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Abstract Linear discriminant analysis (LDA) is a very popular method for dimen-
sionality reduction in machine learning. Yet, the LDA cannot be implemented directly
on unsupervised data as it requires the presence of class labels to train the algorithm.
Thus, a clustering algorithm is needed to predict the class labels before the LDA can
be utilized. However, different clustering algorithms have different parameters that
need to be specified. The objective of this paper is to investigate how the parame-
ters behave with a measurement criterion for feature selection, that is, the total error
reduction ratio (TERR). The k-means and the Gaussian mixture distribution were
adopted as the clustering algorithms and each algorithm was tested on four datasets
with four distinct clustering evaluation criteria: Calinski-Harabasz, Davies-Bouldin,
Gap and Silhouette. Overall, the k-means outperforms the Gaussian mixture distribu-
tion in selecting smaller feature subsets. It was found that if a certain threshold value
of the TERR is set and the k-means algorithm is applied, the Calinski-Harabasz,
Davies-Bouldin, and Silhouette criteria yield the same number of selected features,
less than the feature subset size given by the Gap criterion. When the Gaussian
mixture distribution algorithm is adopted, none of the criteria can consistently select
features with the least number. The higher the TERR threshold value is set, the more
the feature subset size will be, regardless of the type of clustering algorithm and the
clustering evaluation criterion are used. These results are essential for future work
direction in designing a robust unsupervised feature selection based on LDA.
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1 Introduction

Data with large number of features or variables are known as high dimensional
data. The number of features of high dimensional data can be two, tens, hundreds,
thousands or even up to millions. The larger the number of features means the higher
the dimension of the data. Data of high dimensionality are often associated with the
problem of high complexities in modelling. In many cases, some of the features are
highly correlated and redundant [11]. Therefore, a pre-processing step that transforms
high dimensionality data into lower dimensionality data is necessary and thereby
allow significant features to be identified.

Lots of work were devoted on dimensionality reduction using mutual information
stated in [8] and [22], correlation-based criterion stated in [5] and [21], principal
component analysis (PCA) stated in [1] and [23] and linear discriminant analysis
(LDA) stated in [2] and [14]. The LDA-based method is one of the popular approaches
for feature selection. The focus of LDA is to maximize the separation of multiple
classes. It has high performance in classifying unknown dataset and works by finding
the discriminating function that gives clear separation of the data samples.

LDA has shortcomings when the data is unsupervised since it was specifically
designed for supervised data. In particular, the number of class labels of the data is
required for the LDA to be utilized. Nevertheless, it still can be adopted for unsuper-
vised data by performing some clustering onto the data so that the number of class
labels can be predicted in advance [24].

It is worth to note that a combination of LDA and k-means clustering algorithm is
believed to offer higher classification accuracy compared to a combination of PCA
and k-means or just k-means alone [6]. In addition, a combination of LDA with
Gaussian mixture clustering is expected to perform well in nonparametric regression
[9].

This paper aims to present an analysis of how the number of selected features
behave using LDA-based feature selection under different clustering algorithms and
clustering evaluation criteria. Note that the feature selection method being used is
an unsupervised approach. The fewer the number of features selected, the better the
clustering algorithm and the clustering evaluation criterion.

The next section of this paper discusses the clustering algorithms and clustering
evaluation criteria that were used to group the samples of the data sets before the
LDA-based feature selection can be carried out. The discussions are given in Sect. 2.1
and Sect. 2.2, respectively. The feature selection method applied for the observa-
tion is explained in brief in Sect. 2.3, while Sect. 3 describes how the experiment
was performed. Section 4 is reserved for presenting the results and discussing the
experimental findings. Finally, Sect. 5 delivers some concluding remarks of the study.
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2 Related Works

2.1 Clustering Algorithms

Clustering is a process of creating a number of clusters by dividing the data based
on their characteristics [19]. Clustering algorithms are used to solve classification
problems involving data that do not have target or dependent variables. They will
put together the data samples which are similar to each other in the same cluster
while separating them as different as possible from other clusters. In this paper, two
clustering algorithms are considered: k-means and Gaussian mixture distribution.
These two clustering algorithms were chosen for the analysis as they have distinct
clustering approaches. The k-means is a hard-clustering method [12, 17]. On the
other hand, Gaussian mixture distribution is a soft clustering method [10, 25]. Hard
clustering methods assign the data points only to a cluster only while soft clustering
methods may put data into different clusters.

k-means. The k-means is a clustering algorithm that makes centroid a base cluster
and minimizes the sum of distances between the data samples and their respective
cluster centroid. There are many ways of measuring the distance, but Euclidean
distance is the most commonly used [20]. The k-means has been proven easy to use,
consume less memory and has high computation efficiency when compared to other
clustering algorithms [18].

