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Abstract

With the rapid increase in number of clinical data and hence the prediction
and analysing data becomes very difficult. With the help of various machine
learning models, it becomes easy to work on these huge data. A machine
learning model faces lots of challenges; one among the challenge is feature
selection. In this research work, we propose a novel feature selection method
based on statistical procedures to increase the performance of the machine
learning model. Furthermore, we have tested the feature selection algorithm
in liver disease classification dataset and the results obtained shows the
efficiency of the proposed method.
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1 Introduction

Machine learning has been a recent trend to discover knowledge in medical
data that can help the clinical persons such as Doctors, Researchers, and
so on. Over the years, clinical based machine learning research works has
proved to uncover the hidden relationships and patterns in the medical data.
However the machine learning models needs many optimizations to enhance
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Figure 1 The five stages of KDD.

the accurate identification in the medical data. The knowledge discovery
has five stages known as data selection, pre-processing, data modification,
extraction of relationship and measuring evaluation. The various stages of
KDD is shown in Figure 1.

Liver is the largest organ inside a human body. The main purpose of
liver is to help in digestion and remove harmful substances from the body.
There are three reasons for a liver disease, they are virus attacks, heavy drugs
and alcohol usage and cancers. Detecting the liver disease can be done using
medical imaging methods such as Sonography, CT scans [15]. These methods
can cause harmful side effects. Hence much research works are introduced
which are based on machine learning approach [24]. This paper focuses on
proposing a new feature selection method to detect the liver disease with less
cost and high performance.

Feature selection is done to reduce the dimensions of input data and to
increase the speed and performance of the machine learning models [11].
Feature selection can be done in three ways namely filter [20]; wrapper [7];
and embedded [26]. Filter based method select the features based on their
statistical values such as correlation. A filter-based feature selection is gen-
erally model independent, that means no matter which model is used for
classification, the feature list recommendation is going to be same [8]. Filter
based methods are normally used to remove the features which have less
interaction with the target variable. Wrapper based feature selections are
model dependent and hence the recommended feature list fully dependent
on the target model [22]. If the model changes, then new set of features
are recommended [6, 9]. Generally, the wrapper-based methods increase the
computation time as it needs to check all the feature combinations before
it recommends the best combinations [13]. Finally, the embedded methods
combine both the filter based and the embedded based. Embedded methods
take the advantages of other two methods [14, 16].

In this research work, we have used embedded based feature selection
to find out the best possible features for each machine learning model and
finally embed the results to increase the performance [1, 3].
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The rest of the paper is as follows. Section 2 briefs about few existing
works and Section 3 talks about the problem definition. Section 4 explains
about the working of the instance replacement and the feature selection
method. Section 5 compares the feature selection method with six machine
learning models and finally section 6 presents the conclusion and future work.

2 Related Works

Feature selection is one of the wide techniques used in the field of machine
learning for the purpose of classification [2] uses a method known as mutual
information. Equation (1) shows the formula for calculating the mutual infor-
mation. The h(x) represents the entropy of an input variable x and the mutual
information also uses the conditional probability between x and y [31]. There
are lots of errors in this method that is why many research works ignore
this method. The MI works in greedy manner ignoring the overall optimal
results [32].

MI(x,y) = H(x)− h(x|y) (1)

One of the popular and most used method as feature selection in machine
learning domain is correlation [19, 23]. Correlation gives most promising
results many times. Correlation can reduce the high dimensions. There is
much research [4, 12, 18] which uses correlation to identify and remove the
irrelevant features from the input domain. Before the training process, the
correlation can be applied to retrieve the most predominant features [33].

A hybrid feature selection method which mixes both filters based and
wrapper-based approaches to obtain a good genetic FS (Feature Selection)
was proposed by [10]. They have done the process of feature selection in two
ways; the first way is the outer optimization where the features are selected
based on the global searching methodology. After the first stage is done, an
optimal sub set of features is obtained [21]. This is a wrapper based one
where the authors have used mutual information. Finally, the next level of
feature selection is done using filter method. The search is done locally to
reduce the redundancy and error [34, 35].

Irrelevant and redundant features are removed to avoid negative impact on
classification by [17]. The authors have used hybrid feature selection model
based on principal component analysis and information gain. The overall
training time and the number of dimensions is reduced by applying the hybrid
feature selection method.
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Table 1 Comparison of few related work

Reference Area Focused Comments

[27] Feature Normalization Feature normalization of non-structure features
needs to be focused to improve the accuracy of the
proposed classification model.

[28] Speed of classification The features are classified by using incremental
algorithm where a proper decision should be made
to select the optimal feature.

[29] Automatic Classification By using the semantic informations, the authors
have proposed a automatic classification model. If
a feature has multiple dimensions, then it is very
difficult to identify the correct class.

[30] Term Weighting The features in the instance are read and their
weights are computed based on the frequency of
occurrence. Proper steps should be made on
pre-processing stage to reduce the errors.

[31] Feature Selection The important features in the instance are identified
and given more weights. This will improve the
classification accuracy.

A tree-based feature selection was proposed by [25]. In their research, a
tree is constructed to measure the importance of an attribute. The features
are removed from the tree based on their importance. The removal process is
done recursively until only the most important features are left.

3 Problem Definition

Let the available data instances D be {(X1, Y1), (X2, Y2), (X3, Y3), . . .
(Xn, Yn)}, where X1, X2, X3, . . . , Xn is a n-dimensional vector which
represents each feature. The goal is to find M whereM ∈ n and |M | <= |n|.

The selected M features are highly correlated with the target class Y.
The machine learning models are then trained using a new set of features
{(X1, Y1), (X2, Y2), (X3, Y3), . . . (Xn, Yn)}, whereX1, X2, X3, . . . , Xn is a
m dimensional vector which represents the selected features.

