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Abstract. W e in v estigate an inheren t limitation of top-do wn decision

tree induction in whic h the con tin uous partitioning of the instance space

progressiv ely lessens the statistical supp ort of ev ery partial (i.e. disjunc-

tiv e) h yp othesis, kno wn as the fr agmentation pr oblem . W e sho w, b oth

theoretically and empirically , ho w the fragmen tation problem adv ersely

a�ects predictiv e accuracy as v ariation r (a measure of concept di�-

cult y) increases. Applying feature-construction tec hniques at ev ery tree

no de, whic h w e implemen t on a decision tree inducer D ALI , is pro v ed

to only partially solv e the fragmen tation problem. Our study illustrates

ho w a more robust solution m ust also assess the v alue of eac h partial

h yp othesis b y recurring to all a v ailable training data, an approac h w e

name glob al data analysis , whic h decision tree induction alone is unable

to accomplish. The v alue of global data analysis is ev aluated b y compar-

ing mo di�ed v ersions of C4.5 rules with C4.5 trees and D ALI , on b oth

arti�cial and real-w orld domains. Empirical results suggest the imp or-

tance of com bining b oth feature construction and global data analysis to

solv e the fragmen tation problem.

1 In tro duction

In this study , w e in v estigate the in ternal mec hanism of top-do wn decision tree

inducers [14 , 1 ]. W e fo cus on the fragmen tation problem: a limitatio n of the

divide-and-conquer strategy in whic h the con tin uous partitioning of the training

set at ev ery tree no de reduces the n um b er of examples (i.e. the statistical sup-

p ort) at lo w er-lev el no des. One noticeable e�ect of this problem is the replication

of subtrees along the output tree [12 , 9 ], also kno wn as the r eplic ation pr oblem .

The fragmen tation problem has b een attac k ed in di�eren t w a ys: b y construct-

ing comp ound features at ev ery tree no de [12 , 18]; b y reducing the n um b er of

p ossible partitions [5 , 16 ]; and b y using alternativ e concept represen tations, e.g.,

sets of rules [15 ], decision graphs [6, 11 ], SE-T rees [22 ], decision lists [12 , 21].

Nonetheless, no clear solution has emerged.
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Our analysis of the causes and e�ects of the fragmen tation problem eluci-

dates relev an t issues: the fragmen tation problem is not limited to decision tree

induction alone, but migh t a�ect other inductiv e learning mo dels; replication

and fragmen tation are not separate problems, but rather the former is simply an

e�ect of the latter. W e use concept v ariation, r (a measure of concept di�cult y

[20 , 13]), to pro v e that as r increases, the fragmen tation problem is further

aggra v ated, partly explaining the inadequacy of decision tree induction when

applied to di�cult domains.

W e test a new decision-tree inducer, D ALI , to sho w that constructing new

features at ev ery tree no de mitigates the fragmen tation problem, but do es not

completely eliminate it. F or a more robust solution, our study rev eals the imp or-

tance of analyzing all training data when assessing the v alue of ev ery induced

h yp othesis, an approac h w e name glob al data analysis . Decision tree induction

do es not analyze data in this manner, neither alone nor when augmen ted with

feature construction. Our exp erimen ts compare C4.5 rules, C4.5 trees, and D ALI ,

empirically ev aluating the imp ortance of global data analysis b y isolating this

comp onen t in C4.5 rules. Our results suggest the imp ortance of com bining b oth

feature construction and global data analysis to solv e the fragmen tation problem.

This pap er is organized as follo ws. Section 2 pro vides an o v erview of deci-

sion tree induction; Sect. 3 de�nes the fragmen tation problem; Sect. 4 explains

the scenarios in whic h the fragmen tation problem is critical, and details on the

imp ortance of global data analysis during learning; Sect. 5 sho ws exp erimen tal

results. Lastly , Sect. 6 giv es a summary and conclusions.

2 Preliminaries

F or simplicit y , w e fo cus on domains where eac h example X is describ ed b y n

b o olean features (i.e., attributes, v ariables), x

1

; x

2

; � � � ; x

n

, and where an under-

lying target concept C : f 0 ; 1 g

n

7! f� ; + g classi�es the space of all 2

n

examples,

also referred to as the instanc e sp ac e , in to 2 classes. A learning mec hanism (i.e.,

inducer) attempts to disco v er C b y analyzing the information giv en b y a training

set S : f ( X

i

; c

i

) g

m

i =1

, where c

i

is the class assigned b y C to X

i

, i.e., C ( X

i

) = c

i

.

The result of the analysis is a h yp othesis/classi�er H appro ximating C . Our

main in terest is in the abilit y of H to correctly pr e dict the class of examples out-

side S . W e lo ok for h yp otheses not only consisten t with S , but that gener alize

b ey ond that set.

