1.813 

0.584 

0.609 

3 

-0.510 

-0.582 

-0.664 

-0.452 

-0.458 

-0.440 

-0.640 

-0.616 

-0.235 

-

-

4 

-

-

0.088 

0.255 

5 

0.244 

0.341 

0.517 

-0.306 

0.067 

0.219 

0.059 

0.078 

0.461 

-

Continued on next page 

41 

http://041_SUM-185PE.U133A.CEL
http://037_SUM-44PE.U133A.CEL
http://038_SUM-52PE.U133A.CEL
http://036_T47D.U133A.CEL
http://035_ZR75-1.U133A.CEL
http://034_ZR75-30.U133A.CEL
http://10_BT20.U133A.CEL
http://013_HCC1143.U133A.CEL
http://014_HCC1569.U133A.CEL
http://022_HCC1937.U133A.CEL
http://015_HCC1954.U133A.CEL
http://019_HCC2157.U133A.CEL
http://017_HCC3153.U133A.CEL
http://042_SUM-190PT.U133A.CEL


Table 3.7 — continued from previous page 

sample/layer 

05.HCC1500.CEL 

03_HCCC38.U133A.CEL 

025_HS578T.U133A.CEL 

CC_MCF10A_U133A.CEL 

07.MCF-12A.CEL 

023_MDA-MB157.U133A.CEL 

10.MDAMB-231.U133A.CEL 

031_MDA-MB435.U133A.CEL 

032_MDA-MB436.U133A.CEL 

043_SUM-1315-MO2.U133A.CEL 

039-SUM-149PT.U133A.CEL 

040_SUM-159PT.U133A.CEL 

class 

BaB 

BaB 

BaB 

BaB 

BaB 

BaB 

BaB 

BaB 

BaB 

BaB 

BaB 

BaB 

1 

5.911 

5.815 

5.750 

5.957 

5.932 

5.779 

5.877 

5.744 

5.828 

5.760 

5.875 

5.873 

2 

1.244 

0.976 

0.490 

1.040 

1.340 

0.606 

0.770 

0.546 

0.710 

0.454 

0.963 

0.687 

3 

-

-

-

-

-

-

-

-

-

-

-

-

4 

-0.317 

0.074 

0.272 

-0.452 

-0.473 

0.163 

-0.133 

0.220 

0.048 

0.241 

-0.042 

-0.033 

5 

0.299 

0.017 

-

0.467 

0.511 

-

-

-

-

-0.028 

-

sample 
CC_MCF10A_U133A.CEL 
035_ZR75-1.U133A.CEL 
037_SUM-44PE.U133A.CEL 
07.MCF-12A.CEL 
08.SUM225.CEL 
021_HCC2185.U133A.CEL 

gene 
20239l_at 

class 
BaB 
BaA 
Lu 

BaB 
BaA 
Lu 

-
-

layers 
1,5 
1,2 
1,2 
1,5 
2,5 
2,3 

layers 
3,4 

Table 3.8: Samples/Genes belonging to more than one layers for Breast Cancer 
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4. CLASSIFICATION 

4.1 Methodology 

Classification is known as supervised learning, where for a given dataset the 

classes are known (i.e. the data are labelled) and the purpose is to formulate a basis 

from the learning set. This information is then used to build a classifier that can be 

applied to predict the class of future unlabelled observations. The performance of a 

classifier needs to be assessed on a given dataset before using it to predict the class of 

a new datum. To do so, data with known classes are divided into two groups known as 

the training set (we used 90% of the data) and the test set (we used 10% of the data). 

The training set is used to build a classifier. Using this classifier, the classes of the 

test set are predicted and subsequently the misclassification error rate is calculated 

with the preferred classifier being the one with the lowest misclassification error rate. 

On this basis, our study examines the suitability of the following classifiers on our two 

microarray datasets: Single classification trees (both rpart and tree), adaBoost, C4.5, 

Neutral networks, Support Vector Machines, Random Forest and k-nearest neighbour. 

However, in applying these standard procedures to microarray data, we en

counter a problem. The above-mentioned classification procedures work well as long 

as the number of cases exceeds the number of variables. In the case of microarray 

data, the number of genes (variables) is in the thousands or tens of thousands, and 

the number of samples (cases) is only up to the hundreds. As a result, many of these 

standard classifiers do not work on these datasets. This can be dealt with in several 

ways - by selecting a subset of genes which are considered by experts to be important, 

by using purely (statistical) dimension reduction techniques, or by using a combina

tion of the above two strategies. In this thesis, we have chosen not to restrict the 

genes to those chosen by experts but instead to use two more objective dimension 
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reduction techniques, Partial Least Squares (PLS) and Principal Components Anal

ysis (PCA) with varimax rotation, to reduce the dimension of the dataset, in order 

to permit the application of these standard classifiers. 

4.1.1 Dimension Reduction Algorithms 

The number of variables far exceeds the number of cases for our two datasets 

(detail in Chapter 1.2). As a result, PLS and PCA with varimax rotation were 

separately used to reduce the number of variables. 

4.1.1.1 Partial Least Squares (PLS) 

PLS constructs components in such a way that covariance between the response 

variable y and the original predictor variable X is maximized. 

Wi = arg max Cov (Xw,y) (4.1) 

subject to tftj = 0, where i ^ j , and tk = w^x. PLS obtains the vectors 

of optimal weights tUj {% = 1, • • • ,K) to form a small number of components that 

best predict the response variable y. To derive the components, [ti,t2, • • • ,tk], PLS 

decomposes X and y to produce a bilinear representation of the data (Dai et al., 

2006): 

X = t!W! + t2w2 + ••• + tkwk + E (4.2) 

and 

y = tlq1 + hq2 H h tkwk + F (4.3) 

where w's are vectors of weights for constructing the PLS components t = wTx, 

q's are scalars, and E and F are the residuals. The values of w and q are estimated by 

regression. The first PLS component t\ is estimated based on the covariance between 
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X and y. Every other component ij is computed using the residuals of X and y from 

the previous step, which accounts for the variation left by the previous components 

(Dai et el., 2006). Therefore, the PLS components are uncorrected and ordered. Zhu 

and Barnes (1995) have shown that the simple iteration algorithm for PLS regression 

is essentially identical with the SIMPLS algorithm. We used the add-on package plsr 

in R with the option chosen as SIMPLS (R-code in Appendix-A). 

The SIMPLS algorithm (de Jong, 1993) is as follows: 

For each h = 1, • • • , c where A0 = X'Y,M0 = X'X, Co = / , and c given, 

• Compute qh, the dominant eigen vector of A'hAh 

• Wh = Ahqh, Ch = w'hMhWh,Wh — Wh/y/ch, and store Wh into W as a column. 

• Ph = MhWh and store ph into P as a column. 

