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Abstract
Cancer classification using gene expression data stands out from 
the other previous classification data due to its unique nature and 
application domain. Hope to gain some insight into the problem 
of cancer classification in aid of further developing more effective 
and efficient classification algorithms. With the development 
of Microarray technology, number of cancer can be identified. 
In Previous numbers of techniques are used, but they didn’t 
show the better accuracy.A novel approach to combine feature 
(gene) selection and Transductive Extreme Learning Machine 
(TELM) is proposed.The selected genes of the microarray data 
were then exploited to design the TELM. In this paper two 
types of future selection are taken for cancer classification they 
are (CBFS) Consistency-Based Feature Selection and Signal- 
Noise Ratio (SNR) with the help of Leukemia and Lymphoma 
Data Set.Experimental resultsconfirm the effectiveness of the 
proposed technique compared tothe TSVM (Transductive Extreme 
Learning Machine) cancer classification as well as gene-marker 
identification
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I. Introduction
Cancer research is one of the major research areas in the medical 
field. Accurate prediction of different tumor types has great value 
in providing better treatment and toxicity minimization on the 
patient.
Previously, cancer classification has always been morphological 
and clinical based. These conventional cancer classification 
methods are reported to have several limitations [1] in their 
diagnostic ability. It has been suggested that specification of 
therapies according to tumor types differentiated by pathogenetic 
patterns may maximize the efficacy of the patients [2]. Also, the 
existing tumor classes have been found to be heterogeneous and 
comprises of diseases that are molecularly distinct and follow 
different clinical courses.
Microarray technology has the potential to address many interesting 
questions in genetics by revealing patterns of expression for 
genes and classifying samples (such as tumor samples) based on 
such patterns. However, basic questions about microarray data 
persist without satisfactory answers. The simplest microarray 
experiment studies the variation in gene expression across the 
categories of a single factor, such as tissue types, strains of mice, 
or drug treatments. The purpose of such an experiment is to 
identify differences in gene expression among the varieties.DNA 
microarrays can simultaneously measure the expression level of 
thousands of genes within a particular mRNA sample [3, 4]. Such 
high-throughput expression profiling can be used to compare the 
level of gene transcription in clinical conditions in order to: 

Identify diagnostic or prognostic biomarkers; • 
Classify diseases.• 

Monitor the response to therapy; and • 
Understand the mechanism involved in the genesis of disease • 
processes [5].

In DNA there are three types of objectives are often of interest 
in studies comparing expression profiles for predefined classes. 
The first is to determine whether the expression profiles differ 
among the classes. The second objective is to identify which genes 
are differentially expressed among the classes and to identify 
the patterns of differential expression across the classes. A third 
objective is sometimes of interest; developing a multivariate 
predictor of class membership based on the level of expression of 
selected genes. When class prediction is of interest, it is important 
to provide an unbiased estimate of the misclassification rate and 
to establish that this misclassification rate is lower than expected 
when there is no relation between expression profile and class.
An objective of gene expression Microarray data preprocessing 
is to select a small set of genes which can be used to improve the 
accuracy and efficiency of classification from a high dimensional 
gene expression dataset [6]. For example, normally a gene 
expression Microarray dataset contains less than 100 examples, 
but has tens of thousands of genes (attributes). High dimensionality 
may cause significant problems in Microarray data analysis.