A decision tree inducer uses a divide-and-conquer strategy for learning. Pro-

ceeding top-do wn, the ro ot of the tree is formed b y selecting a function f :

f 0 ; 1 g

n

7! f 0 ; 1 g that splits the training set in to m utually exclusiv e subsets

S

0

; S

1

, suc h that S

0

= f X 2 S j f ( X ) = 0 g , S

1

= f X 2 S j f ( X ) = 1 g ,

S = S

0

[ S

1

, and S

0

\ S

1

= ; . Commonly f is a single feature { selected via

some impurit y measure, e.g., en trop y , gini, Laplace, �

2

{, whic h yields axis-

parallel partitions o v er the instance space, but other com binations are p ossible

[2, 8 ]. The same metho dology is recursiv ely applied on S

0

and S

1

to construct

the left and righ t subtrees resp ectiv ely . A subset S

0

represen ts a leaf if all ex-



amples in S

0

b elong to the same class, or if j S

0

j < � , where � is user de�ned;

the ma jorit y class in S

0

is asso ciated with that leaf. An example X is classi�ed,

starting from the ro ot of the tree, b y follo wing the branc h that matc hes the

output of ev ery splitting function (i.e., b y iterativ ely follo wing the left branc h if

f ( X ) = 0, or the righ t branc h if f ( X ) = 1). A t the end of the path, the class

attac hed to that leaf is assigned to X .

3 The F ragmen tation Problem

Under a DNF represen tation, a target concept C is expressed as the disjunction

of sev eral sub concepts, suc h that C = C

1

+ C

2

+ � � � + C

l

. A h yp othesis H appro x-

imating C can b e expressed as a set of disjunctiv e h yp otheses H

1

; H

2

; � � � ; H

l

,

where H

i

appro ximates C

i

. The set of examples co v ered b y h yp othesis H

i

on

training set S , CO V ( H

i

) = f X 2 S j H

i

( X ) = + g , is referred to as the source

of supp ort or eviden tial credibilit y for H

i

[23 ].

A decision tree inducer adopts a DNF concept represen tation: eac h branc h

from the ro ot of the tree to a p ositiv e leaf is equiv alen t to a disjunctiv e h yp othesis

H

i

. The �nal set of disjunctiv e h yp otheses m ust b e m utually exclusiv e, i.e.,

CO V( H

1

) \ CO V ( H

2

) \ � � � \ CO V ( H

l

) = ; . The metho d to �nd ev ery H

i

carries

out a con tin uous partition-re�nemen t o v er the instance space; ev ery tree branc h

is gro wn un til a terminal no de or leaf delineates a single-class region. A limitation

inheren t to this approac h is that, while searc hing for a disjunctiv e h yp othesis

H

i

, eac h splitting of the training data ma y separate or pull apart examples in

supp ort of a di�eren t h yp othesis H

j

{ due to the irrelev ancy of the splitting

function to H

j

. This situation not only requires that sev eral appro ximations

H

j

0

, H

j

00

, H

j

000

etc., b e found on disp ersed regions of the instance space, giving

rise to replicated subtrees along the output tree, but also reduces the supp ort or

eviden tial credibilit y of eac h individual h yp othesis, ev en tually complicating its

iden ti�cation. This problem is kno wn as the fr agmentation pr oblem .

The fragmen tation problem stems from t w o main causes:

1. The requiremen t that the co v erage of disjunctiv e h yp otheses b e m utually ex-

clusiv e precludes the represen tation of an y H

i

and H

j

suc h that CO V ( H

i

) \

CO V ( H

j

) 6= ; . The examples in CO V ( H

i

) \ CO V ( H

j

) are directed to w ards

H

i

or H

j

, but not b oth. This is illustrated in the follo wing example. As-

sume a 3-dimensional b o olean space where eac h p oin t represen ts an example

X = ( x

1

; x

2

; x

3

), with target function C = x

1

x

2

+ x

1

x

3

, as sho wn in Fig. 1a.

Concept C can b e decomp osed in to t w o sub concepts: C

1

= x

1

x

2

, with exam-

ples (1 ; 1 ; 0) and (1 ; 1 ; 1), and C

2

= x

1

x

3

, with (1 ; 0 ; 1) and (1 ; 1 ; 1). Let H

1

and H

2

b e the disjunctiv e h yp otheses appro ximating C

1

and C

2

resp ectiv ely .

With all examples a v ailable, � = 1, and single features as splitting functions,

t w o p ossible decision trees are depicted in Figs. 1b and 1c. In the tree for

Fig. 1b, splitting on feature x

2

directs t w o p ositiv e examples to the righ t

branc h in supp ort of H

1

, but only one p ositiv e example (out of t w o) to the

left branc h in supp ort of H

2

. As a consequence, H

1

= C

1

but H

2

6= C

2

, since



(a)

-

x

1

6

x

3

�

�

�

�

�

�
x

2

�

�

�

�

�

�

�

�

�

�

�

�

� �

�

�

+

�

+

+

P

P

Pi

A

A

A

A

A

AK

C

1

= x

1

x

2

J

Ĵ
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Fig. 1. (a) A 3-dimensional b o olean space for target concept C = C

