L u í s F e r n a n d o R a í n h o A l v e s T o r g o

I NDUCTIVE L EARNING

OF

T REE - BASED R EGRESSION M ODELS

Tese submet ida para obtenção do grau de Doutor emCiência de Computadores

Departamento de Ciência de Computadores

Faculdade de Ciências da Universidade do Porto

Setembro de 1999

3

Dedication

Para o meu avô.

5

A c k n o w l e d g e m e n t s

I would like to thank mysuper visor, PavelBrazdil, for all his support since I started my research on Machine Learning. He has managed to provide me with the idealmixture of research guidance and freedo mto fo llow myown intuit ions. Thanks also for all his useful comments and suggest ions that certainlyimproved this thesis. Finally, I would like also to thank him for allhis effort in management tasks that provided me and my co lleagues wit h such excellent working condit ions.

Thanks to all my co lleagues at LIACC for such pleasant working at mosphere. Thanks in particular to allthose in NI AAD ( machine lear ning group) for usefulco mments and discussio ns. A special word to my two colleagues wit h who mI share the office: Alípio

Jorge and João Gama. Finally, I would like to thank myco lleague JoaquimP into da Costa for his support with quest ions concer ning statist ics.

I would like to thank the Facult yo fEconomics ofthe Universit yo fPorto and the

Portuguese Government (Programa Ciência and PRAXIS XXI) for allfinancialsupport that made this thesis possible. Thanks also are due to the European Communit yfor its financialsupport to severalresearch projects and networkson which I was invo lved.

Thanks to all my good fr iends for allnice mo ments that allowed me to escape fro mmy research preoccupations. Their fr iendship made things much easier.

Special thanks to Catarina. Her love and jo yare an unlimited source ofhappiness.

Finally, a ver yspecial thanks to my family and in particular myparents. Wit hout their lo ve and unquest ionable support nothing ofthis would ever be possible.

7

A b s t r a c t

This thesis explores different aspects ofthe induct ion oftree-based regressio n models from data. The main goalofthis studyis to improve the predict ive accuracy ofregressio n trees, while retaining as much as possible their comprehensibilit y and computational efficiency.

Our studyis divided in three main parts.

In the first part we describe in detail two different methods ofgrowing a regressio n tree: minimising the mean squared error and minimis ing the mean abso lute deviat ion. Our studyis particular ly focussed on the computational efficiency o fthese tasks. We present severalnew algorithms that lead to significant computational speed-ups. We also descr ibe an exper imentalco mpar ison o fboth methods ofgrowing a regressio n tree highlight ing their different applicat ion goals.

Pruning is a standard procedure within tree-based models whose goalis to provide a good compromise for achieving simple and comprehensible models with good predict ive accuracy. In the second part ofour studywe descr ibe a ser ies ofnew techniques for pruning by select ion fro ma ser ies ofalternative pruned trees. We carryout an extensive set ofexper iments compar ing different methods ofpruning, which show that our proposed techniques are able to significant lyoutperformthe predict ive accuracy ofcurrent state of the art pruning algorithms in a large set ofregression do mains.

In the final part ofour studywe present a new type oftree-based models that we refer to as local regression trees . These hybr id models integrate tree-based regressio n wit h local modelling techniques. We descr ibe different types oflocalregressio n trees and show that these models are able to significant lyoutperformstandard regressio n trees in terms of predict ive accuracy. Through a large set ofexper iments we prove the competit iveness o f local regressio n trees when compared to exist ing regression techniques.

