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AbstracトーD舵 ision住関(DT)is a popular model for machine 
leaming. Compared with neural networks例Ns)，DTs C8n make 
decisions with 1伺 scomputations， and they are more understand-
able. However， conventional axis-parallel DTs (APDTs) are not 
e飽cientfor ωmplex problems because their sizes C8n become 
very 1創-ge.80 far different multivariate DTs (MDTs) have been 
proposed to solve this problem. In our research， we have tried the 
neural network 甘印刷NTr旬~ and the nearest neighbor classifier 
甘ee例NC・百-ee).The over aIl p"侃伺sfor inducing 8n MDT is 
the same as that for inducing an APDT. The only dis'erence is 
to find a multivariate test func伽n側T町ineach non-terminal 
node instead of finding a univariate one. This difference， however， 
makes it very hard to induce 1¥⑪'Ts because finding the best MTF 
is in general NP-complete. To induce MDTs e価cientl)らthispaper 
propos伺 amethod for finding the MTF b踊 edon supervised 
leaming. The e価ciencyand e館C8Cyof the proposed method is 
validated through e玄perimen匂 withseveral public da旬b舗白.

1. INTRODUCTION 

Decision tree (DT) is a popular model for machine leam・
ing. Compared with neural networks 仔別s)，DTs can make 
decisions wi也 lesscompu旬tions.They are also more under-
S旬ndablebecause a reasoning process can be provided for 

each decision. In addition， DTs剖soprovide a natural way 
ωcl鰯 i今 andanalyze也epa:枕ernshierarchically， which is 
often important for many applications such錨 da胞 min血g

and medical diagnosis. 
Conventiona1 DTs often perform a test at each non-termina1 

node based on one of the fe鉱山・国.These kind of DTs訂e

often called axis-parallel DTs (APDTs) because the d即 ision

boundary made by a univariate旬stis a hyperplane par叫lelto 
one of the axes. The univaria:旬 testsare simple and convenient 
for human凶 ersto unders旬nd.However，也epartitio凶ng

ability of univariate tes飴 isoften not powerful enough， and也e
induced DTs can become very加ge.Many apprlωches have 
been proposed泊血eliterature to improve the efficiency of 
DTs [1]-[10]. The most direct approach isωuse a multivariate 

test加 ction例TF)泊 eachnon-terminal node. 
An example of multivariate DT (MDT) is the oblique 

decision tree (ODT) [1]， [2]. In ODTs，也eMl下 usedin 
each non-terminal node is a genera1 hyp田planewhich can be 
“oblique" instead ofbeing parallel to some鉱 is.We can extend 
也eDT further by using a non-linear hypersurface instead of 
using a hyperplane. A natura1 wayωrealize a hypersurface 
is to use an NN [3]. In geneJ叫， MDTs can make decisions 
more efficiently白血 APDTsbecause an MTF usually h鎚

more powぽ白1partitioning abi1ity. 

Fig. 1. S釘邸側reof a neural network tree 

The over all proωss for血duc泊gan MDT is the sameぉ也at
for泊dω泊gan APDT. The only difference is to find an M宵

泊eachnon-terminal node泊steadof finding a univariate one. 
This diffi町'ence，however， makes it very hard to泊duceMDTs 

because finding也ebest MTF is泊 genera1NP-complete [2]. 
To reduce the computationa1 cost， some kind of generate-
mιtest a1gori也m is often used. For example， to find an 
oblique hyperplane， we can start企om也eb儲 taxis~伊rallel
hyperplane， and也enperform a local search. Each po旬ntial
solution generated during local search is旬stedusing some 
evaluation criterion (say，也.einf伺mationgain ratio)，組d也e

best one is used鎚也eresult. For more complex MTFs，也is
local search approach may not be efficient. For example， if 
也eMTF is an NN， it is diffic叫tto find the best sohition 

也roughlocal search because a great number of generate-and-
test operations must be performed. 

80 far we have studied two kinds of MDTs: ne町叫 network
悦鎚制NTre鎚)[11] and near偲 tneighbor clぉs値ertre鎚

(NNC-Trees) [12]. These two kinds of MDTs have也.esame 
struc加mσig.1)， but use different M'τR泊 thenon-termina1 
nodes. As the MTFs， expe此 neuralnetworks (ENNs)釘e
used泊NNTre白， and nearest neigl曲orcl鰯箇ers(NNCs) are 
used泊 NNC・Trees.To find the M1下sefficiently， we have 
proposedωuse也egenetic a1gori也m (GA) [11]. However， 
experlmenta1 results tell us白紙也.eGA-based approach is too 
time-consuming to be practica11y useful. 

