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ABSTRACT 

This paper presents a new  classification a lgorithm: the Weighted Correlation Matrix Similarity (WCMS) classification 
algorithm. By means o f weighted intra-class correlation matrices and a s imilarity measure between matrices, WCMS is 
able to as sign a class to n ew unknown cases (samples). WCMS formulates no previous assumptions regarding the d ata 
and for better performance may be previously calibrated by means of a training set. Its process of classification is flexible 
and benefits both from the knowledge arisen from the training set and the information proportioned by the new sample to 
be cl assified itself. WCMS was  ap plied for c lassification in p ractice and i ts p erformance w as co mpared w ith ot her 
popular classification algorithms that are based on the data covariance structure using nine real datasets available in the 
UCI data repository. The results showed that the performance of the WCMS algorithm was at least as competitive as any 
of th e ot her tested  methods. Concerning th e nine fo cused dat a sets , WCMS pres ented it self a s superior in terms o f 
classification accuracy in five of them. It was  concluded that WCMS can be u sed as an effective classification tool in a 
wide range of data sets. 
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1. INTRODUCTION 

Mankind has performed classification s ince remote years, as a part of daily life and survival. With human 
evolution, our motivation to classify has become more complex and wide, comprehending classification in 
fields like en gineering, m anagement, banking, marketing, ps ychology e tc. In the context o f data mi ning, 
classification can be understood as the process of assigning to a new observation (sample) one amongst a set 
of previously known classes. In order to do  that, a method or al gorithm has to learn based on a training set 
(instances of the sam e da ta t ype a nd i ts ac tual c lasses) be fore classifying a  new u nknown c ase. The 
traditional c lassification tec hniques ge nerally u tilized i n da ta m ining are , a mong ot hers, decision tre es, 
discriminant analysis and its evolutions, Logistic Regression, and neural net (Han and Kamber, 2001). 

There is a specific group of classifiers based on the data covariance structure, where the mean vector and 
the class c ovariance m atrix are usua lly unknown a nd have to be es timated from  a tr aining set, but the se 
estimates are  optimal only a symptotically and can produce l ower cla ssification a ccuracy. Als o, t here a re 
concerns involving covariance matrix inversion, and the assumption of data normality limits to some degree 
the use of these methods. Even though in most cases some level of violation of the theoretical assumptions of 
a classification method would not seriously compromise its practical application, strong deviations may pose 
serious pr oblems and pe rhaps a major im pediment in i ts applicability. I n addi tion, the c ommon k nown 
theoretical parametric forms do not fit  the densities encountered in practice problems (Duda and Hart, 1973). 

This article proposes a novel nonparametric c lassification method that is  conceptually free from matrix 
inversion and also does not pose previous assumptions concerning the data, thus giving it a broad application: 
the We ighted Correlation Matrix Similarity (W CMS) classi fication a lgorithm. The algorithm is based on 
learning by analogy. By means of weighted intra-class correlation matrices calculated from data set attributes 
and a similarity measure between correlation matrices, WCMS is able to assign a class to new unknown cases 
(samples). WC MS sh ould be prev iously c alibrated by m eans of a training set for be tter per formance. Its 
process of classification is of a  fle xible k ind, g iven tha t the  k nowledge or ge neralization arisen fr om the  
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calibration and training set can be changed operationally by a weighting process in li ght of the information 
proportioned by the new sample to be classified. In summary, WCMS learns globally, as is usual, from the 
training set, as well as individually from the new sample itself. 

2. CLASSIFIERS BASED ON THE DATA COVARIANCE STRUCTURE 

In par ametric class ification t echniques we lea rn from  d ata u nder the assumption t hat the form  for t he 
underlying density function is known. The most common procedure is to consider the Normal distribution, as 
is the case of Gaussian Maximum Likelihood Classifier (GMLC). Suppose there are c  distinct classes, given 

a sam ple vec tor ),...,,( 21 p
T xxxX   depicting p  measurements made on  t he sample from p  

attributes, GMLC w ill a ssign to X  the cl ass h  ( h =1,…, c ) having th e h ighest li kelihood among the 
classes. GMLC assumes that the data follows the Normal density function:  
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In this equation, h  is the mean vector of class h , and h  is the covariance matrix for class h . Usually 
these parameters are not known and must be estimated from training samples. The sample mean is typically 
the estimate for the density mean and the covariance matrix is usually estimated via the sample covariance 
matrix or th e m aximum likelihood c ovariance ma trix estimate. The sample m ean a nd t he maximum 
likelihood covariance matrix estimates maximize the joint likelihood of training samples, which are assumed 
to be statistically independent (Hoffbeck and Landgrebe, 1996). 

