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Abstract – Mining microarray gene expression is an
imperative subject in bioinformatics in diagnosis of disease.
Chronic degenerative diseases such as cardiovascular
disease have emerged as the major causes of death. In
present era, many diseases are caused by gene
transformation. Asian Indians have a higher predisposition
to Coronary Artery Disease as compared to any other
global population. The aim of this article is to identify the
relevant genes which are responsible for cardiovascular
disease. The important genes i.e the marker genes which
change their expression level in correlation with the risk or
progression of the disease. In this article the gene dataset
for GSE9820, GSE12288, GSE20681 and the Asian Indians
(GSE42148) has been analyzed and the topmost genes
which causes the CAD have been identified. Diagnostic tests
and classification of patients can be done by using the
marker genes, which will reduce laboratory cost and
increase the accuracy.
Index Terms – Microarray, Coronary Artery Disease, Marker
Genes, Risk, Expression Level, Gene Transformation.

I . INTRODUCTION
Heart disease is the top deadly disease throughout the
world. Cardiovascular disease is one of the leading
causes of death in human life, and is influenced by
both environmental and genetic factors. With the
recent advances in microarray tools and technologies
there is potential to predict and diagnose heart
disease using microarray DNA data from analysis of
blood cells. It has also become evident that blood
cells can also provide useful genomic information
for cardiovascular conditions. The World Health
Organization (WHO) has estimated that 12 million
deaths occur worldwide, every year due to the Heart
diseases. In the age group of 25-69 years, there is
25% of deaths

due to heart diseases. Genomics is way to study
many genes (thousands of genes or even every gene)
in an organism all at once. A microarray is a huge
collection of spots that contain massive amounts of
compressed data Each spot (one gene) of a
microarray contains a unique DNA sequence The
DNA Microarray generates gene expression data. A
microarray database is a repository which contains
microarray gene expression data. Microarrays are a
recent technology to determine the expression levels
of thousands of genes simultaneously in tissues.
Significant information can be extracted from these
genes by using machine learning techniques. Clinical
microarray data can be analyzed from different
viewpoints. The three main perspectives are: (1)
making clinical predictions (classification), (2)
discovering
diagnostic
classes
(clustering
experiments), and (3) selecting relevant genes (or
groups of genes) or dimensionality reduction (feature
extraction). A microarray gene expression data set
can be represented in a tabular form, in which each
row represents to one particular gene, each column
to a sample, and each entry of the matrix is the
expression level of a particular gene in a sample . By
analysing the gene expression data, the genes which
are responsible for causing diseases is identified.
The objective of this work is to identify the disease
causing genes for Coronary Artery Disease. The
paper is organized as follows: section II describes
related work, section III provides an overview of
dataset and methods used. Section IV explains the
proposed methodology, Section V represents
experimental results and analysis and the conclusion
is given in section VI.
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II. RELATED WORK
A number of approaches have been used for
identifying important genes which are responsible
for cardiovascular disease. Some of them is listed
below.
Ali Anaissi et al(2013) developed a Balanced
Iterative Random Forest algorithm to select the most
relevant genes for a disease from gene expression
microarray data. The biomarkers were validated by
repeated training experiments and showed that the
BIRF outperforms the state-of-the- art methods.
Hemant et al(2007) discussed the variable
importance and pairwise variable associations in
binary regression trees.
Ben Ishak et al(2016) compared SVR(Support
Vector Regression) and RF(Random Forest) for the
purpose of variable importance assessment. He
concluded that the SVR score is recommended for
variable ranking in linear situations and RF score is
preferable in non-linear cases.
Hapfelmeier et al(2013) developed a new approach
which can also be used to control the test-wise and
family-wise error rate. He introduced a method that
rates the relation between a variable and the outcome
and other informative variables in the framework.
Arpita Nagpal et al (2018) developed a new feature
algorithm which selects the appropriate selection
feature set and overcomes the challenges with
microarray data.
Vijendra singh et al(2018) proposed a feature
selection algorithm for high dimensional data sets.
He compared the proposed algorithm with FastCorrelation Based Filter(FCBF) , a Fast Clusteringbased Feature selection algorithm(FAST) and
Random Forest on nine real-world cancer datasets
and proved that the proposed algorithm works better
in terms of classification accuracy.
Hong Han et al(2016) proposed a new method which
is based on Random forest to select the variables
using Mean Decrease Accuracy(MDA)

