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Abstract — Feed forward, badk propagation neumal net-
worksare knownto be universal approximatossin a certain
theowtical sense They canbe time-consumingo train and
require signi cant parametertuning Decisiontreesare gen-
erally fasterand simplerto train, but are widelyassumedo

not offer predictiveaccuracy as goodas feedforward, badk

propagation neural networks. \We havenoticedin previous
work that decisiontreestendedto outperformfeedforward,

bad propagation neural networkson a certaindataset.\\e

provide a descriptionof a class of problemsthat are ex-

tremelydif cult for feedforward, badk propagation neural

networksbut relatively simplefor Decisiontrees. Experi-
mentswith synthetiaddatasetsllustratetheclassof problems.
Theimportanceof this resultlies in makingdecisionsabout
whento employwhattypeof classi er in practice

Keywords: NeuralNetworks, DecisionTrees,Performance
Evaluation,FeatureSpace.

1 Intr oduction

Feedforward back propagation(FFBP) neuralnetworks
(NN) area very populartool for patternclassi cation. They
areknownto befully generaln thesenséeinguniversalap-
proximatorg4], [8]. Putsimply, therearetheoreticaresults
thatsaythatary speci eddecisionboundaryin featurespace
canbe approximatedarbitrarily closelyby someFFBPNN.
However, FFBP NNs aregenerallytime-consumingo train
andvariousparameter®f the training processwill needto
be setappropriatelyin orderto obtainthe bestperformance.
Again, putsimply, thetheorysaysthatthe“right” NN exists,
but thereis no directguidanceonhow to nd it.

Decisiontrees(DTs) aregenerallyfastandsimpleto train.
Theonesigni cant parameteto adjustin trainingaDT is the
degreeof pruning[11]. DTs arealsowidely assumeahot to
offer accurag asgoodaswhat may be obtainedwith NNs.
However, we have noticedin somepreviouswork thatDTs
tendedo provide betterpredictive accurag thanFFBPNNs
onacertaindataset the“ForestCover Type” datasef3].
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Basedon someexperimentswith this datasetwe conjec-
ture a classof problemsfor which DTs generallywill work
muchbetterthan FFBP NNs. We also generatesomesyn-
thetic datasetdo illustratethis classof problems. The gen-
eralcharacteristicsf this classof problemss thatsomemi-
nority classesare distributed in small regionsthat are sur
roundedand overlappedwith majority classes.The results
presentechereare importantbecausehey shav that there
areclasse®f problemsfor which astandardT canbegen-
erally expectedo achieve betterperformancehanastandard
FFBPNN. This suggestshattheremaybe waysof examin-
ing the structureof a problemto determinef it is well-suited
to solutionby NNs.

Theremainingpartsof this paperareorganizedasfollow-
ing. In section2, we will introducethe experimentson the
forestcovertypedataset. In section3, we will describehow
we generatedhe syntheticdatasetsandthe experimentson
the syntheticdatasets. Section4 is the discussiorandcon-
clusion.

2 Experimentson ForestCover

The forest covertypedataset[3] was obtainedfrom the
UCI collection[1]. Thereare581,012instancesn the data
set. Eachinstanceis describedby 54 features:7 continu-
ous features,3 discretefeatures(0 to 255), and 44 binary
features. The distribution of the seven classedn the data
setis shavn in Table 1. In our experiments,we followed
thetrain/testsplit usedin [10]. We randomlychose149,982
recordsfor the training set. Theremaining431,030records
were usedfor the testingset. The classdistribution in the
training setandtestingsetweresimilar.

2.1 BasicExperiments

We traineda FFBP NN on 149,982training examples.
Therewere 54 input units, 7 output units, and one hidden
layer of 30 hiddenunits. As with the default settingof the
softwareusfquickprop[5], the numberof hiddenunitsused
in the FFBPNN wasthe averageof the numberof the input
nodesandthe numberof the outputnodeswhichis alsothe



Tablel: Classdistribution of forestcovertype(from [3]).