C o n t e n t s

A CKNOWLEDGEMENTS ________________________________ ________________________________ _ 5

A BSTRACT ________________________________ ________________________________ ___________ 7

C ONTENTS ________________________________ ________________________________ ___________ 9

L IST OF T ABLES ________________________________ ________________________________ ______ 13

L IST OF F IGURES ________________________________ ________________________________ _____ 15

L IST OF S YMBOLS ________________________________ ________________________________ ____ 19

CHAPTER 1 - INTRODUCTION ________________________________ _____________________ 21

1.1 O

BJECTIVES ________________________________ ________________________________ ____ 24

1.2 M

AIN C ONTRIBUTIONS ________________________________ ___________________________ 24

1.3 O

RGANISATION OF THE T HESIS ________________________________ _____________________ 26

CHAPTER 2 - INDUCTIVE LEARNING ________________________________ ______________ 29

2.1 I

NTRODUCTION ________________________________ ________________________________ _ 29

2.2 S

UPERVISED L EARNING ________________________________ ___________________________ 32

2.3 R

EGRESSION P ROBLEMS ________________________________ __________________________ 38

2.3.1 A Formalisation of Regression Problems ________________________________ ________ 40

2.3.2 Measuring the Accuracy of Regression Models ________________________________ ___ 42

2.4 E

XISTING R EGRESSION M ETHODS ________________________________ ___________________ 45

2.4.1 Statistical Methods ________________________________ _________________________ 45

2.4.2 Artificial Neural Networks ________________________________ ____________________ 50

2.4.3 Machine Learning Methods ________________________________ ___________________ 52

CHAPTER 3 - TREE-BASEDREGRESSION ________________________________ ___________ 57

3.1 T REE - BASED M ODELS ________________________________ ____________________________ 58

3.2 L

EAST S QUARES R EGRESSION T REES ________________________________ _________________ 62

C ONTENTS

3.2.1 Efficient Growth of LS Regression Trees ________________________________ ________ 66

3.2.2 Splits on Co ntinuous Variables ________________________________ _______________ 69

3.2.3 Splits on Discrete Variables ________________________________ __________________ 70

3.2.4 Some Practical Considerations ________________________________ _______________ 73

3.3 L

EAST A BSOLUTE D EVIATION R EGRESSION T REES ________________________________ _____ 75

3.3.1 Splits on Continuous Variables ________________________________ _______________ 77

3.3.2 Splits on Discrete Variables ________________________________ __________________ 86

3.4 LAD VS . LS R

EGRESSION T REES ________________________________ ___________________ 90

3.5 C

ONCLUSIONS ________________________________ ________________________________ __ 97

3.5.1 Open Research Issues ________________________________ _______________________ 98

CHAPTER 4 - OVERFITTING AVOIDANCE INREGRESSION TREES _________________ 105

4.1 I

NTRODUCTION ________________________________ ________________________________ 106

4.2 A N O VERVIEW OF E XISTING A PPROACHES ________________________________ ___________ 108

4.2.1 Error-Complexity Pruning in CART ________________________________ ___________ 108

4.2.2 Pruning based on mestimates in RETIS ________________________________ _______ 110

4.2.3 MDL-based pruning in CORE ________________________________ _______________ 113

4.2.4 Pruning i n M5 ________________________________ ___________________________ 114

4.3 P

RUNING BY T REE S ELECTION ________________________________ ____________________ 115

4.3.1 Generating Alternative Pruned Trees ________________________________ __________ 117

4.3.2 Methods for Comparing Alternative Pruned Trees _______________________________ 122

4.3.3 Choosing the Final Tree ________________________________ ____________________ 140

4.3.4 An Experimental Comparison of Pruning by Tree Selection Methods _________________ 141

4.3.5 Summary ________________________________ ________________________________ 154

4.4 C

OMPARISONS WITH O THER P RUNING M ETHODS ________________________________ ______ 155

4.4.1 A FewRemarksRegarding Tree Size ________________________________ __________ 159

4.4.2 CommentsRegarding the Significance of the Experimental Results __________________ 161

4.5 C

ONCLUSIONS ________________________________ ________________________________ _ 162

4.5.1 Open Research Issues ________________________________ ______________________ 163

CHAPTER 5 - LOCAL REGRESSION TREES ________________________________ ________ 167

5.1 I

NTRODUCTION ________________________________ ________________________________ 168