II. Related Work
The classification of cancer is a major research area in the medical 
field. Such classification is an important step in determining 
treatment and prognosis [7]. Accurate diagnosis leads to better 
treatment and toxicity minimization for patients. Current 
morphological and clinical approaches that aim to classify tumors 
are not sufficient to recognize all the various types of tumors 
correctly. Patients may suffer from different type of tumors, even 
though they may show morphologically similar symptoms. A 
disease like a tumor is fundamentally a malfunction of genes, 
so utilizing the gene expression data might be the most direct 
diagnosis approach
A DNA microarray[8] is a high throughput technology used in 
molecular biology and in medicine. It consists of an arrayed series 
of thousands of microscopic spots of DNA oligonucleotides, called 
features, each containing Pico moles of a specific DNA sequence. 
This can be a short section of a gene or other DNA element 
that are used as probes to hybridize a cDNA or cRNA sample 
(called target) under high-stringency conditions. Probe-target 
hybridization is usually detected and quantified by fluorscence-
based detection of fluorophore-labeled targets to determine relative 
abundance of nucleic acid sequences in the target. The example 
of an approximately 40,000 probe spotted oligo microarray with 
enlarged inset.
[9] worked on multiclass cancer diagnosis algorithm using a 
global similarity pattern where for each cancer subtype, genes 
were ranked to determine a characteristic pattern. [10] worked on 
the classification problem by expressing each testing sample as a 
linear combination of all the training samples, a method they called 
“sparse representations of test samples”. They showed that the 
performance of their method is comparable with that of Support 
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Vector Machine (SVM). 
In [11] proposed a novel Radial Basis Function (RBF) neural 
network for cancer classification using expression of very few 
genes. This technique was applied to the three data sets were used 
such as the lymphoma data set, the small round blue cell tumors 
(SRBCT) data set, and the ovarian cancer data set. T-test scoring 
method used for gene ranking to measure the discriminative ability 
of genes. RBF neural networked used only nine genes for the 
lymphoma data, it also required a very fewer gene for the SRBF 
and for the ovarian data RBF took only four genes to obtain 100 
% accuracy compared to that by using 48 genes by the nearest 
shrunken centroids. Therefore, the RBF neural network consumes 
fewer genes as well as it also reduces the gene redundancy for 
cancer classification using micro array data compared to the 
previous nearest shrunken centroids.

III. Methodology

A. Transductive Approach 
The main goal of learning classifiers is to assign labels to the 
working set (unlabeled data) using the training set (labeled data). 
If the working set is empty the methods become supervised 
learning. If the training is empty methods become unsupervised 
learning that many clustering approaches exist in such situations. 
Transductive and semi-supervised learning occur in the problem 
that both working set and training set are non-empty and used for 
learning phase of classifiers. The Transductive approach is used 
when the only concern is labeling working set while inductive 
approach tries to classify whole problem space. Inductive approach 
is to learn a decision rule based on training set and then apply it 
to working.
In inductive learning, one learns a function that makes predictions on 
the whole space. Transduction only concerns itself with predicting 
the values of the function at the test points of interest; thus in 
transduction, no model is constructed. However, Transductive 
learning shares commonalities with semi-supervised learning (one 
type of inductive learning) in that both are using information 
contained in unlabelled data we possess in addition to the labelled 
training set. Semi-supervised learning approaches focus on finer 
adjustment of the decision rule learned from training samples 
by also incorporating the knowledge in test samples. First, an 
inductive learner hL = Li(Strain) is built for an initial decision 
rule, and then the unlabelled samples S_test are associated with 
‘pseudo’ labels. The test set with the ‘pseudo’ labels together 
withthe training set with true labels forms the so-called semi-
labelled data. Next, transductive samples are re-sampled from the 
semi-labelled samples according to a given criterion in order to 
define a hybrid training set made up of S_test and S_train. Finally, 
the resulting hybrid training dataset is used to find more reliable 
discriminating rules integrating the distribution information 
presented in all available samples.

B. Extreme Learning Machine

1. ELM Based Training Algorithm
The ability of the SLFN network to fix the network connection 
at one layer with the weights between input neurons and hidden 
neurons. The same goes to the output neurons where there is fix 
network connection with weights between hidden neurons and 
output neurons. Conversely, the algorithm was unable to adjust 
the weights on both layers simultaneously since there is no gain 
provided. Based on this work, have proposed a new learning 

algorithm referred to as Extreme Learning Machine (ELM). ELM 
is a learning algorithm that is derived based on some continuous 
probability density function. Accordingly the ELM is designed to 
be randomly chooses and fixes the weights between input neurons 
and hidden neurons, and then analytically determines the weights 
between hidden neurons and output neurons of the SLFN.
For N arbitrary distinct samples (xi,ti ) , where  xi = [xi1,xi2,…..,xin]
T ∈Rn and ti = [ti1, ti2,….,ti3]

T ϵRm , standard SLFNs with N hidden 
nodes and activation function (x) are mathematically modeled 
as:

Where wi = [wi1,wi2,…,win ]
T is the weight vector connecting the   

ith hidden node and the input nodes  βi = [βi1, βi2,..,βim]T is the 
weight vector connecting the ith hidden node and the output nodes, 
and   is the threshold of the ith hidden node. wi.xi denotes the inner 
product of wj and xj.
The N equations can be written compactly as:
  Hβ  = T

Usually H is called the hidden layer output matrix of the neural 
network and the ith column of H represented the ith hidden node 
output with respect to inputs x1; x2;…..;xN.
The end result reduces the norm of this least squares equation is
β̂ = H⁺T
where H† is known as Moore-Penrose generalized inverse.

