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Abstract: We study the relationship between the distribubbudlata, on the one hand, and classifier
performance, on the other, for non-parametric dfiass. It is shown that predictable factors sush a
the available amount of training data (relativehe dimensionality of the feature space), the apati
variability of the effective average distance betwelata samples, and the type and amount of noise
in the data set influence such classifiers to aiit@nt degree. The methods developed here can be
used to gain a detailed understanding of clasgifisign and selection.
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1. INTRODUCTION do not provide much insight on the specific
characteristics of the data that will determine the
The quest to optimize the performance of trainablgreference of classifier. To address that shortngmive
classifiers has a long and varied history. Sooardfte focus on two pieces of conventional wisdom, whicé a
design of the earliest parametric and linear di@ssj often repeated in review papers [2] and text bo@fs
researchers found refinements (such as polynomidihe first wisdom is that discriminative classifidgend to
classifiers and the nearest-neighbour rule) thatigced be more accurate than model-based classifiers at
more accurate classification on comparable data. setlassification tasks (see, e.g. [3, p. 77]); theosd is that
Hence, the quest for “the most accurate” classifias  k-nearest-neighbour (KNN) classifiers are almostagkv
initiated, and several generations of candidatestifat close to optimal in accuracy, for an appropriateio of
titte have been proposed: kernel functions, neurdt (e.g. [2, p. 17]). A common subsidiary to the latte
networks, support vector machines, etc. belief is that the best value of k can only be deieed
empirically. We therefore focus our attention ometh
In some ways, this activity has been extremely petide  specific topics:
— we today have a wide range of classifiers that ar

employed in numerous applications, from credit sgpr « Do model-based classifiers substantially
to speech processing, with great technical and outperform discriminative classifiers under any
commercial success. However, from another perspecti circumstances?

this entire enterprise can be considered a disaikiré: « What attributes of classification data determine
we still do not have a single classifier that catiably the optimal value ok in a kNN classifier?
outperform all others on a given data set [1], el «  Are there specific circumstances that cause the
process of classifier selection is still largelpracess of kNN to underperform other classifiers
trial and error. substantially?

This apparent contradiction would not be surprismthe  \we have developed a methodology (summarized in
context of purely parametric classifiers, since thesection 3) that uses artificial data sets to probe
accuracy of a particular parametric classifier ogiv®n interaction between classifiers and data setsebtiéh 4
data set will clearly depend on the relationshipMeen e show that these three questions can be answsiregl

the classifier and the data. The concept of a sigist that methodology, and in Section 5 we discuss the
parametric classifier is clearly not useful, andlia-and-  implications of those findings.

error process will generally be required to finde th
parametric form that best describes a given data se 2. DATA SETS AND CLASSIFIERS: PREVIOUS
(although statistical tests may be employed to it WORK
search).

Several comparative studies have been conducted to
In the realm of non-parametric classifiers, howetieere  determine features in data that will predict clsaion
is less awareness of the need to harmonize thgerformance. Tax and Duin [4] consider a one-class
characteristics of data and classifiers. As we ril#sdn  classification problem and make use of 19 clagsifind
Section 2, a few empirical studies have shown that 101 data sets. They define two features to chaisete
choice of optimal classifier does in fact dependto® data sets, namely the effective sample size andléss
data set employed, and some guidelines on classifigverlap. The classifier disagreements for the data are
selection have been proposed. However, these guedel calculated and data sets with their disagreemensures



are mapped into a two-dimensional space. Datasets fMultivariate Gaussian distributions are used toegate
which classifiers perform well and poorly are artificial data sets. We usé single variable Gaussian
investigated. They find that the only variable thatdistributions of the form
characterizes a data set well is the effective sarsige _ 1 (x=1)? 1)
(the ratio between the number of observations and P =—"— 7 T o0

K . (ZHU ) 2 g
variables in a data set).