• qh = A'hWh, and store qh into Q a s a column. 

• vh = chph, and vh = vh/ \\vh\\ 

• ch+1 = ch- vhv'h and Mh+X = Mh - php'h 

• Ah+i = chAh 

T of the SIMPLS is computed as T = XW and B for the regression of Y on X 

is computed as B = WQ' (www.statsoft .com/textbook/ ,date:Feb2009) 

Before applying PLS on a given data set, 100 pairs of test and training sets 

were created for both yeastCC and Breast Cancer. The total number of cases was 

randomly divided into ten groups by sampling without replacement. These groups 

were taken as test sets and the corresponding remaining cases for each test set were 

taken as the training pair for that test set. One hundred pairs of test and training sets 

were created by repeating the above procedure ten times. This procedure was followed 

for both the yeastCC and Breast Cancer datasets. Each column of the training and 

45 

http://www.statsoft.com/textbook/,date:Feb2009


the test set was normalized to have mean zero and variance one. This transformation 

eliminated bias introduced by differences in scales of the several variables. The PLS 

model was built by feeding the original training set into the SIMPLS algorithm. The 

test set was obtained by feeding each instance of the test set data into the PLS model 

built using the training set. 

The number of components is a free parameter that needs to be estimated; the 

optimal number of components that gives the highest predictive accuracy is needed. 

Following Tan et al. (2008) the maximum number of components used is four (4) 

times the square-root of number of cases in a dataset. Therefore, the dimension was 

reduced to 36 for yeastCC and to 30 for Breast Cancer for all pairs of training and 

test sets. The number of components tested was from 2 to either 30 or 36 (depending 

upon the dataset used) in steps of 2 to reduce the computational cost/time. Misclas-

sification rates were computed using the leave-one-out cross-validation method for a 

selected classification technique using the training set. The number of components 

corresponding to the minimum misclassification rate was taken as the optimal number 

of components for that training set. This procedure was repeated on all 100 training 

sets. Then the most frequent value was taken as the optimal number of components 

for that classification method. 

For a selected classification technique, the number of components of all training 

and test sets was reduced to the value of the optimal number. Then misclassification 

rates were computed for the 100 pairs and averaged to give a final misclassification 

rate for a selected classification method combined with PLS dimension reduction. 

4.1.1.2 Principal Components Analysis with varimax rotation 

The principal components of a dataset are obtained as explained in Chapter 

3.1.1.1 using the correlation matrix of the data. Varimax rotation was done on these 

k number of principal components. The varimax criterion focuses on simplifying the 
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columns of the factor matrix. This method maximizes the sum of variances of required 

loadings of the factor matrix, consequently the maximum possible simplification is 

achieved if there are only ones and zeros in a single column. This tends to simplify 

interpretability of the resulting component. 

First the correlation matrix was obtained for each of our datasets. Eigenvalues 

and eigenvectors were obtained using singular value decomposition of the correlation 

matrix. The plot of eigenvalue vs component number helped determine the number of 

components that explained most of the variability in the corresponding dataset. The 

first 72 components for yeastCC and the first 49 for Breast Cancer explained more 

than 99 percent of the variability in the dataset. The PCs were obtained by multi

plying the original data by the corresponding number of eigenvectors. A procedure, 

similar to that followed in the case of PLS dimension reduction to create 100 pairs 

of test and training sets, was repeated after PCA dimension reduction with varimax 

rotation was done on both yeastCC and Breast Cancer datasets. The corresponding 

classification models were built using the training set; misclassification rates were 

computed using the corresponding test sets. The average of these 100 misclassifi

cation rates was taken as the misclassification rate for that classification technique 

when combined with PCA dimension reduction. 

4.1.2 Classification Algorithms 

Following either PLS or PCA dimension reduction, we used the following clas

sification methods in our analysis: single classification trees, adaBoost, C4.5, Neu

tral Networks (NNET), Support Vector Machines (SVMs), and Random Forest. We 

briefly describe each below. 
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4.1.2.1 Single Classification Trees 

Here the basic idea was to build a tree by finding binary splits on variables that 

separate the data in the best way. Each split produces a left child and right child. A 

split that decreases the total impurity of the child node as compared to the parent 

node is considered to be the best split. Therefore, all available variables are tested for 

the best individual split value and then the variable that has the best is selected. The 

procedure is recursive. The cases at the left and right nodes are assessed as above 

to do further splits. A minimum size for leaves is used to avoid over-fitting (Mills 

and Norminton, 2007). Detailed discussion can be found in Hastie et al (2001). One 

common measure to determine the impurity is the deviance or entropy. The impurity 

at leaf t is given by, 

It = ~2,Ejattntjlogpj/t 

where pj/t = ^ 

and the deviance at a node T is given by, 

-* \T) = 2^,ieavesteT *t 

where ptj - probability that a case reaches leaf t and that it is of class j . pt -

probability of reaching leaf t. 

We used the libraries tree and rpart in R. Default settings, which are recursive 

partition and deviance/entropy as split criterion, were used in this study. 

4.1.2.2 AdaBoost.Ml 

AdaBoost.Ml is a simple generalization of adaBoost for more than two classes. 

It is a procedure that combines the outputs of many weak classifiers to produce 

better results. (A classifier is said to be a weak classifier if it has error rate slightly 

better than random guessing.) Boosting sequentially applies the weak classification 

algorithm to repeatedly modified versions of the data, producing a sequence of weak 

classifiers Gm (x), m = 1, 2, • • • , M (Hastie et al., 2001). As iterations proceed, each 
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successive classifier is forced to concentrate on those training observations that are 

misclassified by previous classifiers in the sequence. The predictions from all of them 

are combined through a weighted majority vote to produce the final prediction. 

The following is the algorithm for AdaBoost.Ml (Hastie et al., 2001): 

(1) Initialize the observation weights Wi = 1/-/V, i = 1, 2 • • • , N. 

(2) For m = 1 • • • M: 

• Fit a classifier Gm (x) to the training data using the weights Wi. 

Compute errm = S < = i " « y G " W ) 

• Compute am - 1/2 (In ((1 - errm) /errm)) 

• Set Wi <- Wi • exp [am • I (yz ^ Gm (x,))], i = 1, 2, • • • ,N. 

(3) Output G (x) = sign Ylm=i amGm (x) 

For our analysis, we used the function adaboost.Ml in the adabag library with 

default settings. Classification trees was used as the single classifier (weak learner) 

in adaboost.Ml. 

4.1.2.3 C4.5 

C4.5 is a decision tree algorithm introduced by Quinlan (1992). Among decision 

tree algorithms, C4.5 and its predecessor ID3 are the most popular. They adopt a 

divide-and-conquer approach to construct decision trees. C4.5 is capable of produc

ing trees with varying numbers of branches per node. Particularly in the cases of 

categorical variables, it produces a separate branch for each value of the categorical 

attribute. 