To solve也eabove problem， we propose恒也ispaper a new 
method for finding MTFs. The basic idea is to p町首位.on也e
data伽staccording to their class 1abels and their neighborhood 
relations. The partition is也enrea1ized by an Mτ下~ To find 
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也.eMl下~ we can use the well-known back-propagation (BP) 
a1gori也mfor也eENNs， or也.eR4-rule for也eNNCs. The 

R'-ru1e is an a1gorithm proposed by one of也eau也orsfor 
ob包白血g血esma11est or n伺 rlysmallest NNC [13]. 
Thi.s paper is ori伊且izedおおllows.In the next section， we 

provide. a brief review of the DTs. In Section ill，也eR4-rule 

is revisited b切 auseit will be凶 edfor泊duc泊g血eNNC-
Tre鎚.In Section Iv， the key technique for inducing MDTs 

quicldy. and effectively包proposed.Section V provides也e

experimen旬1res叫包，組dSection VI is也econclusion. 

It A BRIEF REVIEW OF DECISION TREES 

A. Definition of DTs 

A decision tree (DT) is a directed 伊 phwi也 nocycles. 
There is one special node. called root. We uswuly draw a 

DTwi也 theroot at也.etop. Each node (except也erl∞t) hぉ

exactly one node above it， which is called its pm切 ιThe
nod偲 directlybelow a node are called its chil，加'n.A node is 

called a terminal node if it. dose not have any child A node 
is non-terminal if it h鎚 atleast one child The node of a DT 
C組 bedefined鎚 a5・卸pleω follows: 

node = {I，F，Y，N，L} 

where 1 is a unique number assigned to each node， F is a 
test function血atassi伊sa given input pa抗emto one of the 

c凶dre凪 Yis a set ofpo泊旬rsto the chil企叫 N=IYI is血e
number of children or也esize of Y， and L is也eclass label 
of a terminal node (it is defined only for termina1 node). For 
termina1 nodes， F is not defined and Y is empty (N=O). 
The process for reco伊izingan unknown pa批emx isω 

follows: 

• Step 1: Set the root as the current node. 
• Step 2: If the current node is a termina1 node，鰯ignx 
wi血theclass label of也isnode， and stop; 0也erwise，find 
i = F(x). 

• S旬p3: Set也ei・也 childぉ也ecurrent nlωe，組dre伽m
ωStep 2. 

B. lnduction ofDT 

To indu閃 aDT，it isお凱lmed也ata甘話回ngset is available. 

Usua11y， the DT is induced by partitioning血etraining set 

recursively. This procedure involves白reesteps: 1) splitting 
n吋既 2)determining which nodes are term泊aln吋es，姐d3) 

蹴 i伊泊gclass labels to terminal nodes. 
To see if a node is a termina1 node or not， the s加lplest

way is to check if a11 or most examples assignedω 也isnode 
belong to也esame cl錨 s.If a11 or most ex創nples訂e企om

也esame class，也enode is terminal， and its label is usua11y 
defined鎚 theclass label of the majority examples. 
The pwpose of splitting a node is to find a good test function 

Ffor也前 node，so也at由e住ain泊gexamples assigned to也is
node c組 bepartitioned泊toN groups according to血etest 
resul包.Here we need a m伺 sureωquantifシ也e“goodn凶 s"
of the test function. For example， the criterion凶 ed面白e
well known induction algori也mC4.5 is也einformation gain 
ratio (IGR) [16]. If a旬st白nctionm飢 imizes也eIGR，血e

average information required to cl路 siかagiven example can 
be minimized Many other cri旬:rlahave叫sobeen proposed恒

也eliterョture.However， it is known也at也ep町formanωofa

DT does not appe釘 tovary significantly over a Wide range of 
cri旬ria[15]. 

C. Definition ~川mTs

Asshown也Fig.1， an MDTis aDT wi血 eachnon~旬rmina1
node containing an MTF (m.叫tivariate旬stfunction). In也is

paper， we consider two kinds of MDTs": the NNTrees and由e

NNC-Trees. In組 NNTree，each MTF is ENN， which is a 
m叫.tilayerpercep佐ons(MLPs)泊 0町 study.Using an NNτree， 
組 examplex can be re∞伊izedおおllows:

• Step 1: Set the root as the current node. 
• Step 2: If the current node is a terminal node，路signx 
wi白血eclass label of也isnode， and stop; otherwise， find 

F(x) = i = arg_~~.ok (1) 
l<k<N 

where Ok is也ek-也 outputof也eENN.
• Step 3: Set也ei・也 child鎚也ecurrent node， and retum 
to Step 2. 