Gaussian Mixture Distribution. Gaussian mixture distribution is a clustering algo-
rithm based on the superposition of multiple Gaussian distributions which is also
known as Gaussian mixture model (GMM). The advantage of using the Gaussian
mixture distribution is that it can create a model-based framework where the number
of clusters and contribution of each feature in the clustering process can be shown
[16].

2.2 Clustering Evaluation Criterions

Clustering evaluation criterion is a core component in finding different groups in data.
Basically, an evaluation criterion is a distance value that quantifies which group a
sample belongs. There are many criteria that can be used to determine the best division
with an optimal number of clusters for a dataset. Four of them are discussed below:
Calinski-Harabasz index, Davies-Bouldin index, Silhouette index and Gap statistic.

Calinski-Harabasz. The Calinski-Harabasz focuses on the ratio of the sum of
cluster scattering within a cluster and cluster scattering between the clusters. Higher
ratio indicates that the clusters are stable and have a good division between different
clusters. This criterion is a good choice when quick results are desired as it is simple
and thus can be computed within a short time.
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Davies-Bouldin. The Davies-Bouldin evaluates the cluster by comparing the
distance between clusters and the size of each cluster. The lower the index means,
the better the separation between the clusters. It only needs a few controlled param-
eters to determine the number of clusters [26]. However, this criterion is limited to
Euclidean distance only.

Silhouette. The Silhouette calculates the difference between the distance of points of
different clusters and the adjacency of points within the cluster. The difference is then
compared to the maximum distance of points of different clusters or the maximum
adjacency of points within the cluster. The higher the index value means the better
the separation of the clusters. This criterion has its benefit as it can determine whether
the data lying in the correct cluster, incorrect cluster or overlapping cluster. It also
has been proven to give higher performance efficiency in predicting the number of
clusters than the Calinski-Harabasz and Davies-Bouldin [3]. However, it has greater
complexity when compared to the Calinski-Harabasz and Davies-Bouldin.

Gap Statistic. The gap statistic compares the changes of dispersion within a cluster
with the expected error for the same number of clusters is under a null reference
distribution. However, the gap statistic is likely to fail if underestimation and overes-
timation of cluster occurred. Its performance was found to be relatively higher when
combined with k-means compared to basic k-means [7].

2.3 MSOLS Feature Selection Guided by LDA

Multiple sequential orthogonal least squares (MSOLS) algorithm is a feature selec-
tion and ranking method to that rank significant features by using principal component
analysis (PCA) to guide the selection [4]. In the method, the principal components
are treated as dependent variables while the original features are taken as indepen-
dent variables in the multiple regression models. The measurement criterion used
to rank features importance in the MSOLS method is called as total error reduction
ratio (TERR). In this paper, a similar approach proposed by [4] is adopted. However,
instead of PCA, this paper utilizes the LDA as the dependent variables so as the
characteristics of the LDA is taken into account to guide the feature selection and
ranking. Detail steps to perform the LDA can be found in [15].

3 Methodology

Four public datasets were used to analyze how the number of selected features using
the LDA-based feature selection described earlier behave under different clustering
algorithms and clustering evaluation criteria. The clustering algorithms and clustering
evaluation criteria discussed in Sect. 2.1 and 2.2, respectively, were applied in the
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experiment. In addition, three different threshold values of the TERR criterion were
used to perform the observation: 80, 90 and 95%. One unsupervised dataset (Alate
Adelges) and three supervised datasets (Iris, Wine, and Breast Cancer) with neglected
class label were employed. Hence, 24 different tests were conducted for each dataset
based on the two clustering algorithms, four evaluation criteria and three threshold
values. Note that all features of the datasets are numeric values. The number of
selected features was recorded for every test.

The Alate Adelges dataset consists of 19 features which were collected based on
40 winged aphids. The full dataset can be found from [13]. The Iris Data consists of 4
features, collected from 3 classes of Iris plants where 50 observations were recorded
for each class. The Wine datasets consists of 13 features collected based on 178
observations from 3 types of wine. Meanwhile, the Breast Cancer dataset consists
of 10 features which were collected based on 699 observations. The Iris, Wine, and
Breast Cancer datasets can be obtained from the UCI Machine Learning Repository.
The overall flowchart is shown in Fig. 1.

