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ABSTRACT

The use of dimensionality reduction techniques is a keystone for analyzing and interpreting high dimensional data.
These techniques gather several data features of interest, such as dynamical structure, input-output relationships, the
correlation between data sets, covariance, etc. Dimensionality reduction entails mapping a set of high dimensional data
features onto low dimensional data. Motivated by the lack of learning models’ performance due to the high
dimensionality data, this study encounters five distinct dimensionality reduction methods. Besides, a comparison
between reduced dimensionality data and the original one using statistical and machine learning models is conducted

thoroughly.
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1. INTRODUCTION

Despite the fact that Machine Learning Algorithms
(MLAs) can handle large amounts of data [1], their
efficiency degrades as the dimensionality of the data
grows. [2]. Real-world data, such as speech signals,
usually encounters a high dimensionality of features. A
high number of features may slow down the induction
process while giving similar results as obtained with a
much smaller feature subset. To handle such real-world
data effectively, data dimensionality requires to be
decreased. Dimensionality Reduction (DR) is the
makeover of high-dimensional data into a significant
interpretation of diminished dimensionality. The
fundamental dimensionality of data is the least number of
parameters required to report for the observed attributes
of the data [3].

Dimensionality reduction is essential in a variety of
different areas since it diminishes the dimensionality and
other unsought attributes of high-dimensional features
[4], [5]. Usually, dimensionality reduction was
performed using numerous statics methods such as
Principal Components Analysis (PCA) [6], Linear
Discriminant Analysis (LDA) [7], Singular Value
Decomposition (SVD) [8], etc. Figure 1 displays a
taxonomy of dimensionality reduction techniques along
with their approaches. The taxonomy is subdivided into
two main methods, which are reducing features
dimension or selecting important features. In the first
method, a combination of new reduced features is to be

presented, known as, dimensionality reduction. Whereas
in the second one, only the most important features are
kept, known as features selection.
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Figure 1. Dimensionality reduction taxonomy

The major motives for employing dimensionality
reduction in machine learning are to enhance each of the
prediction performance and the learning efficiency, to
deliver faster prediction demanding less information on
the original data, to decrease complexity and time of the
learning outcomes and allow well understanding of the
underlying procedure. This is very important when the
input vector is large such as speech processing related
problems [9], [10]. Lower data dimensions lead to less
computing time and complexity with much less storage.
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Additionally, fewer features help in the avoidance of
overfitting [11]-[14].

Feature reducing and selection can be used to project
data onto a lower dimensional space for subsequent
clustering, visualization, and other experimental data
analysis. These techniques can enhance classification
accuracy by reducing estimation errors associated with
finite sample size effects [15].

The rest of this paper is structured as follows: Section
2 discusses the techniques employed for dimensionality
reduction. The dataset description appears in Section 3.
Section 4 encounters several experiments along with the
attained results. Section 5 states the concluding remarks.

2. DIMENSIONALITY REDUCTION
TECHNIQUES

Techniques used to reduce the dimensions of a
particular data are a vital solution to be encountered due
to the enormous number of features that need to be
eliminated cautiously. The subsequent is the explanation
of the five techniques of some of these techniques. The
following Figure 2 structure is the input and output
targeted for each technique.
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Figure 2. The general structure of DRTs steps

where, X is the input corpus (in high dimension), “m X 1”
is the dimension of the X. Also, Y is the output corpus (in
low dimension), where “m X k is the dimension after
applying DRTs. “m” is number of data points.

2.1 Principal Components Analysis (PCA)

PCA is a multivariate statistical method that uses an
orthogonal transformation and an effective method to
improve computational time and accuracy. PCA
describes as much variance as possible with the smallest
number of variables, where an examination of the
relationships between a group of variables. Additionally,
to extract the essential information from the data and to
convey this information as a set of other orthogonal
variables called principal components. In mathematical
phrases, n correlated random variables are transformed
into a set of d < n uncorrelated variables. These
uncorrelated variables are linear combinations of the
original variables and can be utilized to convey the data
in a reduced form [6]. Assume that a dataset x(1), x(2),
...... , Xx(m) has d dimension inputs. d-dimension data has

to be reduced to k-dimension (k<<d) using PCA. The
steps of PCA is described as follows [16]:

1) Standardization of the raw data: The raw data should
have unit variance and zero mean.
i_ x]L —%j vj 1
Xj = o‘—j ] ( )
2) Compute the raw data's covariance matrix as follows:
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3) Calculate the covariance matrix's eigenvector and
eigenvalue as presented in Equation (4).
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4) The raw data must be translated onto a k-dimensional
space: The top k eigenvectors of the covariance
matrix are selected. These will be the data's
new original foundation. Equation (5) shows how to
calculate the equivalent vector.
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Following that, if the raw data has n dimensions, it
will be decreased to a new k-dimensional representation.