Decision tree algorithms begin with a set of cases and create a tree data struc

ture that can be used to classify new cases. Each case is described by a set of 
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attributes which can have numeric or symbolic values. Each training case contains a 

label representing the name of a class. Each internal node of a decision tree contains 

a test (rule) which is used to decide what branch to follow from that node. If the test 

is true, the case will proceed down the left branch; if not, the case proceeds down 

the right branch. C4.5 and its predecessor use formulae based on information theory 

to evaluate the goodness of a test; in particular they choose a test that extracts the 

maximum amount of information from a set of cases. The leaf nodes contain class 

labels instead of tests. In classification mode, when a test case reaches a leaf node, 

C4.5 classifies it using the label stored there. 

Modifications to handle unknown or missing values are as follows: Cases with 

unknown values are ignored when computing the information content; information 

gain (details in Chapter 2 of Quinlan, 1992) for a variable X is then multiplied by 

the fraction of cases for which the value of X is known. If the variable X had missing 

values for a large fraction of cases, then information gained by testing X at a node 

will be quite small. The default splitting criterion used by C4.5 is gain ratio which 

produces very bushy decision trees. Quinlan, (1992) provides further detail on these 

matters. 

Information gain is given by (Ruggieri, 2002), 

gain = info (T) - £ * = 1 ^ | x info (Tj) 

where 

info (T) = - ElTss tW1 x lQg2 (^^fP) 
where T = the set of cases associated at the node. 

freq (Cj, T) = weighted frequency is computed as number of cases in T whose 

class is d for i € [l,NClass] 

s - number of children at a decision node. 

Information gain ratio of the splitting 7\, • • • ,TS, which is.the ratio of informa

tion gain to its split information is given by, 
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5^(r) = -E:=1ffxiog2(pM) 

C4.5 uses pruning to avoid over-fitting. Its pruning method is based on esti

mating the error rate at each node of the decision tree. If replacing a subtree (at a 

certain node) with a leaf node produces a decision tree with lower error rate, then 

the subtree at that node is replaced with a leaf node. 

This classification tree algorithm runs the fastest compared to all the other 

classification algorithms we used and it is easy to implement. The add-on package 

RWeka in R was used to apply the function J48 for our study. 

4.1.2.4 Neutral Networks (NNET) 

The term neutral network consists of a large class of models and learning meth

ods. These can be considered as two-stage classification models which contain units 

(nodes) called a hidden layer in the middle of the network (Hastie et al., 2002). A 

hidden layer with at least one unit is required if a class boundary is curved. For a 

range of complexity, we chose 2, 5, and 10 hidden units with a varying number of 

iterations (in the range of 10 to 900) of the neural net. We examined the effect on 

misclassification rate of the number of hidden layers and number of iterations. 

Neural networks have unknown parameters called weights. To fit the model 

to the training data, values of the weights need to be selected. The algorithm never 

moves when the weights are chosen to be zero. On the other hand, large weights often 

result in poor solutions. Weights are usually chosen to be random values near zero 

so that the model starts out as linear and becomes nonlinear as the weight increases 

(Hastie et al., 2002). The weights were chosen to be in the range of (-0.1, 0.1) for our 

analysis. 

The magnitudes of weights decrease as the weight decay value increases. In

creasing weight decay results in smoother boundary curves (Mills and Nominton, 

2007). As a result, having the value of weight decay other than zero helped avoid 
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over-fitting and having not too large a weight decay improved the prediction error. 

We have used the default setting for nnet R-function which uses the squared-

error as entropy. Typically, we do not want the global minimizer of the sum-of squared 

error function, as this is likely to be an over-fit function. Over-fitting was avoided 

indirectly by early stopping (explained in detail in Hastie et al., 2001). 

Hidden layers of size 2, 5, and 10 were used for both of our datasets. The 

numbers of iterations used were 100, 300, 500, 700, and 900 for both datasets, when 

PCA with varimax rotation was used. The above mentioned iterations were used for 

yeastCC data with PLS dimension reduction, but the number of iterations 10, 30, 

50, 70, and 100 were used for Breast Cancer with PLS dimension reduction. Dataset 

characteristics such as balanced classes and highly correlated genes may account for 

the fact that a very small number of iterations was adequate to obtain minimum 

misclassification rates for the case of Breast Cancer with PLS. The library called 

nnet in R was used in our analysis to utilize the function nnet. 

4.1.2.5 Support Vector Machines (SVMs) 

Support Vector Machines were introduced by Vapnik (1979, 1998). SVMs were 

initially designed to deal with binary classification problems; they can be generalized 

to deal with multi-class problems by considering several binary problems simultane

ously using a one-against-all approach. 

SVM looks for the best hyperplane in order to separate classes in the learning 

set. The hyperplane could be in the original space or a higher-dimensional space. 

As a result, there are linear support vector machines and nonlinear support vector 

machines. Linear support vector machines can be grouped into the linear separable 

case and the linear nonseparable case. 

If the training data consists of N pairs (XJ, y i ) , (x2 ,y2) , • • • , (XN,VN), with Xj E 

ffl. Define a hyperplane by {x : / (x) = x T/3 + /3b = 0} where /3 is a unit vector. 
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Support vector criterion for separated data can be expressed as follows: 

min||/3|| (4.4) 
0,00 

subject to yi (xf/3 + (30) > l,i — 1,- • • ,N 

Support classifier defined for the non-separable case is as follows: 

mm ||p|| subject to < 
£i > 0, ^ £ j < constant. 

The above two equations are quadratic with linear inequality constraints, hence 

they are convex optimization problem. Computationally above equation can be re-

expressed in the equivalent form 

m i n i | |/?| |2+ 7 ^ 6 (4.5) 

subject to & > 0, y* (xfP + j30) > 1 - £*Vi 

where 7 replaces the constant for non-separable case; the separable case corre

sponds to 7 = 00 

In the linear case, support vector training amounts to maximizing the dual 

(Speed, 2003). 

N 1 
LD = ^2 ai ~ 9 5 ^ aiOijyiyjXi.Xj 

i=l i,j 

with respect to the «», subject to constraints, 

if linear separable case 

a,. > 0 

if linear nonseparable case 

and 

0 < at < 7 

] P aiyi = 0 
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for all i. The solution is given by 

N 

i=\ 

where S is the set of support vectors. Detailed discussion can be found in Hastie et 

al (2001), and Speed (2003). 

Often misclassification rates are minimized if nonlinear class boundaries are 

used. However, mapping data into a higher dimensional space and then reducing 

it to a linear case can lead to simple solutions. Generally, linear boundaries in the 

enlarged space achieve better training-class separation and translate to nonlinear 

boundaries in the original space. 

