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Abstract This paper studies the techniques of performance
enhancement for decision tree classifiers (DTC) thatre based on
data structure analysis. To improve the performanceof DTC,
two methods are used — class decomposition that gsehe
structure of class density and taxonomy based DTC dign that
uses interactions between attribute values. The papeshows
experimental exploration of the methods, their stragths and
imperfections and also outlines the directions forfurther
research.
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|. INTRODUCTION

The classification task is very popular in vari@esnains —
medicine, finance, biology, engineering etc. andréhare
many diverse classification methods that are agplice the
data. One of the most popular approaches to dleest$ii is
using decision tree classifiers to discriminatesasen classes.
Decision tree classifiers are fairly easy to camgtiand they
are very easy to understand even for experts theg fittle
knowledge in data mining and about classificatioaethods.

be used to construct more compact and accuratsifeas.
The composition of output data or classes can gnare
information about requirements towards classifiansl help
the scientists to build classifiers that fit themgdex nature of
classes. Therefore this article examines two methot
decision tree classifier accuracy enhancement. fi@rg
based decision tree design uses interactions betvwadaes of
attributes to build compact and accurate classifighereas
class decomposition splits complex class structures
compact and dense areas that can be viewed asssdgland
separated more easily using classical classificatigorithms.

The paper is organized as follows. An overview el&ted
work by other researchers is presented in Section A2
description of the used methods is given in SecB8oimhe
results of the conducted experiments are presesgetion 4.
Finally, some concluding remarks are made.

Il. RELATED WORK

When classical algorithms do not give the expectsdilts,
scientists have tried to use the features of tha staucture to
adapt classifiers to data. In this section twodlioms of those

One does not need to know how decision trees wef@searches are inspected — the use of data seUettures to

constructed to successfully use them for classifinaof new
instances.

Decision tree classifiers are quite an old approéikt
algorithms CART and C4.5 were first used in the G98®y
Breiman et al.[1] and Quinlan[2]) and are modifiethd
improved ever since their first appearance. Clasdibn trees
are an unstable method meaning that they produéeratit
classification models if training data change eskghtly. To
avoid this imperfection, classifier ensembles argely used.
Decision tree classifiers are combined togetheultiag in
decision forests and they are also combined witherot
classification methods (like neural networks, Naivayes
classifiers etc.) resulting in hybrid decision see

Another way to improve the performance of decisicre
classifiers is to use various data preprocessingines and
data analysis tools to gain meta-information abdath sets
that can be used in decision tree design. Varieatufes of
data sets can be used to modify the process o$idaciree
design; this area is not widely studied and theralinost no
information about the most important features odata set
that can help in choosing the best classificatigeréhm and
building a classifier that best fits the data.

If the data is viewed as a combination of input aotput
parameters, these two parts can both be used gsifota
design. The input parameters hold various valuesewkral
attributes. The nature of these attributes and tedues can

build local classifiers and the use of ontologiestild more
efficient classifiers.

A. Data structure analysis for classifier design

The transition from global data structure explanatito
local analysis was first introduced by Fulton et[d]. The
authors described local design of decision tregsloeing the
objects that are nearest to the object that isgbelassified.
This method is similar tkNearest Neighbor method and uses
it to find the nearest objects (the authors alsappse other
methods to find the nearest objects). Then a €lasss built
using the found objects as a training set. The gseg method
introduces interactive classification but for eadw sample
there has to be found a set of objects that wiksify the
instance. Therefore this method is very resourcgicolt is
also very difficult to find the nearest neighborbdabat would
represent the specifics of the domain.

Brazdil et al. [4] proposed a meta-learning systdmat
examines the data set and chooses the most suilakkfier
by comparing the meta-information of the data sih whe
information about other data sets that is stored @atabase.
Then a classification method is chosen based on the
performance of classifiers using data sets thairathe data
base. It is very difficult to properly describe atal set and
therefore such system cannot be built using methamts
knowledge that is available at the moment. Moreadat
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structure analysis methods need to be construdefiilly that it does not need any prior information abdwt data — it
understand the nature of the data and the behafidhe extracts all the needed information.
classification methods. The first step of class decomposition is splittihg data