2. ELM Learning Algorithm
In order to train the arbitrary function of neural network with 
zero training error, Presented several constructions of SLFNs 
with sufficient hidden neurons. However, in practice, the number 
of hidden neurons required to achieve a proper generalization 
performance on novel patterns is much less. And the resulting 
training error might not approach to zero but can be minimized 
by solving the following problem:

  β - T2

                             Where

  
The ELM randomly assigns and fixes the input weights wi and 
biases based on some continuous probability distribution function 
in the case of learning a structured function, only leaving output 
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weights βi to be adjusted according to

The above problem is well established and known as a linear 
system optimization problem. It is a unique least-squares solution 
with minimum norm and is given by
   β̂ = HT
Where H is the Moore-Penrose generalized inverse of the matrix 
H. The generalization performance of a SLFN tends to be better 
with smaller magnitude of output weights. From this sense, the 
solution produced by the ELM not only achieves the minimum 
square training error but also the best generalization performance 
on novel patterns. 

3. ELM Algorithm 
Given a training set X= {((xk,tk│xk∈Rm,k=1,…,N)}, an activation 
function g(x), and the number of hidden neurons Ñ, 
Randomly assign input weights  and biases  according to some 
continuous probability density function. 
 Calculate the hidden layer output matrix H. 
 Calculate the output weights 
The training and detection is further improved by Modified 
Extreme Learning Machine (ELM). Previous approaches have 
used SVM for the purpose of training and detection.

C. Proposed TELMs
Unlike the selection procedure of Transductive samples in 
traditional ELMs, the selection of Transductive samples is done 
through a process of filtering the unlabeled samples as follows: 
considering a binary classification problem, the algorithm begins 
with training the ELM classifier using the available working set W(0). 
As support vectors (i.e., patterns belonging to the margin M={x‖ 
w(i).∅(X)+b(i)|≤1} are the only patterns that affect the position of 
the discriminant hyper plane, unlabeled samples that fall into the 
margin will have richer information to find a better separating 
hyper plane. To select these samples, we define N± to be the 
positive and negative patterns within the margin bounds. At each 
iteration, N± samples are selected on either side of the separating 
hyper plane to define the positive and negative candidate sets 
B±. In other words, the entire positive and negative semi labeled 
samples is selected from both the upper (positive) and the lower 
(negative) side of the margin. As a consequence, a Transductive 
set Bt

(i)=B+∪B- is formed at the first (i = 1) iteration. Let At
(0)=∅. 

At this stage Bt
(1) is merged with the initial working set and the 

classifier is retrained and the process is repeated. Subsequently, the 
second resultant Transductive set Dt

(2) is computed by intersecting 
between the first and second Transductive sets (i.e., At

(1) and Bt
(2). 

As a consequence, the resulting Transductive set contains the 
samples common between the first and second Transductive sets. 
The first Transductive set is then removed from the initial working 
set, while the second resultant Transductive set is added to it. The 
resulting hybrid training set is used at the next iteration to find a 
more reliable discriminant hyper plane. It is to be noted that the 
same unlabeled set V is relabeled by the current trained learner. 
The final Transductive set would contain samples having label 
consistency throughout the entire process. 
TELM procedure improves the generalization capability of the 
classifier. Gradually, the separating hyper plane will move to a finer 
position in subsequent iterations. This can be explained by arguing 
that reducing the misclassification of Transductive samples can 
lead to the identification of a more reliable discriminant function. 

However, like all semi supervised techniques, also for the proposed 
Transductive ELM, it is not possible to guarantee an increase 
of accuracy with respect to the inductive ELM in all cases. The 
convergence of the learning depends on the similarity between 
the problems represented by the training points and unlabeled 
points. In the proposed TELM multiclass problem, we adopted 
one-against-all (OAA) architecture.