1

+ C

2

, where

C

1

= x

1

x

2

and C

2

= x

1

x

3

. (b) and (c) Tw o decision trees for (a) where the fragmen-

tation problem reduces the supp ort of either H

1

or H

2

, as sho wn b y the fraction of

examples that b elong to C

1

and C

2

arriving at eac h p ositiv e leaf.

the irrelev an t condition �x

2

is incorp orated: H

2

= x

1

�x

2

x

3

. This w as caused

b ecause CO V ( C

1

) \ CO V ( C

2

) = f (1 ; 1 ; 1) g , whic h could only b e co v ered

b y H

1

or H

2

. The same phenomenon o ccurs in the tree on Fig. 1c, except

here the loss of supp ort o ccurs to H

1

.

2. Eac h partition o v er the instance space is to o coarse, suc h that man y steps

are required to delimit a single-class region. The searc h for a disjunctiv e

h yp othesis H

i

inevitably results in the fragmen tation of a di�eren t dis-

junctiv e h yp othesis H

j

. Consider the tree in Fig. 2a for b o olean concept

C = x

1

x

2

+ x

3

x

4

, where C

1

= x

1

x

2

and C

2

= x

3

x

4

. Assume all p ossible ex-

amples a v ailable, � = 1, H

1

the appro ximation to C

1

, and H

2

0

and H

2

00

the

appro ximations to C

2

. Splitting on feature x

1

separates the examples in C

2

,

directing t w o p ositiv e examples (out of four) to the left branc h in supp ort of

H

2

0

, and t w o examples to the righ t branc h. Splitting on feature x

2

reduces

the supp ort of H

2

00

to only one example. Since C

2

is represen ted b y H

2

0

and

H

2

00

, the �nal tree replicates subtrees. This replication e�ect originates from

the fragmen tation of H

2

(in to H

2

0

and H

2

00

) at the ro ot of the tree.

One approac h to com bat the fragmen tation problem is to conjoin sev eral fea-

tures at ev ery tree no de, whic h results in more re�ned partitions o v er the instance

space. As sho wn in Fig. 2b, using the conjunction of single features as splitting

functions eliminates the replication of the subtree appro ximating C

2

. Nev erthe-

less, H

2

con tin ues exp eriencing loss of supp ort, since CO V ( H

1

) \ CO V ( H

2

) =

f (1 ; 1 ; 1 ; 1) g 6= ; . Hence, using m ultiple-feature tests at ev ery tree no de can

reduce the n um b er of partition-steps required to delimit single-class regions

(cause 2), but cannot a v oid pulling apart examples lying in the in tersection of

sev eral partial sub concepts (cause 1).
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Ĵ

+�

H

1

(4/4)

H

2

0

(2/4)

H

2

00

(1/4)

(b)

x

1

x

2

�

�	

@

@R

+x

3

x

4

�

�	

@

@R

+�

H

1

(4/4)

H

2

(3/4)

Fig. 2. (a) A decision tree for C = C

1

+ C

2

, where C

1

= x

1

x

2

and C

2

= x

3

x

4

. Examples

in C

2

are separated in to t w o regions after splitting on feature x

1

. (b) A decision tree

for (a) with m ultiple-feature tests. The replication of subtrees is eliminated, but H

2

exp eriences loss of supp ort when splitting on x

1

x

2

.

The fragmen tation problem is not exclusiv e to decision tree inducers but to

an y learning mec hanism that progressiv ely lessens the eviden tial credibilit y of its

induced h yp otheses. Consider the separate-and-conquer strategy common to the

construction of rule-based systems [10 , 4, 28 ]. In this case, an iterativ e pro cess

starts b y selecting a p ositiv e example or se e d on the training data; this example

is generalized to pro duce the next disjunctiv e h yp othesis H

i

. The set of examples

co v ered b y H

i

, CO V ( H

i

), is r emove d b efore another seed is selected, p oten tially

w eak ening the supp ort of other disjunctiv e h yp otheses. A similar e�ect o ccurs

in the mec hanism for building decision lists [12 , 21].

4 Detrimen tal E�ects and Global Data Analysis

One ma y argue against the signi�cance of the fragmen tation problem based

on the success of decision tree inducers on man y real-w orld applications. As

explained shortly (and demonstrated in Sect. 5), a detrimen tal e�ect is eviden t

only among domains with high v ariation r .

Decision tree inducers, as w ell as man y other inductiv e mec hanisms, adopt a

similarity-b ase d bias , whic h assumes an y pair of examples X

i

, X

j

lying close to

eac h other in the instance space (i.e., sharing man y similar feature-v alues) gen-

erally b elong to the same class, i.e., C ( X

i

) = C ( X

j

). This bias is adequate when

a concept is c haracterized b y few disjunctiv e sub concepts, eac h sub concept co v-

ering man y examples, b ecause pro ximit y in the instance space correlates to class

similarit y [19 ]; these domains w e denote as simple . By con trast, domains with in-

stance spaces p opulated b y man y disp ersed regions, eac h disjunctiv e sub concept

co v ering few examples, violate this assumption, and th us b ecome inadequate;

these domains w e denote as di�cult .
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Fig. 3. (a) A region r of an instance space (IS) where the supp ort for the prediction

of class + is unstable. (b) After partitioning r in to r

1

and r

2

, C

j

is fragmen ted. The

ma jorit y of negativ e examples in r

1

c hanges the prediction to class � .

