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FINDING RULES
IN DATA

BY BEVERLY 1}fOMPSON AND WILLlAM 'IHOMPSON

An algaritnn1 far extracting knowledge from data

MUCH OF THE FOCUS of computing
in the past has been on collecting.
manipulating. and disseminating data.
Many people arenow saying that the
primary focus of computing in ¡he
future will be on the collection. ma-
nipulation. and dissemination of
knowledge and that our view of it will
be profoundly changed in the pro-
cess. Much artificial intelligence
research to date has been concerned
with representing knowledge in a way
that can be eHicíently collected.
stored. and utiJized by a computer.

In this artide we describe one
method 01 obtaininii knowledge
directly from a set of data. This knowl-
edge wifl be represented in a series
of if-then statements called rules. The
method used. the ID3J!1gorithm. was
developed by 1. Ross Quinlan {refer-
ence 1)and is the method most com-
monly used in the commercial expert
systems thal employ induction
methods to generate ruJes.

ClASSIFICATlON TREES
One struclure that has been ex ten.
sively used to represent knowledge is
the classificalion tree {also called the
"decision tree'"). A simple example is
the best way lo show how a classjtica.

tion tree works. Suppose that you
want to invest money in a company
in the computer industry and are
seeking advice from a friend who Is
a financial expert in that industry
When you call him on the phone.
something like the following conver.
sation may take place:

.

Expert: 15the company a hardware or
software company?
You: Software.
Expert: Would you say that the com-
pany's main product is new.in midlife.
ór old technology?
You: Midlife
Expert: Does this product have any
significant new competition?
You:No. .

Expert: From what you've told me. it
seems that the company's profits
should continue to go up.

Figure J shows how this same ex-
change could be represented as a
classification tree. This partíal tree
completes only the branch of the tree
that represents the answers you sup-
plied during your conversation. A
complete tree would fill in all of the
questions and answers that could
possibly take place during a consulta.
tion session.

Although trees show the relation-
ships that exist among the various
components they can be very difficült
to manipulate One structure that can

. represent similar information but is
easier to use is called a rule The rule
that can be made from the tree in
figure J is this:

If type is software
and age is midlife
and competition Is no
then profit is up.

One rule is made to represent cach
completed branch of the tree. with the
subject of each question being repre-
sented by a keyword called an at-
tribute The question associated with
the attribute can be stored along with
the rule in the form of a prompt. An
example of a prompt would be

prompt t)'pe
Is the company a hardware or soft-
ware company?

The entire collection of rules and
IWl1t',,~rd,
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FINDING RULES

prompts Is called a knowledge base.
Each rule Is a single fact that can be

easlly veritled or modi/ied. In addi.
tlon. work done on expert system
shells provides us with many excellent
methods lor using a set of rules to
conduct a consultation. For a detailed
descrlption 01 one of these methods
(called a backward-chaining In/erence
englne), see our article "Inside an
Expert System" In the April 1985
BYTE.

THE KNOWLEDGEACaUISITION
BOTTLENECK
11the problem 01 selecting a wlnning
company were as easy as our exam.
pie makes It appear. there would be
no problem stating all 01 the knowl-
edge about the subject in a simple set
01 rules and we could make a lortune
in the stock market. Unlortunately. the
complexity of rea!-world problems
o/ten makes it difficult to design a
detailed set 01 rules. In some problem
areas the amount 01 in/ormation
needed lor a soJution is prohibitively
large. In others. the knowledge is not
well enough defined to put into rules.
Even in cases where the problem is

.
manageable. the number of experts
with the inclination and the time to
work on these systems Is sma!1. This
situation is olten refened to as the
knowledge acquisition bottleneck:

In order to solve the problem of ac.
quiring expertise, we should ask
ourselves how the experts became
experts in the lirst place. Why, lor ex-
ample, did our financial analyst ask
those speci/ic questions? People lea m
through their experiences. The finan-
cial analysl. lor instance. constantly
absorbs data about different com-
panies, their products. and their finan-
cial situations. His mind has the abili-
ty to observe pattérns in data and

organize It. This process allows a per-
son to extract meaning and thus
knowledge Irom data. As we sald, the
computer has revolutionized the col-
lection and storage of data, but have
we really been able to make the most
use 01 that data? Shouldn't It be possi.
ble to find some way to organize rlrlta.
to recognize patterns. and extract
Kñ5WTéage directly Irom It? The ID3
atgDrllhm aftempts to do just that. No
one cJaims that It work.s In any way like
our own brains. but It does provide
a way to produce a classitication tree
directly Irom a set 01 examples within
a problem area. Once we can make
a cJassification tree. it Is a direct step
to rules that can be manipulated by
an expert system shell.

