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Abstract. We propose to use systematic simulation studies as opposee ise
of real-world benchmark datasets to better understand ehaviour, strengths
and weaknesses of machine learning algorithms. Simulatedséts allow much
better control and understanding of the nature of the legrproblem than em-
pirical benchmark data sets.

To demonstrate the value of our proposed research mettmdel@ describe in
this paper the results of our studies concerning the problielearning multiple
classes. We derived the following hypothes$lsearning classification functions
using decision tree learners can be helped by providing taattil subclass la-
bels” To illustrate, for learning a two class problem "car is OK/oaeds service”
it can be helpful to provide a finer-grained classificatiothia training data such
as "car OK”, "faulty brakes”, "faulty engine”, "faulty ligts”, etc.

This hypothesis was corroborated using a number of ‘realdvmulti-class data
sets from the UCI ML repository. Our empirical studies destmate the useful-
ness of the proposed research methodology using artifiatalskts as an impor-
tant methodological complement to using real-world dasase

1 Introduction

The careful evaluation of the effectiveness of a particafgsroach in Al is important
but often difficult to conduct in practice. Empirical stuslibave been conducted in
a large number of subfields of Al, including theorem proviogpstraint satisfaction,
vision, machine learning and neural networks. Usually bemark datasets are used for
the comparison of approaches and evaluation studies. Bear&hdatasets, such as the
UCI machine learning (ML) repository, are often obtainezhfrreal data.

This paper demonstrates the use of simulated domains istigaéing the strengths
and weaknesses of machine learning techniques. A modelahaid is developed that
provides a (probabilistic) source of examples and a targssiication function which
is the target of the learning process. The major insight laat arisen from the work
reported in this paper is that the simulated domain appreaeables one to investigate
how the domain structure affects the performance of madeareing techniques much
more readily than using ‘real-world’ data where the targeiction is unknown.

In fact, using simulated domains, we found an intriguingahétur of decision tree
learners (C4.5) when dealing with a large number of diffecéasses: With an increas-
ing number of classes that need to be distinguished, theaocof C4.5ncreasedor
target concepts of comparable complexity.



This observation lead us to hypothesise a new approach tevaut) increased ac-
curacy on classification problems with two or only few clasas follows:

If the provided examples can be divided into ‘meaningfubsiasses then using the
subclass label to train a learner may result in improvedtaoguor classifying accord-
ing to the initial set of two or only a few classes. The critigaestion here is, what
exactly constitutes meaningful subclasses. Ultimatlly success of using subclass la-
bels depends on the distribution of the data of each subitidke instance space. If it
is distributed as in our simulation studies, it will be sussfel. If it is distributed dif-
ferently, we don’t know how useful it is. In practice, givearcurrent understanding,
we have to deal with the question of meaningful subclassesrather intuitive basis.
Intuitively, meaningful subclasses of a class should belogically justifiable. |.e. each
subclass should occupy a separate area in the instance spelehat the learner can
represent a suitable separating function of low complekity few additional nodes in a
decision tree). On the other hand, the domain must be suiffigzieomplex to represent
a challenge for the learner when no subclass labels ared@a@vi

The paper is organised as follows: In section 2 we discussraihodology and
rationale for using artificial data sets as a general us#falegyy for exploring issues
in machine learning that complements the widespread useecaf ‘data sets (often
from UCI) for experimental studies. The following sectioregents the details of our
simulated domain approach. In section 4 we present our @apaorroboration of
our hypothesis using ‘real-world data’ from the UCI reposit Section 5 contains a
discussion of our approach and our new hypothesis.

2 Simulation studies

In this paper we advocate simulation studies as a completméoth empirical studies
using ‘real-world’ data sets as well as to rigorous math@ahtnalyses of learning
tasks and techniques.

Empirical studies using ‘real-world’ data sets, taken fritre UCI ML repository
or ‘fresh’ data sets from an available application domaiaymeveal certain aspects
of the domain the data comes from. This is an important olgd itself, although
characteristics of domains may be more effectively stutbgchot compounding the
analysis of the data with the study of learning algorithmsogén characteristics are
insufficiently understood.

Similarly, the study of the learning techniques using ‘re&akld’ data sets is com-
pounded by the poorly understood nature of the domains tkee sids come from.
Some simple characteristics of ‘real-world’ data sets Hasen drawn up, e.g. in the
STATLOG project [6] where domains were characterised bynilvaber and types of
attributes (whether numerical or non-numerical etc. ttlear that such a coarse char-
acterisation is only the beginning of understanding pecities of domains.

