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ABSTRACT

Classification is emphasized on allocating new observations in the test sets of sample to labelled
classes based on constructed rule Jrom the training sei. With paramelric classification, data are
assumed to be normally distributed which rarely occurred in practice. The aim of this study is to
develop a classification technique to classify various types of data; normal, near normal, asymmetric
short-tailed and asymmetric long-tailed, using empirical Bayes method (EB) and K-nearest neighboyr
method (K-NN). The estimated hyper-parameters obtained from empirical Bayes are substituted in the
posterior predictive probability and used to classify new observations and then compared to K-NN
method. Data employed in this study are generated, consisting of Iraining set and lest sets with the
sample size 100, 200 and 500 for the binary classification. In each situation under study, the
Ppercentage of correct classification is considered. With normal data, the EB method produces higher
percentages of correct classification than K-NN method Jor all sample sizes, while K-NN method
mostly produces higher percentages of correct classification than EB method when data are
distributed as near normal, asymmetric short-tailed and asymmetric long-tailed. In addition, the
percentage of correctly classified data tends to be higher as the number of neighbourhood (%)
increases.

Keywords: Empirical Bayes, K-nearest neighbour, Classification, The posterior predictive
probability, Markov chain Monte Carlo

1. Introduction

Discrimination and classification are techniques usvally used simultaneously. The goal of discrimination is to
discover distinct attributes of observations in the training set of sample with known classes and construct a rule
using information embedded in the training set, called discriminant, to separate observations as much as possible
(Cucala et al. 2008; Damoulas &Girolami 2009). Classification is emphasized on allocating new observations in test
sets of sample to labeled classes based on well-defined tule obtained from the training set (Johnson & Wichern
2002). Generally, classification methods can be performed in parametric and non-parametric. With parametric
classification, data are assumed to be normally distributed which rarely occurred in practice. As a result,
classification usually carries out using non-parametric method such as the support vector machines, neural network,
K-nearest neighbour, including Bayesian method,

K-nearest neighbour is one of the most popular methods for classification. This method is simple, quick, and
often effective. It is a well-known deterministic method used in supervised classification (Cucala et al. 2008; Piro ef
al. 2012). K-nearest neighbour is performed depending on two choices: the number of the nearest neighbours,
denoted as k (Aci et al. 2010; Cucala et al. 2008; Manocha & Girolami 2007), and the form of distance function,
which Euclidean distance is the most common used (Samsudin & Bradley 2010; Guo &Chakraborty 2009). Hastie
and Tibshirani (1996) developed a locally discriminant adaptive form of nearest neighbour classification that
provided substantial improvements over standard nearest neighbours method in some problems. Guo and
Chakraborty (2009) proposed Bayesian adaptive nearest neighbour method which the shape of the neighborhood and
the number of neighbours were chosen. In addition the K-nearest neighbour method may be obtained from the
principle of Bayesian based on the posterior probability (Manocha & Girolami 2007). The Bayesian classification
method, which classified observations into refated classes using a decision rule, is known for its flexibility and
accuracy (Williams & Barber 2008). Decision rule is defined by the posterior probability which class membetship is

180




A dritermetioned Confirrenee on Scienge & comology:

Applications i Iadusery & Frhicction (fCSTHE 200 2

indicated based on its highest posterior probability (Duda et al. 2001; Samsudin & Bradley 2010). Duarte-Mermoud
and Beltran (2008) proposed the Bayesian network in classification of Chilean wines and compared radial basis
function neural network with support vector machine. The resuits disclosed that Bayesian network gave the best
performance with 91% of correct classification in the test set. Williams and Barber (2008) studied the problem of
assigning an input vector into several classes using Gaussian prior in Bayesian classification and it was generalized
to multiclass problem, Porwal and Carranza (2008) had proposed classifiers for modeling of mineral potential. The
aim was to explain and display applications of Bayesian networls as another tool classifying potential for mineral
deposit occurrence. This result found that Bayesian network classifiers are efficient tools for modeling of mineral
potential mapping.