These GMLC features may pose some limitations to its applicability. The mean and covariance estimates 
are optimal only asymptotically and can produce lower classification accuracy when the training sample is 
small. A ctually, H offbeck and La ndgrebe (1996) stated t hat unless m any more t han 1p  samples ar e 
available the true covariance matrix is po orly es timated. Also, the  assumption of  the knowledge about the 
form for  the underlying density function ma y be  sus picious in m ost a pplications (D uda a nd H art, 1 973). 
Furthermore, t he method invo lves th e inversion of h  e stimate and  in some cases thi s matrix can b e ill-
conditioned or even singular. Indeed, the problem of covariance matrix inversion is exacerbated in sample 
settings where there are less than 1p  training samples per class, implying that the resulting covariance 
matrix is singular, or where the training sample size per class is not considerably larger than p . Also, high  
dimensional data is more  susceptible to presen ting collinear da ta and the n to result i n il l-conditioned 
covariance matrices. 

There is research proposing improvements, specifically concerning the covariance matrix estimation, like 
the use of the Leave-One-Out Covariance matrix estimate (LOOC) method to calculate an optimal covariance 
matrix mixture (Hoffbeck and Landgrebe, 1996) or Regularized Discriminant Analysis (RDA). Despite the 
significant improvements of ma ximum lik elihood c lassification a nd i ts a pplication in the case o f l imited 
training da ta, these a pproaches re main operating under the  ass umption that the f orm for the underlying 
density fu nction is know n. Additionally, they ar e also affec ted by ca lculus c omplexity. LO OC requires 
calculus approximations in the pursuit of an efficient implementation. Also, both for LOOC and RDA there is 
the r equirement of a n op timization o f t he mix of r egularization parameters, so the re a re techniques for 
making this process more efficient. 

Discriminant Analysis (DA) comprises general methods to produce rules to assign a predefined class to a 
sample c haracterized b y c ertain a ttributes. Usually i t also re lies on the norm al de nsity a nd the previous 
computation of an est imate from the t raining se t. Suppose tha t h  is t he prior probability of observing a  

class h  member and )(Xfh  is a probability density, then the Bayes rule would assign to the object X  the 

class h  with maximal hh Xf )( , that is, [ ^^ )(
hh

Xf  = Max hh Xf )( ]. If the distribution for class h  
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is m ultivariate n ormal, the n t he Ba yes ru le minim izes (V enables and Ri pley, 20 02): 

hhhh
T

hh XXXd  ln2||ln)()()( 1   . 

This quantity is often called discriminant score for the h th class. Use of the classification rule [ )(^ Xd
h

 

= Min )(Xdh ] is known as Quadratic discriminant analysis (QDA).  When all the classes h  are assumed to 

have identical class covariance matrices, i.e. h , this rule is referred to as Linear Discriminant Analysis 
(LDA). QDA and LDA are expected to work well if the class conditional densities are approximately normal. 
But if the class sample sizes hn  are small with respect to p , the covariance matrix estimates become highly 
variable and biased, and will surely affect the process of classification (Friedman, 1989). 

As already stated, one attempt to mitigate part of these problems is to try to obtain more reliable estimates 
from the sample covariance matrix by Regularized Discriminant Analysis (RDA) (Friedman, 1989), which 
involves a n o ptimal mi x of  sample covariance matrix, glo bal co variance ma trix a nd the identity m atrix, 

formalized a s:  hhhh
T

hh XXXd  ln2|),(|ln))(,()()( 1   ; 10    an d 

10   . See (Friedman, 1989) to access the formulas to calculate ),( h . 

Concerning the regularization, if ( 0  and 0 ) the last e quation represents QDA, if ( 1  and 
0 ) it w ill r epresent LDA. O ne disa dvantage of RDA is that there a re often many possible tuning 

parameters ),(   giving the same cross-validation error rate, but the test error rate based on them may vary 
significantly. Users are faced with "the dilemma of how to choose the best parameters" (Xu et al. 2009, p. 
1675). 

Finally, we should point out that both in LDA and QDA processing there still remains the c oncern with 
respect to matrix inversion and s ingularities. RDA overcomes it by modifying the sample covariance matrix, 
shrinking it towards a non-singular or well-estimated covariance matrix, for example, the identity matrix. A 
way to tackle this issue is to use the Moore–Penrose pseudo-inverse when the sample covariance matrix is 
singular. However, this me thod might have poor perfor mance si nce t he generalized inverse w ill be v ery 
unstable due to lack of observations (Guo et al., 2007, apud  Xu et al., 2009, pp. 1675).  

3. THE WEIGHTED CORRELATION MATRIX SIMILARITY 
CLASSIFICATION ALGORITHM 

What is proposed is a new nonparametric classification method: the Weighted Correlation Matrix Similarity 
(WCMS) classification algorithm. WCMS theoretically does not make previous assumptions about data, for 
instance imposing normality of distribution and sa mple d imensionality i ndependence. W CMS w orks w ith 
several empirical covariance matrices in its steps, and its applicability is insensitive to problems caused by 
small-sample set tings or da ta collinearity, si nce n o matrix i nversion is re quired. Th e ne w algorithm i s 
formalized in the following subsections. 

