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Abstract

This paper aims at characterizing classification problenfiad

the main features that determine the differences in pedaoa

by different classifiers. Itis known that, using the disagnents
between the classifiers, a distance measure between dataset
be defined. The datasets can then be embedded and visualized
in a 2-D scatterplot. This embedding thus reveals the stract
of the set of problems. In this paper we focus on a specific
pattern recognition problem, the problem of outlier detect

or one-class classification, where classifiers have to tétac
new object resembles the training data or not. For this prabl
the outputs of many classifiers on many datasets are awilabl
By inspecting the scatterplot of the datasets, two mairufeat
appear to characteristize the datasets; (1) their efeestwnple
size and (2) the class overlap. By generating artificial skt
for which these variables are varied, these observatiensan-
firmed experimentally.

1. Introduction

In pattern recognition we try to solve classification profeby
using classifier models that are fitted to training data. alési-
fiers have a particular bias that make them suitable for Bpeci
datasets, and less for others. In practice we are forcedply ap
all the classifiers from our limited toolbox to find the beseon
Except for artificial data we are never certain which classifi
will perform best on a specific dataset. It is therefore ndg oh
academic interest to find out what are the main charactsisti
in datasets which causes the classifiers to perform diffigren
These characteristics may point to specific approachedve so
an classification problem.

Many attempts has been made to characterize datasets using
simple measures to predict which classifier works well [9, 12
Indeed some conclusions concerning the domains of compe-
tence for some classifiers, were drawn. But the main conclu-
sion was that real world datasets “reveal intricate refestiips
among the factors affecting the difficulty of the problem’heT
problem is far from solved.

In this paper we approach the problem from the other side.
We start with a large set of classifiers and a large set of real
world datasets and we try to find the structure of the datasets
by comparing the output labels of the classifiergor this we
use the classifier disagreements, indicating how oftersifias
disagree [7]. The structure might point to the importantaba
teristics of datasets, thus suggesting features on whadsil
fiers can specialize.

IMost of the classifiers and datasets are also discussed in an
overview paper on one-class classification that is subthiitel EEE
Transactions on Pattern Analysis and Machine Intelligence
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The results are given for a special type of classification
problem, the one-class classification or the novelty ditect
problem [17, 10]. This considers a two-class classificgtiai-
lems in which one of the classes cannot be sampled reliably.
This happens for instance when one tries to perform machine
condition monitoring. Here a well operating machine shdagd
distinguished from a machine that is breaking down. It isspos
ble to sample from all normal operation conditions, butéteme
many different ways in which a machine can fail. Not only is it
very hard to sample the space of all breaking machines, ldds a
very expensive. The ill-sampled class is calledahdier class,
and this class should be distinguished from a well-sampés$c
which is called theargetclass.

In section 2 we first define and discuss the classifier dis-
agreements. In section 3 we describe the classifiers ang (ver
shortly, due to space constraints) the datasets that ackinise
this paper. In section 4 the results of the projected datdset
shown, together with an indication of the two main paranseter
characterizing the variation in the datasets. Extra erpanmts
are performed to confirm that this indication is true.

2. The distance between datasets

Assume a training set’” containingN d-dimensional training
objectsx;, i = 1...N, x € R%. For the one-class classification
problem, only training data of the target class are avagladhd
therefore all labels are-1. A one-class classifief consists of
two parts. The first part is the proximity of an object to the
target data, and the second part is a threshold functior (wit
thresholdd) over this proximity to obtain a classification label.
The definition of the proximity measure depends on the classi
fier. In general, the proximity measure can be constructad fr

a density estimatiop

f(x)=1(p(x) > 0) 1)
or from some distance to a model
f(x) = 1(d(x) < ) @)

where1(A) is the indicator function, returning is A is true,
and0 otherwise. The thresholélis determined by specifying
the error on the target training data

Assume that a classifigf is trained on the training sét’”
and it gives the output labé), after evaluating object; from
an independent test sa&t

lik = fi(xk), 3)

The disagreement between classifigrand f; is defined as:

Xy €X

N
Dx(fi, ;) = %Zl (lik # Ljx) (4)
k=1



Note that this forms af’ x C' disagreement matrik, whereC
is the number of classifiers. Classifiers that perfectly apeeve
zero distancd® x (fi, f;) = 0, while classifiers that always dis-
agree have a maximal distancef (f;, f;) = 1.