CLASS | NUMBEROF | PERCENT
LABEL | INSTANCES

1 211,840 36.5%

2 283,301 48.8%

3 35,754 6.2%

4 2,747 0.5%

5 9,493 1.6%

6 17,367 3.0%

7 20,510 3.5%

defaultsettingusedn weka[2]. Theinputfeaturesverenor-
malizedlinearly into the intenal [0, 1]. Theinitial weights
were randomly generatedn the interval [-0.7, +0.7]. We
useda learningrateof 0.55,a momentunmof 0.9, andbatch
training. We trainedthe FFBP NN for 5,000 epochs,and
testedit aftereachepoch.ThebestFFBPNN accuray that
we obtainedon the testingsetwas 75.19%,which was ob-
tainedat epoch1,034, while the accurag of one decision
tree(eitherunprunedor default pruned)was90.0%.Thede-
cisiontreegreatlyoutperformed¢he FFBPNN.

2.2 Decreasingthe Number of Features

We rst suspectedhat the FFBP NN's lower accurag
was becauseherewere too mary binary features. So we
corvertedthe probleminto a 10-featureproblemby simply
droppingthe 44 binaryfeatures.

We did the experimentsusinga plain FFBP NN with 10
input units, 7 outputunits,andonehiddenlayerof 8 hidden
units. The otherparametesettingswerethe sameasin the
lastsubsection We trainedthe FFBPNN for 5,000epochs,
andtestedt aftereachepoch.Thebestaccurag onthetest-
ing setwas70.65% which rst occuredatepoch2,919.The
unprunedDT's accurag was85.5%,andthe default pruned
DT'saccurag was85.6%.Thuswe concludedhatthepres-
enceor absencef binaryfeaturess not a signi cant factor
in the relative performanceof the DT andNN. The perfor
manceof boththe NN andtheDT dropby about4.5%when
the44 binaryfeaturesareremovedfrom the dataset.

We further simpli ed this problemby droppingthe three
discretefeaturesand using only the 7 continuousfeatures.
The 7 continuousfeaturesare featuresl to 6, and feature
10. For the FFBPNN, we used7 input units, 7 outputunits,
andone hiddenlayer of 7 hiddenunits. The bestaccurag
of the FFBP NN within the rst 1,000epochsvas69.84%,
which rst occuredatepoch237. TheunprunedDT's accu-
ragy was85.8%,andthe default prunedDT's accurag was
86.0%. Thuswe concludecdthat the presencer absencef
the discretefeaturess nota signi cant factorin therelative
performancef the DT andNN, or evenin the absoluteper
formanceof thetwo classi ers.

As shown in the rst threerows in Table 2, the accurag
differencebetweernthedefault prunedDT andFFBPNN in-
creasedvhenwe useda smallernumberof features.If this

Table2: Accurag of usingdifferentnumberf features.

NUMBER OF DEFAULT FFBP NN DIFF
FEATURES PRUNED DT

54 90.0% 75.1% 14.9%
10 85.6% 70.65% 15.18%
7 86.0% 69.84% 16.16%
2 53.3% 50.19% 3.11%

trendcontinueswhenwe decreas¢he numberof featureso
2, we could plot theresultsandpossiblyvisualizethe cause
of thedifferencebetweer-FBPNN andDT performance.

We decreasedhe numberof featuresfrom 7 to 3 in the
following way. We excludedone featureat a time. When
trying to decreasehe numberof featuresfrom n to n-1, we
tried all n groupsof (n-1) features. For each(n-1)-feature
setting,we built aFFBPNN andDT. We chosethe(n-1)fea-
tureswith thehighestDT accurag. Theorderof thefeatures
beingexcludedwas: 3,5, 4, 2.

Whendecreasinghe numberof featuresfrom 3 to 2, we
tried all 3 possible2-featuresettings.choosingthe onewith
the largestaccurag differencebetweenthe default pruned
DT andthe FFBPNN. The 2 featureschosernwerefeature6
andfeaturel0. Whenusingonly these? featuresthe FFBP
NN's best accurag was 50.19% with training for 1,000
epochstheunprunedDT'saccurag was52.3%,andthede-
fault prunedDT's accuray was53.3%. The performancef
boththe DT andthe NN is greatlyreducedvhenusingonly
two featuresandthe gapbetweerthemis small,but the DT
still performsbetterthanthe FFBP NN. The predictionre-
sultsareshowvn in Figure 1 andFigure 2. The FFBPNN
could only predictthe threemajority classeswhile the DT
couldpredictall 7 classes.

