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Abstract

The conventional technique to determine classificaperformance for the linear classification teigjues strictly
depends on the mean probabilities of correct dlaaibn or misclassification. Based on the meambpbilities of
correct classification, robustness can be detemhiria this paper, a new analytic procedure basethe joint and
marginal probabilities is applied to determine rstibess and the number of sample observations tyrotassified.
The classification results computed using this epph is unbiased. This technique is applied tostigate the
classification performance of the Fisher lineassification analysis and the robust Fisher's tegha@ibased on the
minimum covariance determinant. The performancéyaizsawhen compared to the conventional procedevealed
that this technique is very informative. Relying the analysis and the data set used, the recogmitie of the
conventional approach is more accurate than thastdisher’s technique.

Keywords: Classification, Mean probability, Joimbpability, Marginal probability

1. Introduction

The Fisher linear classification analysis (FLCAjsHer (1936), is a dimension reduction techniquedugrior to
classification and discrimination, Qiao et al (2p0Gonventionally, the FLCA procedure was propo&mdtwo
groups. Its basic advantage is the graphical reptaton in two dimensions. The FLCA assist in g&n
information regarding the separation between the groups with regards to the within group mean &mal
contribution of the profile variables, Kuhn and dsbn (2013), Johnson and Wichem (2007). It beléngke class
of supervised linear classification technique, §hig2013) and Timm (2002). The basic assumpticth@fFLCA is
the equality of the within group covariance matsic&he coefficient of the FLCA is computed basedtlos
difference between the within group mean vectorsthe pooled common covariance matrix. The samgamand
covariance estimates are the building blocks ofRh€A but are sensitive to influential observatioR§zmoser
(2008), Basak (1998), Devlin (1981), Hubert (208}, (2011), Kim (2005), Pires (1996), Roelant (208nd Wu
(2011). The sample mean vectors and covariancéa@aitomputed based on data set generated fronitiaariate
normal distribution enhances the performance efRhCA maximally, Linnet (1988), Zuo (2005). On tbther
hand, if the data set is not drawn from a multiazigrinormal distribution, the sample mean and camad estimates
computed are influenced by influential observatibeace when these sample estimates are appliegvidop the
FLCA, the misclassification rate for the FLCA teniddsncrease maximally.

It has been suggested that when the dataesetoa normally distributed the sample estimatesiaftuenced by
influential observations, hence various proposgibave been proposed to robustify the sample gstinta enhance
maximum classification performance. The maximurellkood estimatorNl estimator), Hubert (1964), generalized
maximum likelihood estimatoiGM estimators), Mallows (1975), Smooth estimat®estimator), Lopuhaa(1989),
minimum volume ellipsoidNIVE), Rousseeuw (1984) and the minimum covariancerg@iant estimatorNICD),
Rousseeuw (1985) were proposed to robustify thepammean and covariance matrices. The robustifieérm
vectors and covariance matrices are substitutedtire conventional Fisher linear classificatiorht@que to obtain
robust Fisher's classification technique. The MCEagedure has been applied to robustify the Fishexat
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discriminant analysis and the quadratic discrimireamalysis, Hubert (2004). The MCD procedure diridepends
on information glean from the half set. Detail diist robust high breakdown method and its applicatio

classification is contained in Rousseeuw (1999Mis paper is concerned on methods to determinestnéss and
the number of sample sizes correctly classifiednisclassified. The conventional approach applies rirean
probability of correct classification or the apparerror rate using information from the confusioatrix. In this

paper we apply a new technique to determine robastand the number of sample observations correleggified

using joint and marginal probabilities respectively

The remainder of this paper is organized as folloWe Fisher linear classification analysis is désd in Section
Two. Section Three contains robust Fisher lineassification analysis based on minimum covariareterchinant.
Section Four describes the performance of linesasification techniques. Simulation and conclusemesdescribed
in Sections Five and Six, respectively.

2. Conventional Fisher linear classification analy§itCA)

The Fisher’'s technique is a linear combinatidnttee observed variables that best describes theinmian
separation between the groups, Thiago (2013). Sineepopulation mean vectors and covariance matrice
unknown, the sample estimates are used to estith@epopulation mean vectors and covariance matrices
respectively. The estimate of the population cararé matrix is unbiased and the evaluation of ikbdf's linear
classification scores based on the group mean reeatod the difference between the mean of the Fsshirear
classification score is approximately the Mahalasoflistance, Timm (2002). The Fisher linear classifon
analysis, Fisher (1936) for two groups problemdried mathematically as follows,

h_pv=u'x, 1)

where U denotes the Fisher linear coefficieXis the sample observation arfd_ pv denotes the Fisher's

classification sore, a scalar. The following egpratin comparison with the classification scoreoat an
observation to be assigned to the correct groyp, sa

mean cut=-"21—u". 2)

Where mean_cut denote the midpoint an¥ are the within group mean vectors. The computaticthe Fisher
linear coefficient is possible if the group mears @nequal. To design the allocation rule fortihe groups based
on the multivariate sample observations, (i =1, 2) denote the prior probabilities for the two groapsl

2

let us assume thagfl, = [3, with the basic understanding thiﬁi =1. Define 17, =@(2/1)to be the cost of
i=1

misallocating an observation in group two into graxne and let7, =w(1l/ 2) be the cost of misallocating an

observation from group one into group two, respetyi The total probability of misallocation is @n as

Q= /n.+ 4., The total probability of correct allocation istaimed by taking the sum of the diagonal of the

confusion matrix divided by the total sample sird ¢he misallocation probability otherwise. In giee, the cost of
misallocation is not known; hence Fisher’s allamatiule is based on the assumption that the privgbilities and
misallocation cost for both groups are equal. Thmpgarison between the classification score andmtiupoint
defines the linear classification rule. The Fislgar classification rule is obtained by comparihg classification
score with the classification midpoint. The allacatrule is based on Equations (1-2). An obseovais assigned to
group one if the classification score is greatantbr equal to the midpoint otherwise the obseowai assigned to
group two if the classification score is less thhe midpoint. Interestingly, the technique discdssdove
underperforms if the data set contains influertiagervations. In order to enhance the performafitkeoFLCA,
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robust procedures based on clean data was propbkedollowing section three gives detailed accoafntobust
technique based on the minimum covariance detenmhastimators.

