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ABSTRACT 
 

Over the past few years, there has been a massive spread of microarray technology in many 

biological patterns particularly pertaining to certain diseases like leukaemia, prostate cancer, 

etc. Over the years there have been numerous mathematical techniques which have been 

applied on microarray data and group them into clusters to show a similar pattern for 

expression. One hurdle in the proper understanding of such datasets is that they are very large 

and thus for an efficient and effective means of studying the same, we need to reduce their 

dimensions by a very large extent. In this thesis, we’ve exploited the matrix-like structure of 

such microarray data and then use a popular technique called Non-Negative Matrix 

Factorisation (NMF) which is used for dimensionality reduction primarily in the field of 

biological data. The approach not only transforms the data into a form easily readable by 

reducing its dimensions but also allows for clustering in the end in order to get accuracy 

measures for the same. In this thesis, we have applied different NMF algorithms to five 

different datasets for obtaining matrices with a reduced number of features. Out of the five, 

two are methylation datasets while the other three are ordinary cancer microarray datasets. 

Some other results like the heat-maps for the matrices were also obtained. We’ve also 

compared the accuracy of the NMF algorithm with a more conventional PCA algorithm for 

different dimensions and the results showed that in case of NMF a higher accuracy was 

observed across all the three datasets. A total of four different classifiers which are: Random 

Forest, SVM, KNN and ANN were also used to check the classification accuracy after 

application of NMF while comparing the same with PCA algorithm. 
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Chapter 1 

Introduction  

1.1 Computational Techniques in Biology  

Computational Biology and bioinformatics refer to an interdisciplinary field that brings 

together knowledge from computer science with applications towards biological data like 

analysing Genetic sequences, cell populations, protein structures etc.  

In more recent times, computational studies have also contributed to significant 

advancements in fields related to drug discovery, and in better understanding of genetic and 

proteomic systems. 

Much of the development in the field of bioinformatics has been due to advancement in 

computational power and efficiencies also aided by advancement in related fields of data 

mining and machine learning. Due to advancement in these fields, it is now possible to 

computationally design new protein structure with tuneable functionalities, to understand 

genetic sequences into identifying their roles more effectively and to deeply understand 

complex diseases which were erstwhile difficult to diagnose. 

1. 2 Introduction to DNA Microarray Data 

There has been an exponential increase in the amount and quality of biologically inspired 

data which are sourced from numerous experiments done across the world. If properly 

interpreted and analysed, these data can be the key to solving complex problems related to 

healthcare. One important class of biological data used very widely for analysis is DNA 

microarray data, which is a commonly used technology for genome-wide expression profiling 

(Smith 2003) [1]. The microarray data is stored in the form of a matrix with each row 

representing a gene and columns representing samples, thus each element shows the 
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expression level of a gene in a sample (Kossenkov et al. 2010) [2]. Gene expression is very 

central in the context of explaining most biological processes. Thus, any change within it can 

alter the normal working of a body in many ways and they are key to mutations (Cowley et 

al. 2007) [3]. Thus, studying microarray data from DNA can be a potential method for the 

identification of many hard to detect ailments within a human being. However, due to the 

large size of these datasets, the complete analysis of microarray data is very complex 

(Koschmieder et al 2012) [4], thus requiring some initial pre-processing steps for reducing 

the dimension of the datasets without looking information.  

Modern technology has now made it possible to gather genetic expression data easier and 

cheaper from microarrays. One potential application for this technology is in identifying the 

presence and stage of complex diseases within an expression. Such an application is 

discussed further in this study. 

1.3 Feature Selection: Importance and Popular Methods 

In the field of statistics and machine learning, feature reduction refers to the procedure for 

reducing the number of explanatory (independent) columns from the data under 

consideration. It is important in order to reduce the time and computational complexity of the 

model while also improving the robustness of the dataset by removal of correlated variables. 

In some cases, such as in the course of this study, it also leads to better visualisation of the 

data. 

Some of the popular feature reduction techniques include principal component analysis 

(PCA), non-negative matrix factorization (NMF), linear discriminant analysis (LDA), 

autoencoders, etc. 

In this study, we reflect upon the Non-Negative Matrix Factorization technique which is a 

promising tool in cases of fields with only positive values and access its effectiveness in the 



3 

context of biological and specifically DNA microarray and methylation data. We also 

compare our results with the PCA algorithm to get relative estimates. 

1.3.1 Matrix Factorization techniques and NMF  

Kossenkov et al. (2010) [2] suggests the use of several matrix factorization methods for the 

same. The method presented in the paper is a non-negative matrix factorization technique 

which has been used for dimensionality reduction in numerous cases (Wang et al. 2013) [5]. 

For a random vector X with (M x N) dimensions, the aim of NMF is to try to express this 

vector X in terms of a basis matrix U (M x L dimensions) and a coefficient matrix V (L x N 

dimensions), i.e.:  

                                              X ≈   UV                                     (1.1) 

 with the initial condition specifying L << min (M, N).  

Here U and V are M x L and L x N dimensional matrices with positive values. U is known as 

the basis matrix while V is the coefficient matrix. The idea behind the algorithm is to obtain 

values of U and V such that the following function is at its local minima: 

                                                    ��� � �,�� 	 	� �,� 																																									 1.2  

where D: distance cost function 

 R: regularization function 

Thus, it is seen that the obtained matrix U has a high dimension reduction from X.  

On the application of the NMF algorithms, similar to other dimensionality reduction 

algorithms, a large number of variables are clustered together. In the case of NMF, 

expression data from the genes are reduced to form a small number of meta-genes (Brunet et 

al. 2004) [6]. For the matrix U, each column represents a metagene and the values give the 
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contribution for the gene towards that metagene. The working of an NMF algorithm on a 

microarray dataset is shown in the figure below, with each pixel indicating the expression 

values (shown in the form of the 

intensity of colours). 

 

 

 

 

 

 

Figure 1.1. Image showing how an NMF algorithm is used to get a basis matrix of rank (2) (Brunet et al. 
2004) [6] 

After subsequent NMF based dimensionality reduction is done, the obtained reduced matrix 

is expected to contain the same information as the original matrix. In order to check the 

validity of the above assumption, clustering algorithms are applied to the reduced matrix and 

subsequently, their accuracies were measured. Another popular dimensionality reduction 

technique which is the principal component analysis (PCA) is used and then compared with 

the proposed NMF based models. It must be emphasized that conventional NMF based 

algorithms, even though very accurate, highly resource intensive when used for large 

datasets. This study, therefore, also makes use of certain GPU algorithms in order to 

effectively evaluate the same, making training time much more feasible. 

NMF Algorithms: There are different implementations of the NMF which are categorized 

based on the choice for the loss function (D) and the regularization function (R). A brief of 

these algorithms is given below: 
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1. nsNMF: nsNMF stands for non-smooth NMF. The primary aim of nsNMF is to find 

localized part-based representations of nonnegative multivariate data by producing a set 

of encoding vectors for the extraction of highly localized patterns. (Montano et al. 2006). 

The modified equation for this algorithm is: 

                                                              X = USV                                                         (1.3)      

where, X, U, and V are the same as in case of the original NMF algorithm. However, S is a 

smoothing parameter matrix defined by the below equation: 

                                                       �	 	 1 � �	 	�
�

�                                             (1.4) 

Where I is the identity matrix. 

The purpose of the S matrix is to implement sparseness within the equation. 

2. Kullback Leibler Method: The Kullback-Leibler method works by computing a loss 

function using the Kullback-Leibler divergence function (D) between the NMF model 

and the target matrix. The updates from the basis and coefficient matrix are then used 

with a stabilization step that shifts up all entries from zero to a very small value. (Brunet 

et al. 2004). The function is given by: 

                                            � �||� 	 	 ∑ ∈                                (1.5) 

3. Frobenius: The Frobenius algorithm works by computing the loss function described by 

the Frobenius norm (Euclidean distance) between the NMF model and the target matrix 

and works by minimization of this loss. (Fevotte et al. 2011). The Frobenius norm 

function is shown below:  

                                   �	 	 ∑ ∑ | |                                                         (1.6) 
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4. Offset: The offset algorithm is an extension of the Frobenius model in the sense that is 

also incorporated a Euclidean distance approach. However, an offset/intercept vector is 

also included here which models a common baseline for each feature. (Fevotte et al. 

2011). The initial NMF algorithm, in this case, is modified as: 

                                                      X = UV + offset                                                   (1.7) 

5. Multiplicative Update Algorithm: The Multiplicative update algorithm uses a purely 

multiplicative update and a specific gradient descent algorithm on top of the Frobenius 

norm approach. (Fevotte et al. 2011). The function showing the multiplicative update 

form is shown below: 

                                      ��� ��� and ��� ���                         (1.8) 

6. Alternating Least Square: Here updates on the computed matrices are based on using 

the least squares loss function, which is shown below (Paatero 1994): 

                                               �	 	 ∑                                                         (1.9) 

7. Gradient Descent Constrained Least Square:  This is an example of a hybrid 

algorithm. Least squares solvers are used for updating the ‘H’ matrix while the 

multiplicative update rule is used for updating the ‘W’ matrix, equations for which are 

given in preceding sections. (Fevotte et al. 2011) 

8. Alternating Constrained Least Square: The ACLS approach uses an alternating 

constrained least square method which introduces some sparsity parameters on the least 

square model. (Langville et al. 2013). The equation for the updates are shown below: 

                                              �� 1 	���	���	� �,��  and                                        

(1.10) 



7 

                                                   �� 1 	���	���	� ��,�                                             

(1.11) 

where the function F is the least square function. 

9. Alternating Hoyer Constrained Least Square: The AHCLS model introduces an 

additional pair of sparsity parameter on the ACLS model. (Langville et al. 2013) 

1.3.2 Semi NMF  

Conventional NMF has the constraint of the original matrix to only contain non-negative 

values. However, there are a significant number of cases, where initial high-dimensional data 

contains mixed signs, thereby limiting the use of NMF in these. For such cases, an alternative 

implementation of the NMF algorithm is presented by Chris et a. (2010) [20] which is known 

as Semi NMF. Considering that the factorization is of the form X=FG(t), where (t) represents 

a transpose. The matrix G is restricted to contain only non-negative entries, with no such 

restrictions on the matrix F. The equations are given below: 

The nmf equations is, 

                                                         � � � �                                                      (1.12) 

The objective function for this case is, 

                                                 � �,� 	 ||� ���||2                                          (1.13) 

The update function is shown below: 

                                              ��� ���
��� 	 � ���

��� 	 � ���
                                        (1.14) 

 

1.3.3 Principal Component Analysis (PCA) 
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PCA is a widely used technique in the field of data analysis, for orthogonal transformation-

based feature reduction on high-dimensional data. Using PCA, a reduced number of 

orthogonal variables can be obtained which explain the maximum variation within the data. 

Using a reduced number of variables helps in significant reduction in computational cost and 

runtimes while still containing a high amount of information as within the original data.  

It is a widely used tool throughout the field of analytics for feature reduction before 

predictive modelling. The steps involved in the computation of a PCA algorithm is shown 

below: 

Let ‘X’ be the initial matrix of dimension (m x n), where m = number of rows, and n is the 

number of columns.  

The first step is to linearly transform the matrix X into a matrix B such that, 

                                                          B = Z * X                                                          (1.16) 

where, Z is a matrix of order (m x m). 