Brazdil et al. [5] performed a comparative study based orf® generat@_samples_per distribution. Note thats the
the results of the StatLog Project [1]. The Statpogject = M€an ands” is the variance of (1). This result in a d-by-n
compared 22 classifiers on more than 20 differeatad Matrx X. The d single dimensional variables are
sets. The aim of [5] was to obtain a set of rutepredict expanded to a multivariate Gaussian distributiom&ing
classification performance of data sets. Statistarad

information theoretic measures were used to extract Y=Ax+B, (2)
features from data sets. These measures were used

together with the classification results of thetStg where B is the d-dimensional mean of the distribution
project to construct an expert system, named theepeatedn times andAAT is the covarianceX, of the
Application Assistant, to predict the classificatio multivariate distribution. The consequent multigdie
performance of various classifiers on a particdetia set.  distribution may be written as

The C4.5 algorithm [6] was used to construct ridifes

the given data. The classification results weresimered (x) = 1 ox —l(x— ) x—p) 3)
one at a time by the C4.5 algorithm, until a fisat of = g H "
rules were constructed. All the rules had a comitge (@m?[x|z

measure to indicate the usefulness of a rule. Qaly
classification errors were used per classifier tiughe
fact that they used the StatLog project resulte fiHes
that were generated by the expert system were emyt v
meaningful due to a lack of training data — it & to
find counterexamples to the conclusions reachefb]in

Fpr exa’.“p"?' one of the _b_asic.rules in [5] is .tthﬂ class in a data set are generated by a weightetinmigf
Linear Discriminative c_Iassn‘ler will perform .We@wth & multivariate Gaussian distributions of the form egivin
confidence or information score of 0.247) if themier (3). Data sets are generated for three different

of samples in the data set is less or equal to .1abthe experiments explained later in this section.
rules with an information score of more than 0.2 ar
considered useful. This is clearly not a rule thiit hold

in general: only the size of the data set is carsid, and
factors such as the dimensionality and number a8sds i en in (3) are generated for correlated and uetated
in the data set is ignored. The linear classifiseduin variables.

StatLog is a model based classifier; generally the

performance of the Linear classifier improves ae tha f,I covariance matrixAAT
number of observations increases. This rule is talis
for Statlog specifically, but does not generaliaeother
data sets.

where x is a d-component column vectoy is a d-
component mean vecto®, is the d-by-d covariance
matrix, ( - p)' is the transpose of (- p), £ is the
inverse off, and|X| is the determinant &.

Class-conditional probability density functions feach

Correlation of variables: Multivariate artificial data with
class conditional probability density functionstioé form

is used for correlated
variables. TheA matrix is generated by using the Gram
Schmidt orthogonalization procedure [7]. This pohoe

is used to ensure that the column vectors ofAthmatrix

. . . . are orthogonal to one another and are rotatedveltd a
It is therefore fair to say that limited understaugdon the diagonal covariance matrix with components equahéo

relationship between data properties and classifi€fjgenyajues of thed matrix. This ensures prescribed
performance is currently available, and it is agathat  \o|a1ionships between the standard deviations in al

background that we present our methods and resulffensions (see below) for the correlated data and

below. ensures correlation in all dimensions.
3. METHODS AND DATA Diagonal A matrices are used to generate uncorrelated

: . . . data. This results in diagonal covariance matrfoS.
In order to experiment with the relationship betwelata

an(_j_ plassmers, we ha\(e generat_ed several sefies §angard deviation: Data sets with different standard
a”'f'c'?" d.at?‘- a_nd expen_mented with both moq&*}‘?’d deviations (SDs) are generated. SD is introducethéo
and discriminative classifiers. 10-fold cross-vatidn is uncorrelated data by setting the diagonal elemethe
used to evaluate and compare the performance of the mauiy equal to the SD value. To ensure differ@bs
classifiers on the different data sets. in the different dimensions, each diagonal elenuérthe

A matrix is also multiplied with a different uniform

3.1 Artificial data generation random number between 0 and 1.



SD is introduced into the correlated data by miyliy

the experiments were repeated ten times on teardift

the A matrix generated by the Gram Schmidt proceduréata sets (with the same properties) to reducefthet of

with a diagonal matrix. The diagonal matrix is ekathe

same as theA matrix in the uncorrelated case. This

ensures different eigenvalues in all dimensions.

variability in the results.

Experiment 1. Experiment 1 uses artificial data sets with
Gaussian distributed classes to illustrate where th

Noise: Two forms of noise are relevant in classificationGaussian classifier and the Naive Bayes classifier
problems:input noise affects the class-conditional densityoutperform discriminative classifiers.

functions, and can be adjusted by chang@ndB in

(2). Output noise is simulated by changing the classThe method of data generation explained in thigi@ec

labels of the observations in the original data &etr
reasons that will become clear, we are more intedeis
output noise; for this case, the percentage nosse
measured by the percentage of class labels that theen
changed.

