ICBST 2014 International Conference on Businesgrge and Technology which will be held at Hatyai,
Thailand on the 25th and 26th of April 2014.

Australian Journal of Basic and Applied Sciences8(5) Special 2014, Pages: 285-293

aworkfar AENSI Journals | Australian
; 'b‘\\\“ S“ﬂ’é . g . ) Journal
& . Australian Journal of Basic and Applied Sciences of Basic
4 2 Sl
E nensl ‘?J: ISSN:1991-8178 e
5 3

Journal home page: www.ajbasweb.com

Comparing Classification Techniques using DifferentMethods of Data Splitting for
Artemisinin Compounds
'Rosmahaida JamaluditMohamed Noor Hasafiohd Zuli Jaafar

"Department of Chemistry, Faculty of Science Universiti Teknologi Malaysia, 81310 UTM Skudai, Johor, Malaysia.
2Faculty of Applied Science, Universiti Teknologi MARA, Kampus Kuala Pilah,72000 Kuala Pilah, Negeri Sembilan, Malaysia.

ARTICLE INFO ABSTRACT

Article history: In this study, Artemisinin compounds that were siffsd according to their anti-
Received 25 January 2014 malarial activity values were used as a data seleuelop predictive classification
Received in revised form 12 models namely Support Vector Machine (SVM), LinBéscriminant Analysis (LDA),
March 2014 Linear Vector Quantization (LVQ) and Quadratic Disenant Analysis (QDA). The
Accepted 14 April 2014 influence of Duplex and Kennard-Stone method ottspy data into a training and test
Available online 25 April 2014 set were also investigated. Their performance ves@uated based on the percent

correctly classified (%CC) of both training andttest. Standardization was used as
data pre-processing technique. The generated fatasisin models have shown that
Kennard-Stone data splitting technique producetidrigpercent correctly classified of

Key words: test set in all models. Meanwhile, LDA approach ¥iasd to be superior with lower
Artemisinin, Chemometrics, risk of over-fitting for artemisinin data set.
Classification, Kennard-Stone,

Duplex, Support Vector Machine
(SVM), Linear Discriminant Analysis
(LDA), Linear Vector Quantization
(LVQ), Quadratic  Discriminant
Analysis (QDA).

© 2014 AENSI Publisher All rights reserved

To Cite This Article: Rosmahaida Jamaludin, Mohamed Noor Hasan, Mohd Jadfar., Comparing Classification Techniques using
Different Methods of Data Splitting for Artemisin@ompoundsAust. J. Basic & Appl. Sci., 8(5): 285-293, 2014

INTRODUCTION

Malaria is an infectious and deadly disease and major health problem especially in the developing
world. Artemisinin orginghaosu as displayed inFigure 1, extracted frémtemisia annua L. has a significant
anti-malarial activity. This powerful anti-malaria@rug and its derivatives such as artemether, thdgee
artesunate and dihydroartemisinin are effective suess against drug-resistant malarial parasites rapidl
progression of malarial illness (Ploypradith, 200Zhis sesquiterpene endoperoxide lactone has eniqu
structure and mechanism of action characterizedhbypresence of a peroxide bridge, a known soufce o
oxygen-free radicals that is responsible for it§-amalarial activity (Meshnick, 2002).Many ongoirsgudies
have provided a better understanding of its mokcuiode of action and the probable intermediatesiai for
the anti-malarial activity (Cazelles, Robert, & Meer, 2001; Kamchonwongpaisan & Meshnick, 1996iatd|,
Haynes, Meunier, & Yuthavong, 2001; Posner, Cummiripypradith, & Oh, 1995; Posneg al., 1996).
Continuing efforts have been made extensively teelibgp more potent, selective, nontoxic, clinicaligeful
newer semi-synthetic and synthetic derivatives #rat superior in activity in order to control thifection
throughout the world

Splitting the data into training and test set islely used as validation method in pattern recogmith
addition to model optimisation techniques suchrass validation and bootstrap. Different techniqagsdata
splitting as well as data pre-processing and typelassification models used essentially influentks
performance of the classification. Hence, in thisrky we will investigate the performance of datéitspg
methods for classification to develop reliable fctde classification models and consequently compghem
by utilizing well-characterized data set of artaniis analogues collected by Avery (Avegt,al., 2002).
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Malaysia, 81310 UTM Skudai, Johor, Malaysia.
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Fig. 1: Structure of artemisinin

The proposed strategy is to test the applicatiomwaf different methods of data splitting to a serad
compounds from the dataset using four classificatechniques, namely Support Vector Machine (SVM),
Linear Discriminant Analysis (LDA), Linear Vectoru@ntization (LVQ) and Quadratic Discriminant Anasys
(QDA).Therefore, the aim of this study is to invgate the impact of different data splitting algloms on the
percent correctly classified of test and trainirgjssand consequently, compare the performance wf fo
classification techniques.