The second step is to normalize the data. In order to normalize, the mean for the data is 

computed and normalization is done by subtracting off the mean for finding out the principal 

components. The equations are shown below: 

                                           � � 	 	1/�	 ∑ ,�
� 1  and,                                (1.17) 

                                                           �′ 	� �                                                    (1.18) 

The next step involves computing the covariance matrix of X, which is computed as below: 

                                                         �� � ∗ ��

� 1
                                                  (1.19) 

In the covariance matrix, all diagonal elements represent the variance while all non-diagonal 

elements represent co-variances. 
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The covariance equation for B is shown below 

                                                       �� � ∗ ��

� 1
                                                   (1.20) 

                                         
�� �� �

� 1
 = 

�� ��∗��

� 1
= 

��∗��

� 1
                                     (1.21) 

where �	 	�	 ∗ 	��, and of dimension (m * m), 

Now, Y can be further expressed in the form, Y = EDE 

where E is an orthogonal matrix whose columns represent the Eigenvalues of Y, while D is a 

diagonal matrix with the eigenvalues as its entries. 

If Z = ��, the value of covariance for B becomes, 

                                            ��
��∗��

� 1
 = 

�� ��∗�� �

� 1
 = 

�

� 1
                                  (1.22) 

The eigenvalues in this case are arranged in descending order, thus the most important 

component comes first and so on. 

Thus, from the transformed matrix ‘B’, only a subset of features can be taken which preserve 

a larger share of the variance within the data. 

1.4 Classification Algorithms 

1.4.1 Random Forest (RF) 

The random forest algorithm is a supervised algorithm which is widely used as an ensemble 

model for classification and regression tasks. Classification involves training a model with a 

set of independent variables in order to output a dependent variable into certain pre-defined 

factors. The random forest algorithm is an ensemble of decision trees. The output is a mean 

of the output for the different decision trees.  
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As stated above, the training algorithm from random forest is based on bootstrap aggregating 

to tree classifiers. Generally, for a given training sample �1,�2. . . .�� along with their 

respective response variables �1,�2. . . .�� , for  

b = 1....B: 

random samples are selected with replacement from the n training examples and the 

classifiers are then trained on them using trees �� . 

The equation for prediction for out-of-sample data in case of a random classifier is shown 

below: 

                                                       �	 	 1

�
∑                                                   (1.27) 

1.4.2 Support Vector Machine (SVM) 

The Support Vector Machine algorithm is a very commonly used algorithm for classification 

and regression. The models is of a non-probabilistic kind where each individual data point is 

represented in an n-dimensional space where n refers to the number of independent features. 

Classification is done by fitting an (n-1) dimensional plane within the space and on the basis 

of the position of a particular data point with respect to the plane. The confidence of 

prediction is determined by the distance of the position of the point with respect to the 

dividing plane.  

Let �1,�1 , �2,�2 . . . . . . . . . . . . . �2,�2  be a set of n points where x represents a p-

dimensional vector and y is an indicator variable for the class which takes the value 0 or 1. 

The goal of SVM is to figure out a dividing hyperplane that divides the entire n-points based 

on their indicator variable value.  Such an hyperplane can be represented as: 

                                                       �.� 	 	�	 	0                                                    (1.28) 
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where, � is the normal vector and, 

 b is a parameter which determines the offset for the hyperplane. 

 

1.4.3 Neural Network (NN) 

Neural networks comprise of a collection of different algorithms and paradigms which 

resemble the networks within the human brain in the context that they take input and process 

it through different layers and nodes. Inputs are passed on as vectors and the neural networks 

perform operations which help us cluster or regress this data.  

 

The primary constituent of a neural network is a set of different layers Each layer is further 

made up of nodes. This entire structure is modelled based on the neural structure of a human 

brain. With each node is associated a set of weights and coefficients which largely determine 

the amplification of the amount of signal of data which passes through it. The final layer 

contains a single node which sums up the values from all the nodes in its preceding layer and 

outputs a single value indicating the label (classification) or the value of the output 

(regression). A small indicative diagram of a neural network is shown below: 

 

Figure 1.2. A schematic diagram of a 2-layer ANN (Mishra et al. 2015) 

Once a node receives input from ‘n’ different channels, the output is defined by its activation 

function, which has a form like the one below: 
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� �	 ∑ ����	
�
� 1 	  

1.4.4 K-Nearest Neighbour (KNN) 

The K-nearest neighbour or the KNN model is a non-parametric model which is commonly 

used in the field of machine learning for the purpose of classification or regression tasks. 

 

In this method, the input is a vector of some ‘k’ closest training examples which exist in the 

hyperspace and based on the value of these k nearest neighbours, the classification for the 

object is done based on a majority voting about the classes of its neighbours. 

 

 

Figure 1.3. Classes assigned using K-NN classifier for (a) K=1 and (b) K=4 (Zhang et al. 2012) 

In the Figure 1.3, it is clear that in (a) k=1, the object is classified the same as its nearest 

neighbour (red square) while in (b) k=4, classification is done based on looking at the nearest 

four points. 

1.5 DNA methylation and importance in cancer 

DNA methylation is one of the most intensely studied epigenetic modifications in mammals 

and it has an important impact on normal cell physiology. As this DNA modification seems 

to be a critical player in the transcriptional regulation, it is not surprising that defects in this 

mechanism may lead to various diseases, including cancer (Esteller, 2008). 
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Appropriate DNA methylation is essential for development and proper cell functioning, thus 

any abnormalities in this process may lead to various diseases, including cancer. Indeed, 

tumour cells are characterized by a different methylome from that of normal cells. 

Interestingly, both hypo- and hypermethylation events can be observed in cancer. Generally, 

a global decrease in methylated CpG content is observed. This phenomenon contributes to 

genomic instability and, less frequently, to activation of silenced oncogenes. On the other 

hand, CGI hypermethylation in promoters of specific genes has been shown as a critical 

hallmark in many cancer cells (Paz et al., 2003). An increasing number of genes have been 

reported to be inactivated by a DNA methylation mechanism during tumorigenesis that 

mainly act as tumour suppressors in normal tissues. 

1.6 Objectives 

In this study, we showcase a feature reduction method known as Non-Negative Matrix 

Factorization method. We particularly study the applicability of the method in the context of 

DNA microarray data. For this we have selected a total of three normal microarray datasets 

and two methylation-based datasets and study how feature reduction can be used for 

improving classification efficiency in terms of computational requirements while keeping the 

accuracy high. 

1.7 Outline 

The study is organised in the following manner: 

Chapter 2, the literature review is presented which highlights some existing literature 

pertaining to the fields of microarray data, disease identification using these data and some 

literature of feature reduction techniques. 
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Chapter 3, Details about the datasets used in the study along with some information about 

the specifications of the different algorithms and tools used are elucidated. 

Chapter 4 deals with the results for all the studies done throughout the course of the study. 

All relevant plots and tables are presented along with short descriptions about the results. 

Details about the experiments are also incorporated within this section. 

Chapter 5 includes the discussion which takes in the broad results as obtained in chapter 4 

and generated intuitive insights based on them. 

Chapter 6 presents the conclusion and discusses upon the future work that can be performed 

in this field along with some of the limitations and bottlenecks in this study. 
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Chapter 2 

Literature Review 

Due to the extensive presence of DNA microarray data, there have been lots of studies related 

to the analysis of these data, and their relation to several diseases particularly cancer. The 

ability of DNA microarray data over other such data is this data can be used to track the level 

of expressions of thousand genes. They have been widely used as a basis for the classification 

of cancer.  

Golub et al. (1999) [7] proposed a mechanism for the identification of new cancer classes and 

the consecutive assignment of tumours to known classes. In the study, the approach of gene 

expression monitoring from DNA microarray was used for cancer classification and was 

applied to a acute leukaemia dataset for validation purposes. Based on the two objectives of 

the study, the primary goal for the identification of cancer classes was completed as the 

algorithm could distinguish between the two classes of acute leukaemia (AML and ALL) by 

purely looking at the gene expression levels. Subsequently the prediction algorithm would 

predict newer instances and assign them into classes. The initial dataset included 38 different 

samples with 27 of them lying in the ALL class and the other 11 in the AML class. On 

application of the model on an independent selection of 30 leukaemia samples, it was found 

that a 100% accuracy was observed. 

Ramaswamy et al. (2001) [8] presented a study of 218 different tumour samples, which 

spanned across 14 different tumour types. The data consisted of more than 16000 genes and 

their expression levels were used. A support vector machine-based algorithm was used for the 

training of the model. For reducing the dimensions of the large dataset, a variational filter 

was used which in its truest essence, excluded the genes which had marginal variability 
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across different tumour samples.  On testing and validating the classification model, the 

overall accuracy obtained was 78%, which even though was not enough for confident 

predictions, but was rather taken as an indication for the applicability of such studies for the 

classification of tumour types in cancers leading to better treatment strategies. 

Wang et al. (2005) [9] provided a study for the selection of genes from DNA microarray data 

for the classification of cancer using machine learning. However, as suggested by 

Koschmieder et al. (2012) [4], due to the large size of such data, choosing only relevant genes 

as features or variables for the context of the problem remained a problem. Wang et al. 

(2005) [10] thus systematically investigated several feature selection algorithms for the 

reduction of dimensionality. Using a mixture of these feature selection and several machine 

learning algorithms like decision trees, Naive Bayes etc, and on testing them on datasets 

concerning acute leukaemia and diffuse B-cell lymphoma, they obtained results with high 

confidence. 

Sorlie et al. (2001) [10] performed a study for the classification of breast carcinomas tumours 

using genetic expression patterns which were derived from cDNA microarray experiments. 

The later part of the study also studied the clinical effects and implications of this by 

correlating the characteristics of the tumours to their respective outcomes. In the study, 85 

different instances were studied which constituted of 78 different cancers. Hierarchical 

clustering was used for classification purposes. The obtained accuracy was about 75% for the 

entire dataset, and by using different sample sets for testing purposes. 

Liu et al. (2004) [11] implemented an unsupervised classification method for the discovery of 

classes from microarray data. The study was based on previous literature and the common 

application of microarray datasets which identified genes and classified them based on their 

expression levels, by assigning a weight to each individual gene. They modelled their 
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unsupervised algorithm based on the Wilcoxon rank sum test (WT) for the identification and 

discovery of more than two classes from gene data. The proposed algorithm was used in 

datasets with more than two classifiable divisions particularly for round blue cell tumors and 

breast tumors. It was found that the models were able to predict the classes with high success 

rates.    

Hsu et al. (2003) [12] developed another unsupervised learning method based on hierarchical 

dynamic self-organizing approach for the discovery of cancer classes from microarray data. 

The advantage of the model over other conventional models at that time was the ability of the 

model to suggest a suitable number for the clusters and based on that to discover new classes 

and also classify unknown samples from microarray data. The model was applied to two 

different microarray data related to cancer. The marker genes that were predicted by the 

algorithm to be influential for classification had biological significance as well for the 

specific cancer class, validating its reliability.  

Perou et al. (2000) [13] developed a study on breast tumors. They characterized a total of 65 

surgical specimen from breast tumors which were collected from 42 different individuals. 

Complementary DNA microarrays for more than 8100 human genes were studied. Based on 

this several sets consisting of co-expressed genes were discovered and then the tumors were 

subsequently classified into their various subtypes based on these patterns within the gene 

expression data. 

Hedenfalk et al. (2001) [14] developed a study to find the role of the BRCA1 or the BRCA2 

in case of hereditary breast cancer based on study of gene-expression profiles from RNA 

samples from tumors. A total of 6512 complementary DNA clones from 5361 genes were 

studies and several statistical analysis methods were used for the identification of genes that 

would be able to distinguish the BRCA1 genotype from the BRCA2 genotype. Results 



18 

indicated that the genetic expression profiles for tumors from BRCA1 and BRCA2 mutations 

exclusively varied significantly from each other confirming the genetic bases of these genes 

for hereditary mutation influences causing breast cancer. 