2.2 Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) is a linear,
supervised Feature Extraction (FE) method. Despite this,
some studies suggest that LDA can also be used as a
linear classifier [23]. LDA establishes a new feature
space in which to construct data with the purpose of
increasing class separation. It derives k different
independent features from a dataset's d independent
characteristics that best split the classes (dependent
features). As a result, the number of generated
components is less than the number of classes. LDA
constructs two scatter matrices at first, as seen in
Equations (6) and (7) [34]:

1) an in-between-class matrix (SMb) that shows the
distance between the means of each class.

2) A within-class matrix (SMw) computes the distance
between each class's mean and the data within that
class. Calculate the Figen values and respective
Eigen vectors of scatter matrices, then, to rank Eigen
vectors by their values in descending order.

3) Build matrix W (d X k) with k top Eigen vectors.

4) Transform X using W to obtain the new subspace
Y =XW

SMy, = Y7y Nie(uie — 1) (e — )" (6)
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where W is the overall mean, pk is the mean and m is the
number of classes. Also, Nk is and size of the
corresponding classes and “pk” is the class's mean
vector.

2.3 Singular Value Decomposition (SVD)

SVD allows a precise interpretation of any matrix,
and likewise SVD is simple to eliminate the less
important components of that interpretation to provide an
estimated portrayal with desirable number of dimensions
[17]. Assuming that an mXn matrix is defined by X. As
per the following theory [18], the top k greatest singular
values are picked.

1) U is a column-orthonormal matrix with m X
k columns. The dot product of any two columns in this
matrix is 0, and each column is a unit vector.

2) V is a column-orthonormal matrix with n X
k columns. The rows of V7 that are orthonormal are
represented by V in its transposed form. The columns are
arranged in ascending order of importance.

3) S is a diagonal matrix with k X k elements. The
number of elements that are not on the main diagonal is 0.
The singular values of X are known as S elements.

4) If we divide a large matrix X into SVD components U,
S, and V, these three matrices are also large to store [19].
Then,

Xmxn= UmxkSkxk(Vnx k)T ®)

The SVD principle recovers a k-low dimension from
the input matrix X, as shown in Equation (9), where U, S,
and VT are truncated forms of U, S, and VT, respectively.
Only the top k single values are saved in Y in this case.

2.4 t-Distributed Stochastic Neighbor
Embedding (t-SNE)

t-Distributed Stochastic Neighbor Embedding (t-
SNE) is an unsupervised and nonlinear approach which
represents low-dimension data from high-dimension data
while preserving the substantial structure of the original
data [20]. Mainly, The perception of how data is
organized in a high-dimensional space is provided by t-
SNE. In spite of receiving high performance,
Dimensionality Reduction Algorithms (DRTs) are not
frequently effective in visualizing high-dimensional data
[20]. The t-SNE transforms high-dimensional Euclidean
distances into conditional probabilities showing data
similarity for each set using Stochastic Neighbor
Embedding (SNE) [21]. The conditional probability p,p,
defined in the equation below, exemplifies the
resemblance of data x, to data x, [20]:

—llxp— xql?
Palp = — 22 (10)
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Equation (10) calculates the distance between two
data points x,and X}, using a Gaussian distribution over
Xy, and a given variance of 62, where it differs for each
data set and is chosen so that data from dense areas have
smaller variance than data from sparse areas [20]. Then,
a "Student t-distribution" is utilized as a substitute of
utilizing the Gaussian distribution with one degree of
freedom, close to the Cauchy distribution, is used to get
the second set of probabilities ( Qp ) in the low
dimension space [22]. If the low dimension data ya and
yp are precisely mapped from the high dimension data x,
and xy, then the similarity between p,, and Q,), happen
to be equivalent. As a result, from low to high
dimensional spaces, t-SNE reduces the difference
between these two probabilities. As illustrated below, this
difference is calculated by maximizing the cost function
() of the sum of Kullback—Leibler differences [22]:

Palb
11
Qalb ( )

@ = Za Zb pa|b log

In short, the t-SNE technique can be summarized as
the following steps:

1) Apply SNE to X to calculate the conditional
probabilities p,j, and Qq)p.-

2) Map X to Y by minimizing the difference between
Pajb and Qq, based on the cost function .