We have used the el071 add-on package in R. There are four different kernels in 

svm function in R - linear, polynomial of varying degrees, radial basis, and sigmoid. 

We used the kernel that gave the minimum misclassification rate for the corresponding 

dataset. 

4.1.2.6 Random Forest 

Random Forest grows many single classification trees. A new object from an 

input vector is sent down each of the trees in the forest. Each tree classifies that object 

and the final classification is determined by majority vote. (The idea of Random 

Forest is applicable not only to trees but also to any other classifier.) Each tree in 

the forest is grown as follows (Breiman and Cutler, 2008): 

• Let the number of cases in the training set be n. Sample n cases at random 

with replacement from the original data. This sample becomes the training 

set for growing the tree. 

• Let G is the number of input variables. Select g variables at random out of 

the G, and use the best split on these g to split the node. 
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• Each tree is grown to the largest extent possible without pruning. 

The only adjustable parameter to which Random Forests is sensitive is the 

number of input variables g. A tree with a low error rate is considered to be a strong 

classifier. Increasing g increases both the correlation between any two trees and the 

strength. However, increasing the correlation increases the forest error rate while 

increasing the strength decreases forest error rate. Thus we seek an optimal value of 

g to minimize the forest error rate. The default value of g is taken to be the square-

root of the number of variables in the randomForest function (R help-file). Function 

randomForest with default settings available in the add-on package randomforest in 

R was used for this analysis. 

4.1.3 K - Nearest Neighbour 

K-NN methods are based on a distance function (i.e our research used Euclidean 

distance in R). This method classifies a new observation on the basis of the learning 

set by finding the k closest observations in the learning set and predicts the class by 

majority vote (i.e choose the class that is most common among those k neighbours). 

However, the choice of k, the number of neighbours, has to be estimated for the 

relevant data. K-NN classifiers are often criticized because of their heavy computing 

time and storage requirements for large learning sets (Speed, 2003). 

The number of neighbours can have a large impact on performance of the clas

sifier and needs to be chosen carefully. Leave-one-out cross-validation was done to 

select a suitable number of neighbours. For every choice of k, each observation in 

the learning set was treated in turn as if its class were unknown and it was classified 

using the nearest neighbour rule. The classification of the learning set observations 

was then compared to the truth to produce the cross-validation error rate and the k 

corresponding to the smallest cross-validation error was retained. 
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4.1.4 Design of Experiments 

To examine whether results would differ significantly based on the microarray 

dataset used, two different microarray datasets (yeastCG and Breast Cancer) were 

used in our analyses. Dimension reduction techniques PLS and PCA were applied on 

both datasets prior to using any classification technique. Classification methods com

pared in this research were adaBoost, C4.5, single classification tree using both rpart 

and tree, neutral network, and support vector machines. Misclassification rate was 

used to assess suitability of these methods for these two datasets. These misclassifi

cation rates were summarized as proportions and analyzed to determine statistically 

significant differences. Following Mosteller and Youtz (1961) these proportions were 

transformed to stabilize the variance approximately and to make proportions nearly 

normal. 

l /4n if y = 0; 

P= { y/n if 1 < y < ( n - 1 ) ; 

1 — l /4n if y = n. 

where y - number of misclassifications. n - total number of trials 

6 = arcsin (y/p) 180/11 

where II = 3.14159 

Among all of the above classification techniques, the misclassification rate for 

neutral networks (NNET) can be improved significantly by altering the parameter 

values. This was investigated further by varying the number of hidden layers and it

erations used to find a minimum classification rate for NNET. The numbers of hidden 

layers used were two (2), five (5), and ten (10). For the two datasets (yeastCC and 

Breast Cancer) with PCA dimension reduction and for yeastCC with PLS dimension 

reduction, the numbers of iterations used were 100, 300, 500, 700, and 900. How

ever, for Breast Cancer data with PLS dimension reduction, results did not require 
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that large a number of iterations; 10, 30, 50, 70, and 100 iterations were adequate 

to obtain a minimum misclassification error. With PCA dimension reduction and 

using the two datasets as blocks, we examined the effects due to number of nodes in 

the hidden layer, number of iterations, and the interaction of these two factors using 

a factorial treatment structure. Also, using just the yeastCC dataset, we compared 

results under each of the two dimension reduction methods PCA and PLS. SAS-codes 

for the above analysis are in Appendix-A. 

4.2 Results 

As explained in Chapter 4.1.1.1 and Chapter 4.1.1.2, 100 pairs of test and 

training datasets were formulated in the cases of both PLS and PCA dimension 

reduction. The misclassification rate was calculated for each of the 100 datasets using 

various classification methods; then the average misclassification rate was obtained 

for each classification technique. This was done for both yeastCC and Breast Cancer 

datasets. R-codes are in Appendix-A 

4.2.1 Single Classification Trees 

Two add-on libraries available in R were used in this analysis, as explained in 

Chapter 4.1.2.1. Table 4.1 summarizes results for both dimension reduction methods. 

Regardless of the dimension reduction technique used, the misclassification rate was 

lower for Breast Cancer than for yeastCC. Also, dimension reduction technique PCA 

gave better results than PLS for both yeastCC and Breast Cancer datasets. 

4.2.2 AdaBoost 

Table 4.2 shows the average misclassification rate for the adaBoost technique 

(discussed in detail in Chapter 4.1.2.2). AdaBoost is an ensemble classification tech

nique which uses single classification tree as a base classifier. AdaBoost improved the 
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misclassification rate for both yeastCC and Breast Cancer when PCA was used as a 

dimension reduction technique but not when PLS dimension reduction was used. 

4.2.3 C4.5 

C4.5 is the only classification technique that gave minimum misclassification 

rates regardless of the dimension reduction technique used or the data set being 

analyzed. Table 4.3 presents average misclassification rates under C4.5 (detailed 

discussion in Chapter 4.1.2.3). 

4.2.4 Neutral Networks (NNET) 

Neutral Networks have two parameters - the number of hidden layers and the 

number of iterations - which may be altered to improve misclassification rate. We 

used three levels each for the number of hidden layers (hi) and the number of iter

ations (iter) to examine the effect on misclassification rate, (see detailed discussion 

in Chapter 4.1.2.4). Table 4.4 summarizes misclassification rates for yeastCC and 

Breast Cancer with PCA dimension reduction technique for varying numbers of hid

den layers and iterations (Note: *values within brackets are transformed values of the 

misclassification rates). 