In theoretical/mathematical studies of learning alganishand learning tasks, it is
usually very difficult both, to characterise a given leagnalgorithm in detail as well
as to characterise a learning task. As a consequence, this@shieved so far in com-
putational learning theory are rather coarse results, evheny practitioners tend to



guestion whether these studies have any relevance whatsimethe practice of ma-
chine learning.

Artificial data sets or the simulation of a domain have be@&dws many occasions
in Machine Learning research mainly to provide evidencdfervalidity of a particular
statement; in many cases for showing the superiority of eaening technique over
another one. See e.g. [1, 7, 4]. In [2] a data generator wabwisieh is available from
the UCI ML repository.

On other occasions, artificially generated benchmark detealsave been used to
gauge the abilities of learning techniques. E.g. the twasproblem in neural networks
[3] is an example of that, where the purpose of such benchsisirkther questionable,
as it is not clear at all that solving such artificial probleéma worthwhile endeavour.

In this paper, we advocate the use of simulated domains anghtomplemented
learning algorithms on them. By properly setting up the $ation environment for
domains and running systematic experiments, results cathieved in a much eas-
ier way than in the traditional mathematical analysis of patational learning theory.
The simulation results can have the same rigour as matheahatioofs. The results
are in principle reproducible without the recourse to efoplrdata. |.e. the used data is
generated using a data source that can be described in amaditedly rigorous way.
Similarly, the learning algorithm can also be describedrimaghematically precise way,
as the actual program code would warrant. However, to study & given learning
algorithm would perform on a precisely characterised donftiie domain would be
described as a probabilistic source of data) is virtuallgassible by traditional mathe-
matical approaches as the analysis of the execution of perhany million computing
steps of a program on perhaps ten thousand or more data zgimétically infeasible.

On the other hand, simulation studies can very easily sthdybehaviour of al-
gorithms on large data sets at least in individual instafflceming an algorithm on a
particular data set). Mathematical theorems have usuajlgreerality which covers a
whole range of learning tasks or training data sets. Singiéarerality on the basis of
simulation experiments can only be achieved by drawing losians from experimen-
tal results very carefully. However, in many cases it is eaily necessary to establish
‘absolute’ validity of a conclusion drawn from simulatioxgeriments. This is the case,
for example, where one moves in uncharted territory and geeviants to obtain a
coarse impression of the phenomena around which, if thegapgufficiently impor-
tant, in turn can be studied in more detail. Such initial Eadvould just serve the
purpose of hypotheses generation. Once interesting hgpeshhave been found, fur-
ther studies can be designed and conducted to establishlitigywof a hypothesis.

Gaining such a coarse survey and the generation of integelsyipotheses is com-
parably simple using simulated domains and requires omlylimited resources. Yet it
is much more revealing and effective than empirical stutiieslving ‘real-world’ data
sets.

The missing link to the practice of machine learning, is thkationship between
the characteristics of the simulated domains and the cteaistics of the real domains.
While this remains a critically important relationship tepéore, it appears still that
progress can and should be achieved via simulation stuttessimulation studies have
the potential to allow us further insight into why a givenrigag algorithm performs



well or poorly upon a particular characteristic of the siatatl domain. On the basis
of such findings, one can build a conceptual framework of irtgrd characteristics or
features one need to look for in assessing ‘real-world’ doma

Studying ‘real-world’ domains has at least two objectivest tan be distinguished:
To develop better learning techniques and to ascertairuitebdity of already existing
learning techniques.

The choice of a learning technique for a given domain can bigeguided either by
characteristics of the individual domain, perhaps gaugegrbliminary data analysis,
or by characteristics that are commonly found ameimgilar domains. Of course, in
turn it is not clear what it might mean that two domains arelaim

In any case, in order to find useful characteristics of realldvdomains, and in
order to become clearer about what constitutes similar dwnsimulation studies have
the potential to lay the conceptual foundation by clarifyihe aspects in a domain upon
which the success of one or more learning techniques depéode aspects which do
not significantly influence the performance of a learninptégue can safely be ignored
when it comes to characterising and assessing real-wonois.