Vilalta [5] proposed a method of data explorati®ing k- according to classes. Given a data Bef(x,y)}, wherex =
means clustering to identify areas of high densifyhin  {X;, %, ..., %) is ann-dimensional vector that describes an
classes. The clusters found during the proceshisfering are object of the data set and= { y.,¥», ..., ¥} is the set of
treated as separate classes. This enables the futesso classes, the data SEfs split into subset$;, T,, ..., kso that
complex classifiers (the author used linear cléssif but the all records of one subset belong to the same @las{(x, y;)}
number of needed classifiers increases. The auatlsorused andi =1 ... m, and all records of the initial data set belong to
Naive Bayes classifier to test the proposed method exactly one subset.
achieved better results. A hierarchical agglomerative clustering algorithsrapplied
B. Ontology based classifier design to each subséi. A hie_rarc_hical algorithm is chosen because it

o . _ does not need any prior information about clusfewsnber of

The use of ontologies is very popular in data n@nin cysters, centroids etc.) and it can reveal theetyihg
especially in the field of biomedicine and text mm But this patterns in the data. This method also revealsitimber of
approach is relatively new to classical classifaatasks. clusters that are furthest from each other (maxinaistance

Taylor et al. [6] proposed the use of ontology lassifier  petween two mergers in the dendrogram) that wilkkasier to
design, using knowledge acquisition from data basegeparate using decision tree classifiers and thetess are
combining relation data bases and ontologies taieeqew compact (Ward’s distance is used to choose clugiertswill
possibilities in query construction. The authorsdduce the o merged in each step of clustering). After chiste
ParkaDB.tooI to mar!e}ge.ontologies and use themule I algorithm is applied, a number of clusters is choseat
construction and classification. o ) represents the clusters that are furthest apar &ach other.

Zhang et al. [7] propose a new decision tree diaaion  £ach recordk is then labeled according to their belonging to
method that uses attribute value taxonomies. Th@gsed ihe clusters resulting in modifiet subsetd; .
method ODT uses data in various abstraction lesadsbuilds In the next step the optimal number of clusters Hreir
classification trees. To choose a split criteritws tmethod  gircture is determined using various combinatiohslusters
searches the attribute space in various abstrad8eels chosen in the first step and decision tree classifialgorithms
(enabled by attribute value taxonomies of eacr_'nbam) and C4.5 and CART) to assess the separation abilite Bést
chooses the best value based on Information gams T:ompination is the combination whose subclasses kn
research only leaves the question about the catisinuof separated with the least error.
taxonomies open. ‘The records of the subset with the best clusterbiaation

Kang et al. [8] proposed the method of automatiotamy T, « gre each given a labe)’ according to the cluster
construction called AVT-Learner. This method isstéfing  compinations:as a result, a sub¥gtturns into subsel: =

based because it uses distances between attriblitesvand {(x, y)}. The label is chosen in a way that lets identify t

combines the closest values. The authors experedentth primary class from the new label that is treatecthas new
various distance measures and found Jensen-Shanppiyg

divergence to be the most successful. The authsed this T'{pe ' of the subsets are joined into one set
proposed method with Naive Bayes classifier andesaeld = and the classification algorithm (C4.5 and
better results than without the use of AVT-Learner. CART) is applied to this set allowing to evaluatkass

decompositions. To evaluate the accuracy of thesiflars the
IIll. - METHODOLOGY new class labels are converted to original classes.
In this research two decision tree classifier edficy

i . B. Ontology Based Classifier Design
enchancement methods that use information aboua dat g9y . g . o
structure in building classifiers were used — thiass To use the dependencies between attributes inifadass

decomposition that uses class density structures the design, they have to be represented in a comprithens

ontology based decision tree design that uses rifbon Manner. In this case taxonomy (a hierarchical oglthat
about interactions between attributes. uses IS-A links) is used to represent the connestidhere are

B many ways to construct taxonomy. In this researcmnual

A. Class Decomposition and AVT-Learner produced taxonomies are used.

Class decomposition enables the use of data steuctu The manual taxonomy is constructed using the inftion
features in the process of decision tree buildiffys method that is available about the domain or that is olgdi using
uses clustering approach to acquire meta-informatike statistical data analysis.
high-density areas within each class about thecttre of To construct the taxonomies automatically the AVT-
input data. This information can later be used uillding Learner method (first proposed by Hang et al. i i8 used.
decision tree classifiers that are more accurataldse the This method implements the following process forchea
classifiers are adapted to the data. A benefihisf inethod is  attribute:
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1. For each value of the attribute a frequency wittictvh

to the data set. Then the original class labelsaasggned and

classC; is observed is calculated, then a.probabilitghe resulting accuracy is evaluated.