Analysis was conducted taking the two datasets (yeastCC and Breast Cancer, 

each with PCA dimension reduction) as blocks, and number of hidden layers together 

with number of iterations as treatments, using a factorial structure. Hidden layers 

had 3 levels: 2, 5, and 10; number of iterations had 5 levels: 100, 300, 500, 700, 

and 900. Analysis of the misclassification rates was done on the transformed data, 

as explained in Chapter 4.1.4. As the transformed values of misclassification rates 

are proportional to the misclassification rates, comparison among iterations, hidden 

layers and data sets can be done with transformed values. The model adequacies on 

the transformed data were satisfied. 
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Single Tree-rpart 
YeastCC 
BreastCancer 

Single Tree-tree 
YeastCC 
BreastCancer 

PCA 
0.3828 
0.1780 

PCA 
0.3443 
0.1980 

PLS 
0.9007 
0.3760 

PLS 
0.9013 
0.2560 

Table 4.1: Misclassification Rate for Single Classification Tree 

adaBoost 
YeastCC 

BreastCancer 

PCA 
0.0960 
0.0930 

PLS 
0.9057 
0.3760 

Table 4.2: Misclassification Rate for adaBoost 

C4.5 
YeastCC 

BreastCancer 

PCA 
0.0057 

0.0 

PLS 
0.0086 

0.0 

Table 4.3: Misclassification Rate for C4.5 

iterlOO 

iter300 

iter500 

iter700 

iter900 

YeastCC PCA 
hl2 

0.9001 
(71.57*) 
0.9066 
(72.2) 
0.9008 
(71.64) 
0.9157 
(73.12) 
0.924 
(74.0) 

hl5 

0.9591 
(78.33) 
0.9503 
(77.12) 
0.9464 
(76.61) 
0.946 
(76.56) 
0.9566 
(77.98) 

hllO 

0.961 
(78.61) 
0.967 
(79.53) 
0.9871 
(83.48) 
0.983 
(82.51) 
0.983 
(82.51) 

Breast Cancer PCA 
hl2 

0.3758 
(37.81) 
0.3126 
(34.0) 
0.282 
(32.07) 
0.2733 
(31.52) 
0.276 
(31.7) 

hl5 
0.2134 
(27.51) 
0.1254 
(20.74) 
0.0926 
(17.72) 
0.0898 
(17.44) 
0.1 
(18.43) 

hllO 

0.158 
(23.42) 
0.0814 
(16.58) 
0.0784 
(16.26) 
0.076 
(16) 
0.076 
(16.0) 

Table 4.4: Misclassification rates and transformed values for NNET using PCA 
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Source 
Model 
Error 
Corrected Total 

Source 
dat 
iter 
hi 
dat*iter 
dat*hl 
iter*hl 

DF 
21 
8 
29 

DF 
1 
4 
2 
4 
2 
8 

Sum of Squares 
22322.39 

5.29 
22327.68 

Typelll SS 
21256.60 

46.24 
98.10 
94.87 

807.70 
18.86 

Mean Square 
1062.97 

0.66 

Mean Square 
21256.60 

11.56 
49.05 
23.72 

403.85 
2.36 

F value 
1608.68 

F value 
32169.3 

17.5 
74.23 
35.90 

611.18 
3.57 

Pr > F 
<0.0001 

Pr > F 
<0.0001 

0.0005 
<0.0001 
<0.0001 
<0.0001 

0.0454 

Table 4.5: ANOVA Table yeastCC and Breast Cancer with PCA for NNET classifi
cation 

dat 
Breast Cancer 
YeatCC 

p-value 
<0.0001 

0.0789 

Table 4.6: Data*iteration Effect Sliced by data for transformed misclassification 

60 



The SAS System 
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Figure 4.1: Interaction plot for data and iterations for yeastCC and Breast Cancer 
with PCA 
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Figure 4.2: Interaction plot for data and hidden layers for yeastCC and Breast Cancer 
with PCA 
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The SAS System 
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Figure 4.3: Interaction plot for iterations and hidden layers for yeastCC and Breast 
Cancer with PC A 
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The following deductions can be made using Tables 4.5, 4.6, and Figures 4.1, 

4.2, 4.3 for a = 0.05. 

(1) Table 4.5 gives the analysis of variance results. As the p-values for main effects 

and interaction effects are less than a, they are all statistically significant. 

(2) Tukey's Honest Significance Difference (HSD) test shows that there is a sig

nificant difference due to number of iterations ( with number of iterations of 

100 significantly differing from all other numbers of iterations) and due to 

number of hidden layers ( with 2 hidden layers significantly differing from 5 

and 10.) (Results are available but not presented here). 

(3) Table 4.6 presents the dataset-iteration interaction effect sliced by dataset. 

Iteration effect in the Breast Cancer dataset is significant (p-value <0.0001 

< < a = 0.05). Iteration effect for yeastCC is slightly significant (0.05< p-

value = 0.08 < 0.1). The interaction effect plot for data and iteration is given 

in Figure 4.1. 

(4) Hidden layer effect is significant for both Breast Cancer and yeastCC datasets 

with p-values being <0.0001 (results not shown here). However, the plot 

(Figure 4.2) of interaction effect of dataset and hidden layers shows that 

increasing the number of hidden layers improves the misclassification rates 

for Breast Cancer, but worsens it for yeastCC. A minimum misclassification 

rate was obtained for yeastCC with 2 hidden layers, and for Breast Cancer 

data with 10 hidden layers. 

(5) Figure 4.3 gives the transformed misclassification rates for iteration effect on 

all hidden layers. Misclassification rate (and transformed values) for yeastCC 

is higher at a particular number of hidden layers compared to Breast Cancer. 

(In Figure 4.3, there are two same colour ticks for hllO. The tick correspond-
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ing to the high value is for yeastCC and the low value is for Breast Cancer. 

The same holds for hl2 and hl5.) Minimum misclassification rate was ob

tained for yeastCC using 2 hidden layers and iterations other than 700 and 

900 (Figure 4.3), but for Breast Cancer using 10 hidden layers and iterations 

other than 100. 

For neural networks, using the above deductions and Table 4.4 for yeastCC 

with PCA dimension reduction, the final misclassification rate was chosen at 2 hidden 

layers and 500 iterations; for Breast Cancer with PCA dimension reduction, the final 

misclassification rate was chosen at 10 hidden layers and 700 iterations. 

A similar analysis, changing the number of hidden layers and iterations, was 

made for yeastCC under two different dimension reduction techniques (drdc) PLS and 

PCA. The two different dimension reduction methods were considered to be blocks. 