3.2 Classifiers

Two model-based and four discriminative classifiare
used in this study. The model based classifierstlaee
Naive Bayes classifier (NB) [8] and the Gaussiaau$s)
classifier. The discriminative classifiers are ihecision
Tree classifier (DT) [6], the k-nearest-neighbokiNI{)
classifier [9], the multi-layer perceptron (MLP) dan
support vector machines (SVMs) [10].

The NB, DT, kNN, MLP and SVM classifiers are all

3.1 is used. Artificial data sets for correlateddan
uncorrelated variables are generated. Data sefstiwite
classes are used. The number of samples per nlas€h
data set ranges from 20 to 100. All the data set® lten
variables. The SDs for each data set ranges froon2b,
and the class means are chosen from different bypes
in the variable space that ranges from -1 to lie gell-
separated means.

The purpose of this experiment is to generate data
with models that fit the Gaussian classifier anel lNaive
Bayes classifier assumptions well. The Gaussian
classifier assumes data with Gaussian distributimms
dependent or correlated variables, whereas theenaiv
Bayesian classifier assumes independent varialfles o
particular one-dimensional distribution (for sinmitly,

we have employed Gaussian distributions for theses

implementations of the machine learning package &Vekas well). The number of samples per class is vatted

[11]. The Gaussian classifier is a Matlab impleratah
available at [12].

probe for cases where the model-based assumption is
optimally useful.

The kNN uses a LinearNN nearest neighbour seardBxperiment 2: Experiment 2 uses artificial data sets with

algorithm with an Euclidean distance metric [9].€Th

Gaussian distributed data and added output noise to

optimal k value is determined by performing 10-foldillustrate the effect of output noise on the optimalue

cross-validation. An optimal k value between 1 40ds
used for Experiments 1 and 3. Experiment 2 usdésapt
k values between 1 and 20.

The SVM uses C-Support Vector classification whare
regularisation paramete€) is introduced to incorporate
cost due to non-separability for linearly non-sepbés
data. A radial basis function is used as kernet. dach
experiment, the optimal cost paramet&) @nd kernel
width parameterd) are determined by performing 10-
fold cross-validationg values in the range [FOL(P] and
C values in the range [f010] are considered. The
Golden Ratio search [13] is used to search thrahgiC

of k in the kNN classifier. The effect of outputis® on
the ratio between the error rate of the optimal kNN
classifier and the error rate of the nearest-naighb
classifier is also illustrated.

Two and ten dimensional correlated data sets wiiken
fractions ranging from 5-25 % are generated. Adl thata
sets have three classes and the number of sametes p
class range from 20 to 100. The standard deviatibiise
distributions are varied from 1 to 25 to illustréhe effect

of the SD on the optimal k values. The error rédeshe
optimal kNN classifier and the 1NN classifier are
calculated for all the data sets and are compared.

and g dimensions to find the optimal error rate for the

SVM classifier.

Experiment 3: Experiment 3 uses two dimensional
Gaussian distributed data with different SDs in the

A single hidden-layer back-propagation MLP is usedhorizontal &) and vertical §) directions. These data sets
The optimal number of nodes in the hidden layer isre used to illustrate the effect of the constastadce
determined by 10-fold cross-validation. An optimalmetric used by the kNN classifier throughout théiren

number of hidden nodes between 2 and 10 are used.
3.3 Experimental design
The three research questions introduced in Settivare

studied through the design of targeted data setthfee
experimental conditions, as described below. Nud¢ all

variable space.

Data sets with 2 and 4 classes are generated. Urhbar
of samples per class ranges from 20 to 100.



The 10-fold cross-validation error rates for thedele

based and discriminative classifiers are calculaad

compared to the error rates of the optimal kNN sifaes.
4. RESULTS

The results of the three experiments explainedeicti&n

We see that all the discriminative classifiers perf
considerably worse than the model-based classifidre
ten dimensional space. It is thus not safe to asstinat
discriminative classifiers will perform comparabie a
Gaussian classifier on correlated high dimensiatah
with a small number of samples per class.