3 Learning multiple classes by decision trees

Learning multiple classes is an important learning tasleaemt research [8, 5] on ex-
tending learning techniques to deal with multiple clas$ess. C4.5 or decision tree
learners generally are naturally suited to the task. In ooulkation studies, we wanted
to explore the ability of C4.5 to handle large numbers ofs#asn more detail.

3.1 Simulations

The target concepts we generate are binary decision tréeesch node an attribute is
randomly chosen and a random threshold (a floating poinevaétween 0 and 100) is
generated. Leaf nodes are randomly assigned a class. Raraare used to control the
depth of the tree, the number of classes and the number d@blaattributes. Given a
decision tree, examples are generated simply by pickinipunly distributed random
points in the instance space and seeing how the tree clagbifigooint.

The study presented here looks at how the number of clastesdsathe error rate
produced by C4.5. Typical results can be seen in Figure 1.0hhevariable that is
varied is the class number. As the number of classes in@etimeerror rate initially
decreases and then plateaus out. In this case, the erravithtenly 2 classes is more
than double the error rate when there are 40 classes. Thil isurprising for three
reasons. Firstly, the complexity of the target conceptssarelar, since the number
of cuts and divisions to the instance space is determinedhéyépth of the target
concept. Increasing the class number only increases théewof labels with which
the divisions can be named. Secondly, guessing becomesrh¥rith fewer classes, a
guess is more likely to produce the correct answer than winere tare more classes.
Finally, when there are fewer classes, the target concégh oéceives some pruning.
For instance, consider a target concept with two classesenwiho adjacent leaf nodes
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Fig. 1. Varying the number of classes in the simulated domain. Eaitt fs the average over 20
trials.

are attributed the same class (there is a 50% chance of thiehang), the last attribute
test is rendered redundant.

The graph in Figure 1 is quite general. Changes to the depttedfrget concept or
the number of available attributes has only a slight effébhe main variable affecting
the trend is the average number of examples presented td@4&ch leaf node in the
target concept. As this number increases, the curve sluftsdards.

The reason for the trend may be due to the anecdotally knovakmess of C4.5 to
handle target concepts where a class is scattered acrossthece space. With only
two classes, half of the leaf nodes in the target conceptheilissigned to one class.
With more classes, the probability that the class is reptesby a few convex regions
in the instance space becomes greater. One hypothesisrddor the degradation in
performance is that C4.5 is oversimplifying the target @mdy joining close regions
with the same class. The ‘small’ intervening region whee d¢lass alternates would
then be misclassified.

If this is true, then it might be expected that smaller treesproduced when there
are fewer classes. In fact, the opposite is the case. Witbrfelasses, larger trees are
produced. The plot of tree size corresponding to the tamyetepts in Figure 1 can be
seen in Figure 2. Further research will be required to detexrithe exact cause for these
results.

4 Results with UCI Datasets

The simulation results in the previous section clearly shiwat C4.5 performs better
when there are more class labels. This is in spite of the fetithe complexity of the
target concept remains the same. This hypothesis can hebooated by using datasets
from the UCI repository. Since we cannot increase the nurabelasses for a single
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Fig. 2. Varying class number and the resulting C4.5 tree sizes. fdeesize decreases with an
increasing number of classes.

dataset (except arbitrarily), we study the contraposttiveur hypothesis. By grouping
or conflating classes in a dataset, we would expect the peaioce of C4.5 to degrade.

In conflating several classes for a dataset, the learninghtasomes simpler. To
compensate for thigonfusion errordetween equivalent classes need to be eliminated.
For example, suppose that a datasebntains two classes,andB. Also, suppose that
X is altered toY by settingA andB to the same class. To compare the performance
of C4.5 onX andY, it is necessary to eliminate the errors whérg/pe examples are
misclassified a8 (andvice versafrom the result of C4.5 oiX.

A summary of the UCI results can be seen in Figure 3. For eataseia trials were
carried out by grouping classes in a certain manner. Eachpgrg was then given
equal weight in determining the average. To generate somigioa in the amount of
training data, both 2-fold and 10-fold cross-validatidals were carried out. With the
10-fold cross-validation trials, only two datasets seemoatafirm our hypothesis to any
degree. However, the 2-fold cross-validation trials gafer &#etter confirmation of our
hypothesis. This agrees with our simulation results whiatwsthat the trend towards
improved performance with increasing class numbers is raccentuated with fewer
training examples.

