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A b s t r a c t 
T h e ease o f l ea rn ing concepts f r o m examples i n 
emp i r i ca l mach ine l ea rn ing depends on the a t ­
t r i bu tes used fo r descr ib ing t he t r a i n i n g d a t a . 
We show t h a t decis ion- t ree based fea ture con­
s t r u c t i o n can be used to i m p r o v e the per fo r ­
mance o f back -p ropaga t i on ( B P ) , a n a r t i f i c i a l 
neu ra l ne two rk a l g o r i t h m , b o t h i n te rms o f t h e 
convergence speed a n d t h e n u m b e r o f epochs 
t aken by the BP a l g o r i t h m to converge. We use 
d i s junc t i ve concepts to i l l us t ra te fea ture con ­
s t r u c t i o n , a n d descr ibe a measure of fea tu re 
q u a l i t y a n d concept d i f f i cu l ty . We show t h a t a 
r e d u c t i o n i n the d i f f i cu l t y o f t he concepts t o be 
learned by c o n s t r u c t i n g be t te r representat ions 
increases the pe r fo rmance o f BP cons iderab ly . 

1 I n t r o d u c t i o n 
Recent progress in artificial neural networks ( A N N s ) a n d 
the i r use in d ispara te doma ins have spur red the interests 
o f researchers i n s t u d y i n g var ious means o f i m p r o v i n g 
t h e m . A N N s have shown p r o m i s i n g resul ts for a n u m b e r 
o f p rob lem areas i n c l u d i n g conten t addressable m e m o r y , 
p a t t e r n recogn i t ion a n d assoc ia t ion, ca tegory f o r m a t i o n , 
speech p r o d u c t i o n , a n d g loba l o p t i m i z a t i o n [ K o h o n e n , 
1984; R u m e l h a r t et a/., 1986; A n d e r s o n , 1977; Se jnowsk i 
a n d Rosenberg, 1987; Hop f i e ld a n d T a n k , 1986]. T h e y 
have also been t r i ed w i t h f a i r l y good resul ts in f i nanc ia l 
[ D u t t a a n d Shekhar , 1988] a n d i n m a n u f a c t u r i n g app l i ca ­
t ions [Rangwa la a n d D o r n f e l d , 1989] a m o n g o ther areas. 

B a c k - p r o p a g a t i o n ( B P ) i s one o f the mos t w ide l y used 
neura l n e t w o r k a l g o r i t h m s due to i t s p o w e r f u l p r o b l e m 
so lv ing capab i l i t ies . T h e r e have been numerous studies 
by researchers w h o are in terested in the d y n a m i c s o f the 
B P a l g o r i t h m , a n d the n e t w o r k (mu l t i - l aye red percep-
t rons) on w h i c h back -p ropaga t i on i s based. A l t h o u g h 
BP has va r ied advantages, such as be ing able to repre­
sen t / l ea rn any f u n c t i o n [ H o r n i k e t a/., 1989] , an inheren t 
p r o b l e m w i t h the a l g o r i t h m i s t h a t i t i s very slow to con­
verge ( lea rn ) . Researchers in the area have successful ly 
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i m p l e m e n t e d mod i f i ca t i ons to enable fas te i convergence 
o f t he neu ra l ne tworks us ing d isparate means, r a n g i n g 
f r o m mod i f i ca t i ons t o the B P a l g o r i t h m i tse l f t o a p p r o -
p r i a te i m p l e m e n t a t i o n s o f t he a l g o r i t h m i n V L S I c o m ­
ponents . In th is paper , we present a nove l techn ique fo r 
i m p r o v i n g the l ea rn ing process in a feed- fo rward neu­
r a l n e t w o r k by pre-processing the i n p u t ( t r a i n i ng ) d a t a 
us ing an a u t o m a t e d me thodo logy . 

A d i f f i cu l t concept shows a h igh degree of dispersion 
i n the i n p u t representa t ion space due to the i n a b i l i t y 
o f t he low- leve l measurement a t t r i bu tes to describe the 
concepts concisely a n d accurate ly . G i ven any fea ture set 
for d a t a representa t ion , the concept dispersion measure 
A [Ragavan a n d Rende l l , 1991] est imates the d i f f i cu l t y 
o f l ea rn ing any concept us ing t h a t fea ture set, a n d thus 
the q u a l i t y of the fea ture set. We use feature construc­
tion [Pagal lo , 1989; M a t h e u s a n d Rende l l , 1989; D r a s t a l 
et a/., 1989] to develop new features f r o m the o r i g i na l set 
o f a t t r i b u t e s , to decrease the concept 's d ispers ion in the 
cons t ruc ted fea ture space. T h e cons t ruc ted fea tu re sets 
are t hen used as i n p u t to the BP a l g o r i t h m . New fea­
tures are cons t ruc ted us ing C I T R E [Ma theus , 1989] a n d 
used t o imp rove the pe r fo rmance o f the B P a l g o r i t h m 
considerably. 