1. Selection of Transductive Samples
The proposed TELM exploits the standard theoretical approach 
of the TELMs. However, in designing the proposed TELM, 
we address two important issues: 1) select the samples with an 
expected accurate labeling and 2) choose the informative samples. 
According to the previous studies in semi supervised learning, 
the Transductive samples are usually selected from the upper 
(positive) and the lower (negative) side of the margin;  P ≥ 1 
transductive samples closest to the margin bounds are assigned to 
the label “+1” and “-1,”  respectively. If the number of unlabeled 
samples on one side of the margin is lower than P, the labeling 
is done anyway. A dynamic adjustment is necessary for taking 
into account that the position of the hyper plane changes at every 
iteration. Typically, the most confident unlabeled patterns, together 
with their predicted labels, are added to the current training 
set. The classifier is retrained and the process is repeated. It is 
to be noted that the classifier uses its own prediction to teach 
itself. It is natural to imagine that a classification error can 
reinforce itself. Therefore, it is important to take a caution in the 
selection of Transductive samples because wrong labeling may 
substantially degrade the performance of the classifier. Due to the 
fact that support vectors contain the richest information among 
the informative samples (i.e., the ones in the margin band), the 
unlabeled patterns closest to the margin bounds have the highest 
probability to be correctly classified. Therefore, in the proposed 
approach, we design a selection procedure (i.e., filtering process) 
to increase the acceptability of the samples with the expected 
correct labeling. In other words, an unlabeled sample should be 
considered as Transductive sample if the TELM ensemble assigns 
the same label to it. 

D. Feature Selection Techniques

1. Consistency-Based Feature Selection
Feature selection is a useful technique in dealing with 
dimensionality reduction. In classification, it is used to find an 
optimal subset of relevant features so that the overall accuracy 
is increased while the data size is reduced. When a classification 
problem is defined by features, the number of features can be 
quite large, many of which can be irrelevant. A relevant feature 
can increase the performance of a classifier while an irrelevant 
feature can deteriorate it. Therefore, in order to select the relevant 
features, it is necessary to measure the goodness of selected 
features using a feature selection criterion. The class separability 
is often used as one of the basic selection criteria. In this study, 
consistency measure is exploited as a selection criterion that does 
not attempt to maximize the class separability but aims to retain 
the discriminatory power of the original features. A typical feature 
selection method has three basic steps:
a generation procedure to generate the next candidate subset of 
features; 
an evaluation function to evaluate the candidate subset
a stopping criterion to decide when to stop. 
Each feature selection method preserves a particular property 
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of a given information system, which is based on a certain 
predetermined heuristic function. In rough set theory, feature 
reduction is about finding some feature subset having the minimal 
features while retaining some particular properties.
In [12], the authors introduced the consistency function. 
Consistency measure is defined by inconsistency rate which is 
computed as follows:
Definition 1: A pattern is considered inconsistent if there exist at 
least two instances such that they match all but are with different 
class label.
Definition 2: The inconsistency count  for a pattern pi of feature 
subset is the number of times it appears in the data minus the 
largest number among different class labels.
Definition 3: The inconsistency rate of a feature subset is the 
sum, ∑ξi, of all the inconsistency counts over all patterns of the 
feature subset that appears in data divided by |U|. Correspondingly, 
consistency is computed as δ = (|U| -∑ξi /|U|.
From the aforementioned analysis, one can understand that 
dependence is the ratio of samples correctly classified, and 
consistency is the ratio of samples probably correctly classified.
There are two kinds of samples in POSE (G)∪H. POSE (G) is the 
set of consistent samples, while H is the set of the samples with 
the largest number among different class labels in the boundary 
region.
Definition 4: Let R = (U,F∪G,f) be a decision table, E ⊆ F,a ∈ 
E,we say that the condition attribute a is indispensable in E if δ(E-a) 
(G)<δE(G), otherwise a is redundant. We say that  is independent 
if any attribute a in E is indispensable δE (G) reflects not only 
the size of positive regions, but also the distribution of boundary 
samples. The attribute is said to be redundant if the consistency 
does not decrease when we delete it. The term “redundant” has 
two meanings. The first one is relevant but redundant, the same as 
the meaning. The second is irrelevant. So consistency can detect 
two kinds of superfluous attributes.
Definition 5: Attribute subset E is a consistency-based reduct of 
the decision table if

δ_E (G) = δ_F (G); and• 
∀•	 a ∈ E; δ_E (G) > δ_E-a (G).