3 are summarized in this section. Throughout ouFigures 3 and 4 show that the NB classifier hadaest

discussion, high dimensional data is defined aa daih
a small number of samples in each class per dimensi

4.1 Experiment 1 results

The classification results from experiment 1 aneegiin
Figures 1 and 2.
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Figure 1: Classification results of correlated 10

dimensional data (20 samples per class)
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Figure 2: Classification results of correlated 10
dimensional data (100 samples per class)

Figures 1 and 2 show that the Gaussian classiflaeaes
the lowest error rate over all the correlated dagis in
this experiment. This result is not surprisingtself since
the data are in fact normally distributed. The riesting

error rate over all the uncorrelated data sets irsehis
experiment, whereas all the other -classifiers had
substantial error rates for at least some expetizhen
conditions. It is thus not safe to assume that
discriminative classifiers will perform comparabie a
Naive Bayes classifier on uncorrelated high dinmamedi
data with a small number of samples per class.
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Figure 3: Classification results of uncorrelated 10
dimensional data (20 samples per class)
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Figure 4: Classification results of uncorrelated 10
dimensional data (100 samples per class)

4.2 Experiment 2 results

The results of experiment 2 are given in Figurés 5-

results are contained in (1) the extent to whick thFigure 5 shows that the optimal value of k for kKiN

discriminative classifiers underperform the appiater

classifier increases monotonically as the (outpot¥e in

model-based classifier, and (2) the dependencéhisf t the data increases, whereas the optimal k valuasée
underperformance on factors such as data overidphen decrease (though not as predictably) when the SD

size of the training set.

increases.
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Figure 5: KNN classification results of correlateasy 2
dimensional data

At first glance these results seem contradictangesthe
SD can also be viewed as a form of noise — spatlific
input noise. However, these
consistent, and provide an important hint on thaiaghof

k: whereas increasing SD does create increasindagpver

of the class distributions, that overlap tendsi¢oak the
edges of these distributions. Output noise, onadtter
hand, permeates the entire feature space — hefegea
k value is required to properly smooth over thesepdes
as the noise percentage increases.

Figure 6 shows that in a high-dimensional featyrace
with high SD, the optimal k values are close toThis
might be because, for large k, the contributing Ham
may be so far away from the sample as to
meaningless. Figure 6 also shows that the optinvalle
continues to increase reasonably monotonically with
noise percentage in 10 dimensions both for highland
overlap.
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results are actually

majority of cases, for a SD of 1 and dimensionaiiftyL O,
the 1NN classifier has more than 1.5 times thereate
of the optimal classifier, indicating that thesfatiences
are indeed significant.
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Figure 7: Error rate ratios of correlated noisy 2
dimensional data
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Figure 6: KNN classification results of correlatealsy 10
dimensional data

How significant are the differences between

accuracies obtained with the various values fofigares
7 and 8 show the error rates of the 1NN classifieided
by those of the optimal kNN classifier for eachtbé
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Figure 8: Error rate ratios of correlated noisy 10
dimensional data

4.3 Experiment 3 results

The results of experiment 3 are summarized in eig@
and 10.
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Figure 9: KNN classification results of uncorrethfe

cases corresponding to Figures 5 and 6. In the vast

class data
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Figure 10: kNN classification results of uncorrethtt
class data

classifiers, even with optimized k, perform pooity
comparison with the other classifiers studied.

These examples contain a number of lessons relégant
the particular classifiers studied here, and alsggest
some more general conclusions regarding classifiers
Thus, we have seen that kNN classifiers are best
employed in cases where the “natural” metric islyai
constant throughout feature space, and that thienabpt
value fork depends on the effective output noise, rather
than the input noise (which produces a differeminf@f
class overlap). We have also seen that model-based
classifiers are a viable alternative to discrimiet
classifiers when the amount of training data isesely
limited (relative to the dimensionality of the fesdt
space), and the parametric form of the assumed In®de

a sufficiently good fit for the actual data distrilon.

Two dimensional data sets with uncorrelated classviore generally, our results show how certain proger

conditional densities were used. The SDs of theselsiin
the data sets were different in the horizontgl &nd

of the data (e.g. spatial variability of the natureetric)
can influence even non-parametric classifiers ictmihe

vertical {) directions. Figure 11 is a scatter plot of a four sSame way that the parametric fit can influence the

class data set with 100 samples per class thausets
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Figure 11: Scatter plot of 4 class 100 samplesgcas
dimensional data

Figure 11 shows that the classes marked with &’ahd
“* all have the same SD in thg direction but have

different SD’s in thex direction. The class marked by ‘.’
has a very large SD in tixadirection and a very small SD

in they direction.

Figures 9 and 10 show the high error rates of thal k

classifier. The figures also show that the clasation

results become worse, compared to the other dessif

when the number of classes increases.

5. CONCLUSIONS

performance of parametric classifiers.

It remains an intriguing challenge to fully deserithese
relationships between data characteristics andsifilrs
behaviour, and to develop algorithms that autora#yic
select classifiers and parameters appropriate fgiven
set or subset of data.
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