2 Reduc ing Concept D ispers ion by 
Feature Cons t ruc t i on 

Di f f i cu l t concepts exh ib i t numerous "peaks " o r regions in 
instance space [Rende l l a n d Seshu, 1990] i f t he a t t r i b u t e s 
used fo r descr ib ing d a t a are i n a p p r o p r i a t e . These con­
cepts requi re changes in representa t ion , fo r example 
t h r o u g h fea tu re cons t ruc t i on . G o o d feature cons t ruc t i on 
can reduce the d i f f i cu l t y o f such concepts, by p r o v i d i n g 
a more compac t representa t ion for the t r a i n i n g d a t a . 

For d i f f i cu l t concepts, each subset o f t he t r a i n i n g d a t a 
f o r m e d by c o n d i t i o n i n g on a value o f any a t t r i b u t e w o u l d 
con ta in a large n u m b e r o f b o t h pos i t i ve a n d negat ive ex­
amples, a n d consequent ly show h igh unce r ta in t y a b o u t 
the concept class. E n t r o p y 1 measures th is u n c e r t a i n t y — 
to measure concept d i f f i cu l ty , we est imate the net con­
d i t i o n a l en t ropy i n the t r a i n i n g d a t a , us ing a l l t he a t -

1 Entropy of a boolean concept y is defined as H(y) = 
where p and n are the pr ior proba­

bi l i t ies of f inding a posit ive or negative instance of y. 
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tributes (assumed independent) on which the concept 
depends. 

We define dispersion of a concept y as 

over al l values j of Xi has a value between 0 and 1.0. 
In general, the more difficult the concept, the higher 

its dispersion. At the other extreme, if any single feature 
splits the positive and negative examples cleanly, such a 
feature alone is sufficient to determine the concept; no 
uncertainty would result when the instances are condi­
tioned on such a feature. captures the diff iculty of a 
concept for learning using any given feature set. It can 
therefore be used estimate feature set quality. 

We use feature construction, specifically using C I T R E 
[Matheus, 1989], to create new feature sets w i th lower 
values. Using as an indicator of feature quality, we 
show that decreases in the successive feature spaces 
constructed by C I T R E . More important ly, BP perfor­
mance increases as decreases. 

The F R I N G E [Pagallo, 1989] module of C I T R E con­
structs features iteratively f rom decision trees. It forms 
new features by conjoining two nodes at the fringe of 
the tree—the parent and grandparent nodes of positive 
leaves are conjoined to give a new feature. New fea­
tures are added to the set of original attr ibutes and a 
new decision tree is constructed using the max imum in­
formation gain criterion [Quinlan, 1986]. This feature 
selection phase thus chooses from both the newly con­
structed features as well as the original attr ibutes for re­
building the decision tree. The iterative process of tree-
building and feature construction continues unt i l no new 
features are found. Spl i t t ing continues to puri ty, i.e., no 
pruning [Breiman et a/., 1984] is used. The reader is re­
ferred to [Matheus, 1989] for a more detailed discussion 
on C ITRE. 

We use three different disjunctive boolean concepts to 
il lustrate our experiments. The three functions are: 

Three different data sets were generated for the functions 
y1, y2and y3, and used as input to the F R I N G E feature 
construction module in C I T R E . The newly constructed 
features and the trees that were generated for the first 
function (y1) are shown in F i g . l . 

The values of the feature sets selected by C I T R E 
during the different tree generations are evaluated. Re­
sults for all three disjunctive concepts are shown in Fig.2. 

Tree g e n e r a t i o n 1 : 
a t t 3 a t t 4 a t t 5 a t t 6 a t t 7 a t t 8 . 
New Fea tu res : 

1 1 a n d ( e q u a l ( a t t 3 , f a l s e ) , e q u a l ( a t t 5 , t r u e ) ) 
12 a n d ( e q u a l ( a t t 4 , t r u e ) , e q u a l ( a t t 8 , i a l s e ) ) 
13 a n d ( e q u a l ( a t t 8 , t r u e ) , e q u a l ( a t t 6 , l a l s e ) ) 

Tree g e n e r a t i o n 2 : 
11 12 13 a t t 7 . 
New Fea tu res : 