The degree of di�cult y of a concept can b e kno wn through concept v ariation

r [20 , 13], whic h pro vides an estimate of the probabilit y that an y t w o neigh b or

examples di�er in class v alue, roughly measuring the amoun t of irregularit y in

the distribution of examples along the instance space. r is de�ned as follo ws. Let

X

1

; X

2

; � � � ; X

n

b e the n closest neigh b ors { at Hammi ng distance one { of an

example X in an n -dimensional b o olean space. The degree of class dissimilarity

of the neigh b orho o d around X can b e estimated simply as

� ( X ) =

n

X

j =1

di� ( C ( X ) ; C ( X

j

)) ; (1)

where di� ( C ( X ; X

i

)) = 1 if C ( X ) 6= C ( X

i

) and 0 otherwise. A normalization

factor � ( X ) =

� ( X )

n

giv es a v alue in [0 ; 1]. Concept v ariation is de�ned as the

a v erage of this factor when applied to ev ery example in the instance space:

r =

1

2

n

�

2

n

X

i =1

� ( X

i

) 2 [0 ; 1] : (2)

The e�ect of the fragmen tation problem relates to r (i.e. to concept v aria-

tion) in the follo wing w a y . The terminal no de or leaf of a tree branc h, corresp ond-

ing to a disjunctiv e h yp othesis H

i

, classi�es a region r of examples according

to a ma jorit y-class v ote on the training examples in r . Let � b e de�ned as the

di�erence b et w een the n um b er of training p ositiv e and negativ e examples in r ;

then for an y X 2 r ,

C ( X ) =

n

+ if � � 0

� otherwise

(3)

The fragmen tation problem is irrelev an t o v er domains with lo w r (i.e. o v er

simple domains), b ecause, in the presence of disjunctiv e sub concepts co v ering

man y examples of similar class v alue, eac h h yp othesis (i.e. tree branc h) delimits

a region of examples r for whic h � >> 0 (i.e. for whic h � is stable). But when

dissimilarit y in the vicinit y of an y example is high, as is c haracteristic in domains



Algorithm 1: Learning with Global Data Analysis

Input: Giv en unkno wn target concept C = C

1

+ C

2

+ � � � + C

l

,

T raining Set S , Metric M

Output: Final Hyp othesis H

f

GD A -Mechanism ( S )

(1) Let H

f

= ;

(2) foreac h i = 1 � � � l

(3) Generate h yp otheses appro ximating sub concept C

i

(4) Ev aluate eac h h yp othesis b y using all examples in S

(5) Select b est appro ximation H

i

acording to M

(6) Let H

f

= H

f

+ H

i

(7) end for

(8) Re�ne/Prune H

f

b y using all examples in S

(9) return H

f

Fig. 4. General learning mec hanism with global data analysis.

with high r (i.e., in di�cult domains), then separating the few examples co v ered

b y eac h disjunctiv e sub concept reduces the supp ort of its h yp othesis(es). If � � 0

(i.e. � is unstable), then remo ving examples from r ma y cause � shift sign, thereb y

causing the misclassi�cation of all X 2 r . In addition, observ e that if r > 0 : 5, a

similarit y- based bias b ecomes totally inadequate, ev en without the presence of

the fragmen tation problem, b ecause, on a v erage, more than 50% of the vicinit y

of an y example X w ould di�er in class v alue with X .

T o illustrate these ideas, Fig. 3a sho ws a region r of an instance space where

� � 0, suc h that for an y X 2 r , class + is predicted. If the set of training p ositiv e

examples in r b elong to a sub concept C

j

(and p ossibly other sub concepts as

w ell), then �nding an appro ximation to a sub concept C

i

b efore C

j

ma y lead to

a partitioning of r in to r

1

and r

2

, as sho wn in Fig. 3b. The p ositiv e training

example represen ting C

j

in r

1

ma y b e mistak enly p erceiv ed as a noise signal.

The instabilit y of � in r causes � < 0 in r

1

, forcing a c hange of classi�cation to

ev ery example X 2 r

1

; this is unlik ely to o ccur if r is lo w b ecause all examples

in a small region are exp ected to b elong to the same class.