NN Prediction of the 2-Feature Forest Gover Type Data Set
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Figure1l: FFBPNN predictionof the 2-dimensionatover-
typedataset(using4 hiddenunits).

In ordertoimprovetheFFBPNN'saccurag, weincreased
the numberof hiddenunits from 4 to 80. After training for
10,000epochsthe80-hidden-uniFFBPNN's predictionre-
sultsare shavn in Figure 3. It could still only predictthe
threemajority classesalthoughit hada smoothermandmore
comple boundary



Figure 2: UnprunedDT prediction of the 2-dimensional
covertypedataset.

Figure3: FFBPNN predictionof the 2-dimensionatover
type dataset(using80 hiddenunits).

As listedin Table1, the threemajority classegclassl, 2,
3) accountfor 90% of all the data. The otherfour minority
classesresurroundedindoverlappedoy the threemajority
classesSincewe only usedtwo featuresthe overlappingof
differentclassess somavhatexpected We couldnot neces-
sarily concludethatthisis thereasorfor therelatively lower
perfermancef the FFBPNN ontheoriginal 54 featuredata
set.However, onthespeci ¢ two dimensionalersionof the
problem,theDT still workedbetterthanthe FFBPNN. This
gaveussomehintsto formulatea classof problemghatfavor
theDT.

3 Experimentson Synthetic Sets

Fromour experimenton the ForestCoverType DataSet,
we conjecturea classof problemghatarerelatively easyfor
DTsto solve but muchmoredif cult for FFBPNNsto solwe.
Thekey featureof this classof problemss thatsomeminor-
ity classesredistributedoverrelatively smallregionsof fea-
ture spaceandsurroundedndoverlappedoy somemajority
classesWe generateddomesyntheticdatasetsto represent
variousinstancef this situation. We simpli ed the prob-
lemto usejusttwo classesOneminority classis surrounded
andoverlappediy anothemajority class.

Table3: DT resultsfor thebasicexperimentsandfor islands
with size0:02  0:02(in parentheses).

ACTUAL | PREDICTED CLASS
CLASS | CLASS1 CLASS2
CLASS1 | 499,863 137
(499,374) (626)

CLASS?2 12 288
(8) (1,192)

3.1 BasicExperiments

For eachobjecttherearetwo featuregx, y]. As shavn
in Fig. 4, therearetwo classes:class1 andclass2. Class
1 is the majority class. The featurespaceis [0; 1]  [0; 1].
Thereare500,000elementof class1 randomlydistributed
over the featurespace. Thereare threesmall “islands” in
which minority classelementsaredistributed: [0:24; 0:25]
[0:24; 0:25], [0:49;0:50] [0:49;0:50], and [0:74; 0:75]
[0:74; 0:75]. Eachislandis of thesize0:01 0:01. There
are100 elementof class2 randomlydistributedin eachis-
land. The averagenumberof classl elementsn eachisland
of size0:01 0:01is 50. Sofor eachisland,the expected
ratio of class2 to classl is 2:1.

Class Distribution of the Basic Synthetic Data Set

sssss

Figure4: ClassDistribution of the basicsyntheticdata

We generatedhe training dataandthe testingdatain the
sameway with differentrandomseeds.Togetherthereare
500,300elementdn the training datasetandin the testing
dataset.

We useda FFBP NN with 2 input units, 2 outputunits,
and1 hiddenlayerof 80 hiddenunits. We trainedthe FFBP
NN for 10,000epochswith batchtraining. The FFBP NN
predictedall the elementsn thetestingsetasclassl. Sothe
accurag was500,000/500,30899.94%.

We did experimentson the same data sets with one
C4.5 DT. Identical results were obtained whether using
a default pruned DT or an unprunedDT. The results
are shovn in Table 3. The prediction accurag was
(499,863+288)/50300=99.9%. The DT clearly performs
betterthanthe FFBPNN by beingableto predictbetterfor
theminority class.



Thusthegeneraldescriptiorof a problemthatis challeng-
ing to FFBP NNs seemsclear When thereis a minority
classthatis distributed in small isolatedregions of feature
spacethe BP learningmechanisnseemdo have greattrou-
ble” nding” theregions.

