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Abstract—In the recent works related with mixture discrintina
analysis (MDA), expectation and maximization (EMyaithm is
used to estimate parameters of Gaussian mixturgs.imtial values
of EM algorithm affect the final parameters’ esttesa Also, when
EM algorithm is applied two times, for the sameadsgt, it can be
give different results for the estimate of parame#nd this affect the
classification accuracy of MDA. Forthcoming thisoplem, we use
Self Organizing Mixture Network (SOMN) algorithm testimate
parameters of Gaussians mixtures in MDA that SOBINdre robust
when random the initial values of the parametees wed [5]. We
show effectiveness of this method on popular sitedlavaveform
datasets and real glass data set.
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I. INTRODUCTION

In this study when applying MDA, we estimate pagsans
of Gaussians mixtures using EM and SOMN algoritHors
simulation and real data sets. Then we compareltsesu
according to classification accuracy rate. In Sect?2 and

Section 3, we give some notations and estimation of

parameters’ with MDA and SOMN algorithm, respedijvén
Section 4 we apply these algorithms to simulatiot eeel data
sets; also we give the comparison results in Sedtio

[l. MIXTURE DISCRIMINANT ANALYSIS

In the mixture discriminant analysis, suppose weeha
training observationn; from population j for j=1..G.

Each classj is divided into R; artificial subclasses denoted
by c; . According to this clustered approach, each ssbcla
has a multivariate normal distributioqg ~ N(g, ,Z ;) with its
own mean vectory;, and ¥, is covariance matrix for the

IXTURE discriminant analysis (MDA) is a method for r th subclass nj th class. The prior probability for class is

classifying observations into known pre-existingnno
normal class. This method firstly proposed by Hasti

and Tibshirani [1] in which Gaussian mixtures isedisto
obtain density estimation for each non-normal cl&s the

7, and 77;, is the mixing probability for the th subclass in
R

1
j th class, such thi 7, =1. Then mixture density for class
r=1

Gaussian mixtures, expectation and maximization XEM. .

algorithm [6] is used to determine number of congrds and
estimate parameters. Xu and Jordan[11], improved EM
algorithm for the Gaussian mixtures and demonstrate
advantages and disadvantages over other algoritbhmosing

initial values of parameters in EM algorithm arerye

important [12]. EM algorithm can be give differeesults for
the same initial values. In the MDA, classificasoof the
training observations to the true classes are wepprtant for
classification of the test data which is affect thessification
rate. Therefore, parameters of the training datastnhe
estimated truly. As an alternative to the EM altfori Yin and
Allinson [13], proposed Self Organizing Mixture Meirk

(SOMN) algorithm for density modelling. Also, Yinnd
Allinson [5] showed that initial conditions effeat®nvergent
results of EM algorithm greater than the SOMN athon

which is more robust when random initial valueszsed.
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] Is
m;(x) =P(X =XG = ) = \mj\‘%i'ﬂ,., exil-Dix-4,)/2 ()

where D(x- ;)= (x-p; )" Z}(x-p,) is Mahalanobis
distance. The posterior probabilities are obtainedse on
Bayes rule, such that

P(G = j|X = x) ~ m;Prob({j) ~ iﬂj, exp[— D(X~ )/2] (2)

where 7, is the prior probability for clasg . An observation

is classified into the class j which has the highmssterior
probability. The discrimination rules depend on thrknown
parameters which are to be estimated from theitiguthata.

Ill.  SELF ORGANIZING MIXTURE NETWORK

Extending self organizing map (SOM) to a mixturenslgy
model, Yin and Allinson[13] proposed the self arigéng
mixture network (SOMN) algorithm. Yin and Allinson
[13]describe a new parameter estimation techniginénizing
Kullback-Leibler information metric [7] by using Rmns-
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Monro stochastic approximation method [8]. Struetwf
SOMN algorithm based on mixture distribution isifrated in
Figure 1.