5.2 L

OCAL M ODELLING ________________________________ ____________________________ 171

5.2.1 Kernel Models ________________________________ ___________________________ 172

5.2.2 Local Polynomial Regression ________________________________ ________________ 175

5.2.3 Semi-parametric Models ________________________________ ___________________ 177

C ONTENTS

5.3 I

NTEGRATING L OCAL M ODELLING WITH R EGRESSION T REES _____________________________ 178

5.3.1 Method of Integration ________________________________ ______________________ 181

5.3.2 An illustrative example ________________________________ _____________________ 183

5.3.3 Relations to OtherWork ________________________________ ____________________ 185

5.4 A N E XPERIMENT AL E VALUATION OF L OCAL R EGRESSION T REES __________________________ 186

5.4.1 Local Regression Trees vs. Standard Regression Trees ____________________________ 187

5.4.2 Local Regression Trees vs. Local Models ________________________________ _______ 189

5.4.3 Local Regression Trees vs. Linear Reg ression Trees ______________________________ 193

5.4.4 Local Regression Trees versus Existing Regression Methods ________________________ 194

5.5 C

ONCLUSIONS ________________________________ ________________________________ _ 196

5.5.1 Open Research Issues ________________________________ ______________________ 197

CHAPTER 6 -CONCLUSIONS ________________________________ ______________________ 199

6.1 S

UMMARY ________________________________ ________________________________ ____ 199

6.1.1 Growing Regression Trees ________________________________ __________________ 200

6.1.2 Pruning Regression Trees ________________________________ ___________________ 201

6.1.3 Local Regression Trees ________________________________ _____________________ 203

6.2 F

UT URE R ESEARCH D IRECTIONS ________________________________ ___________________ 204

ANNEX A - MATERIAL AND METHODS ________________________________ ____________ 207

A.1. T HE E XPERIMENTAL M ETHODOLOGY ________________________________ _____________ 207

A.2. T HE U SED B ENCHMARK D ATA S ETS ________________________________ ______________ 212

A.3. T HE L EARNING S YSTEMS U SED IN THE C OMPARISONS ________________________________ 218

ANNEX B - EXPERIMENTAL RESULTS ________________________________ ____________ 221

B.4. E

XPERIMENTS WITH T REE G ENERATION M ETHODS ________________________________ __ 221

B.5. CART

TREE - MATCHING VS . O UR PROPOSAL ________________________________ ________ 224

B.6. C

OMPARISON OF M ETHODS FOR G ENERATING P RUNED T REES __________________________ 224

B.7. T

UNING OF S ELECTION M ETHODS ________________________________ ________________ 227

B.8. C

OMPARISON OF M ETHODS OF E VALUATING A T REE ________________________________ _ 229

B.9. C

OMPARISONS WITH O THER P RUNING A LGORITHMS ________________________________ _ 230

REFERENCES ________________________________ ________________________________ ___ 235

C ONTENTS

L i s t o f T a b l e s

Table 3.1. Results ofcompar isons between LAD and LS trees. ____________________ 96

Table 4.1. The basic character ist ics ofthe used benchmark domains. ______________ 120

Table B.1. Estimated MSE difference between MEL and LSS using ChiEst ( 95% ). ____ 225

Table B.2. Estimated MSE difference between ErrCpx and LSS using ChiEst ( 95% ). __ 225

Table B.3. Estimated MSE difference between MEL and MCV using ChiEst ( 95% ). ___ 225

Table B.4. Difference in error (MSE) between ErrCpx and MCV using ChiEst ( 95% ). _ 226

Table B.5. Difference in Predict ion error (MSE) between MEL and LSS using 5-fo ld CV.

________________________________ ________________________________ _ 226

Table B.6. Difference in error (MSE) between ErrCpx and LSS using 5-fo ld CV. ____ 226

Table B.7. Difference in Predict ion error (MSE) between MEL and MCV using 5-fo ld CV.

________________________________ ________________________________ _ 227

Table B.8. Difference in Predict ion error (MSE) between ErrCpx and MCV using 5-fo ld

CV. ________________________________ ______________________________ 227

Table B.9. Difference in MSE between ChiEst (95%) and ChiEst tuned by5-fo ld CV. _ 228

Table B.10. Difference in MSE between m (2) and m tuned by5-fo ld CV. __________ 228

Table B.11. Difference in MSE between MDL (0.1,0.5) and MDL tuned by5-fo ld CV. 228

Table B.12. Difference in error (MSE) between 5-fo ld CV and m est imates tuned by5-CV.

________________________________ ________________________________ _ 229

Table B.13. Difference in error (MSE) between 5-fo ld CV and c 2 est imates (CL=95%).

________________________________ ________________________________ _ 229

Table B.14. Difference in error (MSE) between 5-fo ld CV and MDL tuned by5-fo ld CV.