AnNNC・Treeis an MDT with each M1下 beingan NNC. 

The proc回 sfor reco伊包ingan unknown pa抗emx isぉ

follows: 

• Step 1: Set the rl∞tぉ也ecurrent node. 
• Step 2: If也.ecurrent node is a terminal node，ぉsignx 
wi血theclass label of也isnode， and stop; otherwise， find 
the nearest neighbor of x from也eprototypes ofthe NNC. 
Suppose也atp* is也en伺 restneighbor of x， the va1ue 
of也etest function is也engiven by F(x) = i = g(P*)， 
where g(P*) is the group label of p*. 

• Step 3: Set the i・也 childぉ the current node， and retum 
ωStep 2. 

D. GA・basedlnduction of NNTrees 

To也ducean NNTree， we can follow the same prl∞edure for 
inducing an APDT. The only di宜町'enceis to白ldan ENN for 
伺 chnon~飽rminal node. From the above discussion we know 

也at也eENN should be able ωpartition也.etI話回ngexamples 

鰯 i伊.edto the current node泊toN groups. The problem is 

白紙 wedo not know which example should beωsi伊吋 to
which group泊 advance.This is why we have凶edωusea
GA命説 for泊duc泊.gNNTrees [11]. 
To use a GA， we need two definitions and由民eo戸raωIrs.

The two definitions include: definition of也egeno旬peand 
也atof the fitness function. The由民eoperators町'e:selection， 
crossover and mu胞.tion.In [11]， we adopted a simple GA wi由
也reeoperaωrs: truncation selection， one point crossover， and 
bit by bit mutation. By truncation selection we mean也atin 
each generation， r B X 100 percent of the worst individuals are 
replaced wi白 血eoff-spring of the best ones， where r B is called 
也eselection rate. The genotype of an ENN is defined鎚也e
concatenation of a11 weight vecぬrs(泊.cluding也e也reshold
valuω) represented也 binarynumbers. The fitness of an 
泊dividua1ENN is defined白血einfonnation gain ratio. 
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Fig.2. The R'-rule 

Actually， GAs are a1so “generate-and-test"鎚訂'chalgo・
d由ms.Experimental resu1包 haveshown白紙 GAsare usua11y 
better也釦 conventiona1local search algori血ms泊也，esense 
也前也eycan find the global optimal solution wi血 higher
probability. However，也ecomDutationa1 cos飽ofGAs are often 
very加ge，and cannot 

111. A REVIEW OF THE R4_RULE 

In [13]， one of也eau血orsproposed a non-genetic evolu-
tionary leam泊galgori血mcalled也eR4

-ru1e for designing 
血esmaUest町 nearlysmaUest NN-MLP (ne町鎚tneighbor 
based mu1ti1ayer percep回 n).In fact， NN・MLPis just a neural 
network realization ofthe NNC. Therefore，曲eR4-ru1e can be 
凶 edto design也esma11est or n伺 rlysmaUe剖 NNCdirectly. 
The R4-ru1e consis包 offour basic opemtions: reco伊ition，
remembrance， reduction， and review. One leaming cycle is 
definedぉ recognition八 (remembranceV red'ω伽)^ 
review， where ̂  and V are logical AND and OR 0阿 ations，
respectively. The learning can be performed cycle after cycle 
until some criterion is satisfi 
In the R4-ru1e，伺choperation路 pertormωbya procωs 

or a subroutine. Briefly spe紘泊g， recognition is a proc国 S旬

旬st也eab出，tyof也，ecurrent NNC， and也，efi阻essof each 
prototype. After recognition， we can 1m側 how也，eNNC 
performs and how important each prototype is.百血ereare 
too many reco伊 itionerrors， some of the proω'typ鎚 shouldbe 
added恒也eprocess remembrance.伽也eo也，erhand， if the 
reco伊itionrate is a1r伺dyvery high， some proωtypes wi由
very low fi阻esscan be removed by reduction to make the 
NNC more compact and more e血cient.The process review 
is necessary when some prototypes are removed or added In 
review，也，eprototypes釘'ereadiusted so也剖也eNNC can 
achieve better 

Each leaming cycle can be briefty described as foUows. 
F凶， present a11 training examples ω曲esubroutine recog1ル
tion.lf也erecognition rate is higher也組 adesired value ro， 

call subroutine reduction to remove佃 m泊po抗antproωItype; 
otherwise， ca11 subroutine remembranceωadd a new proto-
type. When some prototype is removed or ad白d， call review 
to achieve higb町 perfi町mance.After review， ano也，er1伺 m泊g

cycle starts. 
Thegoodnωsor貧血essof a prototype is definedωfoUows. 