3. Robust Fisher Linear Classification Analysis BasadMinimum Covariance Determinant (FMCD)

In general, robust linear classification procedunesbased on weighting approach, say assignimgtadnfluential
observations and one to regular observations. fgabi, there are no basic rules on applying theigliting
technique on the training or test data set or weighbefore splitting the data set into traininggting. Relying on
the weighting technique a less technical robusteulare computes its estimates (mean vectors anariaoce
matrices) and applies these estimates to the ctiomah FLCA. In this consideration, a more techhiapproach
based on the minimum covariance determinant isidered. This procedure is described based on tliesdia The

minimum covariance determinant procedsearches for the subsk{ (out of N, (sample size)) of the data set

whose covariance matrix has the minimum determjrtdubert (2004). The sample observations basedh@malf

set are chosen from the multivariate data set taioltheMCD estimates of mean vectors and covariance matrices.
These robust estimates are computed based ondgae dhta set selected by the half set. MID estimates are
substituted into the conventional Fisher's equajosay Equations (1-2) to obtain the robust Fisihezar
classification rule. Detailed description of thigtimod is contained in Hubert and Van Driessen (20Dde MCD
approach requires the correction factor to obtaihiased and consistent estimates if the data seesdrom a
multivariate normal distribution. The correcticactor is used for thEAST-MCD algorithm to compute th®1CD
estimates. Detailed description and theorem to ectenphe concentration steps based on the halffsiedCD
technique is contained in Rousseeuw (1999). Tleaton procedure for this method is the samehas af the
Fisher linear classification analysis.

4. The performance of linear classification techniques

When the data set used in training the model idiegppo validate the model, the classification pemfance is
upward bias. In this case, the result is totalpslibecause the same data is used for both traanithgalidation. An
unbiased classification results can be obtaingldeifdata set is splitted into two, say training &atidation. Under
this consideration, the training data is used &ining the model while the validation set is usedvalidate the
model. A stable and accurate classification resaésobtained if the two categories of data setreshuffled and
replicated over a well defined Monte Carlo samjze.s

5. Simulation

This simulation is designed to investigate the carngon between classification performance basethemean of
the optimal probability and the mean of the margpr@bability. The aim is to compute the numbercofrect
classification for each group, the overall meanbptility and the marginal probability is comparedarder to
determine performance and to investigate if thergmal probabilities sum up to unity. In a genarate, the mean
of the optimal probability of correct classificatimnly specifies the performance benchmark andfgatie first
axiom of probability. In this simulation, the dagat is generated based on the contaminated normdélmsay

40N, (0,2+ 1N, (0.9,9the meaning of this is that majority of the data wes drawn from the normal
distribution 40N, (0,1) and the remaining data set was generated fromctimgaminated normal portion

10N, (0.9, 9 respectively. The generated data set was addedhier and reshuffled and divided into 58 %( 29)

training and 42 % ( 21) validation. The result népd is based on 1000 replications. The marginabalbilities of
correct classification and misclassification foe ffisher’s technique are reported in Table 1.

Table 1. Probabilities of correct classificatiaptimal=0.8907)

Performance Group one Group two Total

Correct classification 0.4524 0.4762 0.9286

Misclassification 0.0476 0.0238 0.0714
0.5000 0.5000 1.0000

From the marginal probabilities both groups accdient0.5 sample observations which satisfies therag of
probability, 93% of the sample observations wereremily classified while 7% were misclassified. Threan
probability of correct classification (0.8765) asthndard deviation (0.0277) has 0.9286 marginabadsdity of
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correct classification. The marginal probabilitywealed that 39 out of the 42 sample observation® werrectly
classified and 3 misclassified. Table 2 below cionthae classification result for the robust Fiskeapproach based
on the minimum covariance determinant

Table 2. Probability of correct classification (iopal=0.8907)

Performance Group one Group two Total

Correct classification 0.4524 0.4524 0.9048

Misclassification 0.0476 0.0476 0.0952
0.5000 0.5000 1.0000

The marginal probability indicates that 90% of Haenple observations were correctly classified wiesbout 10%
were misclassified. The mean probability of correlassification (0.8668) and the standard devia(i@:9274)
revealed that the conventional Fisher linear clasdion analysis is robust. The robust Fisher'srapch account
for 90% (38 out of 42) of the sample observatiorekglas the conventional approach account for 93%(89f 42)
of the total sample observations for both groups.

6. Conclusion

The new procedure adopted revealed the proportisample observation correctly classified and naissified,
respectively. The approach is useful in determirttngy number of sample observations classified amdaiso be
used to determine robustness. The limitation o$ tieichnique is that the standard deviations for rdspect
technique cannot be computed automatically. Howewer have introduced a new procedure for analyzivey
classification performance of the linear classiima techniques based on two groups. The new tqaenbf
analyzing the performance also satisfies the twims of probability. We are investigating classifion
performance based on Type 1 and Type 2 errorsethdeerformance analysis based on Type 1 and Tygreo?s
with respect to probability of correct classificatior misclassification only symbolizes the rejectiof the null
hypothesis or the acceptance of the alternate hggis.
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