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Abstract. This paper deals with the characterization of data comylexid the re-

lationship with the classification accuracy. We study ttdieeensions of data com-
plexity: the length of the class boundary, the number ofufiesst, and the number
of instances of the data set. We find that the length of thes ddasindary is the
most relevant dimension of complexity, since it can be usedreestimate of the
maximum achievable accuracy rate of a classifier. The nuwitatributes and the
number of instances do not affect classifier accuracy by $eéres, if the boundary
length is kept constant. The study emphasizes the use ofumesasevealing the
intrinsic structure of data and recommends their use t@extonclusions on clas-
sifier behavior and their relative performance in multipdenparison experiments.
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Introduction

The analysis of data complexity [3] is an emergent researeh that studies the charac-
terization of data sets to understand their intrinsic $tngcand to identify to what extent
useful patterns can be extracted from them. Recent ina&lits have characterized the
complexity of data sets by a set of measures describing thengfey of classes around
the feature space and have found correlations with the efrdassifiers [8]. Also, pre-
liminary studies [4] have tried to identify categories aigsification problems according
to complexity and relate optimal classifiers to each groupest kinds of studies may
enhance our current understanding of classifier behavir as its expected accuracy
for a given problem and its comparative advantages withesip other methods in
certain types of domains.

Simultaneously with this line of study, there are many itigadions trying to pro-
pose new classification algorithms or improve the existingso Such investigations are
usually supported by experimental validation of the metbiddterest across a selection
of several real-world data sets, and possibly comparingitren method with others to
highlight its advantages. In these experiments, thereeaveefises where the given clas-
sifier outperforms the other(s) in all the domains. Instéaelmethod generally provides
better performance in some problems and worse performancthers. A mandatory



conclusion of this approach is to identify in which casesdiven method will be best
and worst. Usually, there is no such understanding. Thendésired result is that the
method performs best more times than worst. This also haspartant limitation be-
cause we cannot generalize whether the classifier wilkshlave best in a different set of
problems, or whether a new problem will be properly classibig the given algorithm.
Furthermore, given a new problem, one can never know whétkeg is a classifier that
will perform better or whether we have already reached theimmam accuracy bound.

A classic investigation of this type involves a table of aeay rates of different
classifiers across different real-world problems (usuatiyn public repositories). These
data sets are barely characterized by the number of clasdeth@ dimensionality. We
aim to discuss why we cannot find correlations between ¢lasbiehavior and data set
given this characterization. We study the influence of disi@mality on data complexity
and see whether this can be somehow related with classifitarpence. To perform
this study, we design a set of synthetic data sets that akkow vary the data dimension-
ality while maintaining a given class structure. We demiatstthat data dimensionality
does not affect classifier error by itself. In summary, we bagize the use of complex-
ity measures that look at the intrinsic structure of the da&tiarather than the external
appearance.

The remainder of the paper is organized as follows. Sectishdlvs an example
of a typical experimentation where no informational valae @e extracted by relating
classifier behavior to the external characterization ofdhe set. Section 2 briefly re-
views the analysis of data complexity and describes oneeofitbst important measures
describing the inherent structure of data. Section 3 intced this measure and finds
correlations with classifier error. Then, we study the inilteeof data dimensionality on
data complexity and classifier behavior. Finally, Sectiqmrdsents the conclusions and
future work.

1. Motivation

Many studies claim the universality of a given classificatioethod by testing it over an
apparent large variety of problems. Table 1 shows an exaofetypical experimen-
tation framework, where the accuracies of several classiiee compared on a set of
problems extracted from the UCI repository [2]. Each prabie characterized by the
number of classes (not depicted here, since we restriceesttitly to binary class prob-
lems), the number of attributes, and the number of instarnidesse two latter dimen-
sions are frequently misunderstood as indicators of thelpno complexity. Often one
assumes that the higher the dimensionality, the higher dhgptexity. Certainly, these
dimensions provide an estimation of the data volume and eae Bome relationship
with data sparsity. However, there are other complexitieddn in the data sets that may
be more influential. Then, we aim to study the following issubat is the relationship,
if any, between these dimensions and classifier perfornfance

To answer this question, we first carried out an experimetit am enhanced set
containing 264 problems, which were obtained from a salaatif 54 problems from
the UCI repository transformed into binary class problerigures 1(a) and 1(b) depict
the relation between the accuracy of several classifiersnéearction tree (C4.5) [10],
an instance based learning IB3 [1], a rule learner (PART), [d1dd a support vector ma-