At也ebe伊ning，也e伽 essvalues of aU prototyp儲釘egiv1偲

at random. The fitness values are u凶ated泊 recognil陶 n.
SpecificaIly， if a prototype is a winner for a given example， 
b 貧血essvalue is increased by a factor 6; 0也町wi鈍， if也e
proto勿peis a loser; its fi佃e鑓 valueis decreased by 6. A 
proto勿peis也ewinnerl10ser if its current fi佃e路 valueis也e
highes仙owestamong all prototypes血剖 ωnre∞伊国也e
given example correctly. In也eproc凶 sreduction， we select 
瓜 randomone of the prototypes with 貧血essvalue less也ana
respecified value f min，組dremove it from the NNC. 
To use the R4-ru1e， we need ωspecifシatleast由ree

抑制御rs:ro， 6 and 1m飢・ Toselect a set of g∞d parameters， 
however， is not easy if we do not know也，edomain knowl-
edge weU. We can m叫iか也，eR4-ru1e c組 bemod箇叫鎚

foUows. F註st，也ed郎国dre∞伊itionrate ro can be ob組担d
automatiωUy邸 foUows:

. Initialize the NNC wi也 sufficientlymany proωtypes， 
which are given剖 random.

• Train the NNC using some existing leaming vector quan-
討zation(LVQ) algori伽 1.

・Usethe reco伊itionrate of the NNC after仕話国ng鎚 ro・

To delete the parameter 6， we can change the way to evaluate 
也efitness of也eproωtypes. In each learning cycle，也e
白血essva1u回 of血eprototypes訂'efirst reset to zeros. For 
組 givenex組 lplex， if it can be class温edco町民tlyonly by 
也，eprototype p，血e貧血essof p is increased by 1. on the other 
hand， if x is mis-classified only if p exis包，血e貧血凶sofp is 
decreased by 1. The parameter f m知 canalso be deleted if we 
remove a prototype whenever its fitness is the lowest. 

IV. INDUCING MDTs QUICKLY AND EFFECTIVELY 

As stated earlier， to find the best Mτ'F in each non-termina1 
node of an MDT is a very hard problem. So far researchers 
have凶eddifferent“'genera飽-and-test"approaches. These 
appro釦 hesare usuaUy very time∞Insuming， and cannot be 
used easi1y. To solve也isproblem， we pro戸sea di飴 rent
approach here. First， we define the teacher signals (group 
labels) for all examples簡単edto the current node. B鎚叫

on the teacher signals， we can ob胞泊 agood Ml下血rough
supervised leaming. 
In general， we do not know the best way to partition也e

m血血gexan司plesassi伊 edto a non-terminal node. However， 
we can get a relatively good one鎚 foUows.Suppose也atwe 
want ωpartition 8 (which is the set of examples鎚 signedω
也ec町釦，tnode by也e悦 e)泊ωN sub-se臼 81，82，" '，SN， 

which are initially empty se抱.For any given example x E S， 

1)ぜ也ereis a y E Si， such制協l(y)=協 l(x)，
鎚 signx ωSi; 

2) else， if there is a Si， such白紙 Si=~，ぉsign x to Si; 
3) else， find y， which is也enearest neighbor of x泊 USi，

and鎚 signx to也esame sub-setω y. 

where u r，叩resen包也，euni∞ofse也，組.det is the empty set. 
Whenx is邸 signedto Si， the teacher sign叫ofx is detined by 
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TABLE I 

PARAMETERS OF THE DATABASES 

Name Number of Numhbaetur roes f Numberof exampl伺 class回

car 1728 6 4 
crx 690 15 2 
denuatology 366 34 6 
旬。li 336 7 8 
bousevo陥 84 435 17 2 
ionospbere 351 34 2 
ms 150 4 3 
optdigits 5620 64 10 
pendigits 10992 16 10 
tic・飽c・toe 958 9 2 

g(x) = i. We cal1 g(x) the group label of x. Once the group 
labels are defined， we can ob回泊 anMTF血roughsupervised 
learning. If we rea1ize the MTF by an ENN， we can use the 
BP algorith且Ifwe rea1ize the MTF by an NNC， we can use 
血eJl4-ru1e. 