3.1 Description of the Algorithm 

The idea behind the WCMS algorithm is that each subset of a population belonging to a specific class has its 
own c orrelation ma trix pattern w ith rega rd to  spe cific a ttributes ( variables). H ence, th e eva luation of t he 
impact in this correlation matrix, caused by the addition of a new sample (case) to this population subset, can 
throw light on the actual class of the added unknown case. Note that the impact of t he addition of a me an 
vector of a subset to this same subset is null in terms of matrix correlation structure. 

Given c  predefined classes, ch ,...,1 , and n  sample vectors ),...,,( 21 p
T xxxX i  , ni ,...,1 , 

depicting p  m easurements m ade on the sa mple from p  a ttributes, ijx  means the  j th m easurement, 
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pj ,...,1 , for the i th sample. Each sample vector T
iX  belongs to a known class h . So, let X  be a data 

matrix of ty pe (n,p) w ith the measurements of data ( ijx ) as elem ents, pj ,...,1  and ni ,...,1 . The 

WCMS algorithm functions as depicted below, considering the matrix X  as a training set [with p  attributes  

(variables), n  instances (training samples) and c  classes], hijx  as a n element of X  belonging to a class 

h , ch ,...,1 , and t he ma trix U  of type  (s,p) as a ne w unknown set [ with t he m easurements o f d ata 

( sju ), vs ,...,1 , pj ,...,1 , as el ements, with p  att ributes (variables), v  cases (unknown samples)  

and c  classes], the v  new unknown samples having to be classified by the algorithm. Also, note below that 
the terms abs( ) an d round( ) refer respectively to 'a bsolute values' and the 'rounding process' and that we 
must also introduce the auxiliary counters hjD  and 0hsD , 1hsD , 2hsD , 3hsD  and 4hsD . The Weighted 

Correlation Matrix Similarity (WCMS) Classification Algorithm Pseudocode is: 
 

(0) begin algorithm (initialize variables and counters); 
(1) for 1h  to c  do: 

(1.1) form original subsets from the training set containing all 

samples belonging to each class h  (with measurements hijx ), each 

subset labeled as hS  (totalizing c  subsets, each with hn  samples); 

(1.2) calculate the correlation matrix for the p  attributes in each 

hS  subsets, each matrix labeled as hA , (totalizing c  correlation 

matrices); 

(1.3) calculate the preliminary number of replicas ( hrep ): 

)( hhh nrroundrep   (note: hr  is defined below); 
end do (referring to step  1); 
(2) for 1s  to v  do: 

(2.1) for 1j  to p  do: 

(2.1.1) for  1h  to c  do: 
access the deviation pattern of the s th new sample (with 

measurements sju ) with respect to hS , calculating: 

)/)(( . hjjhsjhj xuabsD 


 ; 

(2.1.1.1) if 10  hjD  then do:  

100  hshs DD ; 

end if; 

(2.1.1.2) if 21  hjD  then do:  

111  hshs DD ; 

end if; 

(2.1.1.3) if 32  hjD then do:  

122  hshs DD ; 

end if; 

(2.1.1.4) if 43  hjD then do:  

133  hshs DD ; 
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end if; 

(2.1.1.5) if 4hjD  then do:  

144  hshs DD ; 

end if; 
end do (referring to step 2.1.1); 

end do (referring to step 2.1); 
(2.2) weight the values of hrep  based on the s th new sample  

measurements  and on the results from steps 1.3 and 2.1.1 in order to 
define the value for hsrep  (see detailed description of this step below); 

(2.3) add hsrep  replicas of the s th new sample (with measurements sju ) 

to each subset hS , forming new hsS  subsets with hsijx  as elements 

(totalizing c  new subsets, each with hshhs repnn   samples); 

(2.4) for 1h  to c  do: 
(2.4.1) calculate the correlation matrix hsB  for the p  attributes 

in each hsS  subsets; 

(2.4.2) calculate a similarity measure ),( hshSim  between the 

matrices hA  and hsB  for every hA  and hsB  with the same subscript 

h  (see detailed description of this measure below);  
end do (referring to step 2.4); 
(2.5) assign to the s th new sample (with measurements sju ) the class h  

referring to the lesser ),( hshSim  similarity measure;  

end do (referring to step 2); 
(3) end of the algorithm. 

 

Where in WCMS: 1h  to c ; 1s  to v ; hn : number of instances in the subset hS ; hsn : number of 

instances in the subset hsS ; hr  : pe rcentage value to be multiplied by the number of ins tances hn  in t he 

subsets hS  (see step 1.3), so as  to define the preliminary number of replicas hrep  to be added to the hS  

subsets (for bet ter performance hr  should be defi ned by means of a process of calibration concerning the 

training set, or in light of previous knowledge about the data); hrep : preliminary number of replicas to be 

added to the hS  subset; hsrep : weighted number of replicas of the s th unknown case (sample) to be added 

to t he subset hS , as o btained in ste p 2.2 ;  jhx .


