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Abstract. Exponentially growing gene expression data sets present a challenge
to the understanding of biologically significant cellular mechanisms and to
bioinformatics, in general. Feature (gene) selection is a crucial step in the
classification of gene expression profiles. In this paper, we present a novel
schema for gene filtering and ranking based on the schema’s power to
predictively classify samples into functional categories by applying three
statistical impurity measures on a cancer dataset. Varied numbers of topranking genes, ranging from 50-400, are extracted and filtered based on their
class presence and redundancy across feature ranking methods. Association
dependency rules are discovered between these selected genes. We then present
a scoring scheme for the featured genes by assigning weights based on the
genes’ degree of participation in the association rules. The featured genes are
evaluated by comparing the classification accuracy using machine learning
classifiers. The experimental results show a boost in the specificity and
sensitivity by the proposed feature ranking and scoring schema.
Keywords: Feature Selection, Association Rule Mining, Classification, Gene
Expression.

1 Introduction
Microarray analysis can yield novel information regarding cellular mechanisms,
regulatory functions of genes, functions of genes and proteins, gene network
structure, and pathways, and can relate the risk of being affected by diseases to gene
expression profiles which are characteristics for phenomenon such as cancer [1,2].
With its thousands of uncharacterized variables, microarray data analysis presents one
of the most daunting challenges facing bioinformatics. However, this technology can
considerably contribute to the understanding of biologically significant cellular
mechanisms. The latter objective can be achieved by identifying frequently occurring
sets of marker genes, which are critical in tumor classification using gene expression

data. A gene marker is a specific, unique sequence of DNA that can be used to
identify the location on the chromosome. An approach to narrow the search for a gene
marker is to select a set of features (discriminatory genes) based on some statistical or
machine learning measure, which can distinguish between different types of samples
according to their gene expression values. Another approach can be clustering
performed on the genes or samples to identify clusters of genes that have similar gene
expression patterns or clusters of samples that have similar expression profiles that
can provide insight into therapeutic and pathogenic studies [1,3]. These approaches
are usually combined with known classification schemes. Irrespective of the approach
used, the challenge associated with the analysis of gene expression data is the large
number of genes per sample, of which only a few genes may attribute to the
development of a practically usable classifier. Hence, it is critical to select a set of
discriminatory genes to boost the accuracy of the classification systems [4,5,6].
This paper compares three feature selection heuristics based on the statistical
impurity measures, the Gini Index, Max Minority [7], and the Twoing Rule [8]. After
the top 50-400 features are selected by these methods, the selected features are
subjected to association rule discovery (ARD) [9] to find correlated pairs of genes
occurring together. We also choose common sets of features across all three statistical
measures to discover sets of correlated genes. Frequent-1, Frequent-2, and Frequent-3
sets of genes are discovered, and the genes are scored based on frequency of
occurrence. The selected features are then studied for effectiveness by comparing the
precision, recall, and F-measure of the classification algorithms, first with the selected
features, then with all features.

1.1 Related Work
Classification is a well-studied discipline where the purpose is to build an efficient
model that maps data items into several predefined categories. A model, consisting of
data items and their class labels, is built using training data. The incoming data is
filtered through this model and is expected to correctly predict the class labels on the
training data as well as the incoming test data. Feature (gene) selection is an important
preprocessing step to boost the specificity and sensitivity of the classifier, as it
involves selecting a set of relevant genes, which behave as discriminatory features
capable of distinguishing different types of samples according to their gene
expression values.
In the past, several studies in cancer genomics have applied classification models
to predict tumor samples. A survey on the methods for cancer classification
comparing classification accuracy, computation time, and biologically relevant
information is presented in [10]. The importance of feature selection methods in
cancer classification is described in [11], while [12] presents a comparative study of
various feature selection heuristics using two datasets. These papers involve both
gene selection and classification of microarray data. However, few of these
classification methods involve gene selection by assigning weights as an apriori step
to improve the specificity and sensitivity of the classifier. This paper extends our
previous work of feature selection and classification [13] by presenting a novel

schema for gene filtering and ranking based on the schema’s predictive power to
classify samples into functional categories by applying three statistical impurity
measures on a cancer dataset and further scoring the featured genes by assigning
weights based on each gene’s degree of participation in the association rules [14, 15].
The featured genes are evaluated by comparing the classification accuracy using
various machine learning classifiers.
1.2 Motivation
Analysis of gene expression data for cancer classification can provide valuable
information for early diagnosis and treatment. The computational extraction of
derived patterns from microarray gene expression is a non-trivial task that involves
sophisticated algorithm design and analysis for specific domain discovery. Moreover,
the extraction of biologically significant knowledge from the gene expression data is a
growing computational challenge, as the large number of genes, which can
correspond to different time sequences or tissue types, has a dimensionality that is
several orders of magnitude more than the evaluated samples. Moreover, many of
these genes may not be significant for distinction, compared to the training samples.
Feature extraction based approaches for classification lead to the extraction of a set of
discriminatory genes that promise precise, accurate, and functionally robust analysis
of gene expression data. Hence, our primary motivation for this work is to perform
feature extraction by exploiting associative dependencies among the genes. The
weights assigned to the selected features provide an additional boost to the classifier.
Several experiments are conducted to show the efficacy of our proposed method.
The rest of the paper is organized as follows. In Section 2, we describe the
methodology in detail; Section 3 presents the results of our experiments along with a
comparison of feature extraction methods and classifiers. In Section 4, we present our
conclusions.