p(Cd ¥i Yfor each class is obtained whéie is the
value of the attribute;

2.Class , probability , distributions

P={p(C4| ¥: ), p(C) ¥ ), ..., p(Cd v/ )} are calculated
for each attribute value;

3.Based on probability distributions found in the et

IV. RESULTS

Experiments were conducted using each of the pespos
methods alone and using several different data $éen the
combination of methods was applied to three data Sehe
results were compared to the performance of algost

step the distances between each two attributes #@&RT and C4.5 without the use of any performance

calculated. The distance measure used in calcoiis

enhancement methods.

Jensen-Shannon divergence that has been proven to b

effective in such situations [13].

4.A pair of attributes?s and¥i with the least distance

between them is found. oy

5. The closest values are combin((ﬂd intQ. veiue and the
class probability distributiof \C IV )is calcualted
for this valye.

A. Class decomposition

For experiments using class decomposition metbiad
Machine Learning DepositofyO]data sets were used: lIris
data set, Wisconsin Breast Cancer (Diagnostic) dataand
Parkinsons data set. These data sets were chosauskethey
had few classes (to decrease the number of clasaesvas

6. The valuet: ~ is added to the taxonomy as predecessalerived using class decomposition for illustratioparposes)

of values¥: and'i .

7.The previous steps are repeated until all valueshef
attribute are combined into one value that is thet r
node of the taxonomy.

To use these taxonomies in decision tree desigQibé
algorithm [9] is used. Given a data &with an attribute set
A={A, A, ..., A} and a set of class&={ C4, C,, ..., G, }, for
each attribute there is a taxonomy in the taxonsety={T,,
Ty, ..., Ti}. Let the successors of a nodde y(c). Each leaf
node of the taxonomy splits the data set into 9sb3® each
subset belong pointers tdk concepts irk taxonomiesP={ p,

and enough records to support each of the new asses.

Without the use of class decomposition the erratefision
tree classifiers using lIris data set was aroun8%.3But the
use of class decomposition increased the perforenéman
error of 4%.

For Wisconsin Breast Cancer data set both classifie
showed different results — C4.5 algorithm had 4.92%6r but
CART algorithm showed 7.56% error. This once aghiows
that although both decision tree classificationogatgms are
similar, they may have a significant performancHedénce
and no one decision tree classification algoriterauperior in

P2, -, [x } represents the vector of pointers where egch all data sets.

points to a concept in taxonomly. A signal @(P)=true is
used if pointers of the vect® point to leaf nodes.
The algorithm chooses an attribute to split theadset

which will cause the maximum decrease in entropkie T No. | Cluster combinations Error (%)
algorithm consists of the following steps: I A 1345;09 Cl';RZI)?:
1.If all records in data seB belong to the same class, it : 11 =2 =3 —4 ' =
returns the class label in a tree that consistsefleaf; 2. {C1,
2. Otherwise the best attribute and concept for smijtis 2} Cg | Cg 7.0755| 11.3208
determined usin@ain measure; 3. {€1,
3.The splitting criteria are successors of the chosen a3 Ca | Cg 9.434| 11.3208
concept; 4 {1,
4. The data se$is split using the chosen criteria; ' Ca} Ca | Ca 14.6226|  15.0943
5. The algorithm performs the previous steps to cowstr (€2,
the sub-trees. _ _ > Cy | Ca} | g | 108491| 117925
The cut in the taxonomy is performed in a way thatach (Ca
leaf nodd of the taxonomy the following conditions are true: 6. - o
belongs to the cut line or is a successor of a nbdebelong f1 4) = 9.9057] 12.2642
to the cut line and each two nodes that belondi¢ocut line 7. {“s.
are not predecessors or successors to each other. £y | Cg Ca) 14.1509] 11.7929
C. Combination of both methods (f1.63.%) | o | a2es3| sassr
) o 0y | {Cz,Ca, Ca} 5.1887| 7.0755
This research also focuses on the combination a$scl 10. | (C4.Ca Cay | cs 89623 108491
decomposition and ontology based decision treesiieis 1 e T “ ; '
design. First class decomposition is performed! labiels of - (Fa.%2, 4} [ Ca 9.9057 8.0189
new classes are assigned to each record. Thenctai®s are 12. {1, {2,
built and the classification using these taxononiseapplied 2} Ca} 11.3208] 12.2642
13. {€1, {€=z, 11.7925|  10.3774