The Bayesian classification involves in hyper-parameters that should be known or be able to assess using
previous knowledge prior to data collection (Carlin & Louis 2009). However, little information is sometimes
available in practice, causing the assessment of hyper-parameters tmpossible. As a result, Empirical Bayes can be
utilized to estimate the unknown hyper-parameters using information in the observed data. Li (2000) exhibited the
use of Empirical Bayes to estimate unknown parameters and classify a set of unidentified input patterns: into %
separate classes using stochastic approximation. In addition, the results from Monte Carlo simulation study
demonstrated the favorable estimation of unknown parameters in normal distribution with Empirical Bayes. Chang
and Li (2006) illustrated the use of Empirical Bayes to classify a nmew item or product using stochastic
approximation with Weibull distribution into two classes (good or defective) or identified an item as produced from
one of two production lines. Wei and Chen (2003) studied Empirical Bayes estimation in two-way classification
model. The results showed that Empirical Bayes yielded smaller mean square error matrix than the least sum of
squares method. Ji et al. (2005) adopted Empirical Bayes to classify gene expression profiles, leading to the decrease

“of number of nuisance parameters in the Bayesian model,

Non-parametric based classification method does not require assumption on the distribution of population which
is rather motivated and attractive. The aim of this study is to develop a classification technique to classify various
types of data; normal, near normal, asymmetric short-tailed and asymmetric long-tailed, using empirical Bayes and

K-nearest neighbour method. The estimated hyper-parameters obtained from empirical Bayes are substituted in the

posterior predictive probability and used to classify new observations and then compared to K-nearest neighbour
method. Data employed in this study are simulated and divided into two sets® a set of sample used to create a rule,
called training data, and a set of sample used to evaluate a rule derived from training data, called test data. In each
situation under study, the percentage of correct classification is considered,

2. K-nearest neighbour method (K-NN)

The method of K-NN, an important approach to non-parametric classification, is simple, quick, and often
effective (Kelly & Davis 1991). It is a method that allocates new observations to the most commeon class in their
neighborhood among the training set (Duda et al. 2001). This method can be quite effective when the attributes of
the data are equally important.

Given the training set T = {(xi, yj)} s i=L2.,n; j=1L2,..,c where X, is an instance andy, isa
class of label. So arbitrary instance x denotes by ,
(a,(x), @y (x),... (x)) (0
where @, (x) denotes the value of b th attribute of instance x;b=12,...,m. Thus the distance between Xy,

anew observation, and x;, is defined by

Ll

d(x, %)= |3 [a,(x)—a,(x)] - @

The steps of this method can be summarized as given below:
Stepl  Select the number of neighborhood { k).
Step Il Define the distance measurement between a new observation and an instance.
Step III  Sort the distances in ascending order and the minimum distance is taken,
Step IV Classify a new observations into a class based on their neighborhood.
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3. Empirical Bayes method (EB)

The estimation of parameters with EB method can be classified into two types; parametric EB and nonparametric
EB. Parametric EB can be used when prior distribution is known, in contrast with nonparametric EB (Carlin- &
Louis 2009). The estimation of hyper-parameters with EB method can be obtained from posterior marginal
distribution fimction as follow.

m(x|m) = /(x| Oyr(8] 7)o @)

Where & is parameter which is continuous random variable in this case
n is hyper-parameter

m(x|7n) is posterior marginal distribution function.

In this study, conjugate prior is assumed with unknown mean (€) and known variance (& g) :
Informative prior: & ~ N(4,7°) that is,

i 2
—(-
1 2#( H)

2 4

(6} =
27T
The steps of EB method are demonstrated below:
Step [:  Find posterior marginal distribution function.
Consider probability distribution function of X .

I
1 )
f(x]|0)=——e ¥ ;<X <w,—0<F<w0,0; >0 (5

270}

Posterior marginal distribution function is
m(x| 1) = | /(x| O)m(6)do ©

Therefore, posterior marginal distribution function of X is

x{ﬂ,12~N(y,r2+a§) - 0

Step II:  Find estimator of hyper-parameter by maximum likelihood method,
,ﬁMm =X 8
and
2 2 SIPTR B 2
=8 -g; ;8 :—Z(x,.-—y) .
L
Since variance > 0;
' 2 2 2
Thap =5 =05 | )
where [, , - and ff,,,,ﬁ are the maximum likelihood estimators of fZand 77,

respectively.

Step III:  Find the posterior distribution function.
: x|@)z(6
(0] )= L&D

(10)
[ fx10)m®)a0
So the posterior distribution function is
2y 2 2 2
nt'X +uo, o
01X ~N| =5 0% an
nr'+o, nr+o,

Step IV:  Replaced the estimators of hyper-parameter from Eq. (8) and Eq. (9)
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inEq. (11).