Experimentation:

The data set used in this study consisted of 181oonds. Each of these compounds had its assodmted
vitro bioactivity values against the drug-resistant malatrainP. falciparum (W-2 clone) expressed as log RA
(relative activity)calculated from the experimehtaderived control IG, (reported in ng/ml)and corrected for
molecular weightjW) (Guha & Jurs, 2004).

IC5y of Artemisinin MWofanalog
logRA=log< ) g( — )
IC5y oftheanalog MWofArtemisinin

The classification are based on the anti-malagsponse where compounds with log RA0.00 were
assumed as more potent analogues and those witRAog 0.00 were considered as less potent analogues
(Ferreira,et al., 2010). Therefore, for the purpose of modelliagjalue of 1 and 2 were assigned to active and
not active class respectively.

Initially, a total of 3764 descriptors which inckidopological, connectivity indices, constitutiomadices,
molecular properties, 2D-autocorrelation and Burdgenvalues have been generated from three-diowalsi
representations of the compounds in the dataseatr Ahe curation process which involves eliminating
descriptors with zero values and zero variancentlrber of descriptors was then reduced to 2075céiehe
ratio of variables to samples is high and need @ohbndled properly to obtain reasonable assessaofent
predictive ability.

All the software packages used in this study wareusing Microsoft Window XP on a Pentium IV system
ChemDraw Ultra version 6.0 (Cambridge Soft) wasduse draw 2D model molecular structure of the
compounds. Next, Chem3D Ultra version 6.0 waszgiilito convert the molecular structure to 3D stmect
The molecular descriptors for all the compoundsewsulely calculated using DRAGON software package
Talete srl, DRAGON Version 6.0 http://www.talete.ii{Todeschini, Consonni, Mauri, & Pavan, 2010).
Further analyses were performed in Matlab 7.5.0720The Mathworks Inc., Natick, MA).

Unsupervised data splitting methods used in thiskweere Duplex and Kennard Stone. Both approaches
are based on molecular descriptors alone. Theidiiviato training and test set is recommendedHergurpose
of model building, model optimisation and indepamtdealidation to assess the quality of the predéctnodel
(Richard G. Brereton, 2006). In other words, thele data set of known class membership was diviiakeda
training set to build the models and a test sethefremained compounds to test classification tghdf the
models or assess its predictive capability. Thestfiaation ability may be influenced by the chomksamples
included in the training set, and thus, accordimgtipron (Capron X., Walczak B., Noord O.E. de, & P
2005) these representative methods of selecticsawiples lead to better results. The algorithms isedis
work were based on the related study of these @ta dplitting methods (Jaafar, 2011). The aim isktain
more balanced and homogeneous training and testilsat evenly scattered over the whole space. Tpss
implemented for this technique include splitting tilataset into training and test set where norn&Bywas
selected as training set while the remaining in $e$, equally distributed among each class, stdgem the
limitations applicable to each procedure.As illagtd in Table 1, the training set contained appnaiely
double the percentage of test set for both activkless active analogues while the number of mddsdn test
set of less potent analogues is slightly higher.

Subsequently, selected data pre-processingmethudiypatandardizationwas applied on both trainind an
then test setswhere all descriptors are centrezkomand have a standard deviation of one to giel gariable
equal importance. This approach is necessarysimeevariables usedin this study have different unitse
average value of a descriptagis subtracted from each individual value;. Each descriptor value is then
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divided by the standard deviation for that desorifcross all molecules,as shown in the equation below.
Consequently, each scaled descriptor then hasneariaf one.

Table 1: Number of compounds for both more and less patealogues in training and test.

Artemisinin data set More potent analogues (class 1 Less potent analogues (class 2)
Artemisinin molecules 96 101

Training set 64 64

Test set 32 37

Both methods of data splitting used in this workyaronsider the values in the molecular descriptreir
algorithms are listed sequentially.The following #ine steps of Duplex algorithm (Jaafar, 2011).

Step 1: The Euclidean distances between all p@spiils of points are calculated.

Step 2: The points that are farthest away from @dlebr are selected as training samples and renfoved
the data block.