Table 1. Classical experimental framework

Data set #Attr #nst C45 1B3 PART SMO B
Abalone 8 4177 0.9998 0.9998 0.9998 0.9998 0.0005
Balance Scale 4 625 0.8467 0.8866 0.8625 0.9297 0.2240
Breast Cancer Wisconsin 30 569 0.9367 0.9719 0.9332 0.9771.072D
Chess (King-Rook vs. King) 6 28056 0.9791 0.9010 0.9975  @B90 0.1642
Glass Identification 9 214 0.8071 0.8355 0.8407 0.7104 @322
Heart Disease 13 303 0.8037 0.7963 0.7444 0.8407 0.3667
Hepatitis 19 155 0.8008 0.7996 0.8020 0.8804 0.2839
lonosphere 34 351 0.9120 0.8518 0.9118 0.8776 0.2308
Iris 4 150 0.9933 1 0.9933 1 0.0133
Lenses 4 24 0.8167 0.9333 0.8833 0.8000 0.1250
Letter Recognition 16 20000 0.9960 0.9994 0.9965 0.9916 01®0
Lung Cancer 56 32 0.7583 0.7333 0.7583 0.6500 0.5000
Optical Recognition 64 5620 0.9939 0.9996 0.9957 0.9977 0@x0
Pima Indians Diabetes 8 768 0.7566 0.7382 0.7161 0.7669 79.43
Statlog (Image Segmentation) 19 2310 0.9939 0.9952 0.9931.9968 0.0010
Statlog (Vehicle Silhouettes) 18 846 0.7695 0.7731 0.7766 .749% 0.3652
Thyroid Disease 5 215 0.9344 0.9485 0.9299 0.7907 0.1023
Waveform Database Generator 21 5000 0.8290 0.8496 0.8360858®. 0.2384
Wine 13 178 0.9604 0.9833 0.9604 0.9889 0.0674
Yeast 1484 0.7223 0.7069 0.7156 0.6880 0.4501
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Figure 1. Accuracy of classifiers with respect to (a) number of attéBuand (b) number of instances in

logarithmic scale

chine (SMO) [9]- and the number of instances and number Gbatés of the data sets
respectively. From these plots, we cannot observe anyrpatte any sort of correlation

between the classifiers’ accuracy and these data set chiastics. Thus, it seems that
it is necessary to find out other descriptors to characteléa and see if we can find
better estimators of data set complexity. The best chaiaat®n would be the one able

Number of instances

(b)

to provide a predictive estimation of learner behavior.
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Figure 2. Accuracy of classifiers with respect to the length of theclasundary

2. Data Complexity

The analysis of data set complexity provides a general fwarieto characterize data
sets and find explanations about classifier behavior. Ruswtudies by Ho and Basu [8]
proposed a set of measures that described different aggectsiplexity: a) the discrim-
inative power of attributes, b) the separability of clasgthe geometry of manifolds
expanded by each of the classes, and d) the sparsity. Thesgoders were found useful
to estimate classifier performance [5]. Also, data set atar&ation was used to inves-
tigate the domains of competence of classifiers [4] and stioeluitability of classifier
ensembles [7]. In all these cases, measures of class s#éipakabére identified as the
most relevant for the characterization of data set comgylelxi particular, thdength of
the class boundargichieved high correlations with several algorithms’ perfance and
thus, was identified as a good estimator of classifier error.

The length of the class boundary counts the proportion aitpon the data set that
lie near the class boundary. It is computed as follows. Gavdata set, eninimum span-
ning tree(MST) is built with all the points of the data set, accordinghieir Euclidean
distances. Then, the number of edges connecting pointspafsite classes is counted
and divided by the total number of connections. This ratitalen as the measure of
boundary length. If the data set is highly interleaved, Wimeans that points of opposite
classes are very close to each other, the measure will bg¢imge to 1). Otherwise, if
classes are well separated, the boundary length will bel.smal

We computed this measure to the 264 data sets to analyzeevlitetiould provide
better insights of classifier behavior than with measursetb@n the dimensionality of
the data sets. The obtained results are depicted in figulet22@) shows all the results
of the different classifiers, plot 2(b) shows the most caitel classifier, which is IB3,
and plot 2(c) the least correlated classifier, which cowadg to SMO. Even in the worst
case, the boundary length presents almost a linear coorelatth the accuracy of the
learners. This means that the length of the class boundaityl @ an interesting data
descriptor whose information could be used to predict fiasperformance. Therefore,
we considered the length of the class boundary as the maiomsible for data com-
plexity and studied how the data set dimensionality coulef @lassifier response to such
complexity. The next section explains the procedure desiga perform this study.