and Mean Decrease Gini(MDG) and he
demonstrated that the proposed method is powerful
in both accuracy and CPU time.
Elnaz Pashaei et al(2016) used RFR(Random Forest
Ranking) and BBHA-Binary Black Hole Algorithm
for gene selection and showed that by selecting the
least number of informative genes increases the
prediction accuracy.
Chan Hee Park et al(2014) proposed a new feature
selection method which is based on newly designed
nearest-neighbor ensemble classifiers and shown
that proposed method performs better especially
when the number of features exceeds the number of
observations.
Newton et al(2001) considered the problem of
inferring fold changes in gene expression from
cDNA microarray data. The methods are tested via
simulation.
Peter et al(2008) performed a review through the
workflow of a typical microarray experiment and
showed that decisions made at each step from choice
of platform through statistical analysis methods are
all sources of this variability.
Dengju Yao et al(2015) developed a novel random
forest based feature selection method which
combines generalised sequence backward searching
and generalised sequence forward searching
strategies and showed that the proposed method
improved the classification accuracy and also
reduces the computation time of the feature
selection.
Yunsong Qi et al(2011) proposed a method for
ranking genes and estimated a threshold above which
genes are differentially expressed. The proposed
method is more sensitive to data sets with small
differentially expressed values.
Zhang et al(2009) provided theoretical insight on the
drawback of the double filtering procedure and
developed the theoretically most powerful likelihood
ratio test statistic.
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B. R Language

III METHODS
A. Data Set
The gene expression dataset was taken from the
Gene Expression Omnibus. GEO is a public
functional genomics data repository. The gene
expression dataset was taken from the Gene
Expression Omnibus. Gene expression data are
usually presented in a matrix form.
GSE12288 dataset has 222 samples and 22,282
genes. Patients who went for coronary angiography
are selected based on the Duke CAD index. 110
patients are affected with CAD whose CAD i value
is greater than 23 and 112 patients without CAD
whose CADi = 0.
GSE9820 dataset has 153 samples and 20,859
genes. 86 patients are affected with severe triplevessel CAD and 67 patients are not affected with
CAD.
GSE20681 dataset has 198 samples and 45,015
genes. Expression proﬁling of all blood cells from
patients are taken before cardiac catheterization.
From 198 samples, 99 patients have ≥ 50% stenosis
by QCA-Quantitative coronary angiography, 99
patients have luminal stenosis of < 50% by QCA.
GSE42148 dataset has 24 samples and 62,972 genes.
Out of 24 samples, 13 samples with angiographically
confirmed coronary artery disease (CAD) between
ages 40 - 55 years and 11 population-based
asymptomatic controls with normal ECG and
matched for age, gender and common risk factors
such as diabetes and hypertension to that of the cases
The description of gene dataset is tabulated in table
1.
Table 1. Description of dataset
Datasets

Sample
size

R is an open source language. It is used to do
manipulation and analysis of various data's in the
datasets. Different plots can be made using R and it
is used for software development activities in
machine learning, data mining and in variety of
fields. It is an effective, extensible and abundant
environment for various statistical computations and
graphics. One of the key features of R language is
that it supports user-created R packages and we can
import data containing variety of file formats such as
CSV (Comma Separated Values), XML(), binary
files.
R language has various data structures. It includes
vectors, matrices, arrays, data frames (similar to
tables in relational database in DBMS) and lists.
There are many packages available for R and we can
use the package whenever we need. There are
various interfaces are available for R language.
Among them RStudio is commonly used interface.
C. Hierarchical Clustering
Hierarchical Clustering is the best popular method
for gene expression data analysis. In hierarchical
clustering, genes with similar expression patterns are
assembled together and are connected by a series of
branches (clustering tree or dendrogram).
Experiments with like expression profiles can also be
grouped together using the same method.

Steps in Hierarchical clustering
1. Cluster both genes and samples
2. Calculate Euclidean Distance

Genes
Count

No.of
Classes

GSE12288 222

22,282

2

GSE9820

153

20,589

2

GSE20681 198

45,015

2

GSE42148 24

62,972

2

3. Perform Average Linkage
In order to determine the cluster to cluster distant
linkage method is used. Three linkage
methods are available.
In single-linkage clustering, the distance between
one cluster and another cluster is taken and should be
be equal to the shortest distance from any
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member of one cluster to any member of the other
cluster.

Index. It is used for calculations of splits during
training.

In complete-linkage clustering, the distance between
one cluster and another cluster is taken and should be
equal to the greatest distance from any member of
one cluster to any of the member of the other cluster.