________________________________ ________________________________ _ 230

L IST OF T ABLES

Table B.15. Difference in error (MSE) between LSS +5CV and CART pruning. ______ 230

Table B.16. Difference in error (MSE) between LSS +5CV and RETIS pruning. ______ 231

Table B.17. Difference in error (MSE) between LSS +5CV and CORE pruning. ______ 231

Table B.18. Difference in error (MSE) between LSS+ChiEst(95%) and CART pruning. 231

Table B.19. Difference in error (MSE) between LSS+ChiEst(95%) and RETIS pruning.

________________________________ ________________________________ _ 232

Table B.20. Difference in error (MSE) between LSS+ChiEst(95%) and CORE pruning. 232

Table B.21. Difference in error between LSS+ChiEst(95%,0.5-SE) and CORE pruning. 232

Table B.22. Difference in MSE between LSS+ChiEst(95%,1-SE) and CORE pruning. _ 233

L i s t o f F i g u r e s

Figure 2.1 - A perceptron unit. ________________________________ ______________ 50

Figure 2.2 - The sigmo id co mput ing unit. ________________________________ _____ 51

Figure 2.3 - A mult ilayer architecture for regression. ____________________________ 52

Figure 3.1 - Computation time to generate a LS tree for different sample sizes. ________ 74

Figure 3.2 - A split on X i < 145. ________________________________ _____________ 78

Figure 3.3 - Computation time to grow a LAD tree for different sample sizes ofthe Fr ied domain. ________________________________ ____________________________ 86

Figure 3.4 - Computation T ime ofLAD and LAD(fast) trees for different sample sizes. _ 89

Figure 3.5 - A LS regression tree for the Alga 6 problem. (MSE = 162.286; MAD = 7.328)

________________________________ ________________________________ __ 93

Figure 3.6 - A LAD regression tree for the Alga 6 problem. (MSE = 179.244; MAD =

6.146) ________________________________ _____________________________ 94

Figure 3.7 - The abso lute difference ofthe errors committed bythe LAD and LS trees. _ 95

Figure 3.8 - The histogramofthe errors ofthe LAD and LS trees. __________________ 95

Figure 4.1 - Compar ison ofthe four methods for generating sequences o fsub-Trees. __ 121

Figure 4.2 - Our tree-matching proposalvs. CART method. ______________________ 128

Figure 4.3 - The Holdout Method. ________________________________ __________ 129

Figure 4.4 ˘Different values o fthe ^correcting factor~ used in the ChiE st estimator. __ 138

Figure 4.5 ˘ Compar ison ofLSS with other sequence generation methods using

ChiEst(95%) as selection method. ________________________________ ______ 142

Figure 4.6 - The effect ofthe value ofthe confidence levelon the pruned tree size. ___ 144

Figure 4.7 - Significance ofMSE difference between ChiEst(95%) and ChiE st(5-CV). 145

L IST OF F IGURES

Figure 4.8 - Tree size and Cpu time ratios between ChiEst(95%) and ChiEst(cv). _____ 145

Figure 4.9 - Variat ion oftree size for different mvalues. ________________________ 146

Figure 4.10 - Significance ofMSE difference between m(2) and m(5-CV). __________ 147

Figure 4.11 - Tree size and Cpu time Rat ios for m=2 and m(cv) select ion. ___________ 148

Figure 4.12 - The effect ofvar ying the MDL coding parameters on tree size. ________ 149

Figure 4.13 - Significance ofMSE difference between MDL(0.1,0.5) and MDL(5-CV). 150

Figure 4.14 - Tree size and Cpu time ratios between MDL(0.1,0.5) and MDL(cv5). ___ 151

Figure 4.15 - Significance ofMSE difference between tree select ion methods. _______ 152

Figure 4.16 - Tree Size Rat io compar ison among Select ion Methods. ______________ 153

Figure 4.17 - Significance ofMSE difference between LSS+5CV and other pruning algor ithms. ________________________________ ________________________ 156

Figure 4.18 - Tree size ratios between LSS+CV5 and other pruning algor ithms. ______ 157

Figure 4.19 - Significance ofthe MSE difference between LSS+ChiEst(95%) and other pruning algor ithms. ________________________________ __________________ 158

