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Abstract. Dimension reduction is an important pre-processing for classification
problem and can improve the accuracy of classification technique. Thus the need of
Dimension reduction is crucial to reduce the dimension of data and extracted the
features that contain only most relevant information for the classification testing
purpose. The purpose of this paper is to investigate the use of Principal Component
Analysis (PCA) as a variable reduction for Support Vector Machine (PCA-SVM)
classification. For evaluation purpose, the other techniques used are Support Vector
Machine (SVM) and Artificial Neural Network (ANN) and both result will be
compared to the proposed technique, PCA-SVM. The result shows that the
implementation of PCA-SVM classification can improve the performance of SVM
using four variable. As a conclusion, integrated PCA- SVM give better performance
of classification compared to SVM and ANN.
Keywords: Machine learning, Variable Reduction, Principal Component Analysis
(PCA), Support Vector Machine (SVM), Artificial Neural Network
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Introduction

Forensic anthropology is a branch of biological anthropology. It has become the fastest
growing discipline and has objective to identify biological profile from the skeletal remains
or skeleton (Iscan,1980; Iscan and Olivera, 2000; Vaz and Benfica, 2008). Generally, there
are four important of biological profile which investigated namely determination of gender,
age, ancestry, and stature (Love and Hamilton,2011). Determining gender of an evidentiary
sample can be an important part of casework analyses (Varlaro and Reynold, 1996). Thus
gender identification is then used to investigate the age, ancestry and stature estimation.
Gender determination is the classification of an individual as either male or female from
skeletal part (Afrianty et al., 2015). Knowledge of the gender of an unknown set of remains
is essential to make more accurate for age determination and others (continuous) (Afrianty
et al, 2015). In determination of gender from skeletal part such as femur bones used must
be completed and available. Skeletal part draw more intention recently is femur bone. For
example femur bone are used in the work of gender identification conducted by (Steyn and
Iscan, 1997; Rissech et al.,2008; G. Mall et al.,2003; Bhosale and Zambare, 2013 ).
Previous study shows that researchers have used many classifications method to identify
gender from skeletal remain. Other classification technique such as Discriminant function
Analysis (DFA) has been used by many researcher; (Luo,1995; Jr et al.,1998; KemkesGronttenthaler, 2005; Patil and Mody,2005; Dixit et al., 2007; Zeybeck et al.,2008;
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Gonzalez, 2008,Jardin, 2009 ) and is found to be most famous used technique for gender
determination since it is easy to use, simple, quick and accurate without any need of
specific skill (Anuthama et al., 2011). However previous study shows that many researcher
consume all the attribute or variable of skeletal part for the gender identification.
According to Chen et. al, 2005, dimension reduction is important pre-processing for
classification and have potential to increase the performance of classification. This is due to
the data behaviours which consisting of irrelevant data, noisy and human error and might
affect the performance of classification. Thus the variable reduction is really needed in
some case especially involving large dataset.
The aim of this research is to develop a classifier that can produce better performance in
term of accuracy, sensitivity and specificity for gender determination. To achieve this aim,
the performance of proposed method which is Principal Component Analysis and Support
Vector Machine (PCA-SVM) will be compared with two previous technique Support
Vector Machine (SVM) and Artificial Neural Network (ANN). The model that give the
better accuracy, sensitivity and specificity will be selected as the best model for gender
determination using femur bones. The data used in this paper are femur bones which is
obtained from Goldman Osteometric Data used containing 137 Femur Bones (
http://web.utk.edu/~auerbach/GOLD.htm ). There are seven variable of femur bone used in
this study which are Femur Maximum Length (LFML), Femur Bicondylar Length (LFBL),
Femur Epicondylar Mediolateral Breadth (LFEB), Femur Distal Articular (Bicondylar)
Mediolateral Breadth (LFAB), Femur Head Anteroposterior Diameter (LFHD), Femur 50%
Diaphyseal Mediolateral Diameter (LFMLD) and Femur 50% Diaphyseal Anteroposterior
Diameter (LFAPD).
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Related Work

SVM is considered as the most technique used for classification for small and high
dimensional data set since its ability to provide better result for classification problem. Such
researcher used SVM as classification method for gender determination are Yoo et. al 2005,
Santos et. al 2014 and Afrianty et al.,2015. However these researcher use all the available
data (attributes) for classification. Variable reduction is believe to be vital expect for preprocessing process before undergo classification. This problem can be proved from the
experiment carried out by Afrianty et. al 2015 which using PCA as dimension reduction for
the Back-Propagation Neural Network (BPNN) classification.
The result obtained by the experiment shows that the integrated classification technique
Principal Component Analysis – Back Propagation Neural Network (PCA-BPNN) shown
that the accuracy and sensitivity of BPNN increase. Before implementing the PCA, the
accuracy and sensitivity of BPNN for training are 97.90% and 95.58% while for testing the
accuracy obtained is 96.77% and sensitivity of 94.45 %. Meanwhile when PCA is
implemented, the accuracy and sensitivity of PCA-BPNN increase to 99.02% and 98.30%
indicate that the performance of classification increase when the dimension reduction is
implemented. Thus this paper believe the present of PCA for dimension reduction will
increase the performance of SVM classification.
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Methodology

This work describe the methodology used to develop SVM classifier and PCA-SVM
3.1

SVM

SVM classifier is trained and tested multiple with addressed to obtain the best variable
setting that able to obtain high accuracy. There are five learning kernels in the SVM
classification which is Linear kernel, Sigmoid kernel, Computed kernel, Radial Basis
Function kernel and polykernel. kernel function because RBF has ability to maps the data
into higher dimensional space, improve the drawback if the relation between class label and
attributes is nonlinear (Omar,2013).
To train SVMusing RBF kernel, it is necessary to select proper C value and y value as well
as kernel parameters (Afrianty et al, 2015). Selection of C is by using LIBSVM default
value while for gamma value the selection is from try an error. Flowchart of SVM is shown
blow in Figure 3.4
Below shows overall process of SVM classification using LibSVM (Omar,2013).