Step 3: For the remaining samples, the points égtthpart from each other are put into the test set

Step 4: When the samples assigned to each setramved, the next iteration will be carried out uati
the samples have been assigned to training andeest

In this approach the sample is iteratively seleti@skd on distance to ensure the maximum coveféage o
data. The distance between two points, letxgggndx; is calculated using Euclidean distance as showhen
following equation (Puzyn, Mostrag-Szlichtyng, Gaiez, Skrzyn, & Worth, 2011).

dosa = O — x) (2 — x7)'

The steps of Kennard-Stone algorithms (Jaafar, Rafd listed below. As in Duplex algorithm, maximin
criterion is used to find out which sample is thgtiest one (Capron Xt al., 2005).

Step 1: Find the two pointisandxwhich are the most separated in the training sgt an

removed these from the data.

Step 2: For the remaining data points, find theimirm distance of any two objects already

selected in step 1.

Step 3: The training set is the set of samples lwhave the largest of these minimum

distances.

Step 4: Iterates step 1 to 3 until the required lmens of training/test set samples are found.

The classification problems presented in this wimdus on two class or binary classifiers also kn@asn
hard model in which samples are assigned to on&vofgroups. In other words, we attempt to classify
artemisinin compounds into active and less actiwmpmounds. The process of classification is illustlain
Figure 2.

Training Set

Standardisation

Standardisation

Training Set
Scores

Estimated Test
SetScores

Developing
Classification Model

Use Classification

Model

Model Evaluation

=

Fig. 2: The process of classification by using PCA scores
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LDA is based on distance to each class centroidtar class problem such as Euclidean distance.
However, the measured distance used in this stit§ahalanobis distanceé)(as shown in the equation below
which takes into account the variance or dispersfagach variables as well as correlation betwegiables by
making use of the variance-covariance matrix (Ridt@. Brereton, 2009).

a(i,9) = [(xi— %) €7 (v - %)

wherex; is the measurement obtained for ittesample x,is the centroid of class g afif* is the inverse
of the pooled variance-covariance matrix acquinedhe entire dataset and can be computed fronotleenving
equation:

U1 -6+ T - DG
P (I +1,-2)

where |y and G correspond to number of samples and variance—eowar matrix of class g respectively.
Thus, the distance between a test sample of a giass centroid is weighted according to the oVewaiance
of each variable. This type of classifier is suiéalwhen the two classes have similar variance-ianee
matrices, otherwise the pooled covariance matrikbe biased to the class with higher covariantrmafhe
distance between a sample and the class centroimhiputed and consequently each sample is asstgribe
class with the smallest distance. Therefore, aglittance to a weighted centroid gets larger tlobagility of a
sample belonging to a class decreases (De Maeskchlalan-Rimbaud, & Massart, 2000).

QDA is another distance based classifier, an exgnarsion of LDA classifier where the Mahalanobis
distance to each class centroid is calculated uslieg sample variance-covariance matrix of eachsclas
individually where variance of each group is cadted separately instead of the overall pooled masiin the
previous technique. Therefore, this type of boupdamore complex and no longer linear. The modehore
suitable when the two classes have very differearfance structures and will favour the class witghh
variance(Richard G. Brereton, 2009).Both LDA and Qfescribe a simple decision boundary between two
classes which has equal distance to the two celstienid the distance measures assume samplesassaaceé
distributed as hyperellipsoids and variables irheglass form a multi-normal distribution (Dixon &&eton,
2009).

LVQ is based on a combination of straight linesrépresent separation boundaries and uses codebook
vectors to characterize each class in trainingnsé¢ad of original samples to form a model whéeeriumber
of lines being a function of the number of codetmodk this method, the decision boundary betweentwo
classes is optimised by learning the position @& tptimal codebook vectors that results in the ksl
misclassification error (Dixon & Brereton, 2009).VQ is a complex iterative procedure, partially si¢gime to
the samples selected for the training set, andnikial choice of codebooks. Since the codebooksdarived
using an iterative neural network, the model wit be reproducible. The primary step for LVQ isggnerate
codebook vectors for each class in the trainingaselt place them within their class region by usingample
that can be correctly classified. The distance betweach sample to the nearest codebook is compuated
consequently each sample is assigned to the cfate mearest codebook vectors.Increasing the numbe
initial codebook vectors per class can improve description of the class boundary as well as reduce
misclassification error but may cause overfittingd aresults in poor classification of test set (RichG.
Brereton, 2009). In this work, initial learning eatas set to 0.09 and 10000 respectively(Lloyd, &oer, Faria,

& Duncan, 2007)while the number of codebook vecteese maintained at 3 to avoid biases of different
classes’ size by using the same number of codebectors in each class to construct the boundarg. claiss
borders are approximately located after traininghef codebook vectors is completed. Consequeraimpte is
assigned to the class of the nearest codebook.