Using these disagreements, we can define a distance mea-
sure betweemlatasets¥™ and X", consisting of the average
difference between the disagreements [7]:

C
™, X" = 53 S 1Dan(fis£5) = Dan (i £ )

This forms anM x M distance matrixiG' between datasets,
where M is the number of datasets under consideration.
therefore uses the agreement and disagreement patteefifor d
ing the similarity between datasets. Given the distances be
tween the datasets, they can be visualized in 2D by applying
Multi-dimensional scaling [5]. This locatg® points such that
the distances between these points reproduces as well sis pos
ble the distances between the datasets [7]. A new datasah

be mapped onto this projection by computing first the classifi
disagreements (equation (4)), next the distances to thieifg’
datasetst™ using (5), and finally finding a location such that
these distances are preserved as well as possible. This-proc
dure is not limited to 2D projections, although for visuatinn

it is the most common approach.

It

3. Experimental setup

We train the one-class classifiers on the one-class datsiset u

5 times 10-fold stratified crossvalidation. The threshbld set
such thatl0% of the training target data is classified as outlier,
e' = 0.1. The output labels generated by the classifiers are
stored. When the classifiers fail to supply output labelg, @u
training/convergence problems or numerical problemsctiie
responding term in equation (5) is disregarded (or equitbie

set to zero).

3.1. The one-class classifiers

All the classifiers used in this paper are defined in the Matlab
toolboxdd_tools [18]. The following classifiers are defined:

Gaussian It models the target data with a unimodal Gaussian
density, with the standard maximum likelihood estimates
for the mean and covariance matrix:

1 _
x-S
(6)
For high dimensional datasets the covariance matrix is
regularized’YX’ = ¥ + A\Z, with A = 0.01, andZ is the

identity matrix.

. 1
pG(X) = (27T)d/2‘2‘1/2 eXp{

MCD Gaussian The standard Gaussian model lacks robust-
ness; outliers in the training set can severely influence
the X. Therefore a robust version of the Gaussian, the
Minimum Covariance Determinant is used. It selects a
subset of the data for which the determinent of the co-
variance matrix is minimal [15]. The current implemen-
tation works uptg = 50.

Mixture of Gaussians To make the unimodal Gaussian distri-
bution more flexible, the Mixture of Gaussians is also
used. The means and the covariance matrices are op-
timized using the standard Expectation-Maximization
procedure [2]. In the experiments three clusters are used,
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with the same regularization for the individual covari-
ance matrices.

Parzen The Parzen density estimator [13] is a mixture of,
most often, Gaussian kernels centered on the individual
training objects, but with a simplified covariance matrix:
> = hZ. The width of the kerneh is found by optimiz-
ing the likelihood on the training set using a leave-one-
out procedure [6].

Naive Parzen The Naive Parzen is a simplification of the
Parzen density estimator, inspired by the Naive Bayes
approach. A Parzen density is estimated in each fea-
ture dimension separately, and the probabilities are mul-
tiplied to give the final target probability.

1-nearest neigbor This method uses the distance to the first
nearest neighbor in the training set as proximity mea-
sure. Although this method is sensitive to outliers in the
training set, no hyper parameters have to be optimized.

k-nearest neigbor Here the kth nearest neighbor is used,
wherek is optimized using a leave-one-out density es-
timation on the training data [8].

AUC-optimized k-NN This is thek-nearest neighbor data de-
scription wherek is determined by optimizing the Area
under the ROC curve [4, 20].

nearest neigbor distance ratio This method is the same as the
1 nearest neighbor, but the distance is normalized by the
distance of the nearest objectite nearest neighbor in
the training set.

PCA The principal component analysis classifier assumes that
the data is located in a linear subspace. It finds a lower
dimensional subspace, spanned by the basis ve¥tors
It uses the reconstruction error, the distance between the
original object and the mapped object, as the proximity
measure.

autoencoder neural network This is a neural network ap-
proach to learn a low dimensional non-linear represen-
tation of the data [1, 16]. A standard feedforward neural
network is trained to reproduce the input pattetrat its
output layer. One of their hidden layers contains a small
number of hidden units which works like an information
bottleneck. The difference between the inguand out-
putx’ defines the proximity.

Support Vector Data Description The SVDD is a geometry-
based model that fits a sphere around the data with the
minimum volume, by optimizing the sphere center. The
standard Euclidean distance can be rewritten in terms of
inner products, making the “kernel trick” possible [19].
The RBF kernel is used with a fixed width @f= 1.