The exact groupings and the performance of C4.5 for eacicpkat grouping can
be seen in the following figures. For each data set we showvitrage error rates of
the pruned trees of 50 2-fold cross validation results aactierage error rates from 50
10-fold cross validations. The first line for each datasetshthe performance of C4.5
without altering the data. The last column lists the clagsesent in the dataset.

The average improvements using subclasses as listed ir fgyoannot be taken
too seriously, as averaging results from a collection ofestimmes more or less arbitrar-
ily chosen class groupings is not a mathematically meaanlrggeration. However, it
should provide a first glance.



Dataset Average Improvement in%|Average Improvement in %
(2-fold trials) (10-fold trials)

car evaluation 37.9 19.95
dermatology 7.4 1.3

glass identification| 9.6 0.3

nursery 1.9 0.7
handwritten digits 4.1 0.8

image segmentation 11.4 11.9

Fig. 3. Summary of UClI trials.

Error in % (2fold cv) |Error in % (10-fold cv) |Groupings

normalsubclasses |[normalsubclasses

17.46 |17.46 8.06 [8.06 {unacc(u}, {acc(a}, {good(g}, {vgood(v)}
8.06 |8.565 5.03 [4.60 {a, 9, \}, {u}

18.90 |17.03 8.53 [6.50 {u, v}, {a}, {g}

26.34 [11.18 491 |3.65 {u, &, {v}, {g}

Fig. 4. The car evaluation data set (6 atts, 4 classes): The groupings were done on siedfa
forming larger groups of similar cars according to theiedajuality (in the class label).

The car evaluation dataset (see Figure 4) best corrobaratdsypothesis. An ex-
ample in the dataset describes the price and technicalrésadd a car and is assigned
one of four classes. The distribution of the examples is iheaxeighted towards two
classes. There is also an intuitive ordering to the clasaagjng from unacceptable to
very good. In all but one trial, grouping classes results sigaificantly higher error
rate than the adjusted error rate.

Error in % (2fold cv) |Error in % (10-fold cv) |Groupings
normalsubclasses [normalsubclasses
7.09 |7.09 6.21 |6.21 {psoriasis(p), {seboreic dermatitis(s§)
{lichen planus(Ip), {pityriasis rosea(p),
{cronic dermatitis(cd}),

{pityriasis rubra pilaris(prg)

7.08 |7.08 7.07 |6.21 {pr, prp}, {p}, {sd}, {Ip}, {cd}
6.37 |7.08 5.80 [6.21 {pr, prp}, {sd, cd, {p}, {Ip}

8.74 |6.57 5.29 |5.30 {p, Ip}, {sd}, {cd}, {pr}, {prp}
7.25 16.81 5.57 |5.67 {sd, Ig}, {p}, {cd}, {pr}, {prp}

Fig. 5. The dermatology data set (34 atts, 6 classes): As we have no knowledge of tiwusa
conditions being classified here, the groupings have to heidered random groupings, which
are presumably not meaningful.

The dermatology, glass identification, and nursery dasg$égure 5,6,7) all show
only a slight tendency for C4.5 to perform worse when classesgrouped together.



However, there are two significant results in the 2-fold srealidation trials. In one
dermatology trial and one glass identification trial theuatgd error rate was exceeded
by some30%. It can be argued that the class groupings used for theseparttrials
are counter-intuitive. Consultation with domain expertand be required to determine
whether this is the case.

Some of the dermatology results may point to an interestindirffy. The groupings
in the first two dermatology trials resulted in virtually nbange in the adjusted error.
This means that C4.5 is not confused between the classesse tjioupings. However,
when the dataset is changed to reflect these groupings, mtcasting results are ob-
tained. In one trial, an absolute increase in error (in tlteepof 10%) is observed. In
the other, a decrease is error (in the order of 6%) is observed

Error in % (2fold cv) |Error in % (10-fold cv) |Groupings
normalsubclasses |[normalsubclasses
36.98 |36.98 32.73 |32.73 {building.-windows float processed(bw}),
{building-windows non.float proc’d(bwnf)},
{vehiclewindows(vw}}, {containers(c),
{tableware(t),{headlamps(}})

21.72 [20.78 19.21 |19.62 {owf, bwnf}, {ww}, {c}, {t}, {h}
38.86 |36.74 32.64 |32.55 {t, vw}, {owf}, {bwnf}, {c}, {n}
34.81 |34.44 31.70 |31.60 {ww, ¢, t, i, {bwf}, {bwnf}
42.92 |33.84 30.78 |29.96 {bwf, h}, {bwnf, t}, {c}, {vw}

Fig. 6. Theglass identificationdata set (10 atts, 6 classes): As we have no knowledge of the va
ious kinds of glass being classified here, the groupings twlze considered random groupings,
which are presumably not meaningful.