2 Methodology
The overall methodology is illustrated in Figure 1. The framework consists of the
following major computational steps: (1) data preprocessing, which involves
standardization and normalization, (2) feature selection, which involves three
statistical measures for gene ranking and selection, (3) association rule mining on the
selective features to obtain the weights for the frequently occurring genes, (4)
classifier building by giving additional boost to the selective features, (5) evaluation,
which involves performance comparison of the classification schema using the test
datasets and success metrics.

Fig. 1. Framework for feature selection and classification.
2.1 Target Dataset
Our target dataset is a collection of gene expressions values consisting of 7,129
genes from 72 leukemia samples reported by Golub et al. [2]. The data set is divided
into an initial training set of 27 samples of Acute Lymphoblastic Leukemia (ALL)
and 11 samples of Acute Myeloblastic Leukemia (AML) from bone marrow
specimens. The testing data set is an independent set of 20 ALL and 14 AML
samples, monitored under different experimental conditions and includes 24 bone
marrow and 10 blood sample specimens. The datasets are available for download at
http://www.genome.wi.mit.edu/MPR.
2.2 Preprocessing
The dataset is preprocessed using the techniques of standardization, normalization,
and discretization. Normalization is performed using the z-score method, which
transforms the features with mean 0 and standard deviation as 1. This process also
standardizes the data. Finally, all the expression values are normalized in the range
[0,1].
2.3 Feature Selection and Scoring
The number of features is large compared to the small number of samples in the
dataset. The program Rankgene [17] is used to rank the features in the dataset. The
measures included in Rankgene have been widely used in machine learning or
statistical learning theory. We use statistical impurity based measures, Gini Index
(GI), Max Minority (MM) and the Twoing rule (TR) to extract the relevant features.
These measures quantify the effectiveness of the feature by evaluating the
predictability of a class by dividing the full range of the expression of a given gene
into the two intervals of up-regulation and down-regulation. The prediction is based
on the presence of all the samples belonging to a particular interval in the same class.
We selected the Top-50, Top-100, Top-200, and Top-400 ranked genes from each of

the three statistical measures, which formed our reduced feature datasets. We further
selected the Top-50, Top- 100, Top-200, and Top-400 common genes across the three
feature selection measures to observe whether a combined set of features from all
three measures gives us a better performance in terms of classification accuracy. If a
particular gene is highly ranked, then the other genes which are correlated with this
gene are also likely to have high ranks [18]. We utilize the advantage of this
correlation among the highly ranked genes by performing Association Rule Discovery
(ARD) to find frequently occurring sets of genes. ARD was first introduced in [9] and
has the following definition.
Let I be the set of items and D be the set of transactions. Each transaction T in D
contains a set of items such as
. Association rules follow the form X => Y,
where
,
and
Ø. X is called the antecedent (left hand side or
LHS), and Y the consequent (right hand side or RHS) of the rule. The meaning of the
rule X => Y is that data instances that contain X are likely to contain Y as well. To
select the interestingness of the rules various measures of significance and interest can
be applied, including support and confidence. The support of the rule is the
percentage of transactions that contain both X and Y. The confidence of the rule is the
conditional probability of Y given X, P(Y|X). The purpose of association rule mining
is to find all the rules, which exceed the user specified threshold of support and
confidence.
ARD is performed on each of these reduced feature datasets separately to find
frequently occurring sets of genes. The frequently occurring genes establish patterns
between them of the form
, which implies that when
occurs, it
is likely that

also occurs. The Frequent-1, Frequent-2, and Frequent-3 patterns

are discovered for all the sub-datasets.
The scores for the frequently occurring genes are obtained in the following
manner. Let
be the set that contains k items occurring together. In our case k is
[1,3]. Let

such that
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alone, as it forms all possible combinations with other frequently
occurring genes. Hence, we need to boost these genes for the classification process by
assigning higher weights to the genes that occur in , and then to
, and
,
respectively. The weight
, for each gene
using the following formula.
=
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, where, k is the number of itemsets depending on whether the gene