: mean fo r th e j th at tribute in the  subset hS ; hj : 

standard deviation for the j th measure in subset hS . 
Concerning step 2.2, the  weighting phase of  WCMS, we have to po int out tha t the assessment o f data 

variability and the presence of outliers are key points in  th e c lassification process. Also, note  tha t infinite 
forms o f calculations a re p ossible, o bviously yi elding di fferent res ults, in cluding th e use  o f we ights a nd 
linear or ex ponential fu nctions t o w eight data. Concerning functions, w e co uld for i nstance use the linear 
function 15.0  hjDw  to construct a weight ( w ) varying between 0 and 1 in fu nction of  the value 

for the  dev iation hjD  (see t he ste p 2.1.1). Or w e can also use a n exponential f unction, m aybe 
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(
4 hjD

ew ), to  w eight this va lue in a  da mpened w ay. Co nsequently, this process itse lf is a  sc ientific 
issue full of possibilities.  

So, presented here is an individual solution for the weighting process in step 2.2, that gives more weight 
to the samples which are suspected to be an outlier concerning the training data set, as follows: 

 

(2.2) weight the values of hrep  based on the s th new sample  

measurements  and on the results from steps 1.3 and 2.1.1 in order to 
define the value for hsrep ; 

(2.2.1) for 1h  to c  do: 
))/5.0()/3.0()/2.0((1 432 pDpDpDw hshshshs  ; 

hshhs wreprep /1 ; 

)( hshs reproundrep  ; 

end do (referring to step 2.2.1); 
 

The sim ilarity m easure in st ep (2. 4.2) of WCM S uses t he q uadratic d eviation be tween corr esponding 
elements ( below t he diagonal) i n m atrices hA  and  hsB , an d is f ormalized as  follows: 

 

  p

i
i
j ijijhsh abSim 2

1
1

2
),( )( . Where: p  is t he n umber of rows in ma trices hA  and hsB ;  

ija  is the element in the i th row and th e j th column in hA ;  ijb  is the element in the i th row and the  

j th column in hsB . Note that the number of rows (or columns) in the correlation matrices hA  and hsB  

equals the number of a ttributes in the data set. The lesser the measure ),( hshSim  is, the more similar the 

matrices hA  and hsB  are. The analyst can use other similarity measures for the WCMS algorithm. 
As m entioned in t he a lgorithm depiction, for  be tter performance WCMS sho uld be ca librated by  t he 

submission of a  trai ning se t t o t he WCMS steps ( except for the s teps 2. 1 and 2. 2), considering s everal 
combinations of values for hr , 1h  to c  . The reason for not applying steps 2.1 and 2.2 is due to the fact 

that the objective of the calibration is to capture the overall pattern of data and to define the set of hr  in light 

of that. For this reason, step 2.3 in the calibration should be adjusted to calculate hhs reprep  . We could 
say that in the cal ibration phase we would refer to  a " CMS" algorithm, without the implementation of the 
weighting capabilities. After calibration, the best set of hr  with respect to some criteria (accuracy, sensitivity 

etc) should then be implemented in WCMS so as to classify the unknown set stored in U . 
It i s imp ortant t o mention that the  W CMS alg orithm is applicable in  an y si tuation concerning data 

dimensionality and sample sizes ( p ,n , hn ), including the cases where pn   or pnh  , provided that 

there exists intra-class var iability for al l considered at tributes ( pj ,...,1 ). If  it were not the case for a 
specific attribute, it should be discarded from the analysis. 

Finally in this section, it should be added that recent literature involving the classifiers that are based on 
the data covariance structure makes no m ention of an algorithm that works l ike WCMS. See, for ins tance, 
(Lu et al., 2009, Peng et al., 2008., Ji and Ye, 2008, Ye et al., 2006, Guo et al., 2008, Liu et al., 2008, Halbe 
and Aladjem, 2007, Lu et al., 2003., Xu et al., 2009). 

3.2 Numerical Illustration with the Iris Data Set 

Suppose that we change the location of our training data stored in X . If jx.


 is the global mean for the j th 

measurement i n X , a m atrix C  o f type (n, p) ca n t hen be defined w ith t he c entered me asurements 
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)( . jij xx


  as elements. Each class h , ch ,...,1 , discriminates an h th subset with hn  samples. Then, 

theoretically WCMS works with correlation matrices given as: 2/12/1 NCDCDR T .  Where: C  is a 

matrix of type (n, p) w ith t he ce ntered me asurements of da ta )( . jij xx


  a s elem ents, pj ,...,1  a nd 

ni ,...,1 ; N is a diagonal matrix of type (n,p) with ( )/1 n  as elements; D  is a diagonal matrix of type 

(n,p) with )/1( 2
j  as elements, 2

j  being the variance for the j th attribute in matrix X . 