Figure 4.20 - Tree size ratios between LSS+ChiE st(95%) and other pruning algorithms. 159

Figure 4.21 - Significance ofMSE difference between ChiEst with the k-SE rule and

CORE. ________________________________ ____________________________ 160

Figure 4.22 - The effect ontree size ofthe k-SE rule when co mpared to CORE. ______ 160

Figure 4.23 - Significance ofMSE difference between CART and not pruning. _______ 161

Figure 5.1. The ramping function (Hong, 1994). _______________________________ 173

Figure 5.2. The approximat ion provided bya LS regression tree to the funct ion sin( X). 179

Figure 5.3. The approximat ion ofan LS regressio n tree with kernel models in the leaves.

________________________________ ________________________________ _ 180

Figure 5.4. The curve and the training data. ________________________________ ___ 184

Figure 5.5. Approximat ions provided by using averages, linear polyno mials, ker nels and local linear polyno mials. ________________________________ ______________ 184

Figure 5.6 ˘ Compar ison ofstandard regressio n trees (RT) with localregression trees

(RT+KR, RT+PL and RT+LL). ________________________________ ________ 188

Figure 5.7 - Computation time rat io ofstandard and local regressio n trees. __________ 189

L IST OF F IGURES

Figure 5.8 ˘ Compar ison ofLocalTrees and LocalModels in ter ms ofS ignificance of

MSE difference. ________________________________ ____________________ 190

Figure 5.9 - Computation time rat io ofLocalRegressio n Trees and LocalModels. ____ 192

Figure 5.10 ˘ Compar ison between LocalRegression Trees and M5 in ter ms of

S ignificance Level ofthe MSE difference. _______________________________ 193

Figure 5.11 ˘ Compar ison between PartialLinear Trees and other regressio n techniques with respect to the Significance Levelo fthe MSE difference. ________________ 195

19

L i s t o f S y m b o l s

X i is an input (predictor) var iable (or attribute).

A is the set ofattributes ofa problem.

a is the number ofattributes (or predictor variables) ofa problem, that is a = # A .

c i is the domain ofthe var iable X i .

Y is a goalvar iable.

g is the domain o fvar iable Y .

x i is a vector ofattribute values having as domain c = c

1 ´ � ´ c a .

i i y , x is a case or example wit h domain c ´ g .

D =

{ } n i i i y

1

,

=

x is a data set or sample ofcases.

n is the number oftraining cases ofa problem.

D = X | Y is a matr ix representation ofa data set, where X is a n ´ a matrix containing the n vectors of a attributes values, and Y is a co lumn vector containing the n goalvar iable values.

r (

, x ) is a regression modelwit h parameters , which maps an attribute vector into a goal

var iable value, i.e. r : c ® g .

r ( , x i ) is the predicted value ofthe model r ( , x ) for a case i i y , x .

L IST OF S YMBOLS

T is a tree-based model.

t is a node ofa tree T .

T t is a sub-tree of T rooted at node t .

t L is the left child node ofnode t .

t R is the r ight child node ofnode t .

l is a leafnode ofa tree.

T ~ is a set containing all leafnodes ofa tree T .

# T ~ is the number ofleaves ofa tree, i.e. the cardinalit y ofset T ~ .

P i is a path fro mthe root node t 0 to a node t i . We represent this path by the conjunct ion of

logical tests ofthe nodes in the path.

D t is the sub-set ofthe training sample D falling in node t , that is

D t = { }

t i i P D y ® Î x x : , .

C h a p t e r 1

I n t r o d u c t i o n

This dissertation addresses a particular methodologyto dealwith a data analysis problem

usually known as mult ivar iate regression. A multivariate regression problem can be

loosely defined as the studyofthe dependency relation between a goal ( dependent ,

response ) var iable and a set of independent ( predictor , input ) var iables. The goalof

mult ivar iate regression analys is is to obtain a model of this relationship . This modelcan be

used either for understanding the interactions between the variables ofthe domain under

study, or to predict the value ofthe goalvar iable offuture instances ofthe same problem.