Gini Impurity Index

In average-linkage clustering, we consider the
distance between one cluster and another cluster to
be equal to the average distance from any member of
one cluster to any of the member of the other cluster.
D. Log Transformation of Data
Gene expression levels are greatly skewed in linear
scale: half of the data-point (the lower expressed
genes) are between 0 and 1 (with 1 meaning no
change), and the other part (the higher expressed
genes) between 1 and positive infinity. Consider the
case where the normalized expression levels are
0.1 (A), 1 (B) and 10 (C) for 3 samples (A-C) under
study. We understand that sample A has a ten-fold
lower expression compared to sample B, and that C
has a ten-fold higher expression compared to B.
However, in linear scale A and B are much closer
(similar) to each other than B and C (0.9 units versus
9 units). A parametric statistical test will be biased
and not appreciate that A and C are equally

Gini Importance is the measure of every time a split
of a node is made on variable, the gini impurity
criterion for the two descendant nodes is less than the
parent node. Adding up the gini decrease for each
individual variable over all trees in the forest gives a
fast variable importance that is often very consistent
with the permutation importance measure.
There are several different methods of evaluating
attribute importance for Random Forests model such
as
MeanDecreaseAccuracy,
MeanDecreaseGini.
We
are
using
MeanDecreaseGini - a measure of variable
importance based on the Gini impurity index used for
the calculation of splits during training. Each time a
split of a node is made on variable, the Gini impurity
criterion for the two offspring nodes is less than the
predecessor node. Counting up the Gini decreases for
individual variables over total amount of trees in the
model gives a quick feature importance that is
usually consistent with the permutation significance
measure.
The Gini impurity index is defined as
n

between A and B, and between B and C becomes
equal (1 log10 unit, as the log10 values of A, B, and
C are -1, 0 and 1).
Log transformation makes the data more
symmetrical and so the parametric statistical test
provides a more accurate and relevant answer.
E. Random Forest
Random Forest is a method that combines various
decision trees to predict or classify the datas.
Random forests are used to rank the importance of
variables in a regression or classification problem.
Mean decreaseGini is a measure of variable
importance based on the Gini Impurity

c

G   Pi (1  Pi )

different from B. Upon log transformation (I use
base 10 here, but any base will do), the distance

(1)

i 1

Where nc is the number of classes in the target
variable and Pi is the ratio of this class. Therefore in
binary classification case G is maximized for the
sample with equal amount of instances of each class
and minimized for the homogeneous sets:
The importance is then calculated using the
equation. 2 and it is averaged over all splits within
the
Importance(variable) =Gparent – Gsplit1 –Gsplit2 (2)
forest involving the predictor in question.
Variable importance is the average conditional on
the variable used and the meanDecreaseGini of the
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group would be the mean of these importances and
weighted on the share. This variable is used within
the forest compared to the remaining variables in the
same cluster.
Measures of variable importance: ranking
An important feature of RF is that it provides a
rapidly computable internal measure of variable
importance (VIMP) that can be used to rank
variables. This feature is especially useful for highdimensional genomic data. Two commonly
evaluated importance measures are node impurity
indices (such as the Gini index) and permutation
importance. In classification, the Gini index
importance is based on the node impurity measure
for node splitting. The importance of a variable is
given as the Gini index reduction for the variable
summed over all nodes for each tree in the forest,
normalized by the number of trees.
IV. PROPOSED METHODOLOGY
The main objective of this research is to identify the
differentially expressed genes ie. marker genes
which is responsible for cardiovascular disease.
The following steps are used in this work for
cardiovascular disease prediction.
1. Load the dataset
2. Check the behavior of the data
3. Check the behavior of the data after logtransformation
4. Hierarchical clustering of the "samples"
based on the correlation coefficients of the
expression values.
5. To select genes we iteratively fit random
forests, at each iteration building a new forest
after discarding those variables (genes) with
the smallest variable importances.
6. Find the variable importance using random
forest by measuring the Gini Impurity.
nc

Gini Impurity Index G   Pi (1  Pi )
i 1

Importance(variable) =Gparent – Gsplit1 –Gsplit2
7. Get subset of expression values for 25 most
important genes.
8. Visualization of results.
Procedure for gene selection using Random
Forest with Giniindex
1. Start: Ranked Gene Set R=[ ]