So in s tep 1.2 WCMS  ca lculates: 2/12/1
hhh

T
hhh DCNCDA  . Where: hA  is the correlation matrix 

for t he p attributes in t he su bset hS , ch ,...,1 ; hC  is a  ma trix of type ( ), pnh  wit h the  ce ntered 

measurements of data )( . jhhij xx


  as elements, pj ,...,1  and hni ,...,1 ,  hn  being the number of 

samples enclosed in the subset hS , hijx  being the j th measurement for the i th sample belonging to the 

subset hS , and jhx .


 being the mean for the j th attribute in the subset hS ; hN  is a diagonal matrix of 

type ( ), pnh  w ith ( )/1 hn  a s elements; hD  is a di agonal matrix of  ty pe ),( pnh  wi th )/1( 2
hj  as 

elements, 2
hj  being the variance for the j th attribute present in the subset hS . 

In step 2.4.1 the following correlation matrices are obtained: 2/12/1
hshshs

T
hshshs DCNCDB  . Where: 

hsB is the correlation matrix for the p  attributes in the subset hsS , ch ,...,1 , vs ,...,1 ; hsC  is  a 

matrix of type ),( pnhs  with the centered measurements of data )( . jhshsij xx


  as elements, pj ,...,1  

and hsni ,...,1 ,  hsn  being the number of samples enclosed in the  subset hsS , hsijx  being the j th 

measurement fo r the i th sample be longing to t he subset hsS , a nd jhsx .


 be ing the m ean for t he j th 

measurement in the subset hsS ; hsN  is a diagonal  matrix of type ),( pnhs  with )/1( hsn  as elements;  

hsD  is a diagonal matrix of type ),( pnhs  with )/1( 2
hsj  as elements, 2

hsj  being the variance for the  

j th attribute present in the subset hsS . 
To illustrate numerically the WCMS a lgorithm, cons ider the  Iris D ata Set from the U CI Machine 

Learning Repository (Frank and Asuncion, 2010). A 10-fold cross validation process divided the data into ten 
equally populated blocs )15( hn , ‘bloc’ is R pro gram terminology used to de scribe data divisions (see 
section 4.1). Suppose that we are classifying the 6th validation bloc with the  t raining set formed by the 135 
leftover instances. Our 6th validation bloc is composed by the following Iris Data Set samples (V1, V2, V3, 
V4, V5=class): 4.6, 3.4, 1.4, 0.3, 1;  4.8, 3.4, 1.6, 0.2 , 1; 4.3, 3.0 , 1.1 , 0.1,  1; 5.7, 3.8, 1.7, 0.3, 1; 5.0 , 3.0 , 
1.6, 0.2,  1; 5.0 , 3.2, 1.2 , 0.2 , 1; 5.5, 3.5, 1.3, 0.2, 1; 5.0 , 3.5, 1.6 , 0.6,  1; 4.8, 3.0, 1.4, 0.3, 1; 6.4 ,3.2, 4.5 
,1.5, 2;  7.1 ,3.0, 5.9 ,2.1, 3; 7.3, 2.9, 6.3, 1.8, 3; 6.4 , 2.7, 5.3, 1.9, 3; 7.7, 2.6, 6.9, 2.3, 3; 6.3 ,2.5, 5.0, 1.9, 3. 
Based on the respective training set, step 1.2 in WCMS produces the following correlation matrices for the 
four variables in t he training subsets hS  related to each class h  (in the matrices, only the elements below 
the diagonal are shown): 
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



















10.24946960.28530890.3150621
10.11207360.1921224

10.7765310
1

1A ,





















10.78578970.65707860.5388677
10.55846430.7528799

10.5146851
1

2A , 





















10.31791540.57428750.2750327
10.50500110.8514286

10.5443223
1

3A . 

 

In order t o cla ssify bloc 6,  our previous calibration proc ess de fined: ( 15.01 r , 15.02 r , 

11.03 r ). Let us n ow follow the ne xt WCMS ste ps a nd the  final c lassification for the 1st validation 

sample ( V1=4.6, V2=3.4, V3=1.4, V4=0.3, 1h ). Step 1. 3 calculates the preliminary number of replicas 

hrep  ( 61 rep , 72 rep , 53 rep ). S tep 2.2 weights t he values for hrep , ( 111 w , 

65.021 w , 675.031 w ), and t hen c alculates th e v alues for hsrep  ( 611 rep , 1121 rep , 

731 rep ). After that, step 2.4.1 allows the calculation of the correlation matrices 11B , 21B  and 31B , 
as follows (only the elements below the diagonal are shown): 





















10.20821070.27025540.1941009
10.11638270.2346751

10.7249988
1

11B ,





















10.96712690.4056114-0.8254459
10.4710633-0.8740680

10.2361573-
1

21B
, 





















10.90709600.16996754-0.76132273
10.24545891-0.89329484

10.01282225
1

31B
. 

In step 2.4.2 the similarity measure ),( hshSim  (defined in the previous section) applied to matrices 1A , 

11B , 2A , 21B  and 3A , 31B  r esults in 0.04209079)11,1( S ,  5.765397)21,2( S and 

3.969925)31,3( S . Thus,  step 2.5 assigns to the 1st validation sample of the 6th bloc the class h  of 

lesser )1,( hhS , that is, class 1 ( Iris-setosa), which matches the actual class for this sample in the  Iris Data 

Set. 