Khan et al. (2002) [15] developed a model for the classification of cancer from their genetic 

expression patterns using artificial neural networks. For the training purposes for these 

models, the small round blue-cell tumors (SRBCTs) were used. The cancer specified above 

can be classified into four subtypes. The model could successfully discover genes that were 

crucial for the classification and based on that made a framework for the classification of new 

samples. A very high accuracy of near 100% was observed in this case of out of sample data, 

indication the potential application of a similar model for the diagnosis of other types of 

tumors as well and the discovery of target genes for therapy. 

Oghabian et al. (2014) [16] presented a study where evaluation of 13 Bi-clustering and 2 

clustering samples were done and used several other approaches in order to compare their 

performances in the case of real-life datasets. Bi-clustering methods normally can identify 

local trends and patterns from data by the extraction of subgroups of genes which are co-

expressed together. The experiments resulted with findings indicating that as long as when 

the samples are well defined, with limited contamination with great replication Bi-clustering 

methods perform their task in a much superior manner than other conventional clustering 

techniques. 

Santamaria et al. (2008) [17] presented an interactive model and a framework for inferring 

the similarities for biclustering results. Biclustering being one of the most popularly used 

methods for the classification of microarray data in modern times. The study aimed at 

development of means which would help in unravelling trends in order to identify and 

discover trends and highlight the grouping of genes. A visual framework, in conjunction to 
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biologically inspired analytics helps researchers and specialists reduce the time spend in the 

analysis of new data. The visualisation technique put forward in the study was based on a 

force-directed graph where bi-clusters were represented by overlapping of group of genes 

with conditions. 

The study by Golub et al. (1999) [8] on the leukaemia dataset effectively resulted in a model 

which could distinguish between the two classes of acute leukaemia with a 100% accuracy. 

With respect to this, our study employing an matrix factorization approach for the reduction 

of the dataset, resulted to an accuracy of over 98% which is comparable and at par with 

existing literature. 

In comparison to Ramaswamy et al. (2001) [9], even though our study spanned across a 

significantly lesser number of tumor types, and used at most 2000 genetic expression levels 

in comparison to the other study using more than 16000 genes, the accuracy obtained across 

the various dataset in our study was either comparable in one case, and exceedingly better in 

the other cases for our study. While the accuracy of the model reporter by Ramaswamy was 

around 78%, our studies resulted in accuracies well above 90% in most cases. 

The difference in the approach between the study and Wang et al. (2005) [5] is that in our 

study, no filtering and feature selection algorithm is used, rather the reduced dataset in our 

study potentially has a lower information lost with respect to the original dataset. 

Khan et al. (2002) [16] used the concept of Artificial Neural Networks which resulted in 

accuracies near 100%. Using the NMF approach (such as in this study) very similar 

accuracies were observed. However, the benefit of NMF + clustering lies in the significantly 

lessened training and model building time when compared with ANNs. 
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The NMF reduced matrices could visually depict the different classes as was shown in the 

result, making it easier and faster for key individuals to access data. This is like the problem 

posed by Santamaria et al. (2008) [18] where they proposed a similar concept. 

Chapter 3 

Datasets 

In this paper, a total of five microarray data have been used. Three of these are normal 

microarray datasets related to cancer while the remaining two are methylation datasets related 

to cancer. The aim of using methylation dataset is to ascertain the impact of DNA 

methylation on cancer development, particularly in the case of central nervous system 

tumors. 

3.1 Prostate Cancer Dataset 

This dataset contains a total of 102 samples and 2135 genes, out of which 52 expression 

patterns were tumor prostate specimens and 50 were normal specimens (Singh et al. 2002) 

[6]. The study was done in order to predict the common clinical and pathological phenotypes 

which are relevant in the context of treatment of men who are diagnosed with this disease. 

Apart from this, the expression patterns were then correlated with the Gleason score (GS) , 

and along with the differential labelling from tumour and normal expressions, a model was 

created for the prediction of patient outcomes, leading to the conclusion that such studies can 

be used for the prediction of prostate cancer-based analysis of gene expressions of tumors. 
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Figure 3.1. Correlation in the gene expression with the Gleason Scores (Singh et al. 2002 [6]) 

 

3.2 Leukaemia Dataset 

The second dataset used in this dataset is a Leukaemia microarray Dataset (Golub et al. 1999) 

[8]. The dataset contains a total of 47 samples, which are all from acute leukaemia patients. 

All the samples are either acute lymphoblastic leukaemia (ALL) type or of the acute 

myelogenous leukaemia (AML) type. The aim of the study was to build an automated class 

discovery procedure for the distinction of different types of Leukaemia with previous 

knowledge solely based on gene expression monitoring. Such a framework can be used for 

imparting specific therapies for tumors which are pathologically distinct in humans.  



22 

 

Figure 3.2. Prediction strength of the scatterplot for two different cancer types (Golub et al. 1999) [8] 

 

3.3 Colon Cancer Dataset 

The third dataset used in this dataset is a Colon Cancer microarray Dataset (Alon et al. 1999) 

[19]. The dataset contains a total of 62 samples, out of which 40 were tumour samples and 

the other 22 were from normal colon tissue samples. The dataset contained the expression 

samples for more than 2000 genes having the highest minimal intensity for a total of 62 

tissues. The ordering of the genes were places in decreasing order of their minimal intensities. 
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For each of the 2000 genes in the dataset, about 20 feature-pair set went together to derive the 

gene intensity. The numbers as the ID in each row corresponds to each patient, with a 

positive ID given for a normal tissue and a negative sign for a tumour tissue. 

3.4 Brain Cancer and Oral Cancer Dataset 

The fourth and fifth dataset are the brain cancer and the oral cancer dataset with extensive 

DNA methylation observed. (Capper et al. 2018) [20]. The cancer methylation dataset is a 

combination of two types of information which are the acquired DNA methylation changes 

and the characteristics of cell origin. It is seen that such DNA methylation profiling is highly 

potent for the sub-classification of central nervous system tumors even in cases of poor-

quality samples. The datasets are an extensive one with over 180 columns and 21000 rows 

denoting different patient cases. Classification is done using 1 for positive and 0 for negative 

instances. Since the advent of CNS tumors are not homogenous, a total of two characteristics 

are studied in this study, viz the Brain cancer and the Oral Cancer. 

 

Figure 3.3. Classification plot for different CNS methylation cancer types (Capper et al. 2019 [20]) 
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3.5 List of Parameters  

The various parameters which were selected and passed for the different algorithms are 

shown below. The parameters were fine-tuned so as to be obtain the best accuracy of 

classification. For simplicity we are reporting the final parameters used to tune the model. 

Table 3.1. List of Parameters 

Algorithm Parameters 

Mu Rank = 5 

GDCLS Rank = 5, lambda = 0.1 

ALS Rank = 5 

ACLS Rank = 5, lambdaH=0.1, lambdaW=0.1 

AHCLS Rank = 5, lambdaH=0.1, lambdaW=0.1, alphaH=0.5, alphaW=0.5 

PCA Number of features = varying between 1 to 100. row. W = 1, col. W = 1 

Random Forest nTrees = 500, cutoff = ½, nodesize = 1 

SVM coef = 0, cost = 1, nu = 0.5, tolerance = 0.001 

 

 

 

                                     

  



25 

Chapter 4 

Comparison of NMF and PCA Feature Selection 

Methods 

There exist many different algorithms for implementation of NMF using R. These algorithms 

can be broadly classified as ones which are implemented using the CPU architecture of the 

system and ones which are implemented using GPU architectures. The CPU codes are 

implemented using the standard ‘NMF’ package within R while the GPU codes are 

implemented using a modification of the ‘NMF’ package known as the ‘NMFGPU4R” 

package which uses multicore options from GPUs to massively parallelize the 

implementation of the algorithms. 

4.1 Runtime computation using CPU and GPU 

The different algorithms are first run on the three datasets and their run times are noted 

respectively. The runtime is defined as the amount of time (in seconds) taken by the computer 

to compute that respective algorithm. A higher runtime generally means high complexity and 

should be avoided, as such algorithms generally don't scale very well. During each of the 

implementation, we chose three clusters within the output dataset in order to provide 

uniformity.  

For the CPU algorithms, the obtained run times are given in Table 4.1. 

 

 

 



26 

Table 4.1. CPU times for respective Cancers  

Method Prostate (in seconds) Colon (in seconds) Leukaemia (in Seconds)

NsNMF 90.43 169.19 157.1 

KL 9.85 8.29 6.08 

Frobenius 3.86 4.16 3.09 

Offset 103.63 164.62 160.50 

As can be seen clearly for all the three datasets, the Offset method takes the highest runtime 

of over 100s for prostate cancer data and over 160s for colon cancer and leukaemia data, 

closely preceded by the nsNMF method which is just under 160s. The Frobenius and the KL 

methods take significantly lesser times (under 10s) than the other two methods to get 

computed using CPU codes. It wasn’t possible to implement these algorithms to the 

methylation datasets as those were of very high dimensions (over 10000 rows) and thus 

running isn’t possible with our choice of infrastructure. 

Table 4.2. GPU times for respective cancers  

Method Microarray dataset (in seconds) Brain Cancer Oral Cancer 

Mu 0.66 5.01 4.18 

ALS 0.77 1.823 1.20 

GDCLS 1.44 0.34 0.309 

NSNMF 0.96 4.334 4.114 

ACLS 0.58 1.287 1.19 

AHCLS 0.51 1.11 0.67 
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We also conducted our test using several GPU-based implementations using the NMFGPU4R 

package of R. The runtimes obtained from these were uniform across all the non-methylated 

datasets, and were as follows:  

Within the GPU algorithms, the AHCLS and the ACLS were the quickest to converge with 

runtimes of 0.51s and 0.58s respectively. However, the brain cancer dataset had different 

outcomes in this regard. The GDCLS method was the quickest to converge in this case with a 

runtime of 0.3s. 

4.2 Residual Analysis 

The converging time for algorithms are generally related to the number of iterations that the 

computer needs to run the algorithm for. A higher number of iterations usually result in 

higher training period. We investigate the same for the CPU codes by plotting curves 

between the residuals ǁ�−��ǁ with respect to the number of iterations for the three datasets. 

1. The Prostate 

Dataset 

 

 

 

 

 

 

 

Figure 4.1. Residue for the different NMF algorithms on the prostate dataset 
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From the above Figure 4.1 is seen that the objective values for the nsNMF and Offset 

methods are just over 0.7 and 0.6 respectively after 2000 iterations. These methods give the 

least residuals. However, looking at their very high runtime values of 150s respectively. The 

KL and the Frobenius methods have significantly lower runtimes but have a higher residual 

when compared to the other two methods. 

2. The Colon Cancer 

Dataset 

 

 

 

 

 

 

 

 

 

Figure 4.2. Residue for the different NMF algorithms on the colon cancer dataset 

 

Figure 4.2 shows that the Offset methods give the least residual of just over 0.75 after 2000 

iterations, with the Frobenius method having a residual about 0.77, coming as a close second. 

The nsNMF method also has a significantly low residual value of 0.78, while the KL is the 

worst performer in terms of the residual with a residual value of over 0.83. However, the 
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runtime is high (over 160s). The KL and the Frobenius methods have significantly lower 

runtimes of the order of 10s, with the Frobenius method having almost equally small residual. 