Number of iterations was taken at 5 levels and hidden layers at 3 levels. Analysis 

was again done on transformed misclassification rates. The model adequacies were 

satisfied. The analysis of variance table for NNET for yeastCC when PLS or PCA 

was used is given in Table 4.8. 

iterlOO 

iter300 

iter500 

iter700 

iter900 

YeastCC PCA 
hl2 

0.9001 
(71.57*) 
0.9066 
(72.2) 
0.9008 
(71.64) 
0.9157 
(73.12) 
0.924 
(74.0) 

hl5 

0.9591 
(78.33) 
0.9503 
(77.12) 
0.9464 
(76.61) 
0.946 
(76.56) 
0.9566 
(77.98) 

hllO 

0.961 
(78.61) 
0.967 
(79.53) 
0.9871 
(83.48) 
0.983 
(82.51) 
0.983 
(82.51) 

YeastCC PLS 
hl2 

0.281 
(32.01) 
0.2418 
(29.45) 
0.2464 
(29.76) 
0.2393 
(29.29) 
0.238 
(29.2) 

hl5 

0.2063 
(27.01) 
0.2056 
(26.96) 
0.2056 
(26.96) 
0.2054 
(26.95) 
0.2054 
(26.95) 

hllO 

0.2064 
(27.02) 
0.2126 
(27.46) 
0.2121 
(27.42) 
0.2126 
(27.46) 
0.2071 
(27.07) 

Table 4.7: NNET Misclassification rates and transformed values for yeastCC using 
PCA 
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Figure 4.4: Interaction plot of dimension reduction techniques and hidden layers for 
veastcc with PCA and PLS 
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The number of iterations and its interaction with other factors or blocks are 

insignificant. The HSD test shows that there is a significant difference between the 

means of PLS and PCA, and between the means of hidden layer of size 10 and 

the others, but insignificant differences between the means for different numbers of 

iterations. The results are presented in Table 4.9. 

Figure 4.4 shows that neural networks with PCA gave minimum misclassifica-

tion with 2 hidden layers; with PLS it was minimum with 5 hidden layers. Overall 

minimum misclassification rate for yeastCC with PCA was obtained for 2 hidden lay

ers and 500 iterations (Table 4.7); for yeastCC with PLS, the minimum was obtained 

for 5 hidden layers and 700 iterations (Table 4.7). 

Neural networks applied to Breast Cancer with PLS dimension reduction achieved 

minimum misclassification with 5 hidden layers and 30 iterations (Table 4.10). 

4.2.5 Support Vector Machines 

SVM misclassification error rates vary as the type of kernel used is altered. 

Linear, polynomial of degree 3 and degree 4, radial, and sigmoid kernels were used 

to find the kernel that gives the minimum error rate (Chapter 4.2.5). Table 4.11 

summarizes these error rates. 

YeastCC with PCA dimension reduction had the same misclassification rate 

regardless of the kernel used. Minimum misclassification was obtained for yeastCC 

with PLS using kernel of polynomial of degree 4; for Breast Cancer with PCA using 

kernel of polynomial of degree 4; and for Breast Cancer with PLS, using sigmoid 

kernel. 

4.2.6 Random Forest 

Random Forest did not work on the yeastCC data because of the presence of 

classes with an extremely small number of cases, but it did work on the Breast Cancer 
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Source 
Model 
Error 
Corrected Total 

Source 
drdc 
hi 
drdc*hl 

DF 
21 
8 
29 

DF 
1 
2 
2 

Sum of Squares 
18239.970 

10.209 
18250.178 

Typelll SS 
17997.701 

50.108 
171.692 

Mean Square 
868.570 

1.276 

Mean Square 
17997.701 

25.054 
85.846 

F value 
680.62 

F value 
14103.2 

19.60 
67.16 

Pr > F 
<0.0001 

Pr > F 
<0.0001 
<0.0001 
<0.0001 

Table 4.8: ANOVA Table NNET classification for yeastCC with PLS and PCA 

Tukey Grouping 
A 
B 

Tukey Grouping 
A 
A 
A 
A 
A 

Tukey Grouping 
A 
B 
B 

Mean 
0.950 
0.221 

Mean 
0.640 
0.632 
0.632 
0.623 
0.628 

Mean 
0.660 
0.623 
0.608 

Dimension Reduction Method 
pea 
pis 

Iterations 
900 
700 
500 
300 
100 

Hidden Layers 
10 
5 
2 

Table 4.9: Results of Tukey's HSD test for Misclassification rates for yeastCC with 
PLS and PCA 

BreastCancer 
hl2 
hl5 
hllO 

iterlO 
0.0884 
0.0546 
0.0506 

iter30 
0.00158 

0 
0 

iter50 
0 
0 
0 

iter70 
0 
0 
0 

iterlOO 
0 
0 
0 

Table 4.10: Misclassification Rate for NNET using PLS for Breast Cancer 

linear 
poly3 
poly4 
radial 
sigmoid 

YeastCC 
PCA 

0.6671 
0.6671 
0.6671 
0.6671 
0.6671 

PLS 

0.8986 
0.9686 
0.66 
0.8986 
0.9986 

Breast Cancer 
PCA 

0.328 
0.592 
0.328 
0.498 
0.616 

PLS 

0.078 
0.52 
0.52 
0.044 
0.008 

Table 4.11: Misclassification error rate for SVM 
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dataset. Table 4.12 summarizes the result for Breast Cancer. 

4.2.7 K-Nearest Neighbours 

In the case of yeastCC data, the best k was found to be 1. In the case of 1-nn 

classification, each training point is a prototype. Because it uses the training point 

that is closest to the query point, the bias of the 1-nn estimate is often low but the 

variance is high. The decision boundary of 1-nn is very irregular compared to others. 

The summary of the results obtained by following the methods explained in Chapter 

4.1.3 is shown in Table 4.13. 

4.2.8 Design of Experiments 

An overall analysis of the classification results using a design of experiment 

analysis is presented here. Table 4.14 summarizes the misclassification rates; their 

transformed values shown within parentheses. 

Table 4.15 presents the analysis of variance Table for overall analysis for this 

study. The model used was as explained in Chapter 4.1.4. 

The following deductions can be made using Tables 4.14, 4.15, 4.16, 4.17, 4.18, 

4.19, and Figure 4.5. 

(1) The model (Table 4.15) was significant with p-value (0.0057) < a (0.05). 

Dataset and classification method were found to be significant, but not di

mension reduction technique. However, the interaction effect of dimension 

reduction and classification method was significant with p-value of 0.0386 

(Table 4.15) and hence dimension reduction was left in the model. 