3.2 Different Sizeof Islands

In theseexperimentswe tried to increasehesizeof each
islandfrom0:01 0:01t00:02 0:02. Therearestill 500,000
elementsof class1 randomlydistributed in the total area
[0;1] [O;1]. Thereare3islands:[0:24; 0:26] [0:24; 0:26),
[0:49;0:51] [0:49;0:51), and [0:74;0:76] [0:74;0:76].
Eachislandis of the size0:02 0:02. Thereare400 ele-
mentsof class2 randomlydistributedin eachisland. Sothe
expectednumberratio of class2 to classl for eachislandis
still 2:1.

We generatedhe training data set and the testing data
setin the sameway with differentrandomseed. Thereare
501,20Celementeachin thetrainingdatasetandin thetest-
ing dataset.

We useda FFBP NN with 2 input units, 2 outputunits,
and1 hiddenlayerof 80 hiddenunits. We trainedthe FFBP
NN for 10,000epochswith batchtraining. The FFBP NN
still predictedall theelementsn thetestingsetasclassl. So
theaccurag was500,000/501,20899.76%. Comparedvith
thelast subsectionthe decreas®f FFBP NN accurag was
dueto theincreasenf the numberof class2 examplesin the
testingdataset.

We did experimentson the samedatasetswith one un-
prunedC4.5DT. TheDT predictionresultsareshovn in Ta-
ble 3. Theaccuray was(499,374+1192)/61,200=99.8%.
Comparedvith thelastsubsectionthe decreasef theaccu-
ragy was becausamore elementsof class1 would fall into
theregion of class2 with alargerisland. The default pruned
DT workedexactly the sameasthe unprunedC4.5DT.

3.3 Different Numbers of Islands

In theseexperiments,we tried to increasethe number
of islandsto 9: [0:10;0:11] [0:10; 0:11], [0:20; 0:21]
[0:20;0:21], ..., [0:90;0:91] [0:90; 0:91]. For eachisland,
theratio of class2 andclassl is 2:1.

The FFBP NN still predictedall the elementsn the test-
ing setasclassl. Sothe accuray was500,000/500,906&
99.82%.The unprunedDT's accurag was99.92%,andthe
default prunedDT hadthe sameaccurayg asthe unpruned
one.

3.4 Different Ratio BetweenClasses

In theseexperimentswe usedthe original 3 islands,each
with sizeof 0:01 0:01. But for eachisland, we tried to
increasethe elementratio betweenclass2 andclassl. We
tried the ratios 4:1 and 8:1. For eachcase,the FFBP NN
predictsall the elementsin the testingsetasclass1l. The
DT treecanstill separatehetwo classesTable4 shavsthe
DT andFFBPNN predictionaccuraciesnthesyntheticdata
setswith differentclassdistributionratios.By increasinghe

Table4: Accuracieswith differentclass2 to 1 ratios.

RATIO DT FFBP NN
2:1 99.97% 99.94%
4:1 99.97% 99.88%
8:1 99.97% 99.76%

Table5: Accuracieswith differentsizeislands.

SIZE DT FFBP | RPROP CAS.

CORR.
0:01 0:01 | 99.97% | 99.94% | 99.94% | 99.95%
0:02 0:02 | 99.87% | 99.76% | 99.76% | 99.79%

ratio betweenclass2 and classl for eachisland from 2:1
to 8:1, both the unprunedDTs andthe default prunedDTs
predictionaccuracieglid not change. Although the FFBP
NN predictionaccuracieghangedjt wasonly the resultof
the changen the distribution of the two classesThe FFBP
NNs predictedall elementsasclassl.

3.5 Other FFBP NNs

In theseexperimentsyve tried to useRprop[12] andCas-
cadeCorrelationNN [7]. ThealgorithmRpropwascreated
from the original feed forward and back propagationNN.
Themainideaof Rpropis thatdifferentconnectionbetween
neuronsshouldhave differentlearningrates,andthe learn-
ing ratesshouldbe updateddynamically The algorithmwe
implementedvasanupdatedversion[9] of Rprop.We used
a Rprop NN with one hiddenlayer of 80 hiddenunits. We
trainedthe RpropNN for 100,000epochs.