W e claim an imp ortan t step to solv e the fragmen tation problem consists of

building/re�ning eac h partial h yp othesis indep enden tly , b y assessing its v alue

against all training examples together, in this w a y a v oiding misclassi�cation of

regions of examples for whic h little supp ort is found. Figure 4 depicts a general

learning mec hanism that incorp orates a glob al data analysis . The main idea is

to b etter estimate the v alue of eac h partial h yp othesis b y a v oiding the e�ects

of previously induced h yp otheses. Under this learning framew ork, an appro xi-

mation H

i

to a sub concept C

i

is built under the supp ort of all a v ailable data

(lines 4-5, Fig. 4). The �nal h yp othesis H

f

ma y also b e re�ned (e.g., pruned) in

this w a y (line 8, Fig. 4).

In con trast, the searc h for disjunctiv e h yp otheses in decision tree induction

is not global but lo cal: often a h yp othesis is supp orted b y only a fraction of



the examples of the sub concept b eing appro ximated. This holds irresp ectiv e of

the mo di�cations exerted on the learning mec hanism (e.g., splitting function,

pruning mec hanism, stopping criteria, etc.), b ecause suc h searc h is limited b y

the learning strategy . Henceforth, w e iden tify t w o ma jor op erations during the

dev elopmen t of learning systems: 1) the searc h for partial h yp otheses, and 2)

the re�nemen t of the �nal h yp othesis comprising all b est partial h yp otheses.

Both steps can b e attained through a global data analysis, but the inheren t

mec hanism of decision tree induction omits this op eration. In the next section

w e ev aluate the imp ortance of a global data analysis o v er the re�nemen t of the

�nal h yp othesis (step 2); b etter results are exp ected if the same metho dology is

carried on o v er the construction of all partial h yp otheses (step 1).

5 Exp erimen ts

5.1 The Learning Systems Used for T esting

W e use C4.5 trees [16 ] to represen t a decision tree inducer where eac h splitting

function tests on a single feature. The imp ortance of global data analysis is

underlined in mo di�ed v ersions of C4.5 rules [15 , 16], as explained in Sect. 5.3. F or

a decision tree inducer with m ultiple-feature tests, w e dev elop ed a new v ersion

of the LF C system [18 ]; the new v ersion is called D ALI [26 ] (Dynamic Adaptiv e

Lo ok ahead Induction). In b oth D ALI and LF C , a splitting function is de�ned

as the conjunction of sev eral b o olean features (see Fig. 2b), whic h allo ws for

more re�ned partitions o v er the instance space. Unlik e LF C , D ALI ob viates

user-de�ned parameters (e.g., lo ok ahead depth and b eam width), with a faster

resp onse time, and similar p erformance in terms of predictiv e accuracy . W e no w

brie
y compare D ALI and LF C , but the reader can safely skip to the next

subsection if unin terested in suc h di�erences.

Figure 5 outlines D ALI 's searc h mec hanism. A t eac h tree no de, b oth D ALI

and LF C conduct a b eam searc h o v er the space of all b o olean-feature conjuncts,

or monomials . In LF C , the searc h space is limited b y user-de�ned width and

depth; the searc h con tin ues un til the maxim um depth d is attained, at whic h

p oin t the b est monomi al { of an y size in [1 � d ] { is returned as the next splitting

function. By con trast, D ALI extends the searc h depth un til no more monomia ls

can b e generated, and selects the b eam width dynamically . D ALI mainly di�ers

from LF C on t w o steps:

1. A systematic searc h to a v oid redundan t com binations [22 , 27 ], Lines 3-4,

Fig. 5. Eac h monomi al F

i

conjoins sev eral b o olean features (or their comple-

men ts), e.g., F

i

= x

1

�x

3

x

5

. Because conjunction is comm utativ e, the searc h

space is de�ned b y a v oiding an y state F

j

that is iden tical to a state F

i

except

for the order in whic h features app ear, e.g., F

j

= �x

3

x

5

x

1

.

2. A global-pruning tec hnique [27 , 17], Line 5, Fig. 5. De�ne F

b est

as the b est

explored monomi al according to some impurit y measure H (e.g., en trop y),

suc h that, for all curren tly explored monom ial s F

i

, H ( F

b est

) < H ( F

i

). As

long as H is monotonic, a monomia l F

i

can b e eliminated if the b est v alue



Algorithm 2: Searc h Mec hanism in D ALI

Input: A list of literals (i.e., b o olean features and

their complemen ts) L

b o ol

 f x

1

; �x

1

; x

2

; �x

2

; � � � x

n

; �x

n

g

Output: Best monomial F

b est

D ALI -Sear ch ( L

b o ol

)

(1) L

b eam

 b est literals in L

b o ol

according to en trop y

(2) while ( true )

(3) L

new

 Systematically form the conjunction

(4) of ev ery F

i

2 L

b eam

with ev ery F

j

2 L

b o ol

(5) Apply global-prunin g in to L

new

(6) if L

new

= ;

(7) return b est monomial F

b est

(8) L

b eam

 b est com binations in L

new

according

to en trop y

(9) end while

Fig. 5. D ALI 's searc h mec hanism at ev ery tree no de. The b est constructed feature

(i.e., b est monomial), is used as the next splitting function.