lb iIIustrate how the algorithm
works, lers return to the probJem of
predicting whether a given company"s
profits will increase or decrease This
time. lers suppose that when you ask
your friend for advice he tells you that
he makes it a policy not to give finan.
cial advice to Iriends. Instead, he sug-
gests some magazines that you (ould
read to lamiliarize yourself with the
ups and downs 01 the industry You
take his advice but find irs very djf.
ficult to make use 01 all the reading
material So you make a table that IiStS
some of the companies. some lacts
about them, and whether their profits
have increased or decreased in the
last <luarter. A sample 01 this table is
shown in rabie l. The labels on the
columns "prolit." "age," "competi.
tion," and "type" are the attributes lor
which the values are stored in the
tabJe Each row in the data table is
caUed an example rhe first aÚribute.
"protil." is called the class attribute.
Your goal is to determine a relation-
ship between the class attribute,and
the values 01 the other attributes. The

first example says that "profits were
down in a company whose produ(t
was old. had no signlficant competi.
tlon, and which produces software"
You can see that the tabJe alone does
not give you much Inslght Into predict-
Ing when a company's profits are like-
Iy to Increase What is needed 15a way
to use the examples in the tabJe to
produce a classlfication tree.

BUILDING THE CLASSIFJCATION
TREE
1b build a classlfication tree, you
select one 01 the attributes to be the
startlng polnt or reot node of the tree.
9nce Y0l! sf'lpct thi~ Attribl!te Y0l!
sPJTtUp (partition) the example set in-
tb a number 01 smaller tables, each
comalnln-gexampleswiiFlthe same
t'alue 01 the selected attri~ II you
se!ect "age" as the root of the tree.
the table will be split into the sets
shown in ligure 2. You can see in
figure 2 that when "age" has the value
"old." the value 01 the class. "prolit."
is always "down." When tlle value 01
"age" is "new," the class vaJue is
'always "up." In these two new exam.
pie sets, no further classification is
necessary. However, in the example
containing "age - midlile," you must .

select a new attribute and split the set
again. Figure 3 shows the results 01 a
split on the attribute "competition."
Since each partition now contains
only a single value for the class at-
tribute. the tree-building process is
complete

You can produce a ~et 01 ir thE!+1
rules Irom this tree by follcwing each
branch from the root to a terminal

'~Each rule is a series 01 condi.
(tOf\sconsisting 01 attribute and value
pairs, lollowed by a single conclusion
that contains the class and the cor-
responding class value. The inter-

-{
hardware

old ves
What is lype Any
01 company ? '. What IS -E midllle ~competi\lOn? -C _

+soltware the age 01 no
produC1 ? newr

.
prollt

~ should
go up

Figure 1: Clasii/icaliol1 Iree showil19 Ihe results 010111' COl1sullafiol1 .sessiol1.
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Thble 1: Table o/ example seto

Profit Age Competltlon Type

Down Old No o Software

Down Midlife Yes Software
Up Midlife No Hardware
Down Old No Hardware
Up New No Hardware
Up New No Software
Up Midlife No Software
Up New Ves Software
Down Midlife Yes Hardware
Down Old Yes Software

~d_old no software., , .

d down old hardware
",,'

,down

no

old yes software

-fU'
new no hardware

new up new no software

, up new yes software

FINDING RULES

1{

"ediate nodes and their branches
rm the conditions of the rules: the

terminalnodes form the rules' conclu-
óns.For example. following the first

nch on the right results in the rule
~
age is old
en profit Is down,

'One rule is produced for each ter-.
Inal node of the tree. The rules that
n be formed from this tree are
own In figure 4.
Figure 3 iIIustrates an interesting
de effect of the tree-building pro-

. Even though the original exam-
set contained three attributes. you

d not need the attribute "type" to
assifythe examples in the seto This
'a valuable result because it can
uce the amount of data that needs
be collected. Brieman et al. (refer-o
e 2) used a classification-tree-

fldlng technique called CART to
ifythe mortality risk of heart at-

k victims. This process allowed
m to reduce the number of attri-

I~n the data set from 19 to 3.