3. The Leukaemia Dataset 

 

 

 

 

 

 

 

 

 

Figure 4.3. Residue for the different NMF algorithms on the leukaemia dataset 

 

As in other cases, the offset method performs the best, with the nsNMF having the second 

lowest residual which is just above 0.80 after 2000 iterations. The KL method had the highest 

residual value in this case (0.87). 

After looking at the three plots for residuals, it was seen that the Offset method had the 

lowest residual score.  
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4.3 Visualisation of dataset 

In this study, the initial microarray datasets and the decomposed NMF and PCA datasets 

were of very high dimensions making it difficult to interpret them in a conventional manner. 

One popular way to achieve the same is to convert the matrix into an image where the pixels 

correspond to the row and columns and the intensity of the colour corresponds to the value 

within that cell. Such an image is known as a heatmap. For the context of our study, all the 

matrices are converted into heatmaps with the dark blue colour corresponding to the lowest 

expression value in the matrix while dark red corresponding to the highest. 

The heatmap for the initial matrices are shown below: 

1. The Prostate Dataset 

Figure 4.4. Heatmap for the prostate dataset 

The heatmap for the prostate cancer dataset is shown in Figure 4.4. The data is a high 

dimensional data with 1022 columns. 
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2. The Colon Cancer dataset 

Figure 4.5. Heatmap for the colon cancer dataset 

The heatmap for the colon cancer dataset is shown in Figure 4.5. The data is a high 

dimensional data with 1023 columns. 

3. The Leukaemia dataset 

Figure 4.6. Heatmap for the leukaemia dataset 

The heatmap for the leukaemia dataset is shown in Figure 4.6. The data is a high dimensional 

data with 1023 columns. 
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4. The Brain Cancer dataset 

 

Figure 4.6a. Heatmap for the brain cancer dataset 

The heatmap for the brain cancer dataset is shown in Figure 4.6a. The data is a high 

dimensional data with 181 columns and 21384 rows. 

5. The Oral Cancer dataset 

 

Figure 4.6b. Heatmap plot for the oral cancer dataset 
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The heatmap for the oral cancer dataset is shown in Figure 4.6b. The data is a high 

dimensional data with 181 columns and 21384 rows. 

As can be seen clearly, there is very little visible information from these high dimensional 

matrices for all the three cases, as a result of which these cannot be used for direct analysis.  

4.4 Visualization of the NMF reduced datasets 

It can be seen in earlier sections that the NMF algorithm reduces the initial dataset into two 

different datasets, which are called the mixture coefficient data and the basis component data. 

The Mixture Coefficient matrix has the same number of columns as the original data while 

having a reduced number of rows. Correspondingly, the Basis Component plot has the same 

number of rows as the original matrix along with the number of columns being equal to the 

number of reduced features. 

As explained in earlier sections, it is simpler to view the matrices in the form of heatmaps. 

Subsequent sections provide us with the heat maps obtained for the two sets of plots post 

NMF. 

4.4.1 Mixture Coefficient Plots 

The mixture coefficient matrices evaluated for the three datasets are as follows: 
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1. The prostate dataset 

Figure 4.7. Mixture coefficient map for the prostate dataset 

The mixture coefficient for the prostate cancer dataset is shown in Figure 4.7. The number of 

rows in this plot is 5 (rank of reduced matrix). 

2. The Colon Cancer dataset 
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Figure 4.8. Mixture coefficient map for the colon cancer dataset 

The mixture coefficient for the colon cancer dataset is shown in Figure 4.8. The number of 

rows in this plot is 5 (rank of reduced matrix). 

3. The Leukaemia dataset 

Figure 4.9. Mixture coefficient map for the Leukaemia dataset 

The mixture coefficient for the leukaemia cancer dataset is shown in Figure 4.9. The number 

of rows in this plot is 5 (rank of reduced matrix). 
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4. The Brain Cancer dataset 

 

Figure 4.9a. Mixture coefficient map for the Brain Cancer dataset 

The mixture coefficient for the brain cancer dataset is shown in Figure 4.9a. The number of 

rows in this plot is 5 (rank of reduced matrix). 

5. The Oral Cancer dataset 

 

Figure 4.9b. Mixture coefficient map for the Oral Cancer dataset 

The mixture coefficient for the oral cancer dataset is shown in Figure 4.9b. The number of 

rows in this plot is 4 (rank of reduced matrix). 

4.4.2 Basis Component Plots 
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Finally, the Basis components were evaluated using different methods, and then plotted 

accordingly using heatmaps. These are shown below: 

1. The prostate dataset 

Figure 4.10. Basis component for the prostate dataset 

Figure 4.10 is the heatmap of the NMF reduced plot (also referred to as the basis component 

plot) for the prostate dataset. The number of reduced ranks is 5 from an initial value of 1022 

(Figure 4.4). 

2. The Colon-cancer dataset 

Figure 4.11. Basis component for the colon cancer dataset 
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Figure 4.11 is the heatmap of the NMF reduced plot (also referred to as the basis component 

plot) for the colon cancer dataset. The number of reduced ranks is 5 from an initial value of 

1023 (Figure 4.5). 

3. The Leukaemia dataset 

Figure 4.12. Basis component for the leukaemia dataset 

Figure 4.12 is the heatmap of the NMF reduced plot (also referred to as the basis component 

plot) for the leukaemia dataset. The number of reduced ranks is 5 from an initial value of 

1023 (Figure 4.6). 

4. The Brain Cancer dataset 
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Figure 4.12a. Basis component for the brain cancer dataset 

Figure 4.12a is the heatmap of the NMF reduced plot (also referred to as the basis component 

plot) for the leukaemia dataset. The number of reduced ranks is 5 from an initial value of 181 

(Figure 4.6a). 

5. The Oral Cancer Dataset 

 

Figure 4.12b. Basis component for the oral cancer dataset 

Figure 4.12b is the heatmap of the NMF reduced plot (also referred to as the basis component 

plot) for the oral cancer dataset. The number of reduced ranks is 4 from an initial value of 

181 (Figure 4.6). 

Even though the heatmap for the entire dataset didn't provide much information by merely 

looking at it. The case with the basis component heatmap turns out to be different. Certain 

arrangements and patterns can be clearly seen in this case, which can later be used to identify 

meaningful insights. Moreover, it is seen that the dimensionality of the entire matrix is 

reduced by a very large extend as the basis matrices have significantly lower dimensions. 
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4.5 Comparison with PCA 

Dimension and Feature reduction algorithms constitute the core of any data analysis task. As 

stated in preceding sections, a reduction in the number of features is crucial for reducing the 

time and the computational complexity of the algorithm. Such measures also remove 

unnecessary and redundant attributes. 

There exist many other algorithms which have been commonly employed for dimensionality 

reduction measures across multiple domains. In this study, we also perform the Principal 

Component Analysis study on the different datasets and compare the performance of these 

with respect to the NMF algorithm results. 

Numerical details about the working of the PCA algorithm has been provided in previous 

sections of this text. In this study, we apply PCA on the datasets in order to get newer 

datasets with a reduced number of features. Subsequent analysis is done by varying the 

number of reduced features and comparing the corresponding accuracies with the ones 

obtained after applying NMF. 

4.5.1 PCA scatter plots   

After PCA was performed on the datasets, a set of new features are obtained which are 

mutually orthogonal and arranged in reducing order of their variances. Thus, a subset of 

features can be used to explain a significant amount of information which was contained in 

the initial data. 

Once PCA is applied onto the data, each individual data point is shown with the help of 

scatter plots by keeping the two most important features (in terms of variance) as the two 
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axis. The reason for plotting after application of dimensionality reduction algorithms is 

because we can only visualize the spread of data using two or three dimensions. Thus, PCA 

makes it possible to include the maximum variance within these dimensions. 

1. Prostate Dataset: We used PCA for dimensionality reduction by reducing the dimensions 

to 5. Subsequently, two components were selected for plotting the resultant matrix. The 

resultant plot is shown below: 

 

 

 

 

 

 

 

Figure 4.13. PCA scatter plot for the prostate dataset 

Figure 4.13 shows the plot after generating the PCA reduced matrix of rank 5 for the prostate 

cancer dataset. The data points are plotted using PC1 and PC2 of the reduced matrix which 

show 49.12% and 17.61% of the variance respectively. The data points represent the various 

tumour samples within the data. 

2. Colon Cancer Dataset: We used PCA for dimensionality reduction by reducing the 

dimensions to 5. Subsequently, two components were selected for plotting the resultant 

matrix. The resultant plot is shown below: 
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Figure 4.14. PCA scatter plot for the colon cancer dataset 

Figure 4.14 shows the plot after generating the PCA reduced matrix of rank 5 for the colon 

cancer dataset. The data points are plotted using PC1 and PC2 of the reduced matrix which 

show 36.41% and 12.72% of the variance respectively. The data points represent the various 

tumour samples within the data. 

3. Leukaemia Dataset: We used PCA for dimensionality reduction by reducing the 

dimensions to 5. Subsequently, two components were selected for plotting the resultant 

matrix. The resultant plot is shown below: 
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Figure 4.15. PCA scatter plot for the leukaemia dataset 

Figure 4.15 shows the plot after generating the PCA reduced matrix of rank 5 for the 

leukaemia cancer dataset. The data points are plotted using PC1 and PC2 of the reduced 

matrix which show 25.01% and 12.18% of the variance respectively. The data points 

represent the various tumour samples within the data. 

4. Brain Cancer Dataset: PCA was used and results were plotted, as it can be seen there is 

great separation obtained here. 

 

Figure 4.16a. PCA scatter plot for the brain cancer dataset 



44 

Figure 4.16a shows the plot after generating the PCA reduced matrix of rank 5 for the brain 

cancer dataset. The data points are plotted using PC1 and PC2 of the reduced matrix which 

show almost 100% and 0% of the variance respectively. The data points represent the various 

tumour samples within the data. As expected, most of the data points are clustered around a 

two particular values in the PC2 dimension, while there is a spectrum of variation in the PC1 

dimension. 

5. Oral Cancer dataset: PCA was used and results were plotted, as it can be seen there is 

great separation obtained here. 

Figure 4.16b. PCA scatter plot for the oral cancer dataset 

Figure 4.16b shows the plot after generating the PCA reduced matrix of rank 5 for the oral 

cancer dataset. The data points are plotted using PC1 and PC2 of the reduced matrix which 

show almost 100% and 0% of the variance respectively. The data points represent the various 

tumor samples within the data.  

4.5.2 NMF scatter plots  

Scatter plots help us in visualising the data within a dataset by using two or three mutually 

perpendicular coordinate systems. In this case, we first use NMF to reduce the number of 
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features within the data and subsequently use any two features to plot the scatter plot where 

each point corresponds to a single data point.  

It is expected that different classes of cancer aggregate within their respective clusters when 

plotted in an n-dimensional hyperplane where n is the number of NMF reduced coordinates. 

As can be seen in below sections, such clustering can also be visualized by plotting the points 

in a two-dimensional scatterplot. 

1. Prostate Dataset: 

 

 

 

 

 

 

 

Figure 4.17. NMF scatter plot for the prostate dataset 

Figure 4.17 shows the plot after generating the NMF reduced matrix of rank 5 for the prostate 

cancer dataset. The first and the second columns have been chosen in this case for the two 

axis. Each point represents a single datapoint within the data. The colour of the sample 

indicates the cancer sub-class. As can be seen, there is no clear indication of clustering within 

these two features in this case. 
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2. Colon Cancer dataset: 

 

Figure 4.18. NMF scatter plot for the colon cancer dataset 

Figure 4.18 shows the plot after generating the NMF reduced matrix of rank 5 for the colon 

cancer dataset. The data points are plotted using two random columns of the reduced matrix 

as axis. The data points represent the various tumour samples within the data, and the colour 

of the data points indicates the subtype of the tumour.  
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3. Leukaemia Dataset 

Figure 4.19. NMF scatter plot for the leukaemia dataset 

Figure 4.19 shows the plot after generating the NMF reduced matrix of rank 5 for the 

leukaemia dataset. The data points are plotted using two random columns of the reduced 

matrix as axis. The data points represent the various tumour samples within the data, and the 

colour of the data points indicate the sub-type. As can be clearly visualised, the two 

subclasses have a particular cluster associated with them. 