Regressio n models are usually obtained through an inductive process that uses examples

( the training sample ) ofan unknown regression relat ionship. Consider for instance a

collect ion ofobser vat ions regarding so me financial indicators ofthousands ofco mpanies

and their respect ive stock values. We could be interested in obtaining a regression model

that relates the stock value wit h some ofthese indicators. This modelcould then be used to

predict the stock value ofa new companyfor which we know the value ofthe indicators.

Moreover, ifour modelis so mehow intelligible it could revealso me yet unknown

relat ionships in this do main.

The existence ofa funct ional relationship between a target var iable and a set of

predictor var iables is co mmo n in realwor ld data analysis (Drapper & Smit h, 1981).

C HAPTER

1 . I NTRODUCTION 22

Finding a modelofsuch relat ionship is ver yimportant because it allows us to predict and

comprehend the behaviour ofour data. These and other arguments just ify the existence o f

so many research works carried out about this data analysis problem. Still, the major it yof

studies about regression analysis concer n methods ofgenerating a multivariate linear

model between the response var iable and the predictors. Although being one ofthe most

successfuldata analysis techniques, linear regression has obvious limitat ions due to the

linear structure that is imposed on the data. To dealwit h data with more complex structure

one needs more sophist icated tools. Non-parametric approaches to regression are able to

dealwit h a wide range ofregressio n domains by not imposing anypre-defined global for m

to the regression sur face (Hardle, 1990). These methods assume so me funct ional for monly

at a local level , meaning that theydo not tryto fit one single modelto all given sample.

This methodologyleads to a regression sur face that is globallynon-parametr ic ( i.e. an

approximat ion that does not have a fixed glo balfunct ionalfor m). This is an important

feature ifone wishes to develop a toolthat is applicable to a wide range ofregressio n

problems. That is one ofthe goals ofthe work carried out in this dissertation.

The approach to regression analysis fo llowed in this thesis is usuallyknown as tree-

based regression . The regressio n models obtained wit h this methodologycan be

represented in the for mofa tree. This tree consists ofa hierarchy o fnodes, starting with a

top node known as the root node . Each node ofthe tree contains logical tests on the

predictor var iables, with the except ion ofthe bottomnodes ofthe hierarchy. These latter

are usuallyknown as the leaves ofthe tree. The leaves contain the predictions ofthe tree-

based model. Each path fromthe root node to a leaf can be seen as a conjunction o flogical

tests on the predictor var iables. These conjunct ions are logical representations of^sub-

areas~ ofthe overallregressio n sur face being approximated. For each ofthese localareas

different values ofthe goalvar iable can be predicted. Although the formofthe logicaltests

imposes so me restrict ions on the type oflocalareas that can be represented, the number of

local areas and their ^size~ is not pre-defined. Because o fthis regressio n trees are able to

represent a wide range ofregressio n sur faces through a flexible co mposit ion ofsmaller

1.1 O BJECTIVES 23

sur faces. The main features oftree-based regression are its wide range of applicability , low

computation time and its comprehensibility due to the use ofa symbo lic representation of

the regression sur face. These models are studied in severalresearch fields like social

sciences, statist ics, engineer ing and artificial intelligence.

Most exist ing methods ofgrowing a regression tree tryto minimise the mean squared

error ofthe result ing model. This method has important computationaladvantages

stemming fro mthe mathemat ics behind this cr iter ion. However, mean squared error is

known to be quite sensit ive to outliers ( i.e. data points that diverge a lot fromthe bulk of

data). These data items may distort the mean squared error statist ic possiblyleading to

wrong decisio ns in the process ofgrowing a tree. We see this as an opportunit yfor

consider ing other growth criteria that do not suffer fro mthis effect.

As we have ment ioned, comprehensibilit yis one ofthe main advantages ofregressio n

trees. However, as these models do not assume any fixed formo fthe regression sur face,

theycan easily overfit the given training sample , by generat ing too manylocal areas to

approximate the unknown sur face. This leads to models that are unnecessar ilylarge wit h

consequences in terms ofcomprehensibilit y. Moreover, overfitt ing may also cause lower

predictive accuracy , particular lywith unreliable data ( i.e. noisy data). Pruning is the usual

method ofavo iding over fitting in regression trees. Pruning is usually regarded as a search

through the space ofall possible pruned trees ofan over lylarge tree that overfits the

training data. Current approaches to this search problemuse methods relying either on

estimates of the true prediction error ofthe trees ( e.g. Breiman et al. , 1984) or other

cr iteria like minimising the binary description length ofthe tree model(Robnik-Sikonja &

Kononenko, 1998).