TheCascad€orrelationNN is aselfcon guring feedfor-
ward and back propagatiomeuralnetwork. The software
we used, usfcascar which was modi ed from the C port
of ScottFahlmans CascadeéCorrelationNeuralNetwork [6]
by the researcherat University of SouthFlorida. We used
thefollowing parameter$or the cascadeorrelationNN: the
maximuminputepoch= 1000,themaximumoutputepoch=
1000,andthe maximumof units= 80.

3.5.1 SIZE

Table 5 shaws the accuracie®f differentclassi erswith
differentsizesof islands. Thereareatotal of 3 islands.For
eachisland,theratio of class2 andclassl is 2:1.

Comparedwith plain FFBP NN, Rpropdid not showv ary
adwantagehere.Rproppredictedall elementsasclassl, and
hadthe sameaccurag astheplain FFBPNN. CascadeéCor
relation NN had a little betteraccurag thanthe othertwo
NNs in predictingboth classesput the accurag was still
worsethantheDT.

3.5.2 NUMBER

Table 6 shavs the accuracie®f differentclassi erswith
differentnumbersof islands. Eachislandis of size0:01
0:01. For eachisland,theratio of class2 andclassl is 2:1.



Table6: Accuracieswith differentnumbersof islands.

NUMBER DT PLAIN | RPROP CAS.
ISLANDS FFBP CORR.
3 99.97% | 99.94% | 99.94% | 99.95%
9 99.91% | 99.82% | 99.82% | 99.83%

Table8: Accuracieswith differentclass2 to 1 ratios.

RATIO DT FFBP | RPROP CAS.

CORR.
2:1 99.97% | 99.94% | 99.94% | 99.95%
4:1 99.97% | 99.88% | 99.88% | 99.90%
8:1 99.97% | 99.76% | 99.79% | 99.91%

Table7: Resultsfor 9 islandsof size0:01 0:01; DT results
above, CC NN resultsbelow (in parentheses)

ACTUAL | PREDICTED CLASS
CLASS | CLASS1 CLASS2
CLASS1 | 499,559 441
(499,825) (175)

CLASS? 33 867
(709) (191)

Comparedwith plain FFBPNN, Rpropstill did not shov
ary adwantagehere. Rprop predictedall elementsas class
1, andhad the sameaccurayg asthe plain FFBP NN. The
Cascade&orrelationNN hadalittle betteraccurag thanthe
othertwo NNs, butit wasstill worsethantheDT. For thedata
setswith 9 islandsthe DT andCC NN predictionresultsare
shovnin Table7.

3.5.3 RATIO

Table 8 shaws the accuracie®of differentclassi erswith
differentratiosof classeslistribution oneachof the3 islands
with size0:01 0:01.

Whenthe ratiosare 2:1 and4:1, the Rprop predictedall
elementsasclassl, andhadthe sameaccurag asthe plain
FFBPNN. Whentheratiois 8:1, Rpropcandifferentiatethe
two classesandthusit hada little betteraccurag thanthe
plain FFBP NN. For all the ratios, the cascadecorrelation
NN hadallittle betteraccurag thanthe othertwo NNs, but it
wasstill worsethanthe DT.

3.6 FURTHER EXPERIMENTS

We tried further experimentswith two classeghat have
thesamenumberof elementsandthereis oneislandof each
in the others territory. The featurespaceis [0;1] [O; 1].
Therewerearound400,0000f classonein thetop half of the
spaceandaround400,0000f classtwo in the bottomhalf of
thespace.Thenaddoneislandat[0.24,0.26]x [0.24,0.26].
Add another1,280class? elementatthisisland. Theisland
is in thetop half whereclassonepredominatesin theisland,
thereis a 4-to-1ratio in favor of classtwo. And adda sim-
ilar islandin the bottomhalf whereclasstwo predominates.
Therearetwo cases.

Casd: Theupperspaceandthelower spaceareseparated
by adiagonalline.

In theidealclassi cation,thetwo islandswill beclassi ed
asthedominatingclassin eachisland. For the spaceoutside
of theislands theupperspacewill bepredictedasclassone,
andthe lower spacewill be predictedasclasstwo. Table9

Table 9: Accuracieswith diagonalline separatingclasses,
andwith horizontalline (in parentheses).