TABLE |
CLASSIFIERS PARTITION EFFICIENCY FORCLUSTER COMBINATIONS
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g} Ca} Class 0 Class 1 C4.5 CART
14 {€1, {C=, Without class decomposition 14.359  17.9487
fa} £z} 11.7925| 11.3208 0_124| 0.3 1123 14 15.3846  12.3077
0.124| 0.3 1.13| 124 18.974 10.7692
Each class in the Wisconsin Breast Cancer dataasplit 013 | 0 24| 1129 14 | 133333 153846
into four clusters because dendrograms showed tthiat 013 | 024| 113| 124 241036  12.8205

number of clusters was optimal — the next merge hedween
clusters with the largest distance in the dendrogFae last
merge was not taken into account because spliticlgss into
two subclasses gives no reason for cluster combimatand
gives little information about the class structuié. the
structure of the class is best described by thesectusters,
the cluster combination that represents these tustars will
reveal this structure. All combinations of the tdus were
tested using classification algorithms. The redalt class
Malicious is shown in Table I.

TABLE Il
CLASSIFICATION ERRORS FORDECOMPOSEDCLASSES

Error (%)

Combination

Class Benign Class Malicious C4.5 CART
Without class decomposition 4.9209 7.5571
B 123| B 4| M 123 M 4 6.3269 7-7329
B 123| B 4| M 1 M_234 7.0299 7.3814
B 124| B 3| M 123 M 4 5.975{ 6.1511
B 124| B3| M 1 M 234 | 5623 6.3269
B_123| B.4[ M 1] M2 M 34 6.854] 5799

Although Vilalta [5] states that the best combioas can
be revealed within each class by classificatiom tfithe best
combinations for each class were chosen for fakgification
to test the hypothesis. Then all combinations afjlei class
decompositions were used for full classificationings
algorithms C4.5 and CART. The classification resudire
shown in Table Il. The classification accuracy éesed from
4.92% to 5.62% for algorithm C4.5 when class deausitjpn
was applied. This can be explained by specificsclructure
that makes it harder to distinguish subclassethfemarticular
algorithm. The performance of CART algorithm inged
from 7.56% to 5.80% when class decomposition watiegh

The last row in the table shows results for
decomposition combination of Malicious class tha dot
show the best results in the within class evalnatod the
cardinality is not the highest possible (previouplpposed
heuristic for choosing the best combination) b thsult in
the full classification is the best for CART algbm. This
means that subclasses of different classes oveailthpugh
subclasses within one class did not overlap ance veasily
partitioned by the same classification algorithmishil class
evaluation of cluster combinations needs more rekeand
new heuristics. The best evaluation using avail&gleristics
is the full classification that needs more caldale and
resources.

TABLE Il
CLASSIFICATION ERRORS FORDECOMPOSEDCLASSES

Combination Error (%) |

class

The results using Parkinsons data set are showabte I11.
Without the use of class decomposition the bestiresusing
C4.5 algorithm with 14.36%. But the use of class
decomposition improved the performance of CART atgm
more and the best result was 10.77% error thateofaipned
the best result of C4.5 algorithm (the best reaslhg C4.5
algorithm was 13.33%).

These experiments show that class decomposition can
significantly improve the performance of decisioneet
classifiers but it needs more research to imprbeenheuristics
of cluster combination choice.

B. Ontology based classifiers

To successfully use ontologies in decision treessifeer
design it is important to use specific data sewt thave
attributes with many values that can be merged uddb
attribute value taxonomies. For this purpose Mges Gallon
data set (mostly continuous variables that canabegorized)
and Iris data set (also continuous attributes) fritna UCI
Machine Learning Repositorwere used. Also the following
data sets fronThe Data and Story Libraryere used: Acorn
data set, Flea Beetle data set and Reading testdat

Ontologies were built for all attributes that hadrm than
four values and they were used for decision treesifier
design using algorithm C4.5. Ontologies were buiing
available information about the data sets (alsdissizal
information) and AVT-Learner algorithm.