3. Experimentation and Results

The previous section demonstrated that the boundary lesgtlyood estimator of data
complexity for several types of classifiers. However, we demwhether the length of
the class boundary is the only responsible for complexitye ©f the relevant difficul-
ties that classifiers may encounter is the sparsity of theitrgdata set, i.e., the lack of
representative examples. Also, a high number of attribongg hinder the performance
of many classifiers. In general, the researcher knows thaw adtio between the num-
ber of instances and the number of features usually denpgesity and thus, a com-
plex problem. However, this is not necessarily related &ssifier accuracy as figure 1
demonstrated.

To perform such study, we could not rely on real-world data because we could
not control the real complexity of the data set. We insteagigied a set of synthetic
problems that allowed us to vary these three dimensionsmptaxity (boundary length,
number of attributes, and number of instances) indepehddine data sets were built
to study how a varying number of attributes and a varying nemolbinstances influence
classifier accuracy for a given fixed boundary length. F& phirpose, the data sets were
built according to the following procedure.

Each data set is characterized by the number of feamytse number of instances
n, and desired boundary lendthOnce these parameters were set, we genergpeihts
with the values of the attributes distributed uniformlyhetn-dimensional feature space.
Then, we constructed the MST connecting the points accgrifcuclidean distances.
To achieve the desired boundary lengttwe label the classes of the points until there
areb - (n — 1) edges connecting points of different classes. In fact, fjivan MST and
boundary lengtib, there are2 - ((n’j;)lip) different labelings, wherg is the number of
edges joining different classes, i.e.= b - (n — 1). Among all these possible labelings,
we perform an heuristic search that obtains a labeling thas ¢hot incurs in class im-
balances. The presence of class imbalances could also beoadacomplexity to some
classifiers, so we did not aim to be disturbed by this possibieplexity in our analysis.
Future work will include this issue to further understanel tomplexity of data.

To analyze classifier behavior to increasing number ofatteis, we prepared a col-
lection of 2000 artificial data sets. We chose medium bountlrgthd = 0.3 and
b = 0.4, with 1000 data sets each. For a given boundary length , wedaia sets with
number of attributesn = {2,4,6, 8,10, 15, 20, 25,50, 100} and a fixed number of in-
stances: = 200. For each valuen, there were 100 data sets, where each data set con-
tained a different distribution of points in the feature apand thus a different MST
which was then labeled to achieve the given boundary lelngthus, we ranged from a
ratio instances/attributes 800/2 to a ratio 0f200/100. Note that the latter represents a
case where one would usually identify a difficult problem.

As the boundary length is based on the distance computatierselected three
classifiers that do not use distances in their learning gomeavoid correlations with the
metric. We chose three classifiers belonging to differeartimg paradigms: SMO, C4.5,
and PART. We used a 10-fold cross-validation procedured@stimate the classifier's
accuracy with each data set. The algorithms were run witlsdftevare Weka [11] with
their default configuration.

Figure 3 summarizes the results of the three classifiersreMie x-axis of each
graph plots the number of attributes and the y-axis the acguate. For a given number
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Figure 3. Accuracy rate of different classifiers with a fixed boundagdth and increasing number of at-
tributes

of attributesn, the corresponding boxplot represents the range of valulbg @accuracy
rate obtained by the classifier in the 100 data sets. The thmeer plots refer to bound-
ary complexityp = 0.3 and the lower ones to boundasy= 0.4. Note that the three
classifiers present similar behavior within each boundammexity. The interquatrtile
range of the boxplots, which contain 50% of the results, ga&curacy rates ranging in
the interval [0.6,0.8] for boundary length= 0.3 and [0.62,0.7] fob = 0.4. The median
of accuracy rates gives a value closelte b. Taking into account the whole spread of
values in the boxplot, there is a fairly high dispersion afacy rates with respect to a
given boundary length. This indicates that there are other complexity issuestifig
classifier error, which cannot be accounted only by the bannkkngth. Nevertheless,
it seems that this complexity is not due to the increasing lmemof attributes, since in
all cases, the median and spread of the accuracy rates greivelar. These results in-
dicate that the number of attributes is not a complexity disi@n influencing classifier
error by itself. That is to say, the number of attributes camlfactor of complexity that
can be modeled by the boundary metric. An increasing humbattiibutes does not
necessarily incur in higher errors unless this alters thasmes of boundary length. This
is an interesting hypothesis that should be further andlymg it supports the fact that
classifier error does not correlate necessarily with theberrof attributes as shown in
figure 1(a).