In this definition, the first term guarantees that the reduct has the 
same distinguishing ability as the whole set of features, while 
the second term guarantees that all of the attributes in the reduct 
are indispensable. Therefore, there is no superfluous attribute in 
the reduct.

2. Signal-to-Noise Ratio
The signal-to-noise ratio (SNR) is defined as

Where μi and σi i∈ {1,2}, respectively, denote the mean and 
standard deviation of class  for the corresponding gene (feature). 
The larger absolute value of SNR for a gene indicates that the 
gene’s expression level is high in one class and low in another. 
Therefore, this bias is very useful in distinguishing the genes 
that are expressed differently in the two classes of samples. After 
computing the SNR statistic for each gene, the genes are sorted 
in descending order of their SNR values. From the sorted list, 
top ten genes are selected as the gene markers (five up-regulated, 
i.e., positive SNR and five down-regulated, i.e., negative SNR) 
for a particular tumor subtype (for example, EWS subtype in the 
SRBCT dataset). The top ten gene markers for the other tumor 

subtypes are selected in a similar way, i.e., by considering two 
classes each time, one corresponding to the tumor class for which 
the gene markers are being identified, and the other corresponding 
to all the remaining classes. For example, 40 marker genes for 
the SRBCT data were obtained (10 genes for each of the 4 cancer 
subtypes).

IV. Experimental Results
Experimental results are taken using MATLAB.  MATLAB (Matrix 
Laboratory) is used for the computation of the numerical analysis 
and is considered as a fourth-generation programming language. 
It is a viable Matrix Laboratory package which functions as an 
interactive programming environment.
Hence, for the present research, MATLAB has been taken into 
consideration and the techniques have been implemented using 
MATLAB.
Leukemia: This dataset contains 72 samples and 5147 genes. The 
subtypes consist of 47 acute lymphoblastic leukemia (ALL) and 
25 acute myeloid leukemia (AML) samples. 
Lymphoma Data Set: This dataset contains 77 samples and 7070 
genes. The subtypes are diffuse large B-cell lymphomas (DLBCL) 
(58 samples) and follicular lymphoma (FL) (19 samples).

A. Selection of Gene Markers
Since the gene-microarray datasets contain thousands of genes, it 
is necessary to identify gene markers that are mostly responsible 
for distinguishing a particular tumor class from the remaining 
ones. In this study, used the feature selection algorithm for the 
selection of marker genes.

B. Performance Assessment
To compare the performance of the three algorithms, we computed 
overall average accuracies and standard deviations, and conducted 
statistical tests such as the Wilcoxon signed rank test  and one-
tailed paired t-test . The statistical t-test is formulated as follows. 
If there is an unknown common population variance σ2, then use 
an estimate σ2 for it, where

Where s1
2, s2

2 are the sample variances and n1, n2 are sample sizes. 
For small samples, we use the test statistic

Where X1̅ ,X̅2, are sample means and T∼t(n1 + n2 - 2).

C. Execution Time
The CPU execution time is the execution time taken to complete 
the clustering process and can be used as a measure to measure 
efficiency and scalability of the algorithm while using a large 
dataset
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Table 1: Testing Accuracy (%) for the TELM and TSVM Algorithms on the Leukemia Data Set

Gene
combination

CBFS+TSVM CBFS+TELM SNR+TSVM SNR+TELM

Accuracy Std Dev Accuracy Std Dev Accuracy Std Dev Accuracy Std Dev
10-20 94.56 5.4 95.33 3.5 93.56 6.4 93.83 2.5
21-30 94.45 5.3 96.31 2.4 92.25 6.3 96.10 2.4
31-40 95.22 5.4 95.66 2.6 93.12 5.3 94.16 2.2
41-50 95.11 6.1 96.77 2.4 94.11 6.1 95.71 2.1
51-60 93.34 5.4 100 0 92.24 5.4 100 0
61-70 94.25 4.3 99.2 1.3 91.25 3.3 98.04 1.5
71-80 96.43 5.0 99.21 2.4 92.43 5.0 97.55 1.8
81-90 95.66 4.4 99.36 1.4 96.66 4.4 99.86 1.4
91-100 96.41 5.3 99.03 1.2 94.41 4.3 99.43 1.2

Fig. 1: Accuracy Comparison Between TSVM and TELM for CBFS

Fig. 1 shows the graph for accuracy comparison between the TELM and TSVM technique. From the graph, it is clear that the 
proposed method shows better accuracy for all the gene combinations. The overall accuracy is higher for TELM when compared to 
the TSVM technique. 