(2) Table 4.16 presents Duncan's Multiple Range base on a = 0.05 for classifica

tion methods, and Tukey grouping for dimension reduction techniques used 

(YeastCC and Breast Cancer datasets are blocks). Classification methods 
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RandomForest 
Breast Cancer 
YeastCC 

PCA 
0.044 
n /a 

PLS 
0.0454 

n /a 

Table 4.12: Misclassification Rate using Random Forest 

K-NN 

Breast Cancer 
YeastCC 

knn.cv 

h-
' 

C
O

 

LOO 

3 
1 

ten-fold 

1 
1 

Table 4.13: Best-k using k-nn methods 

adaBoost 

c4.5 

rpart 

tree 

nnet 

svm 

yeastCC 
PLS 

0.9057 
(72.12) 
0.0086 
(5.32) 
0.9007 
(71.63) 
0.9013 
(71.69) 
0.2054 
(26.95) 
0.66 
(54.33) 

P C A 

0.096 
(18.05) 
0.0057 
(4.33) 
0.3828 
(38.22) 
0.3443 
(35.93) 
0.9008 
(71.64) 
0.667 
(54.76) 

Breast Cancer 
PLS 

0.376 
(37.82) 
0 
(2.87) 
0.376 
(37.82) 
0.256 
(30.4) 
0 
(2.87) 
0.044 
(12.11) 

P C A 

0.093 
(17.76) 
0 
(2.87) 
0.178 
(24.95) 
0.178 
(24.95) 
0.076 
(16) 
0.328 
(34.94) 

Table 4.14: Misclassification rates summarized 

Source 
Model 
Error 
Corrected Total 

Source 
dat 
metd 
drdc 
drdc*metd 

DF 
12 
11 
23 

DF 
1 
5 
1 
5 

Sum of Squares 
11012.02 

1987.0 
12999.01 

Typelll SS 
3422.24 
4191.29 
231.57 

3166.91 

Mean Square 
917.67 
180.64 

Mean Square 
3422.24 
838.26 
231,57 
633.38 

F value 
5.08 

F value 
18.95 
4.64 
1.28 
3.51 

Pr > F 
0.0057 

Pr > F 
0.0012 
0.0160 

0.282 
0.0386 

Table 4.15: ANOVA Table for Overall Analysis 
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Duncan's grouping 
A 
A 
A 
A 
A 
B 

Tukey grouping 
A 
A 

classification method 
classification treeirpart 
classification tree:tree 
support vector machine 
adaBoost 
neutral network 
c45 

dimension reduction method 
PLS 
PCA 

Mean 
0.468 
0.426 
0.367 
0.353 
0.240 
0.004 

Mean 
0.327 
0.231 

Table 4.16: Mean of misclassification rates for data set, classification method, and 
dimension reduction techniques 

drdc 
PCA 
PLS 

p-value 
0.0744 
0.0096 

Table 4.17: Drdc*metd Effect Sliced by drdc for transformed misclassifications 

metd 
adaBoost 
c45 
NNET 
rpart 
SVM 
tree 

p-value 
0.019 
0.971 
0.055 
0.113 
0.285 
0.154 

Table 4.18: Drdc*metd Effect Sliced by metd for transformed misclassification 
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drdc 
PCA 
PCA 
PCA 
PCA 
PCA 
PCA 
PLS 
PLS 
PLS 
PLS 
PLS 
PLS 

method 
adaBoost 
c45 
NNET 
rpart 
SVM 
tree 
adaBoost 
c45 
NNET 
rpart 
SVM 
tree 

LSMean 
0.094 
0.004 
0.480 
0.274 
0.500 
0.257 
0.670 
0.005 
0.066 
0.666 
0.246 
0.605 

Table 4.19: Least Squares Means for interaction effect of drdc and method 
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Figure 4.5: Interaction plot of dimension reduction techniques and methods 
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such as single classification tree (both rpart and tree), support vector ma

chine, adaBoost, and neutral network fell into one group; C4.5 into another. 

Dimension reduction techniques PCA and PLS do not produce significantly 

different results. 

(3) Table 4.17 presents the interaction effect of dimension reduction and clas

sification method sliced by dimension reduction. As the p-value for PLS is 

0.0096 (< a ) , means of the classification methods differ significantly in the 

case of PLS. The p-value for PCA is 0.0744, indicating means of classification 

- methods differ somewhat in the case of PCA. 

(4) Table 4.18 presents the interaction effect of dimension reduction and classifi

cation method sliced by classification method. Only adaBoost has p-value < 

a. Therefore, means of the dimension reduction methods significantly differ 

in the case of adaBoost and there is some difference for NNET also). They 

do not differ significantly for all other methods. 

(5) Table 4.19 shows the mean for classification method in combination with the 

dimension reduction techniques used. Figure 4.5 provides the same infor

mation graphically. AdaBoost and single classification tree (both rpart and 

tree) give minimum misclassification rates with PCA; NNET and SVM work 

better with PLS; C4.5 works really well with both PCA and PLS. 

(6) Further research is needed to make conclusions about the significance of a 

likely three-way interaction - the interaction of dataset, dimension reduction 

technique, and classification method. 
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5. SUMMARY, CONCLUSIONS AND FUTURE WORK 

The literature on microarray analysis contains attempts to improve or to find 

better performing traditional clustering or classification methods by employing them 

in combination with some dimension reduction techniques on a single microarray 

dataset (Tibshirani et al., 1999; O'Neill and Song, 2003). Other studies have evaluated 

the performance of a particular classification method in combination with different 

dimension reduction techniques on one or more microarray datasets (Dai et al, 2006; 

Nguyen and Rocke, 2002) or have compared a few classification methods in combi

nation with a selected dimension reduction method (O'Neill and Song, 2003; Osareh 

and Shadgar, 2009). However, to date no research has examined several clustering 

and classification techniques combined with a few dimension reduction methods on 

microarray datasets having very different characteristics. The research in this thesis 

provides a more comprehensive way of examining the effectiveness of these method

ologies. Our research extends the work of Dai et al. (2006) and Tan et al. (2008) as 

well as that of Osareh and Shadgar (2009) and provides an examination of the perfor

mance of several clustering and classification algorithms, together with two common 

dimension reduction methods (partial least squares PLS and principal components 

PCA) when applied to two very different microarray datasets (yeastCC and Breast 

Cancer). 

Several clustering techniques - k-means, k-medoids, SOM, and agglomerative 

hierarchical clustering with mean linkage - were applied to samples of the original 

data, principal components and independent components of the datasets. Plaid mod

els designed specifically for microarray data were also used. Classification techniques 

adaBoost, C4.5, single classification trees (both rpart and tree), neutral network, 

support vector machines, and Random Forest were applied after the application 
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of dimension reduction via PCA and PLS. To see if there was any combination of 

methodologies that would perform consistently well, we examined the results for two 

microarray datasets that differ in many statistical characteristics. 

5.1 Summary and Conclusions 

5.1.1 Clustering 

K-means clustering was done on the six different data sets (see Chapter 3.2) in 

the case of yeastCC and Breast Cancer. 

The optimal number of clusters was obtained using the number of clusters 

corresponding to the kink in the sum of squares plot and the local minimum in the 

Davies-Bouldin Index plot for all of the above mentioned data sets for yeastCC. 