8ge

.-
Hv 1"18 TREE?

tree in figure 3 is certainly not the
Iy possible tree that could have
n generated from this set of ex-

pies.Rather than selecting "age" as
firstattribute on which to split the

pie set. you could have selected
(co"li"uedl

Figure 2: Example set Irom table 1 spliton attribute "age."

midlife

3: Example set 01 figure 2 alter second split-this time on "competition."

.



FINDING RULES 1

one of the other attribute5 Thl5 would
have resulted In a different tree and
s diHerent set 01 rules. Since some at.
tributes tell us more about how to
classlfy sn object than others (In our
example. "type" was not even needed).
It Is Important to sp1it the example set
u5ing attrlbutes that lead to eHicient
classilication trees. Put another way.
how do you measure the amount of
Information about classlfication con.
tained in a single attribute?

ENTROPV
If we turn to communicatión theory.
we find that there Is a precise mea.
sure of information calíed ~
Applying thls conce-Pt to theCíaSSiri.
cation problem. we find that If an ob-
leet can be classified into one of
several diHerent groups. the entropy
15a measure 01 the uncertainty of the
classification of tha! object. As the en.
tropy ¡ncreases. the amount of infor.
matlon that we gain by knowledge_of
tFie fmal classitication Increas~s.
Mathematically. it an object can be
classitied into N different classes. c..
. .

"
CH.and the probability 01 an ob-

ject being in class i is PIe,). then the
entropy of classifieation. H(C). Is

,.,

H(C) - - E p(e,llog1 p(c,)
,..

It you are a bit rusty on logarithms.
recall that log,(x) - 1/means the same
as 2' - !I or. more plainly, the log to
the base 2 of any number is the
number of bits that it would take to
represent that many different objects.
Consequently. 10~(l6) - 4 tells you
that it takes 4 bits to uniquely repre-
sent 16 diflerent objects. (AJI loga.
rithms mentioned in this article are
assumed to be taken to base 2.)

Let's apply the entropy formula to
the example set in table 2. In this set
there are two possible values for the
class attributes. "up" and "down." The
probability (actuaJly the Irequency of
occurrence) of the class having the
vaJue of "up" is 5 out of a total sam.
pIe set of 10.or 5/10. The probability
of "down" is also 5/10. The entropy
of classification for the total set is

H(C) - -p{up) log p(up) -
p(down) log p(down)- - 5/10 log (5/10) -

1$2 8 Y TE' NO\'EMBER 19&6

"
aoe la cid

!hen profil It down.

Hloe la new
!hen profill8 up.

"
a~ l. midllle

and compelltion 1, no
!hen profrt It up.

If 809 1, midlile
and oompetition 18)'98
!hen profil ie down.

the same value 01 the partltloning at.
tribute 'Jable 2 shows a partition 01
the example set after splitting on the
attribute "competilion." The entropy
of each subtable. H(ClaA. Is ealcuJated
lor each value of the attribute. a,
HICla,1 15 given by the expresslon

H

H(Cla,) ;. - E p(e/la,) 10gp(e,laJ),.,

Figure 4: Ru/es produud from Ihe
dassifiUllion Iree offigure 3.

The function p(e,laA 15the probability
that the class value 15c, when the at-
lribute has 115ith value.

We can now calculate the entropy
of each subtabJe:

Thble 2: Parl oflhe example $(1
split on "wmpetition."

H(Clcompelition- no)
- -p(uplcompetition-no)
x log p(uplcompetition-no)
- p(downlcompetition-no)
x log p(downlcompelition-no)
- -4/610g (4/6) - 2/610g (2/6)- 0.918

H(Clcompetition-yes)
- -p(uplcompelition-yes)
x log p(Uplcompelition-yes)
- p(down\competition-yes)
x log Pldownlcompetilion-yes)
- -1/4 log (1/4) - 3/4 log (3/4)- 0.811

Competitlon Proflt

No Down
No Up
No Down
No Up
No Up
No Up

Ves Down
~s Up
Ves Down
res Down

Theexpression Pluplcompetilion-no)
is the probability that the class vaJue
is "up" when the value of the altribute
"competition" is "no." It is lust the
number of times cJass"up" appears
in a row with "competition" equals
"no" divided by the total number 01
cases in which "competition" equals
"no."