4. COMPARING WCMS TO OTHER CLASSIFICATION METHODS 

4.1 Methodology 

Some real data sets from the UCI repository (available from: http://archive.ics.uci.edu/ml/datasets/) are used 
to compare WC MS t o al ternative me thods. These da ta s ets allow the exploration of several unspecified 
empirical densities, high-dimensional situations, collinearity characteristics and also small-sample settings. 

A k-fold cross validation is widely used in the related literature (Venables and Ripley, 2002; Licheng et 
al., 2006) to present a more stable estimate of the performance of a classification method. So to calibrate the 
WCMS algorithm and define the  best se t of hr  to be applied to each validation bloc, a prev ious 10-fold 
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cross-validation was performed for each of the 10 training blocs. Thereafter, WCMS was submitted to each 
validation bloc (once adjusted with the best hr  setting regarding the corresponding training bloc and its 
proper process of 10-fold cross-validation). In th e ca libration process, the c hosen cr iteria was the  greatest 
accuracy rate re ached over  t he 10-f old cross-validation. If two hr  set tings ga ve the same ac curacy r ate 

during t he process of ca libration, the c hosen se t o f hr  was t he se t with the lower  
c
h hr1 . In  the 

calibration process we considered  all possible sets of hr  ( 15.0'01.0  srh , with increments of 0.01). 

The overa ll results ( hr  settings) and t he p rocessing times of the 10-f old cr oss-validation process are 
presented in the next subsection.  

For comparison, RDA, LDA and GMLC algorithms were applied to exactly the same blocs generated by 
the depicted cross-validation process, all of them processed and programmed in R program (R Development 
Core Team , 2007). LDA was i mplemented in R pa ckage “MASS”. RDA here  refers to regu larized 
discriminant a nalysis w ith t he reg ularization pa rameter determined b y cr oss-validation. T he values o f the 
regularization para meter test ed a re the  default values given in t he r da() funct ion in R pac kage "r da" (1 0 
values equally spaced between 0 and 0.99 for “alpha” and between 0 and 3 for “delta”). We used the “Min–
Min” ru le (G uo et a l., 200 7, apud X u et  a l., 2009, p p. 16 75) fo r sel ecting the op timal para meters when 
multiple value-pairs gave the same misclassification error during cross-validation. 

4.2 Presentation of Data Sets and Comparison of Classification Results 

Pima Indians D iabetes D ata S et com prises 76 8 entries (8 attributes a nd a  c lass variable), 550 of the m 
classified as 0 a nd 268 classified as category 1. Ten mutually exclusive folds were randomly sampled from  
the Pima data set (nine validation folds including 77 entries and the tenth fold comprising 75). 

Breast Cancer Wisconsin Original Data Set comprises 699 entries (9 attributes and a class variable), 458 
of t hem class ified as cate gory 2  a nd 241 c lassified a s c ategory 4 (re coded a s 0 an d 1,  respectively). Ten 
mutually exclusive folds were randomly sampled from this data set (nine validation folds including 69 entries 
and the tenth fold comprising 62). 16 original entries with missing data were removed.  

Haberman's S urvival D ata Set comprises 3 06 entries ( 3 a ttributes and a  c lass var iable), 8 1 of t hem 
classified as c ategory 2  and the remaining 225 classified as c ategory 1 (recoded as 1 an d 0, respectively). 
Ten mutually exclusive folds were randomly sampled from this data set (nine validation folds including 31 
entries and the tenth fold comprising 27).  

Connectionist Be nch D ata S et comprises 20 8 en tries (6 0 at tributes and a clas s variab le). The la bel 
associated with each record is a let ter "R" or "M", with a total of 97 Rs and 111 Ms. We r ecoded the class 
variable (R =0 a nd M=1). Te n mu tually e xclusive folds were ra ndomly sam pled fr om this data set (n ine 
validation folds including 21 entries and the tenth fold comprising 19).  

SPECT Heart Data Set comprises 267 en tries (22 attributes and a class  variab le). The labe l assoc iated 
with each record is "0" or "1". Ten mutually exclusive folds were randomly sampled from this data set (nine 
validation folds including 36 entries and the tenth fold comprising 27). The 18th and the 19th variables were 
discarded since they do not have variability over class "0".  

Mammographic Mass Data Set comprises 961 entries of data (5 attributes and a class variable). The class 
associated w ith each rec ord is the  field 'severi ty', 0 or 1. Ten mutu ally exc lusive folds w ere randomly 
sampled from this data set (all of them with 83 entries). 131 original entries with missing data were removed.  

Blood Tr ansfusion Service Center D ata Set  (copyright Pr of. I-Cheng Y eh) com prises 74 8 e ntries (4  
attributes and a class variable). The class associated with records is a binary variable (0 or 1 ). Ten mutually 
exclusive folds were randomly sampled from this data set (9 of them with 75 and the tenth with 73 entries).  