14 a n d ( e q u a l ( a t t 7 , t r u e ) , e q u a l ( 1 1 , t r u e ) ) 
15 a n d ( e q u a l ( 1 2 , t r u e ) , e q u a l ( a t t 7 , f a l s e ) ) 
16 a n d ( e q u a l ( 1 3 , t r u e ) , e q u a l ( 1 2 , f a l s e ) ) 

Tree g e n e r a t i o n 3 : 
14 15 13 a t t 7 . 
New Fea tu res : 

17 a n d ( e q u a l ( a t t 7 , f a l s e ) , e q u a l ( f 3 , t r u e ) ) 
18 a n d ( e q u a l ( 1 5 , t r u e ) , e q u a l ( 1 4 , 1 a l s e ) ) 

Tree g e n e r a t i o n 4 : 
14 15 17 . 
New Fea tu res : 

19 a n d ( e q u a l ( f 7 , t r u e ) , e q u a l ( f 5 , f a l s e ) ) 
Tree g e n e r a t i o n 5 : 

14 15 17 . 

Figure 1: Features constructed by C I T R E for y1. 
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As can be seen f r o m th is f igure, the values d r o p signif­
i can t l y as new feature sets are used. We use the features 
f r o m each tree as i n p u t to the BP a l g o r i t h m . As we show 
in the nex t sect ion, decreasing the concept 's d ispers ion 
in the condensed fea tu re sets in th is manne r speeds up 
the convergence o f the BP a l g o r i t h m great ly . 

3 Lea rn ing w i t h Back -Propaga t ion 
A n u m b e r o f prev ious studies [ D u t t a and Shekar, 1988; 
Fisher a n d M c K u s i c k , 1989; M o o n e y et a/., 1989; Weiss 
a n d Kapou leas , 1989] have compared BP w i t h o ther clas­
s i f i ca t ion me thods i n c l u d i n g s ta t i s t i ca l t ree i n d u c t i o n , 
w i t h resul ts f avo r i ng BP i n te rms o f c lassi f icat ion ac­
curacy. One o f the m a j o r d rawbacks o f BP i s t h a t i t i s 
very s low. Several researchers [ F a h l m a n , 1988; Becker 
a n d Le C u n , 1988] have worked on th is p r o b l e m t r y i n g 
to increase the convergence speed o f the BP a l g o r i t h m 
by d ispara te means. T h e r e are four p r i m a r y means o f 
increasing the convergence speed o f B P : (1) by app ro ­
p r i a te l y pre-processing the d a t a used as i n p u t to t he a l ­
g o r i t h m , (2) by i m p r o v i n g the BP a l g o r i t h m i tsel f , (3) by 
h a r d - w i r i n g the a l g o r i t h m us ing V L S I c i rcu i ts , a n d (4) 
b y u t i l i z i ng the inheren t para l le l i sm i n the B P a l g o r i t h m 
t h r o u g h i m p l e m e n t a t i o n s i n para l le l machines. 

Several researchers [Becker and Le C u n , 1988; 
F a h l m a n , 1988; Parker , 1987; W a l t r o u s , 1987] have suc­
cessful ly m o d i f i e d the BP a l g o r i t h m using second-order 
g rad ien t search m e t h o d s resu l t ing in i m p r o v e d per for ­
mance . K u n g , V l o n t o s , a n d H w a n g [1990] describe a 
V L S I a rch i tec tu re for i m p l e m e n t i n g BP us ing a p ro ­
g r a m m a b l e systol ic a r ray . H i n t o n [1985] and D e p r i t 
[1989] describe the use of para l le l processing c o m p u t ­
ers to i m p l e m e n t the BP a l g o r i t h m w i t h each u n i t i n the 
ne two rk assigned to a processor. 

I n th is s tudy , no a t t e m p t i s made to imp rove the BP 
a l g o r i t h m i tse l f as in p rev ious studies. Ins tead , the d a t a 
used as i n p u t to the BP a l g o r i t h m is pre-processed (see 
[ P i r a m u t h u , 1990]) . M o r e specif ical ly the o f the con­
cept is reduced in the a t t r i b u t e s used as i n p u t to B P , to 
enable i t to learn mo re effect ively. As discussed in sec­
t i o n 2, fea ture cons t ruc t i on can be used to reduce the , 
o f concepts. Us ing fea tu re cons t ruc t i on , a subset o f the 
i n i t i a l a n d new ly cons t ruc ted a t t r i b u t e s t h a t are deemed 
to be be t te r fo r representa t ion are used as i n p u t to the 
BP a l g o r i t h m . T h e new representat ion has fewer con­
cept regions per class. T h i s makes the search space less 
comp lex , w h i c h in t u r n increases the convergence speed 
of BP. 