In order to lind the enlropy of the
entire lable alter the splil. HIClcom-
petition). 'jJemust lake lhe sum 01the

CALCULATlNGTHE ENTROPYOF enlropy of eachof lheyalues of the
CLASSIFICATIONOF AN ATTRIBUTE attnbute multlplied by the probabili-
What we really want to know to help t t at Rpear In t. e
us decide the altribute on which to ta le. Stating al! of lhis concisely. the
split Is the ~py of classification enÚopy of classification after choos-
atter deciding on a particular atlri- ¡nga particular attribute. HICIA), is the
bute. This entropy ,represents tbe weighled average 01 lhe entropy for
amount of uncertainty about a par- each value aJ 01 the attribule.
tieular outcome. so we'lI want to split Mathematically lhis is expressed as
on the altribute that results In the N

smallest entropy of classirication. H(CIA) - E p(aJ) H(A laJ)
The first step in calculatingthe en- 1"1

tropy of classilication after deciding Mis the total number of valuesfor the
on a partilioning altribute. symboli1.ed attribute A.
by H(CIA). is to split the table into In this example this gives
subtables where each example has

5/10 log (5/10)
1.00

Although this number represents the
ul)certalnty about prolits going up 01
down based on the data in table 1. it
does not tell us anything about the
amount of information contained in
the individual attributes.

.



..( age ( oId cJassily ( I ( down oId no so!tware )

(down oId no hardware )
( down cid yes sol1ware ) ) ) )

( new cJasslfy ( ( ( up oew no hardware )
( up oew no sol1~are )
( up new ves software ))) )

( midltfe cJassily ( ( ( down midhle ~software )
( up midhfe no hardware )
( up midltte no software )
( down midhte ves hardware ) ) ) ) )

FINDING RULES s

HIC!competitíon)
- 6/10 x 0.918 + 4/10 X 0.811
- 0.8752

( ( down oId no IOI\war. )
( down midltl. yes IOI\war. )
(Up midl". no h.rdwar.)
( down oId no h.rd\N8r.)
(up 0fNi no h.rdwar.)
(up 0fNi no 8OI1ware )
(Up midl,Ie no 10l1war. )
(up 0fNi )'eS 10l1ware )
( down mldltte )'eS herdwar. )
( down oId )'eS lOI1war. »)

Ir we perform these same calcula-
tions for the other attributes Inour ex-
ample. we rind that HIClage) - 0.4
and H(C!type) - 1.0. Since H(Clage)
¡íves us the smallest entropy and thus
the least uncertainty. "age" Is the best
attrlbute to select for the Initlal spllt.

IMPLEMENTING THE AlGORITHM
lb implement this algorlthm we need
to make some decisions about how
to represent the example tables In the
programo We will store the table of ex.
amples as a list. Each element of the
list is another list that contains one ex.
ample. Figure 5 shows the list contain-
I.ngthe example set from table l. Each
list 15encJosed in parentheses. Even

Figure 5: Usts used lo repreStnl 'he
exampleStI.

( (profil down up)
(age oId midhle new)
(oompetition no )'8S)
(type 80IIware hardware))

Figure 6: Usl used lo slore allribults

and Iheir values.

Figure 7: The lisl equivalenl lo the Iree ¡ti figure 2. This lisl is relurned a~er Ihe /irst
eal/ lo the classify rouline.

(aga ( oId ( profrt ( down ) ) )
(new (profit (up »))
(midhle (oompelitíOn (no cJassily( ( ( up midlife no hardware)

I up m,dltfe no sol1ware ).)

( ves cJassily ( ( ( down m,dltle yes software )
( down midhle ves hardware) ) )

Figure 8: Tf1elis! equivalenl lo the Iree in figure 3.

,
( age ( cid

. ( new
( midlile

( profit ( down ) ) )
( profit (up »)
(oompelition (no (prolr\ (up »)

( ves ( profit ( down ) ) ) ) )

Figure 9: Tf1e finallisl relurned by the classify rouline,
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though considerable overhead Is as-
scx:laledwllh the use of list structure!.
In a programolistsprovide a ¡reat deal
of flexlbllltyand allowus to use a
single representation for both the ex.
amples and the final classlfication
tree

We wlll also use a list to keep !rack
of the attributes and their values, This
Is another IIst of IIsts. The first sublist
conslsts of the class name and as.
sociated class values The other sub-
"lists contain the attribute names and
each attribute's values. Figure 6 shows
the attribute list for the example set.