Error in % (2fold cv) |Error in % (10-fold cv) |Groupings

normalsubclasses |[normalsubclasses

6.80 |6.80 3.51 |3.51 {notrecom(nr}, {recommend(r),
{very_recom(vr}, {priority(p)}, {specprior(sp)}

6.94 |6.80 3.54 |3.51 {nr, s}, {r}, {vr}, {p}

6.47 |6.78 3.48 |3.50 {nr, r,vi}, {p}, {sp}

5.34 |4.94 235 (231 {nr, r}, {vr, p}, {sp}

Fig. 7. Thenursery data set (8 atts, 5 classes): The groupings were done onsfedidorming
larger groups according to their ratings (in the class Jabel

Handwritten digits (Figure 8) only present a moderate trainis is perhaps a little
surprising because the dataset shares some importantthatics of the target con-
cepts used in the simulation studies. It contains a reasenainber (10) of classes and
errors result from a number of digits being confused witreottligits. However, there
are two stand out results. In one, the digits are dividedtiwtogroups, those between



Error in % (2fold cv) |Error in % (10-fold cv) |Groupings

normalsubclasses |normalsubclasses

11.51 (11.51 9.52 |9.52 {0}, {1}, {2}, {3}, {4}, {5}, {6}, {7}, {8}, {9}
8.48 |7.25 7.11 |5.96 {0,1,2,3,4,{5,6,7,8,%

5,54 |551 453 [4.62 {0, 2,4,6, Q {1, 3,5,7, 9

7.57 |7.12 5.80 |5.97 {0,1,2,3,4,%,{5,6,8,9%

5.72 16.10 458 |5.13 {0,1,4,6,8,9,{2,3,5, %

9.36 |9.11 7.62 |7.51 {3,7,9, {2, 8}, {5, 6}, {0}, {1}, {4}, {8}

Fig. 8. Thehandwritten digits data set (64 atts, 10 classes): We listed various groupittgedfO
digits. The numbers 5, 6, 8, 9, appear to have a rather sistilge for the human eye. This group
is reflected in the first and second grouping where we havertpg{0, 1, 2, 3,4 vs.{5,6,7 8,

9} on the one hand and the same grouping with the 7 shifted toter Idigits on the other hand.
In the first case grouping resulted in a significant improvetoger the normal training. When the
7 was shifted to the lower digits, the absolute error rat@ped further. However, C4.5 managed
to perform significantly better than with the first groupimgsulting in no improvement over the
normal training procedure. The result suggests that thtarine space may be less fractured for
the classe$0, 1, 2, 3, 4, ¥ vs.{5, 6, 8, , resulting in a better performance of C4.5 and a lower
relative advantage using subclass labels.

0 and 4 and those between 5 and 9. For this trial, the erroigatpproximated 18%
greater than the adjusted rate. In another trial where thiesdire separated according
to whether they are prime or not, the error rate is 6—11% |dtem the adjusted value.

Error in % (2fold cv) |Error in % (10-fold cv) |Groupings

normalsubclasses |[normalsubclasses

6.21 |6.21 3.38 |(3.38 {grass(g}, {foliage(f)}, {window(w)},
{sky(s}, {cement(c}, {path(p}

6.60 |5.56 3.97 [3.30 {g, f}, {w, s}, {c, p}

3.75 |(3.60 2.09 (2.02 {9,f, s}, {w, c, p}

Fig. 9. Theimage segmentatiordata set (19 atts, 7 classes): The first grouping was doneson th
basis of similarity to the human eye. The second groupingésianatural and artificial surfaces,
which appears to be a more arbitrary grouping. The resuéte shmarked improvement for the
intuitive grouping while the improvement for the secondugring is rather marginal.

In Figure 9 the results from image data are shown. For imagedts intuitive sim-
ilarities to the human eye are rather easy to determine. Mesverhat appears similar
to the human eye is not necessarily a good grouping for thradeadepending on the
extracted features of the image used as the image représerttathe learner.