In the second part of the analysis, we studied the variglofithe accuracy rate with
respect to the number of instances. As before, we gener@@idrtificial problems for
b = 0.3 andb = 0.4. We fixed the number of attributes = 2, and built data sets with the
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Figure 4. Accuracy rate of different classifiers with a fixed boundagdth and increasing number of in-
stances

following number of instances = {200, 500, 1000, 2500, 5000}. Thus, for each bound-
ary lengthb and instances, we generated 1000 data sets. The ratio instances/features
ranged fron200,/2 to 5000/2.

Figure 4 depicts the classification accuracy obtained byckhssifiers. The x-axis
refers to the number of instances and the y-axis the accuaseyror a given number of
instances, a boxplot represents the range of values of the accuraeptahined by the
classifier in the 100 data sets. The three upper plots refevuadary complexity = 0.3
and the lower ones to boundaky= 0.4. Note that an increasing humber of instances
allows for slightly better accuracy rates in general. Tlapens for all the three classi-
fiers and is more notorious with boundary length 0.3. However, this increase of ac-
curacy rate is still within the spread of the boxplots witk fawest number of instances.
The most relevant observation is that the spread of accuasey decreases with increas-
ing number of instances. A higher number of instances all@v$urther redundancy,
which probably means that the classifiers can generalizerb&igain, observe that the
three classifiers have a very similar behavior. Even thobgh tepresent three different
learning schemes, their accuracy rates have the same tgndérere are no significant
differences among the classifiers. Our interpretationisffct is that the complexity of
the data set is more influential to the classifier's behaviantthe bias of the classifier
itself. This is true for the current set of synthetic probsesnd may not be extrapolated to
real-world problems. However, this reminds us that muchioawshould be taken when
we extract conclusions from the comparisons of severasifiass on a small set of real
world problems. Under a few number of data sets, the restilésparticular classifier



could be easily biased by the particular selection. We shioukstigate whether the gen-
eral tendency of the classifier is the same as other classifiea larger set of problems
or on the contrary there are significant differences. Weataldo enrich the study by
the introduction of complexity measures such as the lenfgtiecclass boundary to fully
understand the behavior of the classifiers. If significaffiéinces are identified, the use
of complexity characterization can also be useful to detden these differences occur.

4. Conclusions

We analyzed learner behavior through a data charactenizlagised on three dimensions:
the number of attributes, the number of instances, and tiggheof the class boundary.
Empirically, we showed that the number of attributes andribenber of instances are
not correlated to the classifiers’ accuracy. Although tacklof correlation was already
known, researchers still use these measures to charactieeizlata sets. We found that
the boundary length can be considered a significant factassess the complexity and
estimate classifier accuracy. In this study, we realized ésgtms of synthetic data sets that
the dimensionality does not affect classifier accuracy hadrtformation on complexity
provided by the number of attributes and instances can beeéded in the measure of
length of the class boundary. Nevertheless, the varigloitiserved in the results indicates
that other complexities may be involved in data characdion. As a future work we
aim to extend this analysis to other complexity measures.

This paper highlights the benefits of using synthetic datsaeng the experiments
because they allow us to vary these three dimensions indep#y and work under
a controlled scenario. However, the generated synthetec skts do not contain a real
structure concerning the distribution of points in the ieatspace since the points follow
a uniform distribution. Because of this distribution, we anodeling an upper bound of
complexity. We expect real-world problems to have morecstme due to some underly-
ing physical process and thus, points can be grouped in nasiky édentifiable patterns
or clusters. The synthetic data sets could be also desigresldloser to such real-world
problems.

Another interesting observation from the study is that tlassifiers behaved simi-
larly. In any case, the dependence between the problem&ste and the classifier’s be-
havior could mean that the classifier’s error is mainly dugaé&difficulty of the problem
rather than the classifiers’ own constraints. In fact, weetedkeady attained a mature de-
velopment of the classifiers and we must go one step furtrieteankle data complexity
analysis. If we can identify the real structure of the prabknd have some control over
the sampling processes, we could design algorithms thatesthe complexity of the
problem.
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