Figure 3.1 (a) SVM classifier

Figure 3.1 (b) Flowchart of SVM

The initial process of SVM classifier starts from data preparation which is femur bones. In
the data preparation, the data normalization also involve to make sure the data are in the
specific scale. In this case, the scale is from the range of 0 to 1. The data will be divided
into testing and training which is 30% for testing and 70% for training. After that selection
of kernel is made. There are four kernel in SVM which is linear, polynomial, Radial Basis
Function (RBF) and sigmoid kernel. In this research, RBF is use as kernel function because
RBF has ability to maps the data into higher dimensional space, improve the drawback if
the relation between class label and attributes is nonlinear (Omar,2013). After set kernel is
completed, proceed to set parameter C and Y. For the process, value of Y and C will be
validate and find the best value for the SVM training and testing process. After that training
data and model will be save. The model developed will be used for testing data as well as
calculate the accuracy.
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3.2

PCA-SVM

Process of PCA start with data reparation of femur bones and will then undergo five
process. From the data of six variable or attribute of femur bone, the first process is to
calculate the Mean and Standard deviation. The second step is transforming the data into
matrix. From the matrix, the covariance matrix will calculated. The value of covariance
matrix then will be used to calculate eigenvalue and eigenvector. The last step is calculate
the PC score based on the eigenvalue and eigenvector. Finally the variable represent the
best value based on PC-score will be selected. The overall process of PCA is shown in
Figure 3.3.

Figure 3.2 Process of PCA
3.2

PCA step
i.

Calculate Mean, Standard Deviation and Variance of Dataset
Mean = x =̅

!
!
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Where x̅ = mean ,n = number of data, Xi = data i.
Standard Deviation
!
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ii.

Transform the data into standardized matrix Z.
(! ! !̅)
𝑍! = !

iii.

Calculate covariance (correlation) Matrix.

!!"

cov(X, Y) =
iv.

!
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Calculate Eigen Value and Eigen vector
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The eigenvalue and eigenvector re calculated from covariance matrix. Covariance
matrix was decompose to obtain a matrix of eigenvectors in an n-dimensional
space, which consist of set of eigenvector in n dimension and their corresponding
eigenvalue with the following equation that obtained
all of the
eigenvalue
𝜆1 ≥ 𝜆2 ≥. . . ≥ 𝜆𝑛
and the corresponding eigenvector tj = ( t1j, t2j, ..., tmj ). Eigenvector is calculated
in a way iteration of matrix correlation, and normalized
!

𝑌! =

𝑡!" 𝑋!
!!!

v.
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Where ;
R is determined by the principle, K is kth measured values of ith and jth factor, K
= 1, 2, …, r
Calculation of Principal Component (PCs) Score of each variable
PC Score = eigenvalue each variable / (total eigen value)

Experimental Result

SVM Classification from Femur dataset, provide the accuracy of 92.68% , Sensitivity of
100% and Specificity of 85%. For the male class, SVM show the predicted class that
belong to male is 21 out of 24 class while for female class, SVM predict all the 17 class of
female belong to female class. Figure 5.1 below is the bar chart representing overall
performance of SVM for training and testing.

Figure 4.1 Performance Of SVM
4.1

PCA-SVM

From the table PC-Score the highest PC-score obtain are LFML with percentage variation
explained value of principal component 80% follow by LFBL, LFAPD, LFMLD, LFHD
and LFAB. Since the PC score obtained by LFAB and LFEB is below than 1%, thus this
two variables is reduced. The remains variables that will be used as an input to SVM
classification is LFML, LFBL, LFAPD, LFMLD and LFHD.The performance of PCASVM is measured using data with 5 variables, 4 variables and 3 variables. From the result
obtained, the best performance for PCA-SVM classification are using four variable. The
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variables that are mentioned are (LFML, LFBL, LFEB and LFAB). The best performance
for classification accuracy obtained are 84.21% for training and 95.12% for testing,
sensitivity of 87.04% for training and 100% for testing. Meanwhile, specificity obtained are
80.49% for training and 89.47% for testing. Thus, the variable selected for PCA-SVM is
four variables.

Figure 4.1 PC score on each variable

. Table 4.1 Performance Of PCA-SVM using five, four and three variable
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Discussion

The Table 4.1 and Figure 4.1 show the overall performance of classification experimented
in this paper. For the accuracy training, ANN provide better result 94.75% however for
accuracy testing PCA-SVM give better accuracy which is 95.12 compared to other
classifiers. For sensitivity training, ANN give better result with percentage of 95.12% while
for testing all the three classifiers, ANN, SVM and PCA-SVM provide the same result
which is 100%. For performance specificity of classification, ANN provide better result for
training with 94.87% while PCA-SVM give better result for specificity testing which is
89.47%. From overall performance classifier, ANN show to give better performance for
training while PCA-SVM is better in testing purpose.
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Conclusion

From the result and analysis of the experiment carried out in this study, PCA able to
improve the performance of SVM classification. This experiment believe that the
implementation of variable reduction are important aspect to improve the classification
performance. For the data with high dimension, this step is helpful since PCA able to
distinguish between variable that shows high variant or significantly related to each other.
From the result of PCA obtained, the seven variable from the dataset had been reduce to 5
variables. These five variable shows significantly related to each other. Overall
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classification performance used in this study, Artificial Neural Network (ANN) is the best
classification since the result obtained for accuracy prediction. Sensitivity to distinguish
between male and female class and also the specificity performance are better compared to
the SVM and PCA-SVM.
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