L, ball This is a simplified version of the SVDD, where the
Euclidean distance is replaced by thenorm. The cen-
ter of the sphere is fixed to the mean of the dataset, but
the original features are rescaled such that all training
data falls within the sphere.

k-centers This is a variant of thé-means clustering algorithm,
but here the cluster centers are restricted to be one of
the training objects. The proximity is the distance to the
nearest cluster center.

Minimax Probability Machine This is a linear classifier that
is placed such that the probability that a target objecs fall
on the incorrect side of the decision boundary is bounded
by a user-supplied valug [11]. This method can also be



phrased in terms of inner products, and therefore also the
kernel trick can be applied. The RBF kernel with= 1
is used in this paper.

Linear Programming dissimilarity The LPDD is a linear
classifier that operates on distances between new objects
and training target objects [14]. Objects with large dis-
tances to the target data are likely outlier objects. The
LPDD therefore aims to place the decision boundary as
close as possible to the origin in the distance space.

3.2. The datasets

In total 101 datasets are considered, mainly taken from
the UCI repository [3]. An overview of the dataset
with the dimensionalities and sample sizes, together
with the classification performance, can be found at
http://ict.ewi.tudelft.nl/"davidt/occ/ .

When the dataset is a multiclass classification problent) eic
the classes is designated target class once, and the ciksesl
are used as outlier. Objects with missing values are removed
In table 1 a small subset of the datasets is given, togethar wi

Table 1: Alisting of a subset of the 101 datasets. Theseelatas
are explicitly mentioned somewhere in this paper.

nr Dataset name, target class obj/dim.

501 Iris, setosa 50/4

504 Beast cancer Wisconsin, malignant 458/9

505 Beast cancer Wisconsin, benign 241/9

506 Heart Cleveland, disease present 139/13

507 Heart Cleveland, disease absent 164/13

511 Biomed, healthy 127/4

512 Biomed, ill 67/4

515 Arrythmia, abnormal 2371278

519 Ecoli 5217
530-539 Concordia, digit 0-9 400/256

571 Colon 2 40/1908

572 Leukemia 1 25/3571

585 Glass 5 13/9

591 Liver 2 200/6
601-611 Vowel 0-10 48/10

617 Survival,< 5 years 81/3

620 Page blocks 4913/10

their training set size and their dimensionality. Noticatth

and the average AUC performance:

M

1
perfy = -~ ;AUC( fi, X)

®)

where AUC(f;, X) is the Area under the ROC curve [4] of
classifierf; on dataseft.

In the right of figure 1 the average AUC performance and
the sample size is plottetl Indeed, the dataset on the bot-
tom of the graph have far higher sample sizes (Liver dataset,
nr 591, has 200 objects in 6D) than the dataset on the top
(Leukemia dataset, nr 572, with 25 objects in 3571D). Furthe
more, datasets on the (lower) right have a far lower average
performance (Arrythmia, nr 515, has an average AUC of 0.33,
worse than random!), while datasets in the upper right ang ve
well separable (Concordia handwritten digit 0, nr 530, has a
average AUC of more than 0.96). This gives the first indicatio
that these are the main variables in the dataset differences

In the next sections we manipulate these two features of
some of the datasets to check if the directions suggestéutin t
figures correspond to these features. The procedure istttat fi
for each of the manipulated datsets, the classifiers fromiosec
3.1 are trained. The classifier disagreements are computed a
the disagreement differences (5) are mapped into the 2®spac

4.2. Sample size

Sample size
T

Feature 2

0
Feature 1

Figure 2: Traces of a few datasets for which the sample size is

for some datasets two or more versions exist. In these cases a reduced.

multiclass problem is split into several one-class classifon
problems by designating each individual class to the target
class once. Notice that the sample size ranges from 13 tq 4913
and the dimensionality from 3 to 3571.