TABLE IV

CLASSIFICATION ERRORS ANDCLASSIFICATION TREE SIZES
USING MILES PERGALLON DATA SET

Values
Parameter Without | Manual AVT-
AVT AVT Learner
Percentage of incorrectly 2577% | 2653% 23.98 %

classified instances
Number of nodes in the tree 64 62 32

Number of leaves in the tree 48 38 19

The performance of C4.5 classifier using Miles @ailon
data set without the use of ontologies was 25.77k% the
classification tree was rather large for the data Fhe use of
ontologies improved the performance of the classfand the
use of ontologies built by AVT-Learner method also
decreased the number of nodes in the classificatenwhile
improving the performance. The results are shown in
Table IV.

TABLE V

CLASSIFICATION ERRORS ANDCLASSIFICATION TREE SIZES
USING IRISDATA SET

| Parameter |

Values
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Without Manual AVT-
AVT AVT Learner
Perce_r_]tage of incorrectly 533 0% 3330 5330
classified instances
Number of nodes in the tree 19 11 5
Number of leaves in the tree 17 8 3

The performance of the algorithm using Iris datangthout
the use of ontologies was 5.33% and it did not owprwhen
AVT-Learner ontologies were used. But the use ohuadly
built ontologies improved the performance by 2%e Ths
data set is widely known and the meta-informatibow the
attributes is easy to deduce therefore the manualiijt
taxonomies outperformed AVT-Learner taxonomies fthiait
not capture the character of the attribute valueractions,
however the use of AVT-Learner ontologies redudex ttee
size significantly and therefore improved the éfircy of the
classifier.The results are shown in Table V.

TABLE VI

CLASSIFICATION ERRORS ANDCLASSIFICATION TREE SIZES
USING ACORNDATA SET

Values
Parameter Without | Manual AVT-
AVT AVT Learner
Percentage of incorrectly 28.21% | 23.08% 20.51%
classified instances
Number of nodes in the tree 1 7 5
Number of leaves in the tree 1 5 4

The classification error of the classifier usingoft data set
was 28.21%. The classifier consisted of one leafenand
classified all instances into the dominant classheW the
taxonomies were used to build the classifier itssifed
instances into both classes. The best performamsesivown
by the classifier that used AVT-Learner taxonomigsie
performance increased by almost 8% and the trecompact
— it consisted of five nodes, four of which werafte This

the classification error was only 1.35% and the s&ze was
also reduced.

TABLE VIl

CLASSIFICATION ERRORS ANDCLASSIFICATION TREE SIZES
USING READING TESTDATA SET

Values
Parameter Without Manual AVT-
AVT AVT Learner
Percgr_]tag_e of incorrectly 62.12 % 40.91 % 31.820
classified instances
Number of nodes in the tree 27 22 13
Number of leaves in the tree 26 15 7

The great improvement of the classifier efficierean be
explained by the specific character of the data 3éie
classifier built without the use of taxonomies sified all
instances using only one attribute and the prajastiof the
classes on this attribute axis overlapped a loé filmber of
instances in this data set is small and the tree va& grown
further. The use of taxonomies enabled the usettdbuate
values with higher abstraction level and therefess values
and each leaf held more instances and the tree dmubuilt
further resulting in better classification perfomoa because
the classes in two-dimensional space overlap leas their
projections on one axis. The results are showrainld VII.

The accuracy of the classifier was very low usirepéing
Test data set — the error was 62.12% because Hzsed
overlap a lot and are hard to separate. The usaxohomies
in decision tree design improved the efficiencyh# classifier
— the classification error was reduced by 30% aediee size
was reduced by 50% leading to more accurate anrfas
classification of new instances. The results arewsh in
Table VIII.

The use of taxonomies in decision tree design poce
improved the accuracy of decision tree classifiers
significantly. It also reduced the size of the sifisrs making

means that one attribute was enough to reach thigsm more resource-efficient while classifying rieatances.

classification accuracy. Maybe using more attributeould

increase the performance but the data set is samndlllarger
trees are not efficient and are often overfittelde Tesults are
shown in Table VI.