IDEAL DT CcC FFBP
OVERALL | 99.92% | 99.80% | 99.85% | 99.66%
(99.92) | (99.87) | (99.80) | (99.68)
ISLAND 80.00% | 79.91% | 72.03% | 20.00%
(80.15) | (79.18) | (63.53) | (19.85)

shavstheoverallaccurag andislandaccurag (theaccurayg
ontheelementswvithin thetwo islands)of theidealssituation,
DT, CC (Cascade&CorrelationNN), andFFBPNN. Table10
shavs the detailsof the classeglistribution andpredictionin
thecasewheretheclassesreseparatetly adiagonabound-
ary, andTablel1 shavsthedetailsin thecaseof ahorizontal
bounday

Our experimentalresult shows that the CC NN is better
ableto adaptto the requirementsf this problemthanthe
plainFFBPNN. It alsoshovsthatDT problemswith approx-
imating a non-axis-paralleboundarycanobscurethe DT's
ability to better nd the minority classislands. It con rms
thatthe universalapproximatioraboutNNs hassomevalue,
but it still alsopointsoutthatthe“right” NN architecturecan
beveryhardto nd.

4 Summary and Discussion

Basedon someexperimentswith the Forest CoverType
Data Set, we conjectureda classof problemsthat are ex-
tremelydif cult for FFBPNNsbutrelatively simplefor DTs.
Thefeaturesof suchproblemsarethatsomeminority classes
aresurrounde@ndoverlappedy somemajority classesWe
generatedgsyntheticdatasetswith the above description.In
our experimentonthesyntheticdatasetswe variedthesize
andthe numberof theislandsfor theminority class.We also
variedthe ratio of the minority classandthe majority class
for eachisland. We tried a plain feedforwardbackpropaga-
tion NN, a RpropNN, anda cascadesorrelationNN. With
all of theseexperimentsthe DT performedbetterthaneach
kind of FFBP NN. We further did the experimentsof using
two classesvith the samenumberof elementswherethere
is oneisland of eachin the other's territories. For the case
of separatinghetwo classedy adiagonalboundarytheDT
worked a little worsethanthe CC NN, but betterthanthe
plain FFBP NNs. But the DT worked muchfasterthanthe
CC NN. For the caseof separatinghetwo classesy a hor-
izontal boundary the DT worked best. The advantagesof



Table10: Theclassedlistribution andpredictionresultsfor casel.

FOFEXAMPLES oT CCNN FFBPNN
IN TESTINGSET | CLASS1 CLASS2 | CLASS1 CLASS2 | CLASS1 CLASS2
&Igé:gi’fgfm%i 400418classl | 399,924 494 | 400,228 190 | 400,329 89
INTHEUPPERISLAND | 70 0% 0 180 | 23 1047 | 1280 o
'(')\'UTT"S'IED"S(‘)"E@&F’SSE 398,942class2 469 398473 | 142 398800 | 45 398,897
s | TR [T 3 [ E [ 0
Table11: Theclassedglistribution andpredictionresultsfor casell.
FOFEXAMPLES BT CCNN FFBPNN
IN THE TESTINGSET | CLASS1 CLASS2 | CLASS1 CLASS2 | CLASS1 CLASS?2
&igé:gifgfmgi 399,369classl 398957 412 | 399,107 262 | 399352 17
IN THE UPPERISLAND L oactae o 1os0 | 43 20 | 1280 o
'(')\'UTFFS"IED"EO(\)’Y:EIS&F’SSE 399,997class2 1 399,996 | 197 399,800 0 399,997
ciowense | R |G v [ me o w | v

DT for this classof problemliesin bothhigheraccurag and
moreef ciency. It shavs thatwe successfullyformulateda
kind of problemfor which DTs are moreusefulthan FFBP
NNs. Theimportanceof thisresultlies in makingdecisions
on whento employ whattype of classi er in practice. All
our experimentson the NNs focusedon FFBP NNs. Rprop
is an improved versionof the plain FFBR and Correlation
Cascades a kind of self con guration FFBP NNs. We are
goingto do experimentson someotherkinds of NNs, such
asRadialBasisFunctionsjn thefuture.
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