4. Experiments
4.1. The two main directions in the projection

Applying Multi-dimensional Scaling on the averaged difer
ences in disagreements (5), results in a 2D position for each
dataset. In the left subplot of figure 1 all the datasets ave/sh
The numbers in the plot are the identifiers of the dataseter Af
inspection of the datasets it appears that the two mainteirec

in the plot indicate the effective sample size, which is tor
between the number of training objects over the dimensignal

# training objects
dimensionality

@)
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To manipulate the sample size of a classification problem
is simple: we start with a well sampled dataset, and reduee th
number of training samples. Some results are shown in figure 2
From left to right five traces of datasets are shown. The $race
start at the bottom with the star and move up via the circles.
First trace on the left is the Liver dataset (nr 591, with 200,
100, 50, 25 and 15 objects in 6D), second the Biomed dataset
(nr 511, with 127, 100, 60, 30 and 15 objects in 4D), next the
Breast cancer Wisconsin (nr 504 with 458, 200, 100, 50, 25
and 15 objects in 9D), next the Vowel 1 dataset (nr 602 with
48, 24, 12, 6 and 3 objects in 10D) and in the extreme right
corner the Vowel 2 dataset (nr 603, with also 48, 24, 12, 6 and
3 objects). Although the traces are a hit noisy (in particula
for small sample sizes) they follow the of the reduced sample
direction as it was suggested in figure 1.

2The values are rescaled for a clear visual presentatiorainggrale.
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Figure 1: A 2D scatterplot of all the datasets based on theageedisagreement between the classifiers. For all classifie= 0.1.

In the left plot the datasets are numbered accordingttim//ict.ewi.tudelft.nl/

davidt/occ/ . The right plots show

(top) the effective sample size and (bottom) the averag®meance of these datasets. The values are rescaled tovienghre visual

presentation using a grey-level colour coding.

4.3. Class overlap

To check the interpretation of the class overlap directioless
straightforward. This requires that the distributionsniselves
are manipulated such that the overlap in the target andeoutli
class is varied. In this paper three possibilities are ctamsd:

1. reduce the dimensionality of well separable classes. By
reducing the dimensionality it is hoped that the separa-
bility decreases and the class overlap increases.

. shift the means of the target and outlier class. We start
with poorly separable datasets and computing the dif-
ference vector between the means of the two classes.
The outlier class is now shifted by a few multiples of
the difference vector. Notice that only the outlier data is
changed, and it is not necessary to retrain the classifiers.

. flip labels of the target and outlier data. By starting with
very well separable data and randomly flipping labels
from target to outlier, and vise versa, the class overlap
is increased.

Next we discuss the results by the three methods.

In figure 3 the traces of dataset for which randomly fea-
tures are removed. Again the traces start with the star. The
top dataset is the Concordia handwritten digit 3 (nr 533, 400
objects in 256-, 200-, 150-, 100- and 50D, left next to it Ecol
(nr 519, 52 objects in 7-, 6-, 5-, 4-, and 2D), the datasettrigh
of that is Concordia digit O (nr 530, 400 objects in 256-, 200-
150-, 100- and 50D), the extreme right dataset is the Vowel 3
dataset (nr 604, 48 objects in 10-, 8-, 6- and 4D) and the ibotto
dataset is Breast cancer (nr 504, 458 objects in 9-, 7-, 5- and
3D). The traces are not completely “clean”, and it appeaas th
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Figure 3: Traces of a few datasets for which features are ran-
domly removed.

reducing the number of features has a more complicatedteffec
on the dataset complexity. For some datasets class ovestap d
creases, while the sample size is not heavily affected (tive C
cordia datasets and the Vowel dataset). For these datagsts m
of the features seem to be informative, and removing thets hur
the average performance. For the Breast and Ecoli dataset th
class overlap actually seems to improve. Apparently, isdghe
datasets many features are not very informative, and tissiela
fies improve when features are randomly removed.

In figure 4 the traces of datasets are shown for which the
class means are moved apart. From top to bottom we have the



Move class means

Feature 2

Feature 1

Figure 4: Traces of a few datasets for which randomly the
means of the two classes are moved apatrt.

Breast cancer (target benign, nr505, 241 objects in 9D)rtHea
Cleveland (nr 506, 139 objects in 13D), Survival § years, nr
617, 81 objects in 3D) and Biomed (nr 512, 67 objects in 4D).
In all the cases the difference in the class mean is multifdie

0.5, 1, 2, 3and 4. The traces of these datasets are more consis-
tent, but they fail to cover the complete range from very poor
performance to very good performance. In other words, they
never reach the far right end of the plot. Their curved trtajec
ries actually suggest that the class overlap characteisstiot
linear in this plot. It shows that by simplifying the classition
problem by separating the two classes, the actual sampe siz
increases. Less samples are required to make a good classifie
pushing the dataset not only in the direction of higher ayeda
accuracy, but also down, in the direction of higher samplessi

Label flip

Feature 2

0
Feature 1

Figure 5: Traces of a few datasets for which randomly labels
are flipped.