4. Brain Cancer Dataset 

 

Figure 4.20a. NMF scatter plot for the Brain Cancer dataset 
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Figure 4.20a shows the plot after generating the NMF reduced matrix of rank 5 for the brain 

cancer dataset. The data points are plotted using two random columns of the reduced matrix 

as axis. It can be seen above that one methylated brain cancer can be more commonly found 

for higher values of the second feature. These kinds of inferences make it easy to sub-classify 

future occurrences. 

5. Oral Cancer Dataset: 

 

Figure 4.20b. NMF scatter plot for the Oral Cancer dataset 

Figure 4.20b shows the plot after generating the NMF reduced matrix of rank 4 for the oral 

cancer dataset. The data points are plotted using two random columns of the reduced matrix 

as axis. The data points represent the various tumor samples within the data, and the colour of 

the data points indicate the value. It is seen here that the spread of the data is uniform along 

both the coordinates specified in this figure. 

4.6 Comparison of NMF and PCA Feature Reduction  

Main purpose of this comparison is NMF can get higher bunching precision for the 

circumstance with a greater number of highlights than the quantity of tests.  In lieu with the 
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previous section on the accuracy graphs of the NMF reduced matrices after classification, a 

similar analysis is done on the PCA reduced matrices after applying Classification between 

accuracy on the reduced matrices. Subsequently the accuracies for the two algorithms are 

compared in the below section by plotting two simultaneous plots for the NMF and PCA 

reduced matrices.  

1. The Prostate Dataset  

 

Figure 4.21. Comparative accuracy plot for the prostate dataset 

Looking at Figure 4.21, the blue line represents the NMF accuracies as shown in the previous 

section. The red section shows the PCA reduced matrix accuracy corresponding to the 

number of reduced feature (x-axis). As it is seen, the NMF algorithm outperforms the PCA 

for any number of reduced feature other than very low values (rank less than 10). The 

maximum accuracy for the PCA algorithm is about 40% and is constant for number of 

reduced feature greater than 15. Total number of features is 2135. 
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2. The Colon Cancer Dataset 

 

Figure 4.22. Comparative accuracy plot for the colon cancer dataset 

Looking at Figure 4.22, the blue line represents the NMF accuracies as shown in the previous 

section. The red section shows the PCA reduced matrix accuracy corresponding to the 

number of reduced feature (x-axis). As it is seen, the NMF algorithm outperforms the PCA 

for any number of reduced feature other than very low values (ranks less than 10) like the 

Prostate Cancer Dataset. The maximum accuracy for the PCA algorithm is about 50% and is 

constant for number of reduced feature greater than 15, while for the NMF reduced dataset, it 

is about 80%. In this dataset total feature is 1500. 

3. The Leukaemia Dataset 

 

Figure 4.23. Comparative accuracy plot for the leukaemia dataset 
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Looking at Figure 4.23, the blue line represents the NMF accuracies as shown in the previous 

section. The red section shows the PCA reduced matrix accuracy corresponding to the 

number of reduced feature(x-axis).  Here, for NMF, the accuracy increases, reaches a 

maximum (85%) and then starts decreasing. However, for the range of number of reduced 

feature (1-100) being studied here, the accuracy does remain higher than the corresponding 

PCA values. The highest accuracy observed for the PCA is over 60% while for the NMF, the 

highest is over 80% for number of reduced features ranging around 50. In this dataset total 

feature is 2000. 

4. The Brain Cancer Dataset 

 

Figure 4.24a. Comparative accuracy plot for the brain cancer dataset 

Looking at Figure 4.24a, the blue line represents the NMF accuracies as shown in the 

previous section. The red section shows the PCA reduced matrix accuracy corresponding to 

the number of reduced feature (x-axis).  Here, for NMF, the accuracy increases and then 

becomes stationary at around 80% The highest accuracy observed for the PCA is about 80% 

while for the NMF, the highest is also 80% for number of reduced feature ranging around 50. 

In this dataset total number of expression level is 21000. 

 



52 

5. Oral Cancer Dataset 

 

Figure 4.24b. Comparative accuracy plot for the oral cancer dataset 

Looking at Figure 4.24b, the blue line represents the NMF accuracies as shown in the 

previous section. The red section shows the PCA reduced matrix accuracy corresponding to 

the number of reduced feature (x-axis).  Here, for NMF, the accuracy increases and then 

becomes stationary at around 80% The highest accuracy observed for the PCA is about 80% 

while for the NMF, the highest is also 80% for number of reduced features ranging around 

50. 

4.7 Using Semi-NMF 

The Semi NMF function of the HNMF package in R was used in order to produce the Semi -

NMF reduced matrices. The advantage of semi nmf lies in its ability to accommodate 

negative values in the initial matrix as well. The details about the implementation of this 

algorithm is given in previous sections. 

As stated, there is a cost function which measures the deviation of the obtained product of the 

coefficient and basis matrix with the original matrix. This deviation is termed as the relative 

error. Based on this, iterations are made to the basis and the coefficient matrix, after which an 

updated value of the relative error is obtained. The final relative error is a measure of the 
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exactness of the decomposition done by the Semi-NMF algorithm on the dataset. Tables 

obtained showing the relative errors for the different datasets are shown below. 

1. The Prostate Cancer Dataset 

Table 4.8a. Relative Error for Prostate Cancer at sequential iterations  

Iteration Relative Error 

1 0.000952077189256612 

10 0.000277978703384926 

20 0.000307843051201836

30 0.000185174019000939 

40 6.67023342507093e-05 

50 4.54909452522607e-05 

60 4.05457433460924e-05 

70 3.14933901774446e-05

80 3.11434565922988e-05 

90 2.60209376144353e-05 

100 2.22830544758478e-05 

110 2.11838320159108e-05 

120 2.01893586880152e-05

130 1.80256717682944e-05 

140 1.71598640238379e-05

150 1.52941514417367e-05 

160 1.34840427302568e-05 

170 1.19669895141048e-05

180 1.03579373758954e-05 
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From Table 4.8a, it is seen that as the number of iterations increases to 180, the relative error 

decreases from its initial value of 0.00095 to a final value of 1.03e-05. 

2. The Colon Cancer Dataset 

Table 4.8b. Relative Error for Colon Cancer at different iterations 

Iteration Relative Error 

1 0.0201105725691614 

10 0.0024827896536401 

20 0.00206057433808277 

30 0.00247004471949785 

40 0.000511019835004935 

50 0.000267372250536845 

60 0.000126876304191451 

70 7.24528957546131e-05 

80 5.02737385681221e-05 

90 3.80548895216221e-05 

100 2.97048983300199e-05 

110 6.83658802600489e-05 

120 3.24976320055438e-05 

130 3.23233275770193e-05 

140 4.20498219840046e-05 

150 9.47702490720629e-05 

160 9.08327963945333e-05 

170 3.46485575076943e-05 

180 1.94393192360188e-05 
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190 2.995326262253e-05 

200 6.02211607828752e-05 

210 8.43229561976019e-05 

220 5.56087969285291e-05 

230 4.89720923711438e-05 

240 3.51537949960312e-05 

250 2.64444492229873e-05 

260 2.22793791425375e-05 

270 1.92855311730754e-05 

280 2.09852350215499e-05 

290 3.97721979320113e-05 

300 6.54324100151444e-05 

310 4.95779712399074e-05 

320 2.37164368132894e-05 

330 1.46044398306739e-05 

340 1.16380815615272e-05 

 

From Table 4.8b, it is seen that as the number of iterations increases to 340, the relative error 

decreases from its initial value of 0.02 to a final value of 1.16e-05. 

3. The Leukaemia Dataset 

Table 4.8c. Relative Error for leukaemia cancer at different iterations 

Iteration Relative Error 

1 0.00769690731708866 

10 0.000220957001235177 
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20 0.000166857828734866 

30 9.28756566319785e-05 

40 4.22059349259001e-05 

50 3.06252718719113e-05

60 2.4369775962233e-05 

70 1.95899439385195e-05 

80 1.62739380454014e-05

90 1.3857642920051e-05 

100 1.19803469830878e-05 

110 1.05667833874757e-05

 

From Table 4.8c, it is seen that as the number of iterations increases to 110, the relative error 

decreases from its initial value of 0.007 to a final value of 1.05e-05.   
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CHAPTER 5 

Microarray and Methylation Data Analysis with 

NMF and PCA Feature Selection Methods using 

Machine Learning Methods 

In order to evaluate the performance of classification algorithms on the NMF and PCA 

reduced data, a total of four classifiers are used. The first is the Random Forest classifier, 

Support Vector Machine, KNN, ANN classifier. As shown in previous sections, the random 

forest classifier is of the ensemble method type which constructs several decision trees and 

outputs the mode of the classifications for the individual decision trees. The Support Vector 

Machine algorithm works by plotting the data points in an n-dimensional hyperplane where n 

is the number of features. It then uses a separating plane which is used to classify the data 

into the required number of factors. The distance of a data point from this separating plane is 

proportional to the confidence of prediction for the model. 

In the given study, the first part of the analysis involves taking different values of feature 

subsets from the initial data using NMF and PCA individually. Subsequently the four 

different classifiers are implemented on these reduced data, and the accuracy and AUC values 

are noted down.  

5.1 Results of Classification Algorithms using 10-fold cross 
validation 

We train several classifiers on the NMF and PCA reduced datasets after reduction using 

different number of features based on the initial number. A 10-fold cross validation method 
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has been used for validation of the different model + feature percentage combinations. The 

outputs are measured in terms of accuracies and AUC metrics. 

1. Leukaemia cancer dataset 

Table 5.1. Accuracy and ROC area under the curve (AUC) for the leukaemia dataset with different 
number of features for NMF and PCA using 10-fold cross validation.  

 

Classifier 
Number of features 

 
Accuracy 

(NMF) 
Accuracy 

(PCA) AUC(NMF) AUC(PCA)

RF 

5 85 98 0.97 0.97 

10 98 91 0.98 0.96 

20 89 84 0.97 0.92 

50 85 75 0.99 0.39 

100 81 79 0.99 0.35 

150 81 79 0.99 0.39 

200 81 79 0.97 0.51 

Raw Data 85 82 0.95 0.68 

SVM 

5 98 98 1 0.97 

10 94 91 0.97 0.95 

20 88 84 1 0.92 

50 68 80 0.99 0.39 

100 81 79 0.99 0.35 

150 81 79 0.99 0.38 

200 81 80 1 0.51 

Raw Data 80 83 0.98 0.65 

KNN 

5 97 98 0.97 0.97 

10 98 92 0.95 0.95 

20 90 84 0.96 0.92 

50 81 80 0.98 0.39 
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100 81 79 0.96 0.35 

150 81 79 0.98 0.39 

200 81 80 0.97 0.51 

Raw Data 80 81 0.99 0.62 

ANN 

5 100 98 0.99 0.97 

10 96 84 0.97 0.95 

20 89 90 0.99 0.93 

50 58 75 0.99 0.38 

100 81 74 0.99 0.43 

150 81 56 0.99 0.45 

200 81 53 1 0.44 

Raw Data 83 78 0.82 0.51 

 
 

 

Figure 5.1. Accuracy of classifiers with different number of features for leukaemia dataset 

 

 

0

20

40

60

80

100

120

5 10 20 50 100 150

A
cc
ur
ac
y

Number	of	features

Leukaemia	Dataset

RF(PCA) RF(NMF) SVM(PCA) SVM(NMF)

KNN(PCA) KNN(NMF) ANN(PCA) ANN(NMF)



60 

Discussion 

It is evident from the above table and figure that the accuracies obtained for lower number of 

features (10) are the most accurate with about 98% accuracy obtained for most classifiers in 

case of NMF and a very high AUC (~0.97). For PCA reduced matrices, the highest accuracy 

is also in the range 0f 98% but for number of features =5. 