2.5 Independent Component Analysis (ICA)

ICA technique is a supervised and linear feature
extraction method that produces statistically independent
new features by decreasing the second order and higher
order dependencies in a dataset [23]. The difference
between ICA and other FEAs is that ICA looks for non-
Gaussian, statistically independent features. PCA, for
instance, aims for the best representations of the data,
while ICA looks for the most independent (from one
another) representations. At the start, ICA decomposes
the data X as follows [24]:

X > AS (12)

where S is the basis coefficient and A is the mixing
matrix (the features are as independent as possible). ICA
generates data Y by choosing the top k independent
components from a data set to generate k dimensions:

Y = Ax.Sk (13)

The components can be attained in particular
sequence and scales [24]. ICA considered as a unique
circumstance of the “blind source separation” issue
recognized in the signal processing arena [25], in which
The separation of original signals from mixed data with
hardly any information about the source signals or the
mixing process is the emphasis of ICA. It's important to
keep in mind that the “Scikitlearn” tool makes use of
"FastICA" to make ICA computationally and memory
efficient. As a result, the following actions need be
followed to achieve ICA:

1) Decompose X to A and S.
2) Select top k independent components.
3) Build Y by using k components.
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The key concepts of Dimensionality reduction
techniques are summarized in Table 1.

Table 1. Conceptual comparison of dimensionality
reduction techniques

Techniques Goal and Weaknesses Comp utatl'onal
Strength complexity
Mo Lot
PCA . linear O(d’n +1nd)
low noise roiection
sensitivity pro)
Maximize Suffer from
class 0O(d’n), n>d;
LDA class . . 3
. singularity O(d® ), d>n
separation :
issue
Minimum Not suitable
SVD construction | for nonlinear O(d’n +1nd)
error data
Provide only
-SNE Preserve local 2 or 3 o)
structure
features
Maximize .
ICA statistical | oduIrehigh o gy
. training time
independence
3. DATASET DESCRIPTION

The assessment of the dimensionality reduction
techniques performance is accomplished using the
ECG200 corpus that arrives with 96 features. The
database was structured by Olszewski as part of his thesis
in [26]. The ECG200 was examined by domain experts
and interpreted into two classes: ordinary heartbeat or
Abnormal (Myocardial Infarction), as shown in Figure 3.
Nevertheless, it includes only 200 observations in which
67 are Abnormal and 133 are Normal. Figure 4 depicts a
histogram of certain features chosen at random to depict
their distribution. As shown in this figure, the features
have distinct value distributions. Symmetric data, e.g.,
feature of column 29, have roughly similar shape on both
sides. Column 41's feature shows a multi-modal
histogram, which indicates there are two or more peaks
in this feature (local maxima). The mean is greater than
the median if a histogram is skewed to the right (e.g.,
feature of column 95). This occurs when skewed-right
data has some high values, driving the mean upward.
Whereas, column 50 exhibits a skewed left histogram,
with the mean smaller than the median. In this case, the
presence of relatively lower values lowers the mean for
this attribute. As a result, this dataset has a decent mix of
features associated with a wide range of distributions.
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Figure 3. The classes of heartbeat
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Figure 4. (a) Symmetric histogram, (b) Multimodal
histogram, (c) Skewed-right histogram, and (d) Skewed-
left histogram

4. RESULTS AND DISCUSSIONS

Evaluating the quality of the produced dataset will be
accomplished by comparing the correlation (in the matter
of p-value), F1-score, classification accuracy, precision,
recall, ROC curve, and run-time metrics. The
comparisons are performed between the original dataset
and the reduced one.

The p-value used to calculate the statistical
significance of an examination and is based on a
predetermined significance level. Table 2 demonstrates
the p-values for each DRTs. If the achieved p-value is
less than 0.05, then the result is statistically significant
[26]. After utilizing DRTs, lower p-values than the values
generated with the original dataset have been acquired.
For the evaluation, the LDA’s accuracy was not
considered as it yields to only one feature for this corpus.
Therefore, the new reduced dataset is of superior quality
to the original database.

The run-time in milliseconds (ms) of the six
transformed databases and the original is illustrated in
Table 3. SVM classifier with RBF kernel and other
classifiers are trained and tested on the new feature
spaces. Table 4 shows many MLAs based on the F1-score
before and after the DRTs are applied. For instance, KNN
returned an F1-score of 92 percent with a speed of 195.3
(ms) on the original data with 96 features. Followed by
SVM, an 89% of F1-score has been achieved with a speed
of 200 (ms). By employing SVM, there is a difference of
4% among the original and the top decreased feature
space (with PCA), which is substantial in the medical
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field. It is evident that the classifier using the reduced
features space outperformed the original one. Besides,
the KNN classifier with the PCA approach remarked the
fastest classification time with only 3.2 ms, where SVD
comes in second with seven (ms).