The non-parametric features ofregression trees usually lead to compet it ive predict ive

accuracyin a large set ofdomains. However, regression trees can be seen as fitting

constants in a set ofpartitions ofthe input space (the mult idimensio nalspace defined by

the predictor variables). As we have ment ioned, a regression tree is a logic representation

ofthis set ofpartitions. In each ofthese regions ofthe input space regression trees assume

C HAPTER

1 . I NTRODUCTION 24

that the unknown regressio n funct ion takes a constant value. This leads to a highly non-

smooth set of local regions , that all together formthe regressio n sur face approximat ion

provided by a regressio n tree. In this thesis we explore the possibilit yo fintroducing a

further levelo fdetail wit hin these partit ions by using smother models wit hin each leafo f

the trees.

1 . 1 O b j e c t i v e s

The main object ive ofthis thesis is to studydifferent aspects oftree-based regressio n with

the aimo fimproving the accuracy ofthese models, while trying to retain their main

features concerning applicabilit y, processing time and co mprehensibilit yo fthe models.

Our studyis focused on der iving trees fro m large sets ofdata and thus we are particular ly

concerned wit h methods that are sufficient lyefficient. We start our studyby explor ing

computationallyefficient methods ofgrowing regressio n trees using two different error

cr iteria. We improve the computational efficiency o fthe method ofgrowing least squares

regression trees, and we consider the alternat ive ofgrowing trees that minimise the mean

abso lute deviat ion. This latter methodologyaims at overcoming difficult ies wit h data

outliers. We then address the important question ofavo iding over fitt ing ofthe training data

with the object ive ofproviding a better compromise between accuracyand size ofthe

models. Finally, we descr ibe a new type o fmodels, called localregression trees, that

per mit to attain higher accuracythan exist ing approaches to tree-based regressio n, through

the use ofsmoother models in their leaves. Throughout this thesis we have extensively

compared our proposals wit h exist ing methods. These compar isons were carr ied out using

severaldata sets and different training sample sizes.

1 . 2 M a i n C o n t r i b u t i o n s

This dissertation presents a thorough studyoftree-based regressio n models. The studyis

divided in three main parts. The fir st addresses the generat ion oftree models. We review

1.2 M AIN C ONTRIBUTIONS 25

severalexist ing techniques ofgrowing least squares (LS) and least abso lute deviat ion

(LAD) regressio n trees. We descr ibe new algorithms for inducing LAD trees that increase

the efficiency o fthis task. We present a theoretical studyconcerning the possibilit yo f

extending a theoremdescr ibed byBreiman et al. (1984), to LAD trees. This extension is

relevant because the results ofthe theoremsignificant lyimprove the computational

efficiencyo ffinding the best discrete split for a tree node. We also descr ibe an

exper imentalco mpar ison between LS and LAD regression trees. This co mpar ison shows

that these two methodologies have different applicat ion goals. While LS trees tryto

minimise the square error ofthe tree result ing in a model wit h lower probabilit yo f

committ ing large predict ion errors, LAD trees minimise the average abso lute deviation,

which leads to models that on average tend to be more accurate but may occasio nally

commit larger predict ion errors.

The second part ofthis thesis addresses over fitting avo idance wit hin regression trees.

We review the major exist ing pruning techniques and then focus our studyon pruning by

tree select ion. We descr ibe two new methods ofexplor ing the large space o fpruned trees

that entailaccuracyadvantages when co mpared to exist ing approaches. We present a new

method ofusing Cross Validat ion est imates, which extends their applicabilit y in the

context ofpruning bytree selection. We extend the use of m estimators (Cestnik, 1990)

within regressio n trees. We descr ibe an m estimator ofthe Mean Abso lute Deviat ion that

allows using this method with LAD trees. We also der ive an expressio n ofthe standard

error of m estimates, which allows using the 1-SE rule (Breiman et al. ,1984) during

pruning, with large advantages in terms oftree size. Finally, we present a new error

estimator ( ChiEst ) for LS trees based on the sampling distr ibut ion properties ofthe mean

squared error, that provides ver y co mpet itive accuracywit h low computation costs.