TABLE VII

CLASSIFICATION ERRORS ANDCLASSIFICATION TREE SIZES
USING FLEA BEETLE DATA SET

Values
Parameter Without Manual AVT-
AVT AVT Learner
Number of nodes in the tree 10 7 6
Number of leaves in the tree 9 5 4

When classification was performed without usin
taxonomies on Flea Beetle data set, the classditatror was
very large — 48.65%. The use of manual taxononmereased

the performance by 40% and reduced the size of the

classification tree. The use of AVT-Learner taxoimgsmin
decision tree design improved the performance evere and

C. Combination of both methods

Although both methods that were examined previously
information about data structure to design moreuwte
classifiers that suit data better, they have diffi€approaches
in studying the structure of data sets. Therefoeeuse of both
methods simultaneously could improve the efficienofy
decision tree classifiers even more.

For working with both methods the data has to boith
methods (especially the use of attribute value riartes
because they require attributes with many valuaswiould be
enough to build a taxonomy) and the following dedés were
chosen for experiments: Iris data set, Acorn dataand Flea
Beetle data set.The combination of both methods tested

dJsing C4.5 algorithm.

TABLE IX

CLASSIFICATION ERRORS ANDCLASSIFICATION TREE SIZES
USING TAXONOMIES AND CLASS DECOMPOSITION FORRIS DATA SET

i ifi Tree size
Error % # M|sc|a55|f|ed
instances Nodes| Leaveg
| Without AVT or CD 5.33% 8 19 17
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AVT 3.33% 5 11 8
CD 4% 6 46 41
AVT and CD 4% 6 23 16

The performance of decision tree classifiers usiiggdata
set was improved by both methods when only one odetias
applied. The use of attribute value taxonomiesecislon tree
design decreased the classification error from%.33 3.33%
(the results are shown in Table IX) whereas the afselass
decomposition resulted in 4% classification eridthen both
methods were applied to this data set the claasidic error

interfere in the process of classifier design arevgnt further
improvement of the performance.

V.CONCLUSION

The methods examined in this paper deal with two
imperfections of decision tree classifiers — thatistattribute
values that impact the performance of classifiers the tree
sizes, and the approach of classification — detigiges divide
the attribute space into hyperplanes that belonthéosame
class, therefore classes that are not compact eentag other
classes are hard to identify. Attribute-value taxores were

was 4% (the error was the same when only clagged to get the most information from attributeslevkeeping

decomposition was applied) but the size of thesdiaation
tree decreased significantly — from 46 nodes to&es.

TABLE X

CLASSIFICATION ERRORS ANDCLASSIFICATION TREESIZES
USING TAXONOMIES AND CLASS DECOMPOSITION FORACORNDATA SET

Error o6 | # Misclassified Tree size
instances Nodes| Leaves
Without AVT or CD 28.21 % 11 1 1
AVT 20.51 % 8 5 4
CD 23.08 % 9 13 12
AVT andCD 23.08 % 9 17 12

The performance of decision tree classifiers ushogrn
data set was very similar. The use of taxonomiesvel the
best improvement in accuracy — the classificatianore

the tree compact. Class decomposition was usedplib s
classes withcomplex structure into areas of highsiie and
improve the classifier’s ability to separate thassks.

The proposed methods improved the performance of
decision tree classifiers in most cases, althoumggnet were
some exceptions when performance decreased wheas cla
decomposition was applied. This can be explainedpegific
structure of classes in these data sets — the aaded of
different classes are closer and therefore hamleseparate
than the original classes. Also the shape of ctasse
subclasses has a great impact on performance atetree
classifiers when class decomposition was applied.

The experiments show that there is not enough riméition
about choosing the right algorithm and the infleerd the
proposed methods. In some experiments the methatl th

decreased by almost 8%. The use of class deconguositshowed superior results without the use of thesdeiaicy

improved the accuracy by 5%. Also the use of bo#thods
simultaneously showed the same classification essoclass
decomposition alone although the classifier watedéht and
the tree was slightly larger (17 nodes instead ®). The
results are shown in Table X.