F

i

can ev er attain along its searc h path { according to H { is w orse than

F

b est

.

The com bination of systematic searc h and global pruning mak es the searc h

space su�cien tly manageable so that a limitation on depth or breadth of searc h

is no longer necessary . The ease of use of D ALI fa v ors this system o v er LF C for

our exp erimen tal purp oses.

5.2 Metho dology

Since v ariation r can b e computed only when the target concept is kno wn,

our exp erimen ts mainly fo cus on arti�cial b o olean concepts (de�ned on b oth 9

and 12-features; see App endix A). The concepts include DNF form ulae, CNF

form ulae, Multiplexor (MUX), Ma jorit y (MAJ), and P arit y (P AR), co v ering a

range of v arying r .

Learning curv es

2

, not presen ted here for space considerations, sho w that

greater di�erences in accuracy o ccur when small samples are used for training.

Our results re
ect the largest e�ects found at 20% training-set size for 9-feature

concepts and 10% training-set size for 12-feature concepts. Eac h rep orted v alue

is the a v erage o v er 50 runs; predictiv e accuracy is computed as the p ercen tage of

correct classi�cations for all examples outside the training set. Exp erimen ts on

real-w orld domains estimate predictiv e accuracy b y using strati�ed 10-fold cross-

v alidation [7 ], a v eraged o v er �v e rep etitions. Since D ALI is limited to b o olean

domains, w e p erformed an initial discretization step on all n umeric (follo wing [3 ])

2

Graphs for all learning curv es are accessible up on request to the authors.



and nominal features (constructing a b o olean feature for eac h nominal v alue).

All systems w ere set to default parameters. Signi�can t di�erences are computed

using a t w o-sided t -test. Runs w ere p erformed on a SP AR Cstation 10/31.

5.3 The V alue of Global Data Analysis

T o measure the gains obtained when global data analysis is used to tac kle the

fragmen tation problem, w e �rst compared mo di�ed v ersions of C4.5 rules with

C4.5 trees as explained next. The mec hanism for C4.5 rules (see [16 ] for details)

can b e summarized in three steps:

1. Giv en a decision tree T , form a rule R from ev ery branc h in T that starts

at the ro ot no de and ends on a leaf no de; R is an implication: if cond

1

and cond

2

and � � � and cond

d � 1

! c, where cond

i

is the feature-v alue (i.e.

splitting-function v alue) encoun tered on ev ery no de along a branc h of length

d , and c the class assigned to the leaf no de.

2. Eliminate all irrelev an t conditions from ev ery rule R in step 1. Let R

0

equals

R except for condition cond

i

b eing remo v ed. Based on the information giv en

b y all training data, R and R

0

are b oth globally ev aluated { and only one

retained { according to a p essimistic estimation of their corresp onding error

rates.

3. Apply the minim um description principle, according to a particular bit-

enco ding sc heme, to remo v e rules from the rule set in step 2.

While eac h individual rule is originally obtained from a previously con-

structed decision tree, Step 2 re�nes the �nal set of rules through a global

data analysis: eac h rule is analyzed indep enden tly and mo di�ed according to

its credibilit y on all training data. This di�ers from step 3 where rules are as-

sessed in terms of description lengths. T o isolate eac h learning comp onen t, w e

de�ned three system v ersions: C4.5 rules- Std , comprising steps 1, 2, and 3 (i.e.,

Standard); C4.5 rules- GD A , comprising steps 1 and 2 (i.e., isolating the Global

Data Analysis comp onen t); and C4.5 rules- MDL , comprising steps 1 and 3 (i.e.

isolating the Minim um Description Length comp onen t). W e also compared the

e�ects of tree pruning as a form of re�nemen t op eration; it mainly di�ers from

a global data analysis in that eac h disjunctiv e h yp othesis { or tree branc h { is

not analyzed indep enden tly , but remains in tert wined to the tree structure.

T able 1 illustrates results for predictiv e accuracy on all arti�cial and real-

w orld domains. Eac h group of 9- and 12-feature concepts is ordered b y increas-

ing v ariation r . Columns for the di�eren t v ersions of C4.5 rules and C4.5 trees-

pruned sho w the increase/decrease of accuracy against C4.5 trees-unpruned. On

the set of arti�cial concepts, b oth C4.5 rules- Std and C4.5 rules- GD A increas-

ingly outp erform C4.5 trees-unpruned as r gro ws higher (the e�ect b eing more

eviden t for 12-feature than for 9-feature concepts), except when r > 50% (ex-

plained in Sect. 4) This trend is not observ ed on C4.5 rules- MDL . The use of

pruning exhibits a signi�can t gain only un til r is high. The same results are de-

picted in Figs. 6a and 6b for 9- and 12- feature concepts resp ectiv ely , where w e



T able 1. T ests on predictiv e accuracy for b oth arti�cial and real-w orld domains.