Ol X ~N

' X+ fol ol
P R N S S (12)
nt'+o, nt +o,
Step V: Compute the posterior predictive probability.

The posterior predictive probability is frequently used for prediction of new
observation, ), in test data (Koski). The posterior predictive probability of

¥ conditionally on X, denoted by
P £.6)=| £(y|0)2(0] x)d6 (13)

a
where

1 —os0-er

S =7
270,

. nfzf+ﬁc'2 i
_2‘?2]6& {(nrz«wg}{em_( _m:2+6%“)} l

22 2 %
7°0,
2 —
Nt +o,

Sometimes the posterior predictive probability is not a tractable, so Markov
Chain Monte Carlo (MCMC) technique (Guo & Chakraborty 2009) can be applied

estimate p(y | x,6)as

7(0] x)=1

) | o ,
Pix,0)~ ﬂZp(ylzs, 6") (14)
=1

where M is the generated MCMC samples size and 87, =1,2,..., M is the
generated MCMC samples.

Step VI Classify the test data into classes based on the highest posterior predictive probability.

Step VII: Compute the percentages of correct classification.

4.  Simulation Results _
Three characteristics of data are constructed by varying the values of skewness and kurtosis based on Shapiro
(Shapiro et al. 1968) and Ramberg (Ramberg et al. 1979) criteria as (skewness, kurtosis); (0.25, 2.80), (0,75, 2.80)
and'(0.75, 6.00) for near normal, asymmetric short-tailed and asymmetric long-tailed, respectively, The simulation
results indicated the percentages of correctly classified data in the case of unknown mean and known variance using

EB and K-NN method when data are distributed as normal (Table 1), near normal, asymmetric short-tailed and -

asymmetric long-tailed (Table 2). _
Data employed in this study are generated, consisting of training set and test set with the sample sizes 100, 200

and 500 for the binary classification. When data are distributed as normal, EB method yielded the highest correctly

classified data for all sample sizes. While K-NN method is proposed by varying & (k=3, 5, 7) which k=7 produced
the highest correctly classified data for all three levels of k. All the results are shown in Table 1.
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TABLE 1: Percentages of correctly classified data when data are distributed as normal

Sample sizes (n)

Methods
100 200 : 500
EB 98.6667 08.0833 97.4667
3-NN 97.5000 97.5833 96.8333
5-NN 97.6667 97.6667 97.0667
7-NN 58.0000 97.9167 97.2000

TABLE 2: Percentages of correctly classified data when data are constructed as near normal, asymmetric short-
tailed and asymmetric long-tailed.

Sample sizes (n)

Skewed distribution Method
100 200 500
EB 96.8333 96.7500 97.0900
Near Normal 3-NN 97.0000 96.8333 96.8800
5-NN 97.1667 96.9167 97.1200
7-NN 97.5000 96,9167 97.2600
EB 97.1667 97.9167 97.6000
Asymmetric long-tailed 3-NN 97.1667 98.2500 97.6333
5-NN 97.3333 98.1667 97.6333
7NN 97.8333 98.1667 97.6333
ER 98.6667 98.8333 99,3333
Asymmetric shoré-tailed 3-NN 99.6667 99 4167 50,6333
5-NN 59,8333 99.5000 - 99,7333
7-NN 99.8333 99.5000 997333

Table 2 shows the percentages of correctly classified data when data are constructed as near normal, asymmetric
short-tailed and asymmetric long-tailed. The results revealed that the 7-NN method yielded the highest correctly
classified percentages for all sample sizes in near normal data. For asymmetric long-tailed data, the 7-NN and 3-NN
vielded the highest correctly classified percentages as n=100 and n=200 respectively, while all 3 levels of /NN
yielded similar correctly classified percentages as n=3500. For asymmetric short-tailed data the 5-NN and 7-NN
method resulted in the highest correctly classified percentages in all sample sizes.

5. Conclusions

Simulation results suggest that, EB method outperforms K-NN method for all sample sizes in normally
distributed data, whereas K-NN method performs better than EB method in the cases of near normal, asymmetric
short-tailed and asymmetric long-tailed. In addition, the percentages of correctly classified data tend to be higher as
the number of neighborhoods (k) increases.
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