TABLE XI

CLASSIFICATION ERRORS ANDCLASSIFICATION TREE SIZES USING
TAXONOMIES AND CLASS DECOMPOSITION FORFLEA BEETLE DATA SET

Error 9 | # Misclassified Tree size
Instances Nodes| Leaveg
Without AVT or CD 48.65 % 36 10 9
AVT 1.35% 1 6 4
CD 32.43 % 24 10
AVT andCD 1.35% 1 9

The C4.5 algorithm had the most increase in acgunden
taxonomy was used in decision tree design — ttesifieation
error dropped by 47%. The use of class decompasiiso
improved the accuracy but the increase was notshatp —
the classification error was 16% lower. The useboth
methods showed the same classification accurathyeasse of
taxonomies but the tree was slightly larger.Theultssare
shown in Table XI.

This shows that although both methods proved tocase
the efficiency of decision tree classifiers, thee usf both

methods simultaneously does not show even betwltse [1]

although the results are comparable to those addairsing

only one of the methods. This means that both nastho

enhancement methods was outperformed by other
classification methods when class decompositionapgadied.

The experiments also showed that the heuristics for
choosing the best cluster combinations in classmeosition
proposed by other authors (like choosing combimatiwith
the highest cardinality) are not always correct.e Thest
evaluation of cluster combinations should includelgsis of
overlapping with other classes that has a greaadatnpn later
classification using the chosen subclasses.

The use of ontologies in decision tree classifiesign can
improve classification accuracy and also produceremo
compact trees. There is no best approach to bgildin
taxonomy that fits all data sets equally. In dates svhere the
underlying interactions between attribute values avell
known the manually built taxonomies (taxonomiesltbiy
experts) are the best choice but if the knowledgeutthe
data is not good enough the best results can hevachusing
AVT-Learner taxonomies that explore the interactiam data
using statistical approach.

The combination of both methods does not give more
improvement to efficiency because both methods use
information about data structure to improve thefqremance
of classification algorithms and the meta-data tthaty use
appear to be similar and interfere with the othethad.
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Inese Pdaka, Arkadijs Borisovs. Datu struktiras ipadbu izmantoSana émumu koku klasifikatoru projekt eSara

Rakst tiek apskatas Emumu koku klasifikatoru veiktgjas uzlaboSanas metodes agrin izveidot efekivakus un kompakikus klasifikacijas kokus,
izmantojot algoritmus C4.5 un CART. Tiek apsted divas klasifikatoru efektivites uzlaboSanas metodes — klaSu dekomjj@zun uz ontolgijas balsita
lgmumu koku lavéSana.

Klasu dekomparija tiek izmantota meta-inforagija par klases iek§fo struktiru, lai piekgotu Emumu kokus sarg¢#tajai klasu strukirai. Metodes pamatiek
veikta hierarhisk klasteriacija katras klases iekSienlai noskaidrotu Bvuma apgabalus (klasterus, kas noteikti izmantbjerarhisko aglomerato
klasterizciju), un tad Sie Bvuma apgabali tiek izmantotilapaksklases klasifikijas uzdevura, kura risiraSanai tiek pielietoti algoritmi C4.5 un CART.

Uz ontolgijas balsita koku kiveSara tiek izmantota inforrcija par atrilita ertibu savstargjam sakaibam, kas tiek atiota atrititu \ertibu taksonomi
(hierarhiska atriitu Vertibu strukiira, kas balés uz atrilitu Vertibu savstarfiam [idzibam). Taksonomiju veidoSanai eksperimentu gdika izmantotas
manuila un AVT-Learner metodes &P taksonomiju izveidoSanas uz to pamata tiekeh lemumu koki, kas var izmantot atfitu \ertibas daZdos abstrakcijas
limeyos, hivejot predzakus un kompalkkus kokus.

Tika veikti praktiski eksperimenti, izmantojot abaiedivatas metodes un Interriepar bivu pieejams datu Bzes, lai izptitu abu metozu datbas principus.
Eksperimenti piadija, ka §du metozu pielietoSana, klasifikatoru veidasemantojot informaciju par datu strukiru, ievérojami uzlabo klasifikatoru veiktgju
un tiek mveti kompakaki Iemumu koki. Abu metoZu vienlaiga izmantoSana nedeva papildus ieguvumus klasiféis preciziite bet liekkoties tika samaziti
koku lielumi.