In figure 5 the traces of dataset are shown for which the
class labels are flipped. For these experiments well-sample
dataset are used, therefore the traces start from datasated
at the right side of the graph. The dataset on the top tightis C
cordia digit 0 (nr 530, 400 objects in 256D, flipping 25, 50010
200 and 300 labels), on the bottom right the Vowel 2 dataset (n
603, 48 objects in 10D, flipping 5, 10, 20 and 30 labels), next t
the Vowel is the Iris Setosa dataset (501, 50 objects in 4, al
flipping 5, 10, 20 and 30 labels) and finally the Breast cancer
Wisconsin (nr 504, 458 objects in 9D, flipping 50, 100, 200 and

25

300 labels). These datasets show a very clear tendency te mov
to the high class overlap area and indeed almost reach the lef
end of the graph. This very clearly suggests that the secghd h
variance direction from right to left indicates the claserap

in the dataset. The curved traces here also indicate tlsasthi
non-linear structure in this projection.

4.4. Individual classifier performances

performance Min.Cov.Determinant
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Figure 6: The AUC performance of the Minimum Covariance
Determinant classifier encoded in grey scale.

It is now possible to investigate the the datasets for which
each classifier performs well or not. Most classifier follow
roughly the pattern as it is shown in the bottom right picture
of figure 1, some classifiers have a more specific focus. In fig-
ure 6 the performance is shown for the Minimum covariance
determinant classifier. Here a clear band of classifiersais-cl
sified well by this classifier. For higher dimensional datsise
(mainly in the top of the figure) the procedure fails; the roeth
is only implemented forl < 50. But also for datasets where
the classes overlap or where the two classes are near and a com
plicated decision boundary is required (bottom left), theded
performs poor.

4.5. The other variabilities in the data

dimensionality
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—0s8l
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Figure 7: MDS scatterplot of the datasets using the secodd an
third features, showing two clusters of datasets. The tpest
colour coding indicates the dimensionality, suggestirag the

two clusters are the high and low dimensionality problems.



In figure 7 the second and the third dimensions of the MDS
plot are shown. Here a clustering in the datasets is visitie.
third dimension seems to encode data dimensionality, hat it
not very clear (there are two outlier datasets in the lowester;
the glass datasets with 13 and 29 objects in 9D). The lowkt rig
cluster contains the datasets in the very high dimensiqaales
(dimensionalities larger than 1000), the other clustertaios
the datasets upto 256D. The gap suggest that the set of gatase
is not covering all dimensionalities, and that dataset$ wit
mensionalities around 500-600 are lacking.

5. Conclusions

For the specific problem of one-class classification or rigvel
detection we investigated the main variables that detexthia
variability in the classification of objects by differentskifiers.
Using the classifier disagreements a similarity betweeasdas

is defined allowing for the visualization of the datasets (B[2)
projection space using MDS. In this paper the outputs of 19
classifiers on 101 datasets are used. It appears that tlee effe
tive sample size (the ratio beteen the number of objectstand t
dimensionality) and the average performance are the maiin va
ables that describe the variance in real world one-classdts.
Given these datasets, the scatterplot using the first twarkea
shows a reasonably well sampled space; the classifiers almos
uniformly fill the space.

This observation is verified and confirmed by varying the
sample size and average performance of an artificial dataset
and check where these datasets are mapped onto the 2D projec-
tion. The sample size direction can easily be confirmed,dut t
vary the class overlap is more complicated. Three appreache
have been tried, moving the means of the datasets, randomly
swapping the labels and reducing the dimensionality. Al¢h
approaches indeed change the class overlap, but it appears t
it also influences the effective sample size, resuling irviea
curved trajectories in the projection.

These two main features of the one-class datasets suggest
that one should develop a set of classifiers that cover the wid
ranges of sample size and class overlap. First one can focus o
classifiers that can exploit high sample sizes, or very lowsa
sizes. Second, one should construct classifiers that aebleap
of utilizing objects from the outlier class when the classrtap
is not very large. When the class overlap is large, one has to
focus on classifiers that are robust against outliers, oube s
that the training set does not contain outlier objects.

Further features become increasingly harder to interpret.
This is probably caused by the fact that it is not clear what th
main characteristics are, and are really not named yet. fifte t
feature probably indicates the dimensionality of the dattas
When it is added, two clusters of datasets appear. This stigge
that the sampling of the datasets is not sufficient in thisadion
and that datasets with dimensionality around 500 are lgckin
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