4 Us ing G o o d Feature Sets for BP 

T h e c r i t e r ion we use to categorize a new ly generated fea­
tu re set as " g o o d " is t h a t i t shou ld have sma l l values, 
re la t ive to the i n i t i a l fea tu re set. Feature spaces w i t h 
reduced values have fewer concept regions, and are 
thus re la t ive ly easier f o r l ea rn ing , i.e., for separa t ing the 
examples be long ing to d i f ferent classes. T h e d is junc t i ve 
concepts of Sect ion 2 are used to s t u d y the effect of de­
crease in on the convergence speed of B P . 

As the i n i t i a l weights in the ne two rk were set r a n ­
d o m l y , we ran the BP a l g o r i t h m 5 t imes for each set of 

Tab le 1 : Resul ts us ing BP fo r a l l three concepts. 
S t a n d a r d dev ia t ions are shown in parenthes is . 

features co r respond ing to the var ious trees cons t ruc ted 
by C I T R E . T h e average o f 5 BP runs a n d the i r s t a n d a r d 
dev ia t ions are g iven i n Tab le 1 . T h e n u m b e r o f u n i t s i n 
the n e t w o r k 2 i s also shown in the tab le . T h e n u m b e r o f 
h i dden un i t s i s r ough l y h a l f the t o t a l numbe r o f i n p u t 
a n d o u t p u t un i t s fo r a l l t he ne tworks . T h e o u t p u t layer 
a lways has 1 u n i t w h i c h classifies an examp le as e i ther 
pos i t i ve or negat ive. 

I n Tab le 1 , the decis ion trees cons t ruc ted by C I T R E 
are i nd i ca ted by t m n , for the tree cons t ruc ted af ter the 

i t e r a t i o n for the f u n c t i o n y m . T h e iden t i ca l 
entr ies in Tab le 1 for the rows cor respond ing to the last 
t w o trees of each f u n c t i o n (e.g. , t 2 5 a n d t 2 6 ) are due to 
the ident ica l f i na l trees t h a t C I T R E produces on conver­
gence. 

T h e decision a t t r i b u t e s used in the f ina l trees 
( t 1 5 , t 2 6 , t 3 6 ) are fewer t h a n those in the i n i t i a l set (9 ) . 
T h i s reduces the n u m b e r o f i n p u t un i t s , i n t u r n reduc ing 
the h idden un i t s t h a t are necessary. T h u s the t o t a l n u m ­
ber o f un i t s used in the ne two rk is reduced. Excep t for 
a few cases, t he s t a n d a r d dev ia t ions for each of the re­
su l t i ng values are l ow compa red to the i r respect ive mean 
values. I t can also be seen t h a t the s t a n d a r d dev ia t i on 
values do n o t have any specific p a t t e r n w i t h respect to 
the number o f un i t s used i n the neura l n e t w o r k . 

We now take a closer look at the f i rs t t w o pe r fo rmance 
c r i te r ia l i s ted i n Tab le 1 . T h e n u m b e r o f epochs a n d 
t i m e taken to converge by BP for the three concepts as 
a f u n c t i o n of cons t ruc ted fea ture sets ( t ree generat ions) 
are shown in g raph i ca l l y in F igs . 3 a n d 4 respect ive ly . 

As F ig .3 shows, the epochs requ i red fo r convergence 
shows a s l igh t i n i t i a l increase in some cases, b u t t h e n 
reduces cons iderab ly as bet ter representat ions are con-

and c are the number of i npu t , h idden, 
and output uni ts respectively. 
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Feature Set # 

F igu re 3 : BP Epochs in t he new Feature Spaces. F igu re 4 : B P Convergence T i m e i m p r o v e m e n t . 

s t r u c t e d . T h e n u m b e r o f epochs taken by the f i na l set 
of features ( t 1 5 , t2 6 , t3 0) to converge decreases to a b o u t 
h a l f t he value cor respond ing to the o r i g i na l a t t r i bu tes 
( t 1 1 , t 2 1 , t 3 1 ) , fo r a l l th ree examples. 

I n F i g . 4 , t he t i m e taken fo r B P t o converge, fo r a l l 
th ree examples , d rops p rec ip i tous ly as the tree genera­
t i o n proceeds, before f i na l l y leve l l ing off. T h e t i m e taken 
for t he BP a l g o r i t h m to converge us ing the f i na l set o f 
a t t r i b u t e s is less t h a n an order o f m a g n i t u d e compared 
t o us ing t he i n i t i a l a t t r i b u t e s . 