Another useful and popular technique for classiftcais Support Vector Machine (SVM). Compared to
the classifiers discussed previously, SVM is moudable for studying non-linear process and capdble
produce complex curved decision boundary betweenm dlasses in the training set but with higher rigk
overfitting (Richard G. Brereton, 2009).The concepEVM can be explained by the basic definitiorsmhple
linearly separable classes as illustrated in Figuend subsequently extended to non-linearly sépmmease
with the use of kernel functions and then the galisrd case with penalty parameter (nonlinear nmeshi
trained on non-separable data) (Richard G. Brar&taloyd, 2010). By definition, training pointsityg on one
of the hyperplanes are called support vectors @ur@998; Xu, Zomer, & Brereton, 2006). Hence, $vM
model is built using support vectors which coneissmall number of samples from the original dat#isat lie
near the decision boundary. However, in the casereflapping classes, data points on the “wrongdg sif the
discriminant margin are weighted down to reducerthdluence (“soft margin”). Thus, soft margin S\&V
tolerate the classification error with the comptgxf the model (Gunn, 1998). In nonlinearity cagpropriate
kernel function nonlinearly transforms samplesmpuit space into a higher dimensional space (feapaee)
where the data points effectively become lineadgasable. Consequently, the hyperplane in featpaeesis
projected back into the input space to describeomlimear boundary which gives optimal classifioati
(Richard G. Brereton, 2009). There are four basim&ls commonly used that are Radial Basis Fun¢R@F),

C
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Polynomial Function (PF), Linear Function (LF) adidimoid Function (SF) (Hsu, Chang, & Lin, 2003)this
work, we used soft margin SVMs with a RBF kernelakihhas two parameters to be optimisedyi.ends. The
value of these two parameters, iyeis set to 1 ands is set to the average of standard deviation ofahe
variables in the dataset to train the whole trajrsat.

origin

Fig. 3: Linear separating hyperplanes for the separabke dde support vectors are circled.
RESULT AND DISCUSSION

The model performance indicator of the classifiarsel data spliting methods used in this work is
percentage correctly classified (%CC) calculatedraiming and test set. The test set %CC gives re maalistic
representation of the classification ability of thdel. A well balanced model (i.e. one that doet suffer
from over fitting) would have training and test $&€C that are similar. However, the %CC for tléning set
tends to be higher than that for the test set fodefs that are complex and prone to over fittif@jx¢n &
Brereton, 2009). The models were developed using st@res as the variable reduction method usingingr
number of PCs ranging from 2 up to 20. Subsequgthttyclassification ability of each model was cangul.

The results of classification using Duplex as dslitting method for both the training and test apt
illustrated by graphs where the vertical axis repngés the percentage correctly classified valuetewhe
horizontal axis correspond to increasing numbelP@Gfand each classification model is presented féeratit
line colour. The values %CC of using Duplex metter@ moderately high for all classifiers that range
approximately from 50% to 90% indicating good potidh with the training set results being margipdlétter.

It can be seen from the line graphs shown in Figuthat QDA classifier followed by LDA classifier
marked as light blue and red line respectively grenfreasonably well with high value of test set %®@sed
on the results of QDA classifier, the value of % &€ test set is highest at 14 PC (78%). Similathg
maximum value for LDA is at 15 PC (71%). Hence, Qi¥Aslightly better due to the distinct differencke
variance-covariance matrices for the two classesrebver, the difference between %CC on training testl
sets is relatively low which is about 2-3% for botassifiers. Hence, their performance are moreletand less
vulnerable to overfitting.

Generally, all classifiers exhibit increasing valaé percentage correctly classified training sethwi
increasing number of PCs and the pattern is sigamfiy obvious for SVM model. Furthermore, thefatiénce
of %CC between training and test also increases considerably demonstrating higherafiskverfitting with
increasing number of PCs for SVM model. For examitie difference is 5% at 2 PC and increases sh&opl
33% at 10 PC as evident from Figure 4(a) and (b}l@@nother hand, LVQ model has the lowest value of
percent correctly classified for both training atedt sets compared to the other three models icasiés
implying the poor performance of the model in peéidn of artemisinin dataset as illustrated in Fegd as
green line. After all, the recommended model fdaemisinin dataset is QDA with standardisation as data
pre-processing method in Duplex data splitting apph.
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Fig. 4: Comparison of the percentage correctly classifedSVM, LVQ, LDA and QDA for training and test
set using Duplex method at 20 PC (line graph)