Table 2: Testing Accuracy (%) for the TELM and TSVM Algorithms on the Lymphoma Data Set

Gene combination
CBFS+TSVM CBFS+TELM SNR+TSVM SNR+TELM
Accuracy Std Dev Accuracy Std Dev Accuracy Std Dev Accuracy Std Dev

10-20 83.45 5.4 90.13 2.4 84.55 4.4 93.13 2.7
21-30 82.14 5.3 90.00 2.3 82.14 5.3 92.00 2.6
31-40 83.01 4.3 91.16 2.0 83.01 4.2 91.16 2.2
41-50 84.00 5.1 91.71 2.4 85.00 6.1 92.71 2.1
51-60 82.13 4.4 90.05 1.2 81.13 5.4 92.05 1.4
61-70 81.14 3.3 90.04 1.4 81.78 4.5 92.74 1.3
71-80 82.32 4.0 91.55 1.6 81.98 3.4 91.85 1.4
81-90 86.55 4.4 92.86 1.0 85.85 5.6 93.86 1.0
91-100 84.30 4.3 91.43 1.2 84.30 4.3 92.43 1.2
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Fig. 2: Accuracy Comparison Between TSVM and TELM for CBFS for Lymphoma Data Set

Fig. 2, shows the graph for accuracy comparison between the TELM and TSVM technique. From the graph, it is clear that the proposed 
method shows better accuracy for all the gene combinations. The overall accuracy is higher for CBFS+TELM when compared to the 
CBFS+TSVM technique for Lymphoma Data Set.

Table 3: Training Time(s) for the TELM and TSVM for Leukemia Data Set

Gene combination
Training time (s) Training time
CBFS+ TSVM CBFS+ TELM SNR+ TSVM SNR+ TELM

10-20 350.13 166.22 340.14 155.89

21-30 410.23 183.35 400.85 170.56

31-40 470.84 213.27 465.58 200.23

41-50 464.35 236.14 468.12 255.25

51-60 517.51 276.46 528.45 289.32

61-70 532.66 313.28 539.58 299.65

71-80 545.29 345.22 544.23 300.89

81-90 535.05 379.27 523.12 350.45

91-100 553.61 424.43 550.58 370.23
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Fig. 3: Accuracy Comparison between SNR+TSVM and SNR+TELM for Leukemia Data Set

Fig. 3, shows the graph for accuracy comparison between the TELM and TSVM technique. From the graph, it is clear that the proposed 
method shows better accuracy for all the gene combinations. The overall accuracy is higher for SNR+TELM when compared to the 
SNR+TSVM technique for Leukemia Data Set.

Table 4: Training Time(s) for the TELM and TSVM for Lymphoma Data Set

Gene combination
Training time (s) Training time

CBFS+ TSVM CBFS+ TELM SNR+ TSVM SNR+ TELM

10-20 345.13 155.22 350.14 144.68

21-30 420.13 175.15 420.85 165.56

31-40 478.24 200.17 454.58 189.23

41-50 460.55 243.04 498.12 255.25

51-60 500.51 256.56 516.45 265.32

61-70 485.66 300.18 529.58 289.65

71-80 558.29 324.12 578.23 324.89

81-90 524.05 378.17 513.12 350.45

91-100 578.61 400.43 534.58 356.23
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Fig. 4: Accuracy Comparison Between SNR+TSVM and SNR+TELM for Lymphoma Data Set

Fig. 4, shows the graph for accuracy comparison between the TELM and TSVM technique. From the graph, it is clear that the proposed 
method shows better accuracy for all the gene combinations. The overall accuracy is higher for SNR+TELM when compared to the 
SNR+TSVM technique for Lymphoma Data Set