BUPA Li ver Di sorders Data Set comprises 34 5 e ntries (6  attributes an d a cl ass v ariable). The class 
associated with each record is a selector fi eld  (1 an d 2, re coded, respectively, as 0 and 1). Ten m utually 
exclusive folds were randomly sampled from this data set (9 of them with 35 and the tenth with 30 entries).  

Ionosphere Data Set comprises 351 instances of data (34 attributes and a class variable). The labels in the 
data are "g" or "b" (recoded as 0 and 1, respectively). Ten mutually exclusive folds were randomly sampled 
from this data set (nine validation folds including 36 entries and the tenth fold comprising 27 entries of data). 
The first and second attributes were discarded since they do not  present variability over classes.   
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To il lustrate t he 1 0-fold cross-validation r esults for  WCMS cal ibration, Tab le 1 su mmarizes the  hr  

settings that gave the greatest accuracy rate (%) for all 10 training blocs. The reader is reminded that there are 
two classes for all the datasets )1,0(  hh . Thereafter, these  hr  settings  (in Table 1) were applied to 
step 1.3 in WCMS in order to classify the corresponding validation blocs. 

Table 1. Summary of the 10-fold cross-validation process results.  The ),( 10 rr  (%) settings giving the best accuracy 
rate concerning training blocs 

 bloc 1 bloc 2 bloc 3 bloc 4 bloc 5 bloc 6 bloc 7 bloc 8 bloc 9 bloc 10 
PI 7%, 10% 4%, 6% 5%, 7% 2%, 3% 2%, 3% 4%, 6% 2%, 3% 9%, 13% 8%, 12% 2%, 3% 
BR 9%, 13% 5%, 8% 6%, 10% 5%, 9% 4%, 7% 4%, 7% 4%, 8% 5%, 8% 7%, 11% 9%, 14% 
HB 2%, 5% 1%, 1% 4%, 8% 5%, 14% 4%, 9% 5%, 11% 2%, 11% 3%, 7% 5%, 7% 1%, 4% 
CN 10%,12% 7%, 8% 11%,13% 12%,14% 9%, 11% 12%,14% 8%, 10% 4%, 4% 10%,12% 5%, 6% 
IO 2%, 5% 1%, 3% 4%, 9% 5%, 12% 2%, 5% 4%, 8% 2%, 5% 2%, 5% 3%, 6% 2%, 5% 
SP 4%, 4% 9%, 6% 10%, 8% 14%,12% 2%, 1% 6%, 1% 8%, 8% 8%, 7% 6%, 3% 15%, 9% 
BU 13%,12% 4%, 5% 14%,13% 2%, 2% 8%, 8% 10%, 9% 15%,14% 5%, 5% 11%, 9% 7%, 7% 
MA 9%, 9% 6%, 5% 9%, 8% 8%, 5% 13%,15% 4%, 3% 12%,14% 14%,11% 7%, 7% 10%, 7% 
TR 1%, 3% 1%, 3% 4%, 12% 3%, 10% 1%, 4% 1%, 4% 1%, 3% 1%, 4% 4%, 13% 1%, 4% 
DATA SETS: PI = PIMA; BR = BREAST; HB = HABERMAN’S;  CN = CONNECTIONIST;   
IO = IONOSPHERE; SP = SPECT; BU = BUPA; MA= MAMMOGRAPHIC; TR = TRANSFUSION. 

 

With respect to the p rocessing t imes in R p rogram (version 2 .14.0 –  64 bit) ru nning on  a  n otebook 
(processor: 2.13 GHz , 3 MB L3 cache; 3 G B DDR3 Memory; 320 GB HDD), Table 2 s hows processing 
times for a ll compared algorithms concerning bloc 1 (run ning of ca libration and classification).  LDA and 
GMLC do not require a calibration phase. In Table 2 we see that all algorithms were very fast in running the 
classification i tself. Also, u nder c ertain circ umstances WC MS m ay be time -consuming i n a 10-fo ld cross 
validation process, since it covers a ll possible settings for hr  ( 15.0'01.0  srh , with increments of 
0.01). Undoubtedly, better and more recent machines or desktops can perform this calibration faster (even 
when encapsulated in a 10-fold cross validation process).   