Optimal number of clusters was obtained using only the global minimum of 

the DBI plot when clustering was done using principal components based on both the 

correlation and covariance matrices of the Breast Cancer dataset though the results 

were more accurate in the case of PCAs obtained using the correlation matrix of the 

dataset. The same procedures that were followed in the case of yeastCC were used to 

obtain optimal number of clusters for all the other four datasets obtained from the 

Breast Cancer dataset. 

DimensionReduction 
Ori-dat 

PCA-Cor 
PCA-Cov 

ICA-Ori 
ICA-Pcor 
ICA-Pcov 

YeastCC 
SS, DBI plots(4*) 
SS, DBI plots(4) 
SS, DBI plots(4) 
SS, DBI plots(4) 
SS, DBI plots(3) 
SS, DBI plots(4) 

BreastCancer 
SS, DBI plots(3) 

DBI plot(3) 
DBI plot(4) 

SS, DBI plots(3) 
SS, DBI plots(3) 
SS, DBI plots(3) 

Table 5.1: Summary of plots needed for six different data sets 

* - Number of clusters given in parenthesis 

The number of clusters for yeastCC is five (5) and for Breast Cancer is three 
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(3) (Chapter 1.2). The results were more accurate for Breast Cancer data (Table 5.1) 

than for yeastCC. 

The optimal number of clusters turned out to be two (2) for all six (6) different 

data sets for both yeastCC and Breast Cancer, when clustering was done using k-

medoids using both Euclidean and Manhattan dissimilarity. It appears that the k-

medoids method using these dissimilarity measures is not sensitive enough for finding 

all the clusters in this kind of data. 

When SOM clustering was done using principal components obtained from the 

correlation matrix of yeastCC resulted in four (4) clusters; and using the covariance 

matrix in five (5) clusters were found. Five (5) clusters were also obtained when 

the three different independent components (Chapter 3.2.1.3) of the data were used 

(Table 3.2). Hence for yeastCC, the expected number of clusters (5) was obtained for 

all situations except for principal components based on correlation matrix. 

For Breast Cancer with SOM clustering, principal components obtained using 

the covariance matrix of the data gave one (1) cluster; based on the correlation matrix 

of the data, it gave two (2) clusters. Using the SOM on Breast Cancer, unlike other 

researchers (Spellman et al., 1998, R-Neve2006), we never obtained three (3) clusters. 

In the case of hierarchical clustering, five (5) clusters were obtained when the 

cut was made in the range of Euclidean distance of 7.75 and 9 in the dendrogram 

obtained for yeastCC; for Breast Cancer, the number of clusters was three (3) when 

the cut was in the range of Euclidean distance of 18 and 20 (Figure 3.5). These 

results correspond to the findings of other researchers (Spellman et al., 1998 and 

R-Neve2006). 

Using Plaid Models, the top 25 genes and 5 samples that belong to the first 5 

layers/clusters were obtained for both of our data sets. Sample effects (Table 3.7) for 

each layer group the samples according to their classes for two out of three classes 

(i.e layer 3 contained all and only samples from class Lu, and layer 4 all and only 

77 



samples from class BaB) for Breast Cancer, but this is not the case for yeastCC. This 

may be due to the characteristics of the dataset - yeastCC had many missing values 

and highly imbalanced classes. 

Results for clustering methods showed that using only the Davies-Bouldin plot 

was adequate for obtaining the optimal number of clusters when k-means clustering 

was done on the samples of principal components obtained using the correlation and 

covariance matrices of the Breast Cancer data but the sum of squares plot is also 

needed for all the other data sets. K-medoids did not provide satisfactory results 

for either of the two datasets. SOM gave better results for yeastCC than for Breast 

Cancer. On the other hand, Plaid Models gave better results in the case of Breast 

Cancer. 

5.1.2 Classification 

Classification was done using adaBoost (Freund, 1996; Freund and Schapire, 

1996), C4.5 (Quinlan, 1992), single classification tree (rpart and tree) (Breiman et 

al., 1984), SVM, NNET, and Random Forest (Breiman, 2001) after doing dimension 

reduction using PCA and PLS, We also foundd the best k for k-nearest neighbours 

Table 4.19 shows that single classification tree (using both rpart and tree library 

from R) and adaBoost, for which the base classifier is single classification tree, provide 

lower misclassification rates (on average) when used with PCA dimension reduction. 

For NNET and SVM, misclassification rates improved when used with PLS dimension 

reduction. C4.5 works well with both PLS and PCA. Since yeastCC has classes with 

an extremely small number of cases (i.e. 2), Random Forest failed to work on yeastCC. 

As a result, the results of Random Forest were not included in the final analysis but 

it is important to note the deficiency of this method for this situation. 

Even though dataset (the two data sets used in this study differ very widely 

in their characteristics) and classification method effects are significant (Table 4.15), 
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interaction between dataset and either classification method or dimension reduction 

technique turned out to be statistically insignificant. However, our analysis showed 

that the interaction between classification method and dimension reduction technique 

was significant and that lower misclassification rates can be obtained by choosing an 

appropriate combination of dimension reduction technique and classification method 

(i.e AdaBoost and single classification tree (both rpart and tree) give minimum mis-

classification rates with PCA; NNET and SVM work better with PLS; C4.5 works 

really well with both PCA and PLS). Results using, adaBoost differed significantly 

and those of neural networks to a lesser extent depending on dimension reduction 

method used. Under PLS, the results for classification methods differed but under 

PCA the differences were less. Further research is needed to decide on the significance 

of the three-way interaction (dataset, dimension reduction technique and classification 

method). 

5.2 Future Work 

Two data sets which differ in many statistical characteristics were used in this 

study. Breast Cancer has no missing values, but yeastCC has at least one value 

missing in 5669 genes out of 6178. Missing values were imputed by sample mean 

but there is no evidence that this is the best choice. Further research is needed to 

determine the best possible way to impute the missing values so that the discrepancies 

created by imputation can be overcome. 

Furthermore, we used the sample size of 1000 for clustering. This sample size 

was considered adequate, but further confirmation of this would add confidence to 

the findings reported herein. Further studies assessing the effect of sample size on the 

results would be useful in this regard. 

In the case of classification, we applied PCA to the entire data set in order to 

apply dimension reduction, and then created 100 pairs of test and training sets for our 
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classification. For the case of PLS dimension reduction, we first created 100 pairs of 

test and training sets, and then the dimension reduction was done using PLS. Further 

study is needed to see how our results would change if PLS dimension reduction were 

applied before creating 100 pairs of data sets. The practical problem for this kind of 

analysis is the need for computing power and time. Using some of the most powerful 

computers available to us, some of our computations still required two or more days 

to complete. With computing power constantly increasing one could expect this to 

be substantially reduced in time. 
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