belongs to the ,
, or
itemset. These weights are then normalized using zscore normalization so that they fall in the range of [0,1].
2.4 Classification
A boost is provided to the selected features by multiplying them with the inverse of
the weights in an effort to make them discriminatory, which can consequently
increase the accuracy of the classification process. We train and test our new reduced
feature sets using three well-known classifiers: AdaBoost, Naïve Bayes, and C4.5
[20]. A brief description of each of these classifiers follows.
Naïve Bayes is one of the most successful learning algorithms for text
categorization. It is based on the Bayes rule of assuming conditional-independence
between classes. Based on the rule and using joint probabilities of sample
observations and classes, the algorithm attempts to estimate the conditional
probabilities of classes given an observation.
Adaptive Boosting (AdaBoost) is a meta algorithm that starts with one classifier
and adds new classifiers. AdaBoost can be used with other algorithms to increase
algorithm performance.
C4.5 is a widely used decision tree-based classifier. Pruned trees and subtree
raising techniques are used in our experiments.
The results of each of these methods are detailed in Section 3. To compare the
classification accuracy of various classifiers, we calculate the precision, recall, and Fmeasure as follows.
Precision =

Recall =

In this case, TP = samples which are classified correctly belonging to a class; FP =
samples incorrectly labeled as belonging to the class, and FN= samples which should
be labeled as belonging to a class, but are not.
F measure =

.

3 Results
We perform several experiments to evaluate the efficacy of the selected features by
using our novel association rule based weighting scheme with an expectation to boost
the accuracy of the classification methods. The sub-datasets formed from ranking
measures are compared using different classifiers to observe the effectiveness of the
selected features. The gene ranking algorithm is run using the Queen Bee LONI
supercomputer [21], and all the other experiments are carried out on 3.2GHz Intel®
Pentium® 4 processor with 1GB RAM.
3.1
Classification Accuracy of the Selected Classifiers with and without
Weighted Scoring
In this experiment, we choose the top ranked genes based on the three feature
selection measures TR, GI and MM and report the classification accuracies obtained
with and without using the weighted scoring scheme. Classification, based on the
three classifiers: Naïve Bayes, AdaBoost, and C4.5, is performed by applying a 70/30
split (70% training and 30% testing). It can be observed from Figure 2 that the Naïve
Bayes classifier performs best among the three classifiers. Using just the top ranked
genes without assigning any weights (unweighted), the Naïve Bayes classifier
achieves a maximum classification accuracy of 86.36%, while our proposed weighted
scoring scheme gives a classification accuracy of 91.91% and 95.45% using the top
100 and top 200 ranked genes.

(a)

(b)

Fig. 2. Classification accuracies for the top ranked genes using the three classifiers (Naïve
Bayes, AdaBoost, and C4.5) with and without the weighted scoring scheme.

We consider the performance of our system with all possible combinations of the
three gene ranking measures with the top 50, 100, 200, and 400 genes for the three
classifiers discussed above. The AdaBoost classifier gives a classification accuracy of
77.27% for the top 50 ranked genes selected using all three feature selection methods

using our proposed scoring scheme whereas a classification accuracy of 81.81% is
achieved for the top 100 ranked genes selected using GI and for the top 50 ranked
genes selected using TR and MM without the assignment of weights. C4.5 performs
the worst, obtaining a classification accuracy of 77% with the top 200 ranked genes
selected using the TR and MM feature selection methods after the assignment of
weights while the unweighted scheme achieves a maximum classification accuracy of
77% for the top 100 ranked genes selected using TR and MM and for the top 200
ranked genes selected using all the feature selection methods. It is evident from the
results that feature selection methods used to select discriminatory features can be
exploited to improve classification accuracy and speed.
3.2 Feature Selection and Weighted Scoring using Association Rule Mining
In this experiment, three feature selection methods, TR, GI and MM are used to
rank the genes. The top 50, 100, 200, and 400 ranked genes are selected for further
analysis. ARD is performed on the 12 sub-datasets of top ranked genes separately to
find frequently occurring sets of genes. The support and confidence measures are set
to 70% and 90%, respectively, for all sub-datasets in order to generate rules. Our
experiment shows that a number of rules have common LHS but different RHS. We
limit our selection to those rules that have only genes present on the LHS of the rule
to identify a set of non-overlapping genes. Hence, a smaller number of genes qualify
for the set support and confidence threshold in all sub-datasets. Table 1 shows the
number of unique genes obtained after the ARD process has been completed for each
sub-dataset.
Table 1. Number of unique genes obtained after ARD in all the sub-datasets.
Statistical
Measure
Top 50
Top 100
Top 200
Top 400
Twoing Rule
Gini Index
Max Minority

8

18

24

42

9
8

17
18

27
24

43
42

The scoring method as described in Section 2.3 is used to obtain the scores for each
gene in all sub-datasets. The scores are then normalized to the range [0, 1]. An
example showing the scores obtained for the GI measure for the top 50 genes is
shown in Table 2. Similarly, this scoring method is performed for the all sets of top
ranked genes obtained using the feature selection methods. The normalized scores in
the range [0, 1] are then used as weights to enhance the accuracy of the classifier by
dividing the expression value of the gene present in the reduced feature set by the
normalized score.