4 Results and Discussions

The results of the experiments on the four datasets are given in Table 1, Table 2, Table
3, Table 4, Table 5, Table 6, Table 7 and Table 8. It can be observed that the k-means
algorithm shows either lower or same average number of selected features than the
Gaussian mixture distribution algorithm for all threshold values being considered
except for the case 95% threshold value when tested with the Alate Adelges dataset.
This proves that the feature selection method selects a smaller number of features
when coupled with the k-means algorithm. The Calinski-Harabasz, Silhouette and

Table 1 Number of selected features of Iris dataset at different threshold values of TERR and
clustering evaluation criteria under the k-means algorithm

TERR threshold (%) | Clustering evaluation criterion Average
Calinski-Harabasz | Silhouette ‘Gap ‘Davies—Bouldin

Number of selected features

80 2 2 2 2 2
90 2 2 3 2 2
95 2 2 3 2 2
Average 2 2 2 2
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Table 2 Number of selected features of Iris dataset at different threshold values of TERR and
clustering evaluation criteria under the Gaussian mixture distribution algorithm

TERR threshold (%) | Clustering evaluation criterion Average
Calinski-Harabasz | Silhouette | Gap | Davies-Bouldin
Number of selected features
80 2 2 2 2 2
90 2 2 3 2 2.25
95 2 2 3 2 2.25
Average 2 2 2.67 |2

Table 3 Number of selected features of Alate Adelges dataset at different threshold values of
TERR and clustering evaluation criteria under the k-means algorithm

TERR threshold (%) | Clustering evaluation criterion Average
Calinski-Harabasz | Silhouette | Gap | Davies-Bouldin
Number of selected features
80 3 3 3
90 6 6 6 6.25
95 13 13 14 13 13.25
Average 7.33 7.33 8 7.33

Table 4 Number of selected features of Alate Adelges dataset at different threshold values of
TERR and clustering evaluation criteria under the Gaussian mixture distribution algorithm

TERR threshold (%) | Clustering evaluation criterion Average
Calinski-Harabasz | Silhouette | Gap | Davies-Bouldin
Number of selected features
80 4 4 3 35
90 7 7 6 6.75
95 12 12 13 10 11.75
Average 7.67 7.67 7.33 |6.67

Table 5 Number of selected features of Wine dataset at different threshold values of TERR and

clustering evaluation criteria under the k-means algorithm

TERR threshold (%) | Clustering evaluation criterion Average
Calinski-Harabasz | Silhouette | Gap | Davies-Bouldin
Number of selected features
80 7 7 8 7 7.25
90 10 10 10 10 10
95 11 11 11 11 11
Average 7.33 7.33 8 7.33
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Table 6 Number of selected features of Wine dataset at different threshold values of TERR and
clustering evaluation criteria under the Gaussian mixture distribution algorithm

TERR threshold (%) | Clustering evaluation criterion Average
Calinski-Harabasz | Silhouette ‘ Gap ‘ Davies-Bouldin
Number of selected features
80 7 7 7 8 7.25
90 10 10 10 11 10.25
95 11 11 11 12 11.25
Average 7.67 7.67 7.33 |6.67

Table 7 Number of selected features of Breast Cancer dataset at different threshold values of TERR
and clustering evaluation criteria under the k-means algorithm

TERR threshold (%) | Clustering evaluation criterion Average
Calinski-Harabasz | Silhouette ‘ Gap ‘ Davies-Bouldin
Number of selected features
80 5 5 4 5 4.75
90 8 8 7 8 7.75
95 9 9 8 9 8.75
Average 7.33 7.33 6.33 | 7.33

Table 8 Number of selected features of Breast Cancer dataset at different threshold values of TERR
and clustering evaluation criteria under the Gaussian mixture distribution algorithm

TERR threshold (%) | Clustering evaluation criterion Average
Calinski-Harabasz | Silhouette ‘ Gap ‘ Davies-Bouldin
Number of selected features

80 5 5 5 5

90 8 8 8 8

95 9 9 9 9

Average 7.33 7.33 7.33 |7.33

Davies-Bouldin clustering evaluation criteria shows the same average number of
selected features for each dataset under the k-means algorithm. This can be seen
from Table 1, Table 3, Table 5, and Table 7. In the meantime, the Gap statistic fail
to give a consistent pattern if compared to the other three criteria under the same

clustering algorithm.

If the Gaussian mixture distribution is considered, only the Calinski-Harabasz
and Silhouette evaluation criteria seem to show the same number of selected features
when the same threshold values are considered through all four datasets. However,
none of the criteria able to consistently select features with the least number when
the Gaussian mixture distribution is applied.
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It can also be observed that the number of selected features can increase signif-
icantly when the threshold value increases for all evaluation criteria, under both
clustering algorithms as depicted in Table 3 and Table 4. Thus, the higher the TERR
threshold value is set, the more the number of features may be selected, regardless
which type clustering algorithm as well as the clustering evaluation criterion.

5 Conclusion

This paper analyses how different combinations of clustering algorithms and clus-
tering evaluation criteria behave with an LDA-based feature selection. Through the
experiment, it can be inferred that the feature selection method selects a smaller
number of features when coupled with the k-means algorithm than the Gaussian
mixture distribution algorithm. The Calinski-Harabasz, Silhouette, and Davies-
Bouldin select the same number of features with the k-means algorithm, which is
better than the Gap clustering criterion. As for the TERR threshold value, the higher
the value is set, the more the number of features will be selected. Thus, one can
anticipate that a higher TERR value will lead to a better classification result.
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