We have carr ied out an extensive empir ical co mpar ison ofdifferent methods of

pruning by tree select ion. We have concluded that selection based on error estimates

obtained eit her with Cross Validat ion or our ChiEst method are the best ways to achieve

higher accuracyin a large set ofbenchmark domains. However, we have also observed that

C HAPTER

1 . I NTRODUCTION 26

these methods entail so me costs in terms ofaverage tree size. Wit h respect to computation

time our ChiEst method achieved significant advantages when co mpared to other exist ing

pruning algor ithms.

We have also compared our pruning proposals with three state-of-the-art pruning

algor ithms. We have obser ved significant accuracyadvantages ofour methods at the cost

ofsome tree size, particular lywhen co mpared to CART (Breiman et al. ,1984) and CORE

(Robnik-Sikonja & Kononenko,1998) pruning algor ithms.

Regarding localregressio n trees we describe three var iants ofthese models: kernel

trees; partiallinear trees; and locallinear trees. We have confir med our hypothesis

concerning the increased predict ive accuracy ofthese models when co mpared to standard

regression trees. However, we have also obser ved that this advantage comes at the cost of

larger computational requirements and loss o fsome o fcomprehensibilit y ofthe models.

We also show that localregressio n trees can be seen as a means to overcome so me ofthe

limitations ofthe local models we have integrated in their leaves. In effect, the focusing

effect provided by local regressio n trees is largely benefic ialin terms ofcomputation time

when co mpared to the use oflocal models per see. Finally, in an empir icalco mpar ison

with three ofthe most well-known exist ing regressio n methodologies, we have obser ved

that partial linear trees are among the most competit ive in ter ms ofpredictive accuracy.

1 . 3 O r g a n i s a t i o n o f t h e T h e s i s

This dissertation is organised as fo llows. Chapter 2 presents an overview o fthe exist ing

work on lear ning by examples wit hin the propositionalframework. This descr ipt ion is

particular ly focused on regressio n methods. We provide an overview o fthe major

regression techniques used in the research fields o fstatist ics, neural networks and machine

lear ning.

Chapter 3 presents two methods ofgrowing regressio n trees. The first is the method of

growing a tree byminimising the mean squared error ofthe result ing model. We discuss

1.3 O RGANISATION OFTHE T HESIS 27

severalco mputational issues ofthis methodologyand present some algor ithms that

improve its efficiency. We then address the quest ion ofgrowing regressio n trees bytrying

to minimise the mean abso lute deviation. We present severalalgor ithms for growing this

type oftrees and discuss its computationaldifficulties. We also provide severaltechniques

that allow a large computational speed-up ofthe task ofgrowing these trees.

Chapter 4 addresses one ofthe most important aspects oftree-based regressio n:

overfitt ing avo idance. We fo llow the method ofpruning by selecting fro ma set of

previously generated pruned trees. We descr ibe two new algor ithms for generating these

pruned trees. We studyseveralalternat ive ways o fevaluat ing tree models and apply them

in the context ofpruning bytree selection. We show the results ofan empir icalco mpar ison

between different methods ofpruning bytree selection. Finally, we co mpare our pruning

proposals with three ofthe most successfulexist ing pruning algor ithms.

In chapter 5 we describe a new type oftree-based regressio n models, named local

regression trees. These models integrate regression trees with local modelling techniques.

The integration is carr ied out using local models in the leaves ofregressio n trees. We

descr ibe three var iants oflocalregression trees: kerneltrees; partiallinear trees; and local

linear trees. We carryout a series ofexper iments designed with the goaloffinding out the

advantages and disadvantages oflocalregression trees.

We also include a ser ies ofAnnexes that provide further details on the work carried

out in the thesis. Annex A descr ibes the materialand methods used in the exper imental

parts ofthe thesis. This annex also includes details concer ning the for mofpresent ing

exper imentalresults used throughout the thesis. Annex B presents the fulltables ofresults

ofseveralexper iments carr ied out in thesis that were not included in the main text for

clar it yreasons.