T h i s t r e n d o f i m p r o v e d pe r fo rmance w i t h decreasing 
concept d i f f i cu l t y is also clear f r o m the reduc ing number 
of connec t ion upda tes (CUs = # epochs x t o t a l number 
o f un i t s i n the n e t w o r k ) i n Tab le 1 . T h e reduc t ion i n 
convergence t i m e is subs tan t i a l due to s igni f icant d r o p 
in the n u m b e r o f connec t ion upda tes , as newer feature 
sets are genera ted . Because of ser ial processing, the t i m e 
taken per epoch depends to a large ex ten t on the t o t a l 
n u m b e r o f u n i t s t h a t are used i n the n e t w o r k . T h i s w o u l d 
n o t be the case i f pa ra l le l processors (e .g . , Connec t i on 
Mach ine ) are used fo r the un i t s . 

N e u r a l ne tworks requ i re fewer epochs to learn a con­
cept i f i t s d ispers ion is decreased by us ing good features. 
By c o n s t r u c t i n g new features, we reduce n o t on ly the 
n u m b e r o f effective a t t r i b u t e s t h a t are needed to def ine 
the concepts , b u t also increase the average i n f o r m a t i o n 
con ten t a t each o f the cons t ruc ted i n p u t un i t s . T h i s i s 
achieved by cons ider ing the interaction effects of the at-
t r i b u t e s i n d i s junc t i ve concept t e rms i n a d d i t i o n t o the 
main effects o f the i n d i v i d u a l d i s junc t i ve te rms , t h r o u g h 
fea tu re c o n s t r u c t i o n . 

5 Discussion 

T h e Back P r o p a g a t i o n a l g o r i t h m is be ing successfully 
used in commerc ia l app l i ca t ions , such as cred i t r isk r a t ­
i n g o f companies . The re have also been developments 

in the area o f c rea t ing exper t systems us ing neura l net ­
works . In a commerc ia l c red i t r isk r a t i n g s i t ua t i on , for 
examp le , t he lea rn ing speed o f the BP a l g o r i t h m is c r i t -
i ca l fo r the f i rm to be able to make quicker decisions 
fo r i t to r e m a i n compe t i t i ve . We have shown a means 
o f g e t t i n g closer to the goal o f ach iev ing faster learn ing 
us ing a feed- fo rward neura l ne two rk by a u t o m a t i n g the 
i n p u t fea tu re selection process. Feature cons t ruc t i on can 
be used to a u t o m a t i c a l l y generate be t t e r fea tu re sets, 
as measured by the i r values, w h i c h are used as i n ­
p u t t o the B P a l g o r i t h m . T h e proposed me thodo logy 
also e l im inates the least i m p o r t a n t a t t r i b u t e s f r o m the 
t r a i n i n g d a t a , thus f ac i l i t a t i ng eff icient use o f c o m p u t i n g 
resources by d i rec t i ng a t t e n t i o n to on ly those a t t r i bu tes 
i m p o r t a n t for a g iven c lassi f icat ion p r o b l e m . 

Advan tanges o f neu ra l ne tworks such as good per for ­
mance i n h i g h fea ture i n te rac t i on doma ins [ I n d h u r k y a 
a n d Weiss, 1990] are comb ined w i t h advantages o f 
decis ion-t ree based i n d u c t i o n by th is m e t h o d . Incor­
p o r a t i n g a f r o n t - e n d l i ke C I T R E t o t he B P a l g o r i t h m 
also prov ides a faci le techn ique fo r i n t r o d u c i n g d o m a i n 
knowledge in neu ra l nets. Know ledge gets compi led i n t o 
the cons t ruc ted features. 

I t shou ld also be no ted t h a t the c lassi f icat ion ac­
curacy was a f u l l 100 percent fo r fea tu re sets corre­
spond ing to each of the trees (t1 1 , t 1 2 , t1 3 , t1 4 , t1 5 , 
t21, t22, t23, t24, t26, t31, t32, t33, t34, t35, t36), in 
spi te o f t he reduc t i on i n the n u m b e r o f a t t r i b u t e s used 
as i n p u t a f ter fea ture cons t r uc t i on . By us ing a set of 
a t t r i b u t e s w i t h reduced a long w i t h o ther means o f 
increas ing the convergence speed such as second-order 
g rad ien t me thods , the convergence speed o f the BP algo­
r i t h m can b e s ign i f icant ly i m p r o v e d . Per fo rmance w i t h 
noisy d a t a remains to be inves t iga ted . 
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