2. Prostate cancer dataset 

Table 5.2. Accuracy and ROC area under the curve (AUC) for prostate cancer dataset using different 
number of features for NMF & PCA using 10-fold cross validation.   

Classifier 
Number of 
Features 

Accuracy 
(NMF) 

Accuracy 
(PCA) AUC(NMF) AUC(PCA)

RF 

5 66 77 0.69 0.84 

10 70 73 0.72 0.76 

20 72 79 0.72 0.82 

54 59 68 0.71 0.73 

107 58 46 0.72 0.5 

160 50 40 0.75 0.5 

215 50 45 0.72 0.54 

Raw Data 50 52 0.78 0.6 

SVM 

5 63 77 0.72 0.84 

10 78 73 0.73 0.77 

20 77 79 0.74 0.82 

54 68 68 0.76 0.74 

107 66 46 0.77 0.5 

160 50 40 0.72 0.5 

215 50 45 0.7 0.54 

Raw Data 56 48 0.85 0.59 

KNN 5 65 77 0.57 0.84 
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10 80 73 0.68 0.77 

20 73 79 0.7 0.82 

54 65 68 0.66 0.74 

107 57 46 0.7 0.5 

160 50 40 0.72 0.5 

215 50 45 0.73 0.54 

Raw Data 52 47 0.75 0.59 

ANN 

5 72 82 0.74 0.84 

10 76 76 0.71 0.77 

20 76 81 0.73 0.8 

54 66 71 0.74 0.74 

107 68 53 0.75 0.52 

160 50 47 0.74 0.47 

215 50 48 0.73 0.48 

Raw Data 48 45 0.69 0.5 

 
 

 

Figure 5.2. Accuracy of classifiers for different number of features for prostate cancer dataset 
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Discussion 

Looking at the above table and figure, it is evident that the accuracy generally decreases as 

the number (percentage) of features decreases. For lower number of features (10), the 

accuracy is in the range of sub 80%. However, as the features increase, the accuracy falls to 

about 50%. The AUC also has a similar trend. 

3. Colon Cancer dataset 

Table 5.3. Accuracy and ROC area under the curve (AUC) for colon cancer dataset with different 
number of features using NMF and PCA using 10-fold cross validation. 

 

Classifier Number of features 
Accuracy 

(NMF) 
Accuracy 

(PCA) AUC(NMF) AUC(PCA) 

RF 

5 65 83 0.88 0.89 

10 74 90 0.86 0.88 

20 62 84 0.86 0.8 

50 72 86 0.84 0.81 

100 64 64 0.86 0.42 

150 64 63 0.82 0.46 

200 65 63 0.87 0.49 

Raw Data 65 65 0.89 0.52 

SVM 

5 87 84 0.89 0.88 

10 87 90 0.91 0.88 

20 80 84 0.85 0.8 

50 84 87 0.85 0.81 

100 64 65 0.89 0.42 

150 65 63 0.88 0.46 

200 65 63 0.88 0.49 

Raw Data 66 69 0.85 0.53 

KNN 5 80 84 0.82 0.88 
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10 77 90 0.87 0.88 

20 77 85 0.82 0.8 

50 70 87 0.85 0.81 

100 64 65 0.84 0.42 

150 65 63 0.87 0.46 

200 65 63 0.86 0.49 

Raw Data 62 60 0.9 0.58 

ANN 

5 83 83 0.87 0.84 

10 80 76 0.86 0.8 

20 75 77 0.89 0.73 

50 76 83 0.85 0.75 

100 65 47 0.88 0.48 

150 65 57 0.85 0.43 

200 65 50 0.8 0.45 

Raw Data 63 48 0.78 0.5 

 
 

 

Figure 5.3. Accuracy of classifiers for different number of features for colon cancer dataset 
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Discussion 

In this case, the SVM classifier gives an accuracy in the range of about 87% for lower values 

of number of features (10). As in the case of other datasets, there is a general decrease in the 

accuracy as the number of features increases. 

4. Oral Cancer dataset 

Table 5.4. Accuracy and ROC area under the curve (AUC) for oral cancer dataset with different numbers 
of features for NMF and PCA using 10-fold cross validation. 

 

classifier Number of features 
Accuracy 

(NMF) 
Accuracy 

(PCA) AUC(NMF) AUC(PCA) 

RF 

5 61 64 0.94 0.95 

10 62 64 0.935 0.95 

20 60 64 0.933 0.97 

50 64 63 0.94 0.97 

100 64 64 0.86 0.42 

150 64 63 0.82 0.46 

Raw Data 65 65 0.89 0.52 

SVM 

5 64 65 0.95 0.95 

10 64 64 0.95 0.95 

20 65 65 0.94 0.97 

50 64 63 0.95 0.97 

100 64 65 0.89 0.98 

150 65 63 0.88 0.95 

Raw Data 66 69 0.85 0.97 

KNN 

5 61 65 0.9 0.95 

10 60 65 0.9 0.95 

20 63 64 0.89 0.97 

50 65 63 0.91 0.97 
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100 67 65 0.9 0.98 

150 62 63 0.93 0.97 

Raw Data 62 60 0.9 0.98 

ANN 

5 65 64 0.95 0.95 

10 65 64 0.95 0.94 

20 64 65 0.94 0.91 

50 64 60 0.95 0.93 

100 65 62 0.96 0.96 

150 65 58 0.92 0.97 

Raw Data 63 65 0.9 0.95 

 
 

 

Figure 5.4. Accuracy of classifiers for different number of features for oral cancer dataset 
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Discussion 

The Oral Cancer dataset has a general low accuracy across all classifiers (~65%) for all the 

different combinations of number of features. However, the AUC values are high (~0.95). 

5. Brain Cancer dataset 

Table 5.5. Accuracy and ROC area under the curve (AUC) for brain cancer dataset with different 
number of features for NMF and PCA using 10-fold cross validation.   

Classifier Number of features 
Accuracy 

(NMF) 
Accuracy 

(PCA) AUC(NMF) AUC(PCA) 

RF 

5 89 89 0.72 0.53 

10 83 90 0.72 0.56 

20 87 93 0.74 0.6 

50 75 95 0.71 0.62 

100 72 90 0.73 0.65 

150 73 88 0.75 0.68 

Raw Data 70 89 0.78 0.63 

SVM 

5 90 89 0.5 0.53 

10 90 90 0.49 0.56 

20 92 93 0.53 0.6 

50 92 95 0.5 0.62 

100 90 95 0.52 0.6 

150 91 92 0.53 0.68 

Raw Data 89 9 0.59 0.62 

KNN 

5 89 90 0.66 0.53 

10 89 90 0.66 0.56 

20 89 94 0.65 0.6 

50 82 95 0.67 0.62 

100 80 96 0.7 0.65 
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150 83 94 0.73 0.69 

Raw Data 85 92 0.79 0.62 

ANN 

5 90 90 0.64 0.65 

10 90 90 0.64 0.66 

20 91 93 0.66 0.67 

50 92 95 0.65 0.6 

100 92 91 0.68 0.59 

150 90 89 0.7 0.59 

Raw Data 63 65 0.9 0.95 

 
 

 

Figure 5.5. Accuracy of classifiers for different number of features for brain cancer dataset 

Discussion 
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5.2 Results of Classification Algorithms with different Training 
and Testing Ratios 

For the second phase of our analysis on the classification algorithms, we also vary the 

training and test split ratios. We vary the ratio for the test data starting from 50% of the entire 

data to about 10% of the entire data. Subsequently the classification models are trained, and 

the accuracy values are noted. 

1. Leukaemia cancer dataset 

Table 5.6. Accuracy and AUC values for different number of features and different training and testing 
ratios for leukaemia cancer dataset 

Number 
of 

features Classifier 

9:1 8:2 7:3 6:4 5:5 

Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC 

Raw 

RF 88 0.68 87 0.95 85 0.92 85 0.96 83 0.85 

SVM 79 0.85 80 0.82 80 0.89 77 0.79 75 0.72 

KNN 82 0.68 82 0.65 80 0.62 80 0.6 75 0.69 

ANN 82 0.51 83 0.53 83 0.51 83 0.57 82 0.55 

5 

RF 100 0.97 100 0.92 93 0.93 84 1 87 0.78 

SVM 81 0.81 85 0.82 77 0.87 78 0.88 66 0.68 

KNN 93 0.95 95 0.93 97 0.97 95 0.89 95 0.9 

ANN 100 0.99 100 0.95 100 0.97 98 0.96 92 0.89 

10 

RF 100 0.86 100 0.98 93 0.76 94 0.87 91 0.5 

SVM 63 0.89 85 0.91 70 0.85 73 0.87 76 0.62 

KNN 90 0.92 92 0.96 98 0.95 98 0.97 97 0.92 

ANN 98 0.94 96 0.89 96 0.93 95 0.91 94 0.89 

20 

RF 80 0.79 80 0.9 94 0.81 91 0.79 90 0.67 

SVM 63 0.84 85 0.86 70 0.82 73 0.78 76 0.72 

KNN 85 0.94 87 0.9 90 0.92 89 0.89 93 0.97 

ANN 92 0.35 80 0.38 89 0.38 85 0.35 85 0.42 

50 RF 80 0.55 80 0.45 73 0.91 84 0.81 80 0.42 
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SVM 81 0.82 85 0.65 77 0.89 75 0.83 56 0.72 

KNN 80 0.4 82 0.42 81 0.39 85 0.38 79 0.36 

ANN 59 0.39 58 0.45 58 0.43 57 0.46 55 0.44 

100 

RF 70 0.53 82 0.59 79 0.85 82 0.78 83 0.49 

SVM 45 0.77 61 0.79 74 0.86 73 0.8 72 0.7 

KNN 75 0.37 85 0.38 81 0.35 87 0.36 83 0.38 

ANN 75 0.46 79 0.41 81 0.44 80 0.45 76 0.46 

 

Discussion 

It is seen that for lower number of features, the ANN method is the best in terms of accuracy 

(~99%) while all other classifiers have over 80% accuracy. However, as the number of 

features increase the accuracy for all the cases decrease. 