Huece Mouasika, Apkaauii Bopucos. Mcnoab30BaHue XapaKTePUCTHK CTPYKTYPBI JAHHBIX IS HOCTPOEHHSI KJIacCH(PUKATOPOBAEPEBbEB PelleHuii
Pa0oTa mocesilieHa MeTOAaM MOBBILCHUsS dQ(HEKTHBHOCTH KIIACCH(UKATOPOB [IEPEBbEB PELICHHIl C LEnblo co3nanus Oosee dQ(HEKTHBHBIX M KOMITAKTHBIX
JiepeBbeB Kiaccupukauuu ¢ ucrnonb3oBanueM anroputMoB C4.5 mu CART. Paccmorpensl fBa MeToga MHOBBIMICHUS I()(EKTHBHOCTH KIACCH(PHKATOPOB -
JICKOMITO3M LIS KJIACCOB U OCTPOCHHUE JIEPEBHEB PELICHUH HA OCHOBE OHTOJIOTHH.

B IeKOMIIO3MINHK KJIACCOB HCIIONB3yeTCsl MeTa-MH(MOPMALHs O BHYTPEHHEH CTPYKTYpE KJIacCOB, 4TOOBI aalTHPOBATh AEPEBbs PELICHUI K CII0XKHOM CTPYKType
K/accoB. B OoCHOBE MeTozja JIKHT Hepapxudeckas KIAacTepus3alys B MpeeNax Kakaoro kiacca Ui OmpeaereHus olOnacTedl MiotHocTd (KIacTepos,
OIPEICICHHBIX HEPAPXUUCCKON arIOMEPaTHBHOI KJIACTEPU3aLMelt); 3aTeM 00J1aCTH IUIOTHOCTH UCIOJB3YIOTCS B KAUECTBE MIOAKIIACCOB B 3aJa4CKIaCCH(UKALINH,
JUTSL PELIeHUs] KOTOPOii Hemonb3ytoTes anroputMel C4.5u CART.

B noctpoeHuH JepeBbeB PeIlCHNH Ha OCHOBE OHTOJIOTHH MCIIOJIB3yeTcsi HHGOPMALHs O B3aHMOCBSI3H MEX/Ly 3HAYCHHSMH aTtpubyTa, KoTopas oto0paXkaercs B
TAaKCOHOMHH 3HAa4eHHH atpuOyTa (MepapXxudeckas CTPYKTypa 3HA4YeHMi aTpuOyTa Ha OCHOBE CXOACTBA 3HA4YCHMI). J[Isi MOCTPOCHMS TAaKCOHOMHIIB Xozae
9KCIEPUMEHTa ObLIH HCIOJIB30BaHbI METO/bI MaHyalbHOro mpoektupoBanusin AVT-Learner.Tlocie co3maHusi TAKCOHOMHH Ha HX OCHOBE CTPOSITCS JEPEBbS
PpELIeHH I, KOTOPBIE MOT'YT HCIIOJIB30BaTh 3HAUYCHHUSI ATPUOYTOB Ha Pa3HBIX YPOBHAX a0CTPAKLHH ISl TOCTPOCHHMS GOJIee TOUHBIX M KOMITAKTHBIX JICPEBbEB.

Jlnst u3ydeHus: paboTel METO0B ObLIa MPOBEICHACEPHS SKCIEPHMEHTOB C HCIIONB30BAaHUEM IIPEUIOKEHHBIX METONOB M 0a3 JaHHBIX, CBOOOJAHO TOCTYIHBIX B
WHrepHere. ODKCIEPUMEHTBI [MOKA3alH, YTO HCIMOJIb30BAaHHE METOOB, KOTOpbIE HCIHOIB3YIOT HH(OPMALMIO O CTPYKTYypEe MaHHBIX IIPH IOCTPOCHUH
KJ1acCH(UKATOPOB, CYIIECTBCHHO MOBBIIIACT MPOH3BOAUTEILHOCTh KIacCH(UKATOPOB, U AEPEeBbsl PEIICHUH mony4atorest Gosee kommakTHeIMU. O6a Merosa,
HCIOJIb30BAHHBIC B COBOKYIHOCTH, HE JQJIM AOIOIHHUTEIBHOTOYIYULICHNUS TOYHOCTH KJIACCH(MHKALMH, HO B GOJBIIMHCTBE CIIy4acB OBLIH CHIDKCHBI pa3Mepbl
JiepeBa.
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