Table 5: Training Time(s) for the TELM and TSVM for Leukemia Data Set

Gene combination

Training time (s) Training time

CBFS+TSVM CBFS+TELM SNR+TSVM SNR+TELM

10-20 350.13 166.22 340.14 155.89

21-30 410.23 183.35 400.85 170.56

31-40 470.84 213.27 465.58 200.23

41-50 464.35 236.14 468.12 255.25

51-60 517.51 276.46 528.45 289.32

61-70 532.66 313.28 539.58 299.65

71-80 545.29 345.22 544.23 300.89

81-90 535.05 379.27 523.12 350.45

91-100 553.61 424.43 550.58 370.23
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Fig. 5: Execution Time Between CBFS+TSVM and CBFS+TELM for Leukemia Data Set

Fig. 5, shows the graph for execution time between the TELM and TSVM technique. From the graph, it is clear that the proposed 
method shows lesser time for all the gene combinations. The overall CBFS+TELM is give better execution time when compared to 
the CBFS+TSVM technique for Leukemia Data Set

Fig. 6: Execution Time Between SNR+TSVM and SNR+TELM for Leukemia Data Set

Fig. 6, shows the graph for execution time between the TELM and TSVM technique. From the graph, it is clear that the proposed 
method shows lesser time for all the gene combinations. The overall SNR+TELM is give better execution time when compared to 
the SNR+TSVM technique for Leukemia Data Set. 
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Fig. 7: Execution Time Between CBFS+TSVM and CBFS+TELM for Lymphoma Data Set

Fig. 7, shows the graph for execution time between the TELM and TSVM technique. From the graph, it is clear that the proposed 
method shows lesser time for all the gene combinations. The overall CBFS+TELM is give better execution time when compared to 
the CBFS+TSVM technique for Lymphoma Data Set

Fig. 8: Execution Time Between CBFS+TSVM and CBFS+TELM for Lymphoma Data Set

Fig. 8, shows the graph for execution time between the TELM and TSVM technique. From the graph, it is clear that the proposed 
method shows lesser time for all the gene combinations. The overall SNR+TELM is give better execution time when compared to 
the SNR+TSVM technique for Lymphoma Data Set.
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Table 1 and 2 gives the accuracy and standard deviation  for the 
comparison between the TELM and TSVM technique. From the 
table, it is clear noticed that the proposed method shows better 
accuracy for all the gene ombinations. The overall accuracy is 
higher for CBFS+TELM when compared to the CBFS+TSVM 
technique for Lymphoma Data Set and Leukemia Data set.
The total training time for Leukemia Data Set and Lymphoma 
Data Setare given in Table 3 and 4. From the table it can be clearly 
observed that the training time for the usage of TELM is lesser 
when compared to the training time taken by TSVM with more 
compact network. As the table 3indicates, the TSVM training time 
for the gene combination of 10-20 is 350.13 seconds where as the 
proposed method yields the training time of 155.89 seconds which 
is very much lesser than TSVM. That the table 4 indicates, the 
TSVM training time for the gene combination of 10-20 is 345.13 
seconds where as the proposed method yields the training time of 
144.68 seconds which is very much lesser than TSVMThe overall 
training times for the proposed method are higher than obtained 
by TSVM technique.

V. Conclusion
The proposed algorithm as well as the existing algorithms was 
applied to the reference test set using all of the ten random 
realizations of each training set size. The overall accuracy was then 
computed by for CBFS+ TELM, CBFS+TSVM and SNR+TELM, 
SNR+TSVM. In the experimental result Table 1, 2 reports the 
overall accuracies and standard deviations on the reference test 
data corresponding to the training patterns of different sizes. It can 
be observed from the entire table that the proposed (CBFS+TELM 
and SNR+TELM) significantly increased the average accuracies 
compared to the (CBFS+TSVM and SNR+TSVM) for the 
Leukemia and Lymphoma dataset. Similarly, the execution time 
for the Leukemia and Lymphoma dataset that the proposed method 
of (CBFS+TELM and SNR+TELM) is lesser compared to the 
training time taken by the existing method of (CBFS+TSVM 
and SNR+TSVM). 
The present study was designed to address the small sample size 
problem in gene-expression based- outcome prediction for human 
cancers. It shows the effectiveness of the proposed Transductive 
ELM scheme in the framework of Transductive inference learning it 
give better results than Transductive SVM. Therefore the proposed 
Transductive learning approach successfully employed unlabeled 
gene expression data and achieved better empirical success.
Moreover, as a scope of future work, plan to apply other neural 
network theory find more relevant gene markers and introduce 
the theory in Transductive/semi supervised learning to improve 
the performance of the proposed technique
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