V. EXPERIMENTAL RESULTS 

To verifシ血eeffectiveness of the method proposed h町e，we
conducted experimen臼withdatabases taken企'Omthe machine 
learn泊grepository of the University of California at Irvine. 
The databases used include: Car Evaluation Database (car)， 
Credit Approva1 Da帥蹴 (crx)，Dermatology Da助制 (der-
matology)， Protein Localization Sites Database (ecoli)， 1984 
United States Congressiona1 Voting Records Database (hou-
sevotes84)， Johns Hopk:ins University Ionosphere Database 
(ionosphere)， lris Plan匂 Database(iris)， Optical Recognition 
of Handwritten Digits Database(optdigits)， Pen-Based Recog-
nition of Handwritten Digits Database (pendigits)， and Tic-
Tac-Toe Endgame Database (tic-tac-toe). Table 1 shows the 
parameters of the databases. 
In a11 experimen句， 2βof也edata were凶 edfor釘司副ng，

and 1/3 of血eda胞 were凶 edfor testing. To increase the 
reliability， 30 runs were conducted for each databases.百le
da句b凶 ew鎚 shufHedbefore each run. The compu旬r凶 edin 
血eexperiments is Sun Blade 150 with 1 CPU， Ul回 SPARC-
Ile 550附{Z.

For comparison， the fol1owing results are used: 
• APDTs obtained by C5 (a commercial version of C4.5). 
• NNTrees obtained by GA-based approach. 
• NNTrees obtained by BP-based approach. 
・NNC・Treesobtained by R4-ru1e. 

Note也低血 theBP-based induction of NNTrees and the R4_ 
ru1e based induction ofNNC-Trees， the technique proposed泊

the last section is used. 

P町ametersused恒也eGA・basedNNTree induction are: 1) 
the number of generations is 1，000， 2) the population size is 
200， 3)也enumber of bits per weight is 16， 4) the selection 
rate is 0.2 (truncation selection)， 5) the crossover rate is 0.7 
(one point crossover)，組d6)也emutation rate is 0.01 (bit by 
bit mu飽.tion).

P紅到netersrelated to也eENN釘 e:1) the number of inputs 
is也enumberof島a加rωofthe given problem， 2) the number 

of output ne町'ons(or the number of branches for each non-
termina1 node) is 2 (e.g.， we considぽ onlybinary甘e侭 here)，
and 3)也enumb町 ofhidden neurons is 4. 
Par細 etersused泊 BPare : 1)也ele刷 ngra胞 is0.5， 佃d

2) the number of epochs is 2，000. 
P町組leters凶 ed泊也eR4-rule based NNC・Treeinduction 

are: 1)血eme也.odfor review (and a1so for刷 ning白血i制
NNC) is DSM [22]， 2)也elearning rate for DSM is 0.2， 3)血e
maximum number of proωtypes per NNC is 16，4)也e泊i泊叫
size of each NNC is 10， 5)也enumbぽ oflearning cycles is 

32，6)也enumber of epochs for review is 20， 7) the number of 
叩ochsfor training也einitia1 NNC is 200， and 8)也enumber 
of branches for each non-termina1 node is 2. 
Table II -V show the experimen旬1results. In the旬.bles，

“Number of non-termina1 nodes" is used to measure血esize 
ofa甘ee，“E(%)"is也eerror rate for the test set， and‘'Time泊

seconds" is也ecomputing time used for one run. Al1 res叫飴

are the average of 30 runs. From these tables， we may draw 
也efo11owings concl凶 ions:

1) About the accuracy: In 10 cぉes，也eNNTrees obta血ed
using the BP-based approach win 4 times，也eNNC・
Trl切 sobta泊edusing the R4-ru1e based apprl伺 chw泊

3 times. For 1訂gedatabases such鎚 optdigitsand 
pendigi飽，出eMDTs usua11y outperおrmthe APDTs 
obtained by C5. 

2) About the size: In a11 cases the NNC-Trees the NNTrees 
obtained using the proposed technique are much smaller 
出組曲eAPDTs. In most cases the NNTrees obtained by 
由eGA・basedappr，伺.chare also sma11er， but for some 
databases they町'eeven larg町~ Ifwe泊町e鎚 e由enumber
of generations and血epop叫ations包，e，GA may also get 
be目erresults， but也iswill inロ'ease也ecomputing time 
fur曲.er.