Selected subset s= [1…d];
2.Repeat until all features(genes) are ranked
(i) Train t decision trees on subsamples of the
original training data, with features in Set S as input
variables.
(ii) Compute and normalize the data with log
transformation.
(iii) Compute the ranking scores fi for features in S
using G(Gini Impurity Index).
(iv) Find the gene with the largest variable
importance.
a=argmaxi fi and b=argmini fi
(v) Update R= [a,R], S=S- [a]
3. Output : Ranked gene list

V. EXPERIMENTAL RESULTS AND
ANALYSIS
A. Variable Importance using Random Forest
GINI importance measures the average gain of
purity by splits of a given variable. If the variable is
worthwhile, it tends to split mixed labeled nodes into
pure single class nodes. Splitting by a permuted
variables tend neither to extend nor decrease node
purities. Permuting a suitable variable, tend to give
relatively large decrease in mean gini-gain. GINI
importance is closely related to the local decision
function and the random forest uses to select the best
available split. Therefore, it doesn't take a lot of time
to compute. Gini importance is overall
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inferior to variable importance as it is relatively more
biased, more unstable and tend to answer a more
indirect question.

the records are "B", a record randomly labeled based
on the composition of that group has a 50% chance
of being labeled incorrectly).

Fig 2. Top Ranked Genes for GSE42148

Fig. 1. Variable Importance using Random Forest
The above graph shows the gene ranking based on
the variable importance. This variable importance is
the measure of gini impurity index. Based on the gini
impurity index, the genes are ranked. The ranking is
done based on the value of gini index, if the gini
index value is small then that gene is given higher
rank.
Fig 3. Top Ranked Genes for GSE12288
For Asian Dataset (GSE42148) the top 25 genes
which are responsible for causing the heart disease is
plotted in the figure 2.
The top ranked genes for GSE12288, GSE9820,
GSE20681 is shown in the figure 3, figure 4 and
figure 5 respectively. The plotting is based on the
value of meanDecreaseGini. Mean decreaseGini is a
measure of variable importance based on the Gini
Impurity Index. It is used for calculations of splits
during training. Gini Impurity measures how
frequently a randomly chosen record from the data
set used to train the model. It will be incorrectly
labeled if it was randomly labeled according to the
distribution of labels in the subset (e.g., if half of the
records in a group are "A" and the other half of

Gini Impurity reaches zero when all records in a
group fall into a single category (i.e., if there is only
one possible label in a group, a record will be given
that label 100% of the time). This measure is
basically the probability of a new record being
incorrectly classified at a given node in a Decision
Tree which is based on the training data. Gini
importance can be leveraged to calculate Mean
Decrease in Gini, which is a measure of variable
importance for estimating a target variable. Mean
Decrease in Gini is the average (mean) of a variable’s
total decrease in node impurity, weighted by the
proportion of samples reaching that node in each
individual decision tree in the random forest. This is
effectively a measure of how important a variable is
for estimating the
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value of the target variable across all of the trees that
make up the forest. A upper Mean Decrease in Gini
shows higher variable importance. Variables are
sorted and displayed in the Variable Importance Plot
created for the Random Forest by this measure. The
most important variables to the model will be highest
in the plot and have the largest Mean Decrease in
Gini Values, conversely, the least important variable
will be lowest in the plot, and have the smallest Mean
Decrease in Gini values.

The most important variables obtained from the
variable importance plot is used for PCA, CDA or
other analyses. We should look for a large break
between variables, to decide how many important
variables to choose. This is an important tool for
reducing the number of variables for other data
analysis techniques, but you should be careful not to
have either too few variables (that won't separate the
data) or too many variables (that will over explain
the differences).

VI. CONCLUSION
Gene selection is an important part of microarray
data analysis due to the large dimension of data.
Therefore, the selection of marker genes among
thousands to diagnose heart disease is very
important. It can help the clinicians to make correct
decisions to treat the patients with heart disease. The
objective of our work is to identify the top most
candidate genes responsible for heart disease. The
top most 25 candidate genes are highly expressed in
nature. Random Forest is used for finding the
important attributes which contribute more towards
the diagnosis of heart disease which indirectly
reduces the number of tests taken by the patient. It
combines the concept of random forest and gini
impurity index in order to get the candidate genes.
The algorithm proposed in this paper is for gene
selection for a particular training set in high
dimensional data, such as microarrays .In the future,
incorporating pathways into gene selection should
help enhance the predictive ability and
interpretability of the findings.

Fig 4. Top Ranked Genes for GSE9820
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