Table 2. Best P-value of initial and reduced databases

Dataset Dimension p-value
Initial 96 0.003
PCA 40 1.31e™
LDA 1 7.8¢77
SVD 30 6.7¢2
t-SNE 2 5.56e
ICA 26 0.000007

Table 3. Classification performance of decreased and
original databases using multiple MLAs in terms of run-
time (ms)

(statistical model) have roughly similar results. After
analyzing and evaluating the tables, a decent ranking
based on classification and data quality (correlation)
performance are both met. In terms of data quality, PCA
and SVD occupied first place, followed by ICA and t-
SNE, respectively. In terms of performance, ICA
remarked first place followed by PCA, SVD, and t-SNE,
respectively.

Table 5. Classification performance of original and
reduced datasets using multiple MLAs in terms of
accuracy

Dataset Dimension SVM | KNN GNB random forest
Original 96 0.89 0.92 0.82 0.86
PCA 40 0.95 0.93 0.94 0.93
LDA 01 0.98 0.96 0.96 0.97
SVD 30 0.95 0.93 0.94 0.87
t-SNE 02 0.89 0.94 0.83 0.89
ICA 26 0.95 0.94 0.85 0.89

Dataset Dimension SVYM KNN GNB random forest
Original 96 200.1 1953 | 180.0 190.5
PCA 40 3.600 3.200 | 3.000 3.500
LDA 01 0.010 0.008 | 0.007 0.010
SVD 30 7.000 7.000 | 5.000 6.000
t-SNE 02 156.5 155.0 | 145.7 150.9
ICA 26 13.00 12.80 | 10.74 12.50

Table 4. performance of original and reduced datasets
using multiple MLAs in terms of F1-score

Dataset Dimension SVYM KNN GNB random forest
Original 96 0.89 0.92 0.81 0.86
PCA 40 0.95 0.93 0.88 0.87
LDA 01 0.98 0.97 0.96 0.97
SVD 30 0.94 0.94 0.93 0.87
t-SNE 02 0.89 0.94 0.85 0.89
ICA 26 0.93 0.93 0.85 0.90

The classification performance of original and reduced
datasets using multiple MLAs in terms of accuracy is
shown in Table 5. In this table, the KNN classifier
performed the best among the other MLAs. However, the
SVM classifier surpassed the other classifiers when
DRTs were applied except for t-SNE. Further important
metrics can be illustrated through precision and recall.
Table 6 the precision and recall of original and reduced
datasets operating multiple MLAs. Results show that
SVM (machine learning model) and random forest

Table 6. Precision and recall of original and reduced
datasets using multiple MLAs

Dataset P/R SVM | KNN GNB random forest

P 0.88 0.92 0.79 0.87
Original

R 0.88 0.86 0.80 0.83

P 0.93 0.92 0.88 0.88
PCA

R 0.93 0.93 0.88 0.86

P 0.98 0.98 0.96 0.97
LDA

R 0.98 0.97 0.95 0.96

P 0.95 0.93 0.86 0.89
SVD

R 0.95 091 0.86 0.83

P 0.89 0.94 0.84 0.88
t-SNE

R 0.88 0.94 0.82 0.84

P 0.94 0.94 0.85 0.87
ICA

R 0.94 0.93 0.85 0.84

*P: precision, R: recall

One more significant metric called the ROC curve has
been employed in the evaluation. ROC curve is short for
Receiver Operating Characteristic Curve. ROC signifies
the graphical scheme that characterizes the analytical
ability of a classifier structure as its discernment
threshold is altered. An example of ROC curves outputs
on the GNB classifier has been visualized in Figure 5 in
four main conditions: using each of t-SNE, ICA, PCA,
and SVD, and without using any DRTs (original).
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Figure 5. Applying DRTs on GNB classifier (a) without
DRTs, (b) t-SNE, (c) ICA, (d) PCA, and (e) SVD

5. CONCLUDING REMARKS

The database for ML As should be of great quality and
should note trivial or redundant information; else,
performance will be unreliable. Due to that, this article
presents five distinct Dimensionality Reduction
Techniques (DRTs). Moreover, a thorough examination
was performed via multiple assessments including the
comparison between the MLAs' performance before and
after applying DRTs. The performance of each MLAs
using each of PCA, LDA, SVD, t-SNE, ICA was
conducted. Results are empirically evaluated based on
the p-value, precision, recall, classification accuracy, F1-
score, ROC curve, and run-time metrics. Two main
interpretations are remarked, where data quality and
classification accuracy improved when DRTs were used.
Besides that, in the majority of situations, nonlinear
DRTs performed better than linear ones.

One of this paper's limitations is the utilization of one
dataset with no parameters optimization. Besides, more
DRTs should be tested and compared with each other.

For future study objectives, an exploration of the
performance of deep learning with DRTs on high
dimensional databases will be performed along with
parameter optimization. As well, DRTs are to be
explored on multiple complex databases, such as multi-
label data and multi-dimensional time-series.
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