Table 2. Scores calculated for the set of nine genes forming the reduced feature set using the
top 50 ranked genes selected based on Gini Index.
Name of Gene

F1 (%)

F2 (%)*2

F3 (%)*3

Scores

Normalized Scores

D88422_at

11.405

56.399

240.239

308.043

1

X62320_at

10.997

33.405

59.760

104.164

0.313

M27891_at

10.386

43.383

0

53.770

0.143

M63379_at

13.034

22.559

0

35.594

0.082

M19507_at

10.997

11.062

0

22.060

0.0372

M84526_at

10.386

11.062

0

21.449

0.035

M96326_rna1_at

10.386

11.062

0

21.449

0.035

M33195_at

11.405

0

0

11.405

0.001

M83667_rna1_s_at

10.997

0

0

10.997

0

The Precision and recall rates are noted for each of the classifiers and are averaged
for two classes. The F-measure, which is the harmonic mean of precision and recall, is
calculated for each of the above selection strategies and reported in Figure 3 for the
top 50 genes.

Fig. 3. Precision, recall, and F-measures calculated for the top 50 ranked genes obtained using
the three feature selection methods (TR- Twoing Rule, GI- Gini Index, and MM-Max Minority)
and the three classifiers (NB-Naïve Bayes, AB-AdaBoost, and C4.5).

The precision, recall, and F-measure for the top 100, 200, and 400 genes are shown
in Figures 4, 5, and 6, respectively.

Fig. 4. Precision, recall, and F-measures calculated for the top 100 ranked genes obtained using
the three feature selection methods (TR- Twoing Rule, GI- Gini Index, and MM-Max Minority)
and the three classifiers (NB-Naïve Bayes, AB-AdaBoost, and C4.5).

Fig. 5. Precision, recall, and F-measures calculated for the top 200 ranked genes obtained using
the three feature selection methods (TR- Twoing Rule, GI- Gini Index, and MM-Max Minority)
and the three classifiers (NB-Naïve Bayes, AB-AdaBoost, and C4.5).

Fig. 6. Precision, recall, and F-measures calculated for set of top 400 ranked genes obtained and
the three feature selection methods (TR- Twoing Rule, GI- Gini Index, and MM-Max Minority)
using the three classifiers (NB-Naïve Bayes, AB-AdaBoost, and C4.5).

3.3 Classification Accuracy with Common Genes Across All Measures
This experiment is an extension of a previous experiment in which we scored and
selected a set of genes from the top 50, 100, 200, and 400 sets of genes using the gene
ranking measures and performing ARD on them. We then found the sets of common
genes across all three gene ranking measures and the corresponding ranked genes in
the top 50, 100, 200, and 400 sets. We observed that there were eight common genes
in different sub-datasets of the top 50 genes and 16, 24, and 38 common genes in subdatasets of 100, 200, and 400 genes, respectively. Figure 7 shows the classification
accuracy of the common genes using the three classifiers. There is, however, no
appreciable difference in the accuracy here as all the three gene ranking measures had
similar ranks for the top 50, 100, 200, and 400 genes.

Fig. 7. Classification accuracy for the 12 sets of top ranked genes (50, 100, 200, and 400)
obtained using the three feature selection methods (TR- Twoing Rule, GI- Gini Index, and
MM-Max Minority) using the three classifiers (NB-Naïve Bayes, AB- AdaBoost, and C4.5).

4 Conclusion
This paper introduces a novel approach based on ARD to assign weights to the
featured genes and to subsequently boost the classification accuracy. Gene selection
improves class prediction more by the proposed weighted scoring scheme, which
provides a boost to the selected set of genes for classification. The accuracy of the
Naïve Bayes classifier for the top ranked genes using our proposed method
outperforms the accuracy of itself for the top ranked genes where no without
additional boost is provided. This result implies that boosting the feature selection
effectively reduces the insignificant dimensions and noise to improve classification
accuracy. The gene ranking measures rank genes based on their predictive power to
classify the genes into samples. We observed that the common sets of genes obtained
from the top 50-400 genes did not show appreciable difference in classification
accuracy. This observation highlighted the correlation between the top ranked genes,
and we exploited this attribute to find the associations between them and to assign
scores. We expect that this method can be effectively extended to build multiclass
classifiers for the analysis of gene expression data.
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