where i = 12...21, u is uniformly distributed on(01), ¢
are standard normal variates and the are the shifted
triangular waveforms: h,(i) =max@-|i - 11,0),
h,(i) =h,(i —4) and h,(i) = h,(i +4) . Each training sample has
600 observations, and equal priors were used,ese #re 200
observations in each class. We used different 10,@8t
samples of size 600. Firstly each classes of ait@idata is
divided into 3 subgroups. In other words each claks
training sample is modeled by a Gaussian mixturdehwith

3 components. Parameters of the mixture modelaperlated
by SOMN. The evaluated mixture models are used for
discrimination. Each of the observation in test glemis
classified into one of 3 classes which has the dsgh

probability in. Classification error rates accoglinto
discriminant functions obtained with SOMN-MDA for

mj(x)

a_p-= [.Clj,. HE_;? ]

Fig.1. Structure of SOMN algorithm based on mixtdigtribution
[13].

In SOMN algorithm, mean vector,

matrix X, are also called learning weights. The output o

neural Network or upper level is equal to summatbiprior
probabilities or learning weights and component sit@&s

weighted with 77, . The updating process of SOM algorithm is

described below.

i (n+1) = i1, () + a(n)z;, (N)[x(n) = ;. ()] ®)
iJ'

(0D =3, () +a)2, (X 2, (DIXO) -2, (O] =3, () (4)

7, (n+1) = 71, (n) + a(Miz, (n) - 77, (n)f (5)

where 7, is  neighborhood of cth  winner

component) < a(n) <1 monotone decreasing a(n) is

learning rate in thenth iteration and Zz, is defined as

simulated 10000 independent test data sets are nshoyw
Figure 2 and also the descriptive statistics ofnthare
summarized on Table 1. Mean of misclassificatiote rafter

and covariance 10000 independent simulations is 21.23%. The mininaund

aximum misclassification rates after 10000 indejgen
imulations are 15% and 29% respectively.
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Fig. 2. Misclassification error rates for 10000épendent simulated

data sets
follows
. . TABLE |
5 () =0 (mm;, (x(n) (6) DESCRIPTIVE STATISTICS OF MISCLASSIFICATION RATES
() =% AFTER 10000 INDEPENDENT TEST SAMPLES
Z i« (MM, (x(n)) Statistic Std. Error
= Mean 0.2123 0.00017
IV. APPLICATIONS Median 0.2117
41 Smulati ith Random Wavef D Variance 0.000
.1. Smulation with Random Waveform Datasets Std. Deviation 0.01729
We show effectiveness of SOMN algorithm in mixture M|n|mum 0.15
model discriminant analysisis method on popularutited Maximum 0.29
dataset, taken from Breiman et al. [10]. It is érelass Range 0.14
problem with 21 variables and is considered to tmifficult Skewness 0.066 0.024
pattern recognition problem. The predictors aréngelf by Kurtosis -0.014 0.049
x =uh()+A-u)h,()+e  (class 1) 4.2. Glass Data
% =uh (i)+L-u)hy(i) +¢ (class 2) This example is from forensic testing of glass. Tess
X =uh, i)+ L-u)h,(i) +¢ (class 3) data were obtained from the UCI Machine Learning

Repository maintained by Murphy and Aha [9]. A stbef
the original data set was used for convenience. tTdiging
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data consisted of two groups and seven prediciidre. two
groups are window float glass and window non-flgidss.
The variables measured are weight proportions iérént
oxides. A sample of 80 observations with equalrgrfor the 2
groups was chosen as the training set, while thtedita were
of size 83. Variables 8 and 9 are not used inyaisabecause
these variables consist of lots of zero values eaner five of
the other variables which coefficient of variati@@V) is high
are selected to analysis. Bashir and Carter [4]pawad full
rank and reduced rank discriminant method for gtkga with
three subgroups. The solution of their
misclassification error rates of Glass data givemable 2.

TABLE Il
MISCLASSIFICATION ERRORS, GLASS DATA THREE
SUBGROUPS/GROUP [4]

Vv Full rank mda Reduced rank mda
0.05 0.4167 0.4167
0.10 0.4167 0.3167
0.15 0.4167 0.4167
0.20 0.4167 0.4167
0.25 0.4167 0.3333
0.30 0.4167 0.3333
mda 0.4000 0.4000

Bashir and Carter [4] found the robust reduced nsiifikA

at v= 010was the best model with minimum error of 0.3167"

We evaluate the misclassification error rate basedinear
discriminant analysis is 0.245 for Glass data \@ithariables
chosen for the analysis.