The results of applying Kennard-Stone or Kenstom@ata splitting approach on artemisinin data st a
displayed inFigure 5. Basically, all classifierangs Kennard-Stone method show good classificatibifitya
judging from the %CC for both training and test gelues that are larger than 50%. In other wortistha
classifiers predict more than 50% samples in teedet correctly. The trend seen in Duplex methalss seen
in the Kennard-Stone method. The %CC training akies show increasing trend with increasing nunob&cC
but the values are more significant in SVM modéfNM5classifier appears to be overfitting the datahwa
visible difference between the training and tesults. It is interesting to note that the %CC EMQ is
apparently lower as compared to the other modeifiasi to Duplex method and hence least recommeifaled
classification of artemisinin dataset.

Referring to Figure 5, SVM model has the highettieraf %CC of test set with maximum peak occur8 at
PC (79%). Besides, the %CC of test set for LDA @A performs equally well and reaches their maximum
values at 15 PC and 14 PC (78%) respectively. Hewethey have lower risk of overfitting with 1-2%
difference between %CC training and test set aspeoed to SVM model.Although SVM model has its
maximum peak at lower PC (8PC) with slightly higlpercentage correctly classified of test set (799DA
and LDA models are much better since they have fisgsof overfitting due to the very small differan
between %CC training and test set. This might betduhe multi-normal data which gives advantag®mA
while SVMs and LVQ are prone to overfitting for dahat are normally distributed. According to Dixane
choice of appropriate method should also depentherdistribution of samples in variable sample @&
Brereton, 2009).



291

Rosmahaida Jamaludin et al, 2014

Australian Journal of Basic and Applied Sciences3(5) Special 2014, Pages: 285-293

SVM
LVQ
LDA
QDA

KS STANDARDISATION
T T T

KS STANDARDISATION
T T T T T T 100

80

951

90

751

85

~
S
T

80

751

%CorrectlyClassified TRAIN

@
&
T

70

%CorrectlyClassifiedTEST

65

60
60

L
18 20

L L L L L L L
4 6 8 10 12 14 16
PC

55
0

55 L L L L L L L L
0 2 4 6 8 10 12 14 16 18
PC

(a) %CC test set using standardisation @)CC train set using standardisation

Fig. 5: Comparison of the percentage correctly classifedSVM, LVQ, LDA and QDA for training and test

set using Kennard-Stone method at 20 PC (line graph

The graph in Figure 6 clearly shows that the resfuim Kenstone data splitting models indicatedhsy

%CC of both test and training set for all classsfiare slightly higher than the models with the sdCs in
Duplex method where the black lines representingriged-Stone are slightly above the red line in FegLlt
can be seen from Figure 6 (a) that SVM classifias lgood classification ability with higher perceyga
correctly classified for test set when using Kedr@tone as data splitting method. However, theoperdince

of the other three classifiers is approximately shene regardless of the method used. SVM clasgifedicts
better at lower PCs compared to LDA and QDA in KamrStone but poorly in Duplex method. However,
LDA and QDA models are better in predicting the st with percentage value greater than 75% ih bases.
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Fig. 6: Comparison between Duplex and Kennard Stone opéneentage correctly classified of test set for the
four classifiers using standardisation

Conclusion:
It can be summarized from the study that Kennaoh&tand Duplex algorithms ensure that selected

samples are as representative as possible of thesela However, this study showed that these tgorithms
may not lead to models with similar performanceentt, certain data splitting method is more satdot
certain classifier and data set. In this work, Kamd-Stone data splitting method and standardisatrovide
good combination in producing reliable predicteddels. The difference between %CC training and desis
most striking in SVM results suggesting higher rigloverfitting.Generally, the performance of LDAodel in
Kennard-Stone data splitting is stable and the t@sipared to the other three classifiers.

It is suggested to perform other method of datappoeessing such as mean centering and row scaling.
Besides that, variable selection can be carriechswn additional step in this work as well as gisidditional
model evaluators such as percentage predictivétyabitd percentage models stability besides thegmtage
correctly classified test and training sets foufatstudy. Moreover, it is recommended to repeatdivision
into training and test set 100 times or more usiiffigrent selection of samples each time becausehibice of
samples included in the training set may influetise classification ability. Lastly, since both Depland
Kennard-Stone are based on molecular descriptong atherefore other data splitting methods thabaised on
activity values would be recommended as comparison.
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