3) About ωmputing time: Needle邸 tosaぁ C5is也e
fastest method to obtain a DT. If we com戸rethe other 
也reemethods， the BP-based approach can泊duceMDTs
very quickly. As stated above， the BP-based approach 
can剖soproduce smal1er and more accurate NNTrees. 

4) About the comprehensibility: Usua11y， the APDTs 
obtained by C5 are most comprehensible. However， for 
large databases， the APDTs釘 every加ge，and cannot 
be understood easily. The NNC-Trees are actually more 
comprehensible because也eyc組 betr，組sformed凶 oa

set of if-then ru1es， and the decisions are made based 
on the similarity between the proωザpesand the input 
pa悦 :rns.For example，泊 thecase of optdigi臼， we can 
often get the minimum MDT which can be甘ansformed

泊toa sma11 set of comprehensible iι也enru1es. 

VI. CONCLUSION 

h血ispaper， we have proposed a new method for inducing 
MDTs (multivariate decision仕切s).Our purpose is of two-
fold. One is to reduce the computation time (to泊duce也e
MDTs more quick 
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恒也.esense也atit can result in smaller NNTrees q凶ckly.The 
generaIization ability of the NNTrees so obta泊ed(m伺 S町ed
by their reco伊itionrat白色r也e旬stse包)is also bettぽ 曲 組

or compamble with the DTs obtained by other apprlωches. If 
we want to induce comprehensible MDTs，血eR4-nlIe based 
approach is better. because it can produce smaller and more 
unders旬ndableMDTs 
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TABLEs 

RESULTS OF GA-BASBD NNTRBB INDUCTION 

Database Number of Number of E(%) iune泊

neurons non-terminat S民 on，也
per ENN nod伺

car 4.00 17.97 7.54 2575.98 
crx 4.∞ 17.37 21.75 1398.36 
dermatology 4.00 5.27 8.72 77.82 
E∞li 4~∞ 19.23 23.30 349.00 
housevot田84 4.00 6.00 15A3 578.86 
ionosphere 4.00 3.93 9.62 463.82 
ms 4.00 2.63 5.07 16.72 
叩凶igits 4.00 44.24 5.51 13982.68 
pendigits 4.00 55.70 2.41 11399.34 
tic-包c-旬e 4.00 53.07 30.95 3171.70 

TABLE 111 

RESULTS OF BP-BASBD NNTRBB INDUCTlON 

Database Number of Numberof E(%) iune旭

oeurons non・terminal S偶 on白
per ENN nodes 

car 4.00 8.3 3.46 10.58 
crx 4.00 5.7 18.22 25.33 
dermatology 4.00 6.44 3.20 0.22 
E∞li 4.∞ 8.14 17.29 6.75 
hou田votes84 4.00 1.96 5.56 1.32 
ionosphere 4.00 2.57 10.37 2.89 
ms 4.00 2.24 3.80 0.88 
optdigits 4.00 13.94 4.44 8.05 
pendigits 4.00 16.47 2.87 66.39 
tic-tac-旬e 4.00 2.2 1.83 0.94 

TABLE IV 

RESULTS OF R'-RULB BASED NNC-TRBE INDUCTION 

Da帥蹴 Number of N凹nberof E(%) Time担

ppme旬r旬NNpeCs oon-旬rminal S民 on也
nodes 

car 4.30 4.σ7 1.78 15.06 
crx 6.95 5.ω 20.99 16.23 
dermaωlogy 2.01 5.00 4.56 7.27 
E∞H 4.09 8.93 23.42 5.位
ho邸側'otes84 5.44 1.07 15.08 4.18 
ionosphere 4.59 1.07 11.51 4.68 
ms 2.30 2.03 4.20 0.47 
optdigits 3.13 9.00 3.32 452.70 
pendigi飽 3.90 17.77 1.81 286.95 
tic-tac・toe 6.68 4.70 17.17 31.40 

TABLEV 

RESULTS OF C5 (ALL PARAMBTERS TAKB DEFAULT VALUBS) 

Da飽base N山nberof E(%) iune泊

Non-ten凶081nod回 seconds 
car 42.73 3.60 0.32 
crx 16.93 13.19 0.04 
derma旬logy 8.13 4.59 0.10 
E∞li 10.91 18.55 0.10 
hou田vot田 84 4.30 4.31 0.10 
ionosphere 10.60 10.77 0.12 
ms 3.75 7.07 0.10 
optdigi包 156.57 10.36 1.54 
pendigi包 156.∞ 3.95 1.22 
tic-tac-toe 46.67 10.69 0.17 