Columns for the di�eren t v ersions of C4.5 rules and C4.5 trees-pruned sho w the in-

crease/decrease of accuracy against C4.5 trees-unpruned. The column for D ALI rules is

relativ e to D ALI trees. Signi�can t di�erences (at the p = 0 : 05 lev el) are mark ed with

an asterisk.

Concept r C4.5 trees- C4.5 rules- D ALI -

(%) unpruned pruned Std GD A MDL trees rules

DNF9 a 14 99 : 2 � 0 : 7 +0 : 5 +0 : 3 +0 : 0 100 : 0 +0 : 0

CNF9 a 17 99 : 5 � 0 : 6 +0 : 5

�

+0 : 5

�

+0 : 0 100 : 0 +0 : 0

MAJ9 a 17 100 : 0 +0 : 0 +0 : 0 � 0 : 8 +0 : 0 100 : 0 +0 : 0

MAJ9 b 21 82 : 1 � 0 : 1 +2 : 1

�

+1 : 4

�

� 0 : 2 85 : 3 +0 : 0

CNF9 b 22 94 : 0 +2 : 3

�

+6 : 0

�

+3 : 8

�

+0 : 0 100 : 0 � 0 : 2

MUX9 22 86 : 8 0 : 9 +8 : 5

�

+7 : 0

�

� 0 : 8 99 : 0 � 0 : 2

DNF9 b 24 83 : 0 +0 : 6 +10 : 7

�

+5 : 0

�

� 0 : 7 99 : 4 +0 : 0

P AR9 a 33 62 : 5 +13 : 5

�

+27 : 7

�

+21 : 7

�

� 2 : 2 98 : 4 +1 : 3

�

P AR9 b 67 43 : 1 +1 : 9

�

+2 : 6

�

+0 : 6

�

+3 : 6

�

43 : 6 +0 : 1

MAJ12 a 13 100 : 0 +0 : 0 +0 : 0 +0 : 0 +0 : 0 100 : 0 +0 : 0

DNF12 a 15 99 : 7 +0 : 0 +0 : 3

�

+0 : 3

�

+0 : 0 99 : 9 +0 : 0

CNF12 a 15 99 : 6 � 0 : 1 +0 : 4

�

+0 : 2

�

+0 : 0 100 : 0 +0 : 0

MAJ12 b 18 84 : 5 � 0 : 1 +3 : 0

�

+2 : 7

�

� 0 : 6

�

87 : 9 +0 : 7

�

CNF12 b 19 89 : 8 +0 : 7 +9 : 8

�

+5 : 1

�

� 1 : 3 99 : 7 � 0 : 1

DNF12 b 20 89 : 5 +3 : 2

�

+9 : 6

�

+6 : 6

�

� 0 : 6 99 : 2 +0 : 0

MUX12 21 84 : 9 +0 : 1 +12 : 9

�

+8 : 7

�

� 2 : 9

�

99 : 4 � 0 : 2

P AR12 a 33 58 : 6 +11 : 9

�

+33 : 7

�

+24 : 0

�

� 3 : 8

�

92 : 9 +6 : 4

�

P AR12 b 67 46 : 5 +0 : 7

�

+1 : 6

�

+0 : 2

�

+2 : 5

�

46 : 0 +0 : 5

�

TicT acT o e 85 : 8 � 0 : 3

�

+13 : 3

�

+10 : 4

�

+0 : 5 � 98 : 4 � 0 : 4

Lympho[2] 80 : 2 +3 : 3

�

+3 : 0

�

+2 : 1

�

� 0 : 5

�

87 : 9 � 0 : 2

Lympho[3] 74 : 4 +3 : 1

�

+6 : 1

�

+5 : 4

�

+1 : 7

�

84 : 6 � 0 : 4

Promoters 81 : 9 � 0 : 6 +5 : 0

�

+3 : 5

�

� 0 : 9 83 : 4 +0 : 0

Cancer 95 : 1 � 0 : 6

�

+0 : 8

�

+0 : 5

�

� 0 : 3

�

95 : 7 +0 : 3

Hepatitis 82 : 3 � 1 : 2

�

� 0 : 4 � 0 : 6 � 0 : 5 80 : 2 � 0 : 6

ABS

A VR G 83 : 46 85 : 0 90 : 0 86 : 5 83 : 2 90 : 9 91 : 2

computed a regression line for eac h v ersion of C4.5 rules and C4.5 trees-pruned

against r . An o v erall comparison for C4.5 rules rev eals C4.5 rules- Std attains the

highest adv an tage, pro ving the b ene�t of com bining b oth C4.5 rules- GD A and

C4.5 rules- MDL , and that C4.5 rules- GD A is the comp onen t pro viding the most

signi�can t con tribution. F or real-w orld domains, the impro v emen t of C4.5 rules-

Std and C4.5 rules- GD A o v er C4.5 trees-unpruned is observ ed on the Tic-T ac-

T o e, Lymphograph y , and Promoters domains, where r ma y b e relativ ely high

due to in teraction among features b earing a lo w represen tation to the target

concept (e.g., b oard-con�gurations used to determine win or lo ose), but not so

eviden t on the Hepatitis domain, whic h ma y b e c haracterized b y comprising

highly represen tativ e features (i.e. denoting lo w r ).
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Fig. 6. Regression lines for the columns of C4.5 (all di�eren t v ersions) on T able 1 vs.