2. Prostate cancer dataset 

Table 5.7. Accuracy and AUC values for different number of features and different training and testing 
ratios for prostate cancer dataset 

Number 
of 

features Classifier 

9:1 8:2 7:3 6:4 5:5 

Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC 

Raw 

RF 88 0.85 87 0.79 85 0.76 85 0.85 83 0.85 

SVM 84 0.84 89 0.76 83 0.78 79 0.79 87 0.82 

KNN 80 0.82 60 0.76 83 0.86 84 0.76 84 0.84 

ANN 80 0.81 60 0.74 89 0.79 85 0.82 82 0.91 

5 

RF 59 0.85 65 0.83 58 0.77 57 0.7 90 0.71 

SVM 66 0.78 66 0.8 80 0.7 52 0.78 72 0.75 

KNN 66 0.84 66 0.85 80 0.74 52 0.76 72 0.67 

ANN 80 0.85 60 0.84 84 0.77 77 0.7 100 0.71 

10 
RF 78 0.81 78 0.82 61 0.88 80 0.81 72 0.8 

SVM 76 0.78 78 0.79 77 0.84 80 0.81 72 0.8 
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KNN 76 0.82 78 0.81 77 0.85 76 0.79 78 0.81 

ANN 77 0.81 88 0.82 95 0.88 77 0.81 71 0.8 

20 

RF 68 0.73 80 0.75 64 0.81 76 0.8 90 0.77 

SVM 68 0.81 78 0.79 80 0.82 86 0.83 90 0.79 

KNN 68 0.8 78 0.78 80 0.76 86 0.79 90 0.76 

ANN 61 0.81 76 0.79 84 0.82 70 0.84 85 0.79 

54 

RF 66 0.64 80 0.68 71 0.76 72 0.6 66 0.68 

SVM 66 0.76 56 0.81 61 0.84 80 0.84 63 0.84 

KNN 66 0.59 56 0.7 61 0.67 80 0.6 63 0.69 

ANN 64 68 0.77 66 0.81 73 0.84 76 0.79 73 

107 

RF 66 0.73 75 0.67 70 0.67 66 0.73 63 0.79 

SVM 50 0.56 75 0.66 45 0.59 43 0.69 63 0.67 

KNN 50 0.57 75 0.6 45 0.58 42 0.58 63 0.56 

ANN 69 0.73 81 0.67 74 0.73 78 0.78 86 70 

 

Discussion 

In this case, over accuracies in the range of 70-90% are obtained throughout the different 

combinations. The highest accuracy is obtained for the 50% split case while using ANN for a 

very small value of feature number (5). The accuracy in this case is close to 100%. 

3. Colon Cancer dataset 

Table 5.8. Accuracy and AUC values for different number of features and different training and testing 
ratios for colon cancer dataset 

Number 
of 

features Classifier 

9:1 8:2 7:3 6:4 5:5 

Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC 

Raw 

RF 88 0.85 87 0.69 85 0.81 85 0.83 83 0.82 

SVM 84 0.83 89 0.79 83 0.80 79 0.80 87 0.81 

KNN 80 0.80 60 0.74 83 0.84 84 0.82 84 0.86 
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ANN 80 0.81 60 0.76 89 0.79 85 0.76 82 0.88 

5 

RF 87 0.80 72 0.68 84 0.82 77 0.82 100 0.85 

SVM 80 0.84 60 0.72 84 .083 77 0.79 100 0.81 

KNN 80 0.66 60 0.64 84 0.65 76 0.73 100 0.64 

ANN 80 0.80 60 0.68 84 0.82 77 0.82 100 0.86 

10 

RF 80 0.88 88 0.71 84 0.78 77 0.82 57 0.88 

SVM 77 0.87 88 0.73 74 0.84 77 0.83 71 0.90 

KNN 77 0.82 88 0.64 74 0.81 77 0.79 71 0.84 

ANN 77 0.88 88 0.71 95 0.78 77 0.82 71 0.88 

20 

RF 74 0.72 76 0.72 74 0.84 69 0.77 85 0.80 

SVM 61 0.71 76 0.74 84 0.66 70 0.61 85 0.75 

KNN 61 0.69 76 0.61 84 0.64 70 0.70 86 0.71 

ANN 61 0.72 76 0.84 84 0.77 70 0.80 85 0.68 

50 

RF 80 0.68 68 0.66 78 0.73 77 0.76 71 0.73 

SVM 64 0.70 72 0.60 73 0.74 77 0.78 85 0.75 

KNN 64 0.64 72 0.54 76 0.63 80 0.60 86 0.64 

ANN 64 0.68 72 0.66 76 0.73 77 0.76 85 0.73 

100 

RF 76 0.70 82 0.69 74 0.71 78 0.74 83 0.73 

SVM 65 0.72 79 0.69 69 0.69 74 0.72 81 0.75 

KNN 68 0.66 80 0.64 71 0.65 76 0.73 82 0.64 

ANN 69 0.70 81 0.56 74 0.62 78 0.69 86 0.70 

 

Discussion 

It is seen that the raw data has the best accuracy for the RF and the SVM models while the 

highest accuracy is obtained for the ANN model (95%). 
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4. Brain Cancer Dataset 

Table 5.9. Accuracy and AUC values for different number of features and different training and testing 
ratios for brain cancer dataset 

Number 
of 

features Classifier 

9:1 8:2 7:3 6:4 5:5 

Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC 

Raw 

RF 62 0.72 61 0.64 65 0.66 68 0.80 70 0.71 

SVM 79 0.72 79 0.64 80 0.66 82 0.80 80 0.71 

KNN 82 0.74 85 0.66 85 0.68 89 0.82 85 0.73 

ANN 82 0.71 81 0.63 83 0.65 87 0.79 84 0.70 

5 

RF 89 0.5 90 0.45 88 0.46 85 0.55 79 0.49 

SVM 90 0.49 88 0.44 86 0.45 89 0.54 88 0.48 

KNN 89 0.53 87 0.47 85 0.49 83 0.59 83 0.52 

ANN 89 0.5 86 0.45 89 0.46 90 0.55 84 0.49 

10 

RF 90 0.66 92 0.59 90 0.61 91 0.73 90 0.65 

SVM 89 0.66 88 0.59 87 0.61 86 0.73 85 0.65 

KNN 88 0.65 90 0.58 91 0.60 90 0.72 88 0.64 

ANN 91 0.67 89 0.60 92 0.61 93 0.74 90 0.66 

20 

RF 87 0.64 85 0.57 81 0.59 85 0.71 84 0.63 

SVM 86 0.64 84 0.57 80 0.59 78 0.71 75 0.63 

KNN 90 0.66 88 0.59 89 0.61 86 0.73 85 0.65 

ANN 92 0.65 91 0.58 89 0.60 84 0.72 83 0.64 

50 

RF 90 0.59 88 0.53 85 0.54 89 0.65 85 0.58 

SVM 89 0.6 89 0.53 86 0.55 87 0.67 86 0.59 

KNN 84 0.62 85 0.55 84 0.57 86 0.69 84 0.61 

ANN 93 0.68 92 0.61 90 0.62 88 0.75 85 0.67 

 

Discussion 

The brain cancer dataset is the first of methylation datasets. It is seen that the performance of 

the two algorithms is consistent over the range of split percentages i.e. (~90%) for the 
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Random Forest classifier with a higher Number of reduced features (5). The ANN also 

performs with a similar accuracy along with the KNN model (accuracy ~89%). 

5. Oral Cancer Dataset 

Table 5.10. Accuracy and AUC values for different number of features and different training and testing 
ratios for oral cancer dataset 

Number 
of 

features Classifier 

9:1 8:2 7:3 6:4 5:5 

Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC 

Raw 

RF 62 0.92 69 0.93 70 0.93 70 0.88 74 0.78 

SVM 79 0.87 80 0.95 80 0.87 77 0.89 75 0.68 

KNN 82 0.65 84 0.98 79 0.97 75 0.96 80 0.9 

ANN 82 0.69 83 0.91 89 0.97 79 0.87 75 0.89 

5 

RF 70 0.78 69 0.92 67 0.76 68 0.87 68 0.5 

SVM 81 0.85 85 0.9 77 0.95 78 0.97 66 0.62 

KNN 85 0.89 80 0.86 82 0.93 89 0.89 78 0.67 

ANN 81 0.84 82 0.86 87 0.81 76 0.96 71 0.72 

10 

RF 71 0.79 71 0.9 71 0.82 70 0.87 70 0.97 

SVM 63 0.86 85 0.38 70 0.92 73 0.87 76 0.42 

KNN 68 0.9 74 0.45 75 0.38 71 0.97 65 0.92 

ANN 82 0.84 96 0.65 90 0.91 84 0.91 80 0.89 

20 

RF 70 0.94 71 0.9 70 0.81 69 0.79 70 0.67 

SVM 63 0.35 85 0.9 70 0.92 73 0.96 76 0.72 

KNN 69 0.55 72 0.38 76 0.38 80 0.87 71 0.97 

ANN 80 0.35 80 0.45 72 0.91 75 0.87 69 0.42 

50 

RF 68 0.86 70 0.65 72 0.89 72 0.97 68 0.42 

SVM 81 0.9 85 0.42 77 0.39 75 0.91 56 0.72 

KNN 75 0.38 82 0.42 81 0.39 79 0.79 69 0.36 

ANN 79 0.89 58 0.45 68 0.43 70 0.56 69 0.44 
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For the oral cancer dataset, the trend for accuracies was reversed as the Random Forest 

algorithm resulted around 70% accuracy while for the SVM classifier, the accuracy was over 

90%. The split ratio has a marginal effect on the accuracy for all the combinations for this 

dataset. 

Discussion 

A lower accuracy is obtained for the oral cancer dataset across all combinations. The overall 

range for the accuracy is between 60-80% barring a few exceptions. The ANN is the most 

consistent classifier here with classification accuracies above 80% in all cases except when 

the number of reduced features is the highest (number of features = .5). 

5.3 Discussion 

In the study, we’ve used NMF on several microarray datasets in order to obtain high 

reduction in their feature sets. After application of NMF algorithms, the number of variables 

from the gene expression data using microarray profiles went down from about 1000 to a 

handful. Several versions of NMF algorithms were studied and used extensively in order to 

choose the optimum one. On reduction, the obtained datasets were easier to read both visually 

and through heat maps and plots. An optimum number of reduced columns was obtained and 

for this, individual heap maps and coefficient-maps were plotted. Unlike previous methods, 

where reducing the number of variables required extensive study on the nature of the dataset, 

using this approach, the same could be done through numerical computations on the given 

dataset. The time required for computing the reduced matrix varied up to two orders of 

magnitudes for CPU based algorithm with the highest taking over 100s to get computed. 

However, on using GPU based codes, the time required for the same computations went 

down to several hundred milliseconds, which is a significant improvement over CPU 

algorithms and is particularly useful while dealing with large and extensive datasets 
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containing a larger number of variables initially. The gain in performance was primarily due 

to the higher core count of GPU’s when compared to CPU’s. After evaluation of the runtimes 

of the different NMF algorithms, their residuals were plotted comparatively for the different 

datasets. It was emphasised that a lower residue indicated a higher accuracy for that 

algorithm to fit the given dataset. However, lower residues are generally coupled with longer 

runtimes as they involve a higher number of iterations. There is a trade-off between accuracy 

and runtime at this stage of the study. An optimum algorithm was thus, chosen based on the 

above considerations for all further stages.  

Before the application of the NMF, the datasets were plotted. Being high dimensional, it was 

inconvenient to read them in an ordinary fashion. Thus, they were plotted as heat map with 

each pixel representing a cell indexed according to the position of the pixel. The value stored 

in the cell was displayed through the intensity of the colour in the pixel. It must be 

emphasised that even though looking at the heat map it is difficult to draw individual 

interpretations about each cell, it is convenient to draw large conclusions about patterns in the 

dataset. 

After application of the NMF algorithm, plots for the mixture and the basic components were 

drawn. As expected, the basis plots show significant trends and patterns in them which forms 

the basis for other mathematically obtained results and steps as well. Subsequently the basis 

maps for all the different chosen algorithms were also plotted for the different datasets. 