4 Clustering Cum Embedded Feature Selection Algorithm

The first task is to select five features based on embedded feature selection
method for each machine learning model. The five features represent the top
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Figure 2 Architecture of the classification model.

important feature list for each machine learning model. The recommended
feature list varies between each feature.

Many research works focus on weighting schemes where each feature is
assigned different weights based on importance. In this work, we focus on
proposing a new weighting scheme called as instance replacement where we
replace a instance with another without affecting the meaning of the instance.
The number of instances is going to be same and the meaning of the instance
also remains as same, the only difference is the error is reduced.

Once the feature list has been built, the next step is to merge the instances
into classes. We have used the k-means clustering algorithm which is let
to run on each feature independently. Each value is replaced with the class
id which is determined by the k-means clustering. Equation (1) shows the
cost function of the clustering algorithm. Each instance is assigned to a
class which has the distance minimum. Figure 2 shows the architecture of
the clustering cum classification model. In the Equation (2), i represents the
number of instances and j represents the current cluster and D represents
the centroid of j which is found using the Equation (3). The final value j is
replaced in each instance. Equation (2) talks about the distance calculation.
Each point in the data space is compared with the cluster head and the total
cost is the sum of all the distances. If the sum is very low, then the error rate
has also reduced. Good performance can be achieved when the error rate is
very less.

CostFunction =

k∑
j=1

∑
i=j

‖xi −Dj‖2 (2)

Dj =
1

|n|
∑
i∈j

x(i (3)
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Table 2 Instance replacement

Feature 1 Feature 2 Feature 1 (Replaced) Feature 2 (Replaced)

1 100 1 1

1 102 1 1

2 159 1 2

2 170 1 2

3 99 2 1

Table 3 Dataset description

Name Mean Std Unique Values

Age 44.74614 16.18983 72

Gender – – 2

Total Bilirubin 3.298799 6.209522 113

Direct Bilirubin 1.486106 2.808498 80

Alkaline Phosphotase 290.5763 242.938 263

Alamine Aminotransferase 80.71355 182.6204 152

Aspartate Aminotransferase 109.9108 288.9185 177

Total Protiens 6.48319 1.085451 58

Albumin 3.141852 0.795519 40

Albumin and Globulin Ratio 0.947064 0.319592 73

The next issue is how to fix the number of clusters. A research work
done by [5] explains a maximization function which allows the method to
fix the number of classes. The number of classes varies for each feature. The
algorithm uses the Equation (4) iteratively starting from 2 to 25. The optimal
number of classes is fixed based on the maximum value of the equation.

An example of the instance replacement is shown at Table 1. There are
two features considered where the optimal values for both the features is 2.
Each instance is mapped with the corresponding class value as per minimum
distance defined by Equation (4).

f(x) =
k∑

i=1

πiN(x|µi,
∑

i (4)

After the instance replacement is done, there may be lots of duplication.
These duplications can be removed from the database to increase the speed
of the classification process. One more important advantage of this instance
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replacement is it reduces the range of values in each feature domain; hence it
becomes easy for the classification model to perform the classification.

5 Experiment and Result Analysis

We have used six classifiers (SVM, kNN, NB, RF, LR and DT) to test the
efficiency of the clustering cum feature selection algorithm. The dataset used
for the experiment is Indian Liver Disease dataset and the description of the
dataset is shown at Table 3. Linear SVM is used for the experiment. The
number of trees in random forest is 7. All the nodes are split using entropy
function in the decision trees. We have used Python programming language
with i7 Processor, 8GB RAM.

Instance replacement is the first thing performed after normalization and
other pre-processing methods. Figure 3 shows the distribution of instances
after replacement. There are totally 10 input features, and the optimal k value
are 11, 2, 8, 8, 5, 7, 8, 10, 6 and 5.

To test the efficiency of the proposed method, we have used four metrics
Accuracy, Precision, Recall and F1 score. K-Fold validation is used (k = 10)
and 70%–30% train-test split for validation purpose. Figure 4 shows the
performance result for all the machine learning models.

We have found that the performance of random forest and decision tree
has outperformed another machine learning model. This is because of the

Figure 3 Distribution of instance after performing instance replacement.
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Figure 4 Performance evaluation of clustering cum FS method.

Table 4 Performance of all classifiers in 10-fold and split

Models Accuracy Precision Recall F1-Score

k-Fold SVM 0.93 0.92 0.93 0.92

kNN 0.87 0.86 0.93 0.9

NB 0.9 0.89 0.92 0.91

RF 0.97 0.97 0.98 0.98

LR 0.9 0.93 0.9 0.92

DT 0.95 0.94 0.8 0.87

Spliting SVM 0.87 0.95 0.62 0.75

kNN 0.81 0.69 0.62 0.65

NB 0.82 0.77 0.94 0.85

RF 0.93 0.84 0.8 0.82

LR 0.83 0.8 0.93 0.86

DT 0.9 0.88 0.94 0.91

smaller number of values in each instance. This makes the branches to be
easily created and the division between the instance is made very simple. The
SVM classifier is also performing better because of the ability of it to work
in hyperplane. Table 4 displays the performance of all classifiers.
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6 Conclusion and Future Work

Considering the problem of feature selection in machine learning based
classification, this paper proposes a new instance replacement strategy which
reduces the redundancy and noises in the dataset. Six machine learning
models were used to test the performance of the instance replacement
based feature selection. Random Forest model seems to outperform all other
machine learning models because of the transformed data which reduces the
complexity of constructing the graph. The results fully verifies the proposed
feature selection has good performance.

In the future work, we aim to analyse statistical relationship and weight-
ing scheme to enhance the performance.
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