Table 2. Processing times for bloc 1 (for calibrating training bloc 1 and  running the classification of validation bloc 1).  
Where: s (seconds) and m (minutes); * (to run the classification of validation bloc 1); ** (to calibrate training bloc 1) 

 HB CN BR  PI MA TR SP IO BU 
LDA* 0.32 s 0.55 s 0.33 s 0.23 s 0.25 s 0.28 s 0.30 s 0.31 s 0.26 s 
GMLC* 0.84 s 1.37 s 1.23 s 1.08 s 1.14 s 0.81 s 1.01 s 1.42 s 0.85 s 
RDA* 0.25 s 0.22 s 1.30 s 1.90 s 2.38 s 1.81 s 0.25 s 0.32 s 0.29 s 
RDA** 3.31 s 3.18 s 12.82 s 17.41 s 21.68 s 16.40 s 3.67 s 4.25 s 3.79 s 
WCMS* 2.42 s 10.64 s 9.08 s 7.09 s 7.52 s 4.57 s 4.41 s 9.45 s 3.53 s 
WCMS** 12.90 m 79.94 m 110.43 

m 
141.61 
m 

115.64 
m 

93.14 m 28.35 m 90.91 m 21.74 m 

DATA SETS: PI = PIMA; BR = BREAST; HB = HABERMAN’S;  CN = CONNECTIONIST;   
IO = IONOSPHERE; SP = SPECT; BU = BUPA; MA= MAMMOGRAPHIC; TR = TRANSFUSION. 
 

Finally, Ta ble 3 s hows sy noptically the  accuracy ra te mean an d sta ndard e rror fo r all datasets and 
methods (the best  results for each dataset are in bold). All methods were proficient in classifying data and 
obtained relatively similar results. As can be seen, WCMS attained the greatest accuracy rate in five of the 
data sets, RDA in three of them, and LDA in only one. Also note that the GMLC algorithm was incapable of 
classifying the Transfusion data set due to limitations involving matrix singularities. A positive aspect that 
should be highlighted here is that the results for the WCMS algorithm were obtained without posing previous 
assumptions regarding the data, as the other compared methods do. 
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Table 3. Classification Results for Real Data Sets - Accuracy Rate Mean % (SE) 

 WCMS GMLC LDA RDA 
PIMA 76.57 (1.66) 73.41 (2.25)  76.56 (1.52)  76.36 (1.53) 
BREAST 97.52 (0.43 ) 95.00 (0.83) 96.07 (0.43) 96.51 (0.43) 
HABERMAN’S 73.62 (2.52 ) 75.1 (2.42) 73.99 (2.39) 75.28 (2.68) 
CONNECTIONIST 77.79 (2.38) 74.41 (2.71) 73.81 (3.57) 77.42 (2.44) 
IONOSPHERE 87.31 (1.65) 86.85 (1.26) 85.19 (1.49) 84.91 (1.90) 
SPECT 83.52 (2.00) 81.67 (2.77) 81.99 (3.13) 83.94 (3.06) 
BUPA 61 .86 (2.07) 57.76 (2.66) 67.29 (3.32) 66.19 (3.97) 
MAMMOGRAPHIC 81.69 (0.84 ) 80.00 (1.11) 81.33 (1.53) 80.48 (1.12) 
TRANSFUSION 77.52 (1.73 ) * 76.99 (1.35) 78.04 (1.81) 

SE: Standard Error for Accuracy rate mean; *: algorithm does not run, (singular matrices). 

5. CONCLUSION 

Presented in this p aper is a new classification al gorithm: th e Weighted Co rrelation Matrix Similarity 
(WCMS). By means of weighted intra-class correlation matrices and a similarity measure between matrices, 
WCMS a ssigns a class to n ew unk nown ca ses (sam ples). Theor etically WC MS doe s not make pre vious 
assumptions of data, for ins tance imposing normality of distribution. Also, its applicability is inse nsitive to 
problems caused by sma ll-sample settings or data collinearity since no matrix inversion is required. These 
characteristics give it a broad and more realistic practical application.  

Differently from well known classification algorithms that deal with covariance structure, its process of 
classification benefits both from the training set and from information proportioned by the new sample to be 
classified. This l ast information has the c apability o f o perationally changing, via a  weigh ting ste p, the  
generalization arisen from the training set, thus impacting the classification results.  

For better performance, the algorithm should be previously calibrated by means of a training set. We used 
a 10-fold cross validation process to calibrate the algorithm. Under certain circumstances, WCMS calibration 
through such a process may be time consuming and a proposed time-saving alternative would be to calibrate 
based only on two subsets (training and validation sets) or to augment the increments for the possible settings 
of hr  in the process of calibration. 

WCMS was a pplied for  data class ification and i ts performance was co mpared with other widely us ed 
classification al gorithms (RDA, LDA and GMLC, which a re b ased on th e d ata co variance structure) 
considering nine real datasets available in the UCI data repository. This data represents a range of different 
types of data dependence s tructure an d dimensionality. The  results s howed t hat th e performance of t he 
WCMS algorithm was at least as competitive as any of the other tested methods. WCMS attained the greatest 
accuracy rate in five of the data sets. It was concluded that WCMS can be used as an effective classification 
tool in a wide range of data sets. 

To conclude, today there is scope for algorithms that focus not only on the generalization from training 
data, but that also have a deep awareness of the information from the individual sample to be classified, as 
WCMS does in its  weighting step, and which is its c ontribution towards that. Thus, the weighting phase of 
the al gorithm is itself a  sci entific is sue, w ith infinite possibilities o f c alculations a nd further rese arch for 
better performance. 
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