The PCA algorithm is a very commonly used dimension reduction algorithm which has wide 

applications across all the fields of data science and bioinformatics. On application of the 

PCA algorithm on our datasets by reducing the number of variables to 5, they were then 

plotted by choosing two principal components. A similar exercise was also done using the 

NMF algorithm, which was trained on the GPU, and each point was classified by its class 
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type as specified by the dataset. It was found that the classification using NMF was superior 

visually as the different classes are clearly distinguishable in case of the NMF plots for the 

same number of reduced features.  

In order to quantitatively determine the performance of the NMF algorithms, the obtained 

reduced matrices were then treated to a clustering algorithm which performs clustering on 

these for the determination of their classification accuracies. The accuracies were then 

computed using true correct rates. It was found that for one dataset the accuracy was 

moderate (75%), while for the other two datasets, the accuracies were very high which (99%) 

which meant that the algorithm even after reducing the number of variable from more than 

1000 to 5, could effectively retain the information required for classifying the instances in the 

dataset. 

In order to determine the accuracies of the different NMF algorithms for varying values of 

ranks (number of linearly independent columns), a series of such NMF reduced matrices were 

computed and accuracies measured independently for these. There accuracies were then 

plotted w.r.t. the rank. It was found that for ranks in the range 1-20, the accuracies increased 

exponentially and then reached a plateau region for further increase of rank to 100. The trend 

was followed for two of the datasets, while for the third the accuracy increases exponentially, 

reached a maximum of about 70% for rank ~40 and then decreases. A similar calculation for 

the accuracies was also done for the PCA algorithm with the X-axis representing the number 

of principal components in this case. As could be seen from the comparative plots, the NMF 

algorithm greatly outperforms the PCA algorithms across all the datasets, which was visually 

indicative in previous stages of the experiments as well.  

For judging the generality of the NMF reduced matrices, another classification algorithm (viz 

the Random Forest algorithm) was deployed, and it was seen through tables that this 
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performed well across the different datasets. A total of 1000 trees was used for the training of 

the model. 

The last stage of the study involved studying the Semi-NMF accuracies with respect to 

different iterations of the code. The relative errors are calculated as per the different iteration 

while computing the reduced matrix, and it was found that the errors greatly got reduced as 

the iterations increased for each of the case of datasets. 

While all the results obtained generally indicate that the concept of Non-negative Matrix 

Factorization is very interesting for dimension reduction, particularly in the case of 

microarray data, a lot of work remains to be done in this aspect particularly in the 

optimization front, for the trial and testing of the different algorithms and their 

implementation. Another aspect worth noting is the generalization aspect of this algorithm, 

particularly for cases involving a larger and a vaster dataset. For such cases, the algorithm 

needs to be tuned in order to provide a more generic performance with good reliability and 

efficiency. 

While comparing our results with popularly cited literature it can be found that our dimension 

reduction algorithm is at par with the best of results. 

The NMF reduced matrices could visually depict the different classes as was shown in the 

result, making it easier and faster for key individuals to access data. This is similar to the 

problem posed by Santamaria et al. (2008) [18] where they proposed a similar concept. 

Table 5.1 along with Figure 5.1 shows that the ANN algorithms has the best accuracy values 

(over 95%) for the leukaemia dataset with corresponding high AUC values (>0.90). The 

KNN algorithm also has very high accuracy (~97%) for low number of features selected, but 

as the number of features increase the accuracy decreases. The RF and the SCM algorithm 

have accuracy in the range of 80% for most of the range. 
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The data for the accuracy and AUC after application of different classifiers for the Prostate 

Cancer dataset is shown in Table 5.2 along with the corresponding Figure 5.2. It is seen that 

the RF algorithm has accuracies around 65% for low values of feature numbers and 50% for 

higher values. The same trend is also observed for the other classifiers as well. 

In the colon cancer dataset (Table 5.3/ Figure 5.3), the SVM classifier has the highest 

accuracy (87%) for a ‘number of features value of 10. At a higher value of percentage of 

reduced features, the accuracies drop to just north of 60% for all the classifiers. 

Details about the performance of the four classifiers for the Oral Cancer dataset is presented 

in Table 5.4. The classifiers for this dataset is characterised by accuracies in the range around 

60% but with very high AUC values (~0.94) throughout different classifiers and feature 

number. 

Table 5.5 and Figure 5.5 present the accuracy and AUC values corresponding to the Brain 

Cancer dataset. In contrast to the Oral Cancer dataset values, it is seen that a much better 

accuracy is observed in this case. The SVM algorithm presents about 90% accuracy 

throughout the different combinations. The ANN algorithm has over 90% accuracies in 

certain combination (low feature numbers). However, the AUC values are low at around 0.7. 

In section 5.2, the analysis also involves an additional parameter of split percentages varying 

it between 50:50 to 90:10. 

Table 5.6 illustrates the accuracy and AUC for different split ratio for the leukaemia dataset. 

The RF and the ANN models have the highest accuracy (close to 100%) with high AUC 

values as well (0.99). The SVM classifier is the worst performance with accuracy around 

70%. 
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In Table 5.7 the accuracies and AUC values for the prostate cancer dataset. As seen in the 

previous section, the range of accuracies in this case if between 60-70% for all the classifier, 

while the AUC values are around 0.85. 

It is seen in Table 5.8 that, for the colon cancer dataset, the RF algorithm have over 87% 

accuracy while the accuracy for the SVM, KNN and ANN model fall in the 70-80% bracket. 

In Table 5.9, the accuracy for the SVM algorithm is the best (over 90%) along with the ANN 

algorithm. The other two algorithms (RF and KNN) are also close with about 89%. 

Table 5.10 illustrates the accuracy and AUC for the oral cancer dataset. It is seen that the 

accuracies in most cases is low. However, the KNN algorithm has accuracies of over 90% in 

some cases. 

Summary of best accuracy 

Table 5.11. Best accuracy obtained for each classifier using NMF and PCA on different datasets with the 
number of features used for that configuration. 

Classifier Dataset 

NMF PCA 

Accuracy 
Number of 
features Accuracy 

Number of 
features 

RF 

Leukaemia 98 10 98 5 

Prostate 
Cancer 72 20 77 5 

Colon Cancer 74 10 90 20 

Brain Cancer 89 5 95 50 

Oral Cancer 65 180 65 180 

SVM 

Leukaemia 98 5 98 5 

Prostate 
Cancer 78 150 79 20 

Colon Cancer 87 5 90 10 

Brain Cancer 92 20 95 50 
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Oral Cancer 66 180 69 180 

KNN 

Leukaemia 98 10 98 5 

Prostate 
Cancer 80 10 79 20 

Colon Cancer 80 5 90 10 

Brain Cancer 89 10 96 100 

Oral Cancer 67 100 65 10 

ANN 

Leukaemia 100 5 98 5 

Prostate 
Cancer 76 20 81 20 

Colon Cancer 83 5 83 5 

Brain Cancer 92 100 95 50 

Oral Cancer 65 150 65 180 

 

From Table 5.11 the following points can be inferred: 

● The Random Forest, and KNN classifiers have an accuracy of 98% after using just 5 

and 10 of the number features in the leukaemia dataset for the NMF and PCA reduced 

algorithms respectively. 

● The SVM algorithm also gives 98% accuracy for the leukaemia dataset with only 5 of 

the number of features used. 

● The ANN algorithm has 100% accuracy with 5 number of features used after NMF. 

However, the accuracy for the other datasets are lower with the Brain Cancer dataset 

giving over 90% accuracy. 

● For the colon cancer dataset, PCA generally performs better than the NMF algorithm 

as RF, SVM and KNN have about 90% accuracy after PCA, however it is about 80% 

after NMF. 
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● The PCA+RF and PCA+ANN combination in case of brain cancer data gives 95% 

accuracy with 50 number of features. 

● The oral cancer dataset has the lowest accuracies, with the highest being 69% using 

the PCA+SVM classifier on the Raw Data. 

 

 

Table 5.12. Best AUC obtained for each classifier with NMF and PCA on the different datasets with the 
number of features used for that configuration. 

Classifier Dataset 

NMF PCA 

AUC 
Number of 
features AUC 

Number of 
features 

RF 

Leukaemia 0.99 50 0.97 5 

Prostate 
Cancer 0.75 150 0.84 5 

Colon Cancer 0.88 5 0.89 5 

Brain Cancer 0.78 180 0.68 150 

Oral Cancer 0.94 50 0.97 20 

SVM 

Leukaemia 1 20 0.97 5 

Prostate 
Cancer 0.77 100 0.82 20 

Colon Cancer 0.91 10 0.88 5 

Brain Cancer 0.53 20 0.68 150 

Oral Cancer 0.95 10 0.98 100 

KNN 

Leukaemia 0.98 50 0.97 5 

Prostate 
Cancer 0.75 180 0.82 20 

Colon Cancer 0.87 150 0.88 10 

Brain Cancer 0.67 50 0.69 150 

Oral Cancer 0.93 150 0.98 100 

ANN Leukaemia 0.99 5 0.97 5 
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Prostate 
Cancer 0.75 100 0.8 20 

Colon Cancer 0.89 20 0.84 5 

Brain Cancer 0.9 180 0.67 20 

Oral Cancer 0.96 100 0.97 150 

 

 

From Table 5.12 the following points can be inferred: 

● For the Leukaemia dataset, 1 AUC is obtained by the NMF+SVM combination using 

20 number of the features. The PCA+SVM combination gives 0.97 AUC with 5 

number of features. However, in all cases AUC values lie above 0.99. 

● The prostate cancer dataset is characterised by a lower AUC value. The maximum is 

again using the NMF+SVM combination of 0.91. 

● The PCA+RF combination using only 5 number of features has the highest AUC 

(0.89) in the colon cancer dataset. 

● The oral cancer dataset has given very high overall AUC (>0.95), with the highest 

being 0.98 for the PCA+SVM combination using 100 number of features. 
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CHAPTER 6 

Conclusion and Future work 

6.1 Conclusion 

Microarray data is multivariate and very complex with several features. For computational 

efficiency it is necessary to select the appropriate features for classification of difference 

samples in this data.  Effective use of Matrix Factorization methods has been shown in this 

study employing a non-negative matrix factorization approach on microarray data. Use of 

these techniques is crucial for feature reduction purposes using which meaningful insights 

can be obtained from high dimensional microarray data which are otherwise hard to interpret. 

It was shown that the integrity of the data is still contained after feature reduction as shown 

be classification accuracies resulted in high accuracies for the determination of the type of 

cancer using the reduced datasets. 

The NMF algorithm was compared with another popular feature reduction algorithm known 

as Principal Component Analysis, by using classification models on top of the reduced 

datasets. It was found that for a significant number of cases NMF generally outperformed 

PCA in terms of accuracy. 

Limitations 

Throughout the course of the study there are two major drawbacks which are elucidated 

below. Due to limited computational resources, the entire set of NMF algorithms couldn’t be 

run on every dataset, particularly the methylation ones which have higher dimensions, 

leading to certain imperfections in their analysis. This also resulted in our inability to perform 

semi-NMF calculations as well as residual analysis plots for these datasets. 
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The lack of computational power was again the major reason for keeping the subset feature 

numbers restricted to 50. As any number of features higher than that would exponentially 

increase the training time for the classifiers. 

6.2 Future Work 

It is shown that NMF has potential use for feature reduction of high dimensional data, 

particularly in the context of microarray data. A significant work can be done in the direction 

of classifying different subgroups of a particular disease by first using NMF to reduce high 

dimensional microarray data. This not only simplifies the process but also provides a faster 

and more robust model of diagnosis. 

Use of NMF for methylation datasets is limited in the context that a lower accuracy is 

observed for these cases. Further studies should revolve around improving the scenario of the 

same. 
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