Besides these observations of the behaviour of the erres,rate made another
noteworthy observation concerning the tree sizes: Thes sizéhe learned trees using
subclasses was about the same size as the trees trainedtvéthizlasses. No clear
trend had been observed, although occasionally markeeréif€es occurred. The re-
sults with the UCI data sets did not show the same clear trendbserved on our sim-
ulated domains. In the simulated domains we had a clear teemards smaller trees



when more classes had to be covered by a single tree. We dehonhgerstand why
the same trends were not reproduced for the learning trsatgyuhe UCI data.

This suggests that our simulated domains are not accunaiégting the domain
structure of the UCI data. At the same time we are vindicatiéd aur approach of
using simulation studies to enhance the understandingaohileg processes, as the
results with the UCI data were rather mixed.

The mixed results are due to significant differences in threoua domains of the
UCI data, which are poorly understood at this stage. To erdhanr understanding,
further studies on simulated domains in comparison to -veald’ data sets are nec-
essary in order to understand which domain features aremegpe for what effects.
This is not limited to studying the effect of subclasses Ibgtudes also many other
important aspects of learning, such as overfitting, noisellirag, model selection, or
the effectiveness of committee classifiers.

5 Discussion and Conclusion

While using artificial data sets is not new in machine leagngsearch, it has not been
widely used as a tool to obtain a better understanding of dineadh characteristics that
determine the relative success or lack of success of a gagmigue. We believe that

a host of important insights into characteristics of ML teicjues and domains can be
obtained using the presented methodology more extensiMeéypurpose of such sim-

ulations is insight into the nature of learning algorithmsl aeasons why they behave
as they do. Using artificial domains it is much easier to usided the characteristics
of learning algorithms as the domains are well-controlied ean easily be modified to

validate emerging hypotheses.

We demonstrated our point by presenting results showingtaiguing behaviour
of C4.5 to improve its classification error when more clagseg to be distinguished.
We explained the behaviour, that is at first sight counteiiine, with the fact that more
classes may make it easier for C4.5 to find an appropriatesglit for an attribute.
This is due to the fact that with few classes a single splitroattribute is likely to split
also those training examples apart which belong to the sdmss (but lie in different
pockets in the instance space). In contrast to that when @k with many classes,
it is more likely that C4.5 will find a split on an attribute vahi does not split apart the
examples belonging to the same class. In this sense, théassbs can be viewed as
additional information provided to the learner for guidihg learning process.

In other words, it is easier for C4.5 to learn target funddithrat assign to each class
one or a few convex areas in the object space, as opposectr catmplex shaped
areas for only a few classes.

Guessing the correct class becomes drastically more diffidith an increased
number of classes. In this light, it is still surprising ttia¢ additional information pro-
vided to C4.5 using subclasses more than outweighs theaisededifficulty of ‘guess-

ing’.
Our observation led us to the hypothesis that it may be adgaoius for learning
tasks for only few classes, to provide additional subclabglk to C4.5, as C4.5 may

use the additional information to find the proper splits. ©hsly, this is only going to



work, where the subclass labels are assigned in a meaningfu{ideally selecting a
single convex sub-area of the object space). Under whatrostances subclass labels
would be meaningful in the above sense is not easy to decitiesattage.

However, our empirical studies with the UCI data suggegtuking subclass labels
can indeed be used as a general heuristic which may wellddaetter results for many
practical data sets. Further studies are needed to betlerstand the observed effects.
Our results so far show that the effect of using subclassesigaificantly differ from
application to application.

Another intriguing avenue for further research seems tdbeekploration of how
other learners react to additional subclass labels. Inqpiat, for some learners, such as
Naive Bayes, which let the ‘different classes compete’agjaach other to make a de-
cision on a classification, additional subclasses may hignéisantly more pronounced
effects than for decision tree learners. For decision gaenkers the recognition phase
is not at all affected by the finer grained classificationseash subclass is uniquely
mapped to one of the grouped classes.

The fact that the empirical UCI data sets produced mixedltesonfirms our
methodological approach to a deeper understanding ofitephy using artificial data
sets. Using the real-world data sets leads often to mixedtsesnd it is very difficult to
understand the reason of the varying results without fughglies that involve different
types of domain models in a controlled way.
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