V ariation r on (a) 9- and (b) 12-attribute concepts. Num b ers enclosed in paren theses

sho w the mean of the residuals b et w een the linear mo del and the actual v alues (the

same applies to Fig. 5.3).

T o test the e�ect of using a global data analysis o v er a decision tree with

m ultiple-feature tests on ev ery no de, w e compared the di�erence in predictiv e

accuracy b et w een D ALI (Sect. 5.1) and a mo di�ed v ersion of C4.5 rules that

accepts as input a decision tree from D ALI . The new v ersion, named D ALI rules,

op erates as follo ws:

1. Giv en a tree, T

m

, with m ultiple feature tests on eac h no de, de�ne a new

training sample S

m

, suc h that ev ery feature x

m

i

in S

m

corresp onds to a tree

no de in T

m

(i.e., ev ery new feature is a com bination of the original-feature

set, used as a splitting function on T

m

).

2. Apply C4.5 rules- Std to the tree T

m

output b y D ALI , and to the corresp ond-

ing new training sample S

m

, whic h is no w describ ed in terms of feature set

( x

m

1

; x

m

2

� � � ; x

m

r

).

T able 1 sho ws the results of comparing D ALI rules with D ALI in terms of

predictiv e accuracy . The trend of accuracy increase as r gro ws is apparen tly

dela y ed un til r gets close to 50%. W e note the use of more re�ned partitions o v er

the instance space alleviates the e�ects of the fragmen tation problem but do es

not eliminate it (Sect. 4), as evidenced b y the results on parit y concepts P AR9a

and P AR12a (see [25 ]), where the adv an tage for D ALI rules is signi�can t. None of

the real-w orld domains ma y ac hiev e this high r , where no signi�can t di�erence

is observ ed b et w een these t w o systems. Figures 7a and 7b depict regression lines

for the di�erences on predictiv e accuracy b et w een D ALI rules and D ALI . An

increase of predictiv e accuracy is eviden t for D ALI rules on 12-feature concepts.

W e �nally compared absolute predictiv e accuracy a v eraged o v er all arti�cial

and real-w orld domains, as sho wn on the last ro w of T able 1. The p erformance
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Fig. 7. Regression lines for the column of D ALI -rules on T able 1 vs. V ariation r on

(a) 9- and (b) 12-attribute concepts.

of D ALI rules supp orts the claims of the imp ortance of com bining 1) feature-

construction tec hniques (see D ALI trees' p erformance), and 2) a global ev alu-

ation of eac h disjunctiv e h yp othesis (see C4.5 rules- Std ' and C4.5 rules- GD A '

p erformance), to solv e the fragmen tation problem.

6 Summary and Conclusions

The divide-and-conquer implemen tation of decision tree induction is resp onsi-

ble for a progressiv e loss of statistical supp ort at ev ery new partition, as the

n um b er of examples giving credibilit y to ev ery disjunctiv e h yp othesis progres-

siv ely diminishes. This fragmen tation problem has little e�ect on domains with

lo w v ariation r (i.e., on simple domains), b ecause ev ery disjunctiv e h yp othesis is

supp orted b y large regions of p ositiv e examples; but the same problem is sev erely

aggra v ated b y the instabilit y imp osed b y high v ariation o v er the instance space.

W e exp erimen ted with a new decision tree inducer, D ALI , to pro v e the b ene�t

of using re�ned partitions o v er the instance space in com bating the fragmen ta-

tion problem. W e iden ti�ed an additional imp ortan t step to solv e this problem

consisting of indep enden tly assessing the v alue of eac h disjunctiv e h yp othesis

against all training data. This \global data analysis", em b edded in C4.5 rules,

pro v ed e�ectiv e in impro ving the classi�cations made b y C4.5 trees (single-feature

tests), and D ALI (m ultiple-feature tests), with a p ositiv e correlation to r (i.e.

predictiv e accuracy increased as r grew higher), except when r > 50% b ecause

of the similarit y-based assumption. W e suggest com bining feature construction

with global data analysis as a robust solution against the fragmen tation problem.

One imp ortan t conclusion can b e dra wn from this study: that a b etter un-

derstanding of what causes a learning algorithm to succeed or fail can b e at-

tained if the algorithm is view ed as the com bination of m ultiple comp onen ts,

eac h comp onen t exerting a particular e�ect during learning. The dev elopmen t of



learning algorithms could b e guided b y the com bination of those { w ell under-

sto o d { learning comp onen ts kno wn to pro vide the correct generalizations under

the class of domains of study (e.g., all structured real-w orld domains, since no

univ ersal learner is attainable [24 ]).
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A. De�niti ons for Arti�cial Concepts
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