Three subgroups per group of the training datartdkam
Glass data is used for the analysis. Each grougaiing data
is divided into 3 subgroups. Mixture of normal distition
model is constructed for each group. Form of mixtonodels
for float processed and non float processed granpsgiven

by
Float:
My (%:0) = A1,My, O fhy, Z0,) + My (% g, Z0) + Mg (X s, Z4)

Non Float:

My (0) = W, flog, Z50) + WX oy Z5) + Ty T sy 2.52)

where g, and Z; is mean vector and covariance matrix of 7

j th class andr th subclass for j=1 float process,j =2
non-float process = 123 respectively.zz, is mixing weight.

In Glass data set, number of float processed ohsens is
87 out of 163 so mixture weight of float processisd
1, =87/163 and for non float processed is, =76/163.
Mixture  model for train data is given by
m(x,0) = 7z,m, (x,0) + 77,m,(x,0) .  Parameter  estimations

work on-

Mixture pdf of float processed window glasses, mandow
glasses and mixture form of them is given Figurdag)
respectively.

12—

(©) m(x;0)

Fig. 3. (a) The pdf of mixture of normal with 3 cpaments of float
processed group in train dataset (b) The pdf oftuni of normal
with 3 components of non-float processed groupramtdataset (c)
The pdf of mixture of two mixture normal with 3 cponents of train
dataset.

which computed with SOMN in mixture models for two

groups of training data are given by Table 3. Thaphs of
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TABLE il
PARAMETER ESTIMATIONS OF THE MIXTURE MODELS FOR BE2H GROUP IN TRAIN DATASET.
Subgroup 1 Subgroup 2 Subgroup 3
T, 0.267 0.510 0.224
i, 1394 378 087 016 943 | 1315 341 126 055 855| 1356 332 138 038 876
X, X X, X X, X, S X, X X, X, X X, X, P

X, ] 021 o001 -004 -003 -003 | 017 002 -002 00 -004| 006 007 000 -003 -008
A; | 001 007 002 -001 -00B | 002 005 000 000 -003] 007 013 000 -005 -0.09

z, X, | -004 002 003 000 -004|-002 000 001 000 000)] 000 000 003 002 000
Xy | 003 -001 000 001 000 000 000 000 000 000 003 005 002 005 003
X, | 003 -008 -004 000 013 | -004 -003 000 000 005)] -008 -009 000 003 018

Subgroup 1 Subgroup 2 Subgroup 3
i, 0217 0.639 0.145
iy, 1358 040 123 022 1250 | 1296 365 147 060 816 | 1271 295 115 048 006
X, X, X, X; X, X, X X, X X, X, X, X, X, X,

X, | 125 045 -023 -023 -121 | 011 000 000 001 -004] 012 004 004 -002 -0.04
Al 045 169 014 006 -097 | 000 003 002 001 002] 004 016 000 002 -003

I A, | 023 -014 033 016 002 000 002 005 002 -004]| 004 000 009 -002 -0.10
Xy | 023 -006 016 010 006 001 001 002 002 -003] -002 002 -002 005 003
x| -12 -097 002 006 281 | -004 002 -004 -003 009 | -0.04 -003 -010 003 013

In test data set, each observation is assigneddneof evaluate misclassification rate is 0.145 in thisprapch.
groups namely float processed window and non-floalassification results of proposed approximation nisich
processed window. After classification, 41 out off 4 better than Bashir and Carter for glass data.
observations in float processed window group and@®df 36
observations in non-float processed window groug ar ACKNOWLEDGEMENTS
correctly assigned. So general misclassificatide far test
data is 14.5%. After the classification, scatteotpbf
observations according to magnesium variable atidosi
variable is given Figure 4.

We would like to thank the editor and referees whos
comments significantly improved this manuscript.
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