The actual tree-building procedure
Is performed by a function called
classify. 1fyou pass an example list to
this function. it returns the classifica-
tion tree for that example set This
tree is al so represented by a list The
first element In the list is an attribute
or class name. and it is followed by
a series of lists Each list contains a
class value ir the first Item was the
class name: otherwise. each list con-
tains a value for the attribute followed
by the tree produced by c1assilying
the partition of the example set that
has that value. In other words. classify
Is a recursive procedure that either
returns the class name and the class
value 01 the example set or calls itseU
to classify the new partitioned exam-
pie se!. The clearest way to explain
classily is to demonstrate how it
would process our example set.

Figure 7 shows a list that is equiva-
lent to the tree returned by classify.
By calculating HICIA) for each at-
tribute. classify has chosen "age" as
the attribute on which to split It
returns the attribute name followed
by three lists Each list contains a
value of the attribute followed by the
classification 01 the appropriate sub-
set of examples. The calls to classify
in the first two Jists (the values "old"
and "new") will result in no further
recursion because each of the lists

.contains only a singleclass In both
cases, classify will retum the class
name, "profil." and the appropriate
class value, The third list requires a
new partitioning of the example set.
Figure 8 shows the results when clas-
sify splits the new example set on
"competition." The final tree returned

(CC"'i"utd)

.
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6

by classily 15shown In figure 9. Jfyou
examine the "lis! ollists" In ligure 8,
you can see tha! its structure is similar
to the classification tree shown in
figure 3,

The classily function produces the
tree in a depth.first manner. In our ex.
ample that means classify would con.
tinue to the end of the branch for
"age" Is "old" before looking at the
other values for "age,"

HANDLING CONFLlCTS IN THE
DATA
Conflicts among the examples can
lead to the generation of erroneous
rules, A contlict occurs when two ex.
amples contain identical values for all
attrlbutes bu! have different class
values, A conOict usually signifies that
the attributes chosen are inadequate
for the dassification task, You can
remove this problem by introducing
additional attributes, Deeiding which
new attributes to indude is a task for
an expert in the problem domain

being considered, but Identilylng con.
flicts Is relatively easy. Since each ex.
ample is stored as a lisl. you can
recognize él conflict by comparlng the
list representlng an example agalnst
eaeh of the other lists, 6.-<:onflict oc.
curs when the taUs Itheentire lis! ex.
cept for the first Iteml of two lis.ts
rffatch, but the first I!ems on the lis!
'áre differ~~t.

"DON'T CARE" VAWES
When creating examples. we find it
useful to speeify that a particular ato
tribute does not playa role Inthe das.
sifieation, We use a special symbol.
called a "don't care" value,to indicate
this faet. For instanee. jdown old no
') indicates that Ifthe value of the ato
tributes "age" and "competition" are
''old' and "no," respeetively,the class
value Is "down" no matter what the
value of "type," An asterisk repre-
sents a "don't care" value, Examples
containing "don't care" values are ex-
panded ¡nto a new set of examples,

each containing one 01 the possible
values lor the "don't care" attributc
The example above would be ex.
panded to (down oldno hardware)
and (down old no software)

ATTRIBUTES WITH NUMERIC
VAWES
AIIor the attributes in the example set
had values chosen from a limiled
group or possibilities, Suppose that
instead of assigning the values "old,"
"new," and "midlire" to the attribute
"age." you wanted to assign numerie
values. In this case, you would use the
numerie values of "age" to create a
set or new attributes that contain the
ranges or possible values. For exam.
pie, assume that you have rour como
panies with produets aging 6. ]O, 16.

and 36 months You would make three
new attributes, eaeh representing the
range rormed by splitting the con-
seeutive values at their midpoints The
new attribules would be "age < 8."
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"age < 13," and "age < 26." The
values in Ihe original table under
"aRe" are used to delermine If the
value 01 the new attrlbutes Is "yes" or
"no" The entropy 01 classilicalion
alter splilling is calculated lor each
new allribule along with the other al-
tribu les to delermlne the beSI al-
tribute to use to partition the data se!

THE COMPLETED PROGRAM
A l\.Jrbo Pascal program called
INDUCE lor the IBM PC and compal-
ibles implements the techniques
described above IEdilor's /101f: INDUCE
is available 0/1 disk, i/1 pri/11. al1d 011 BIX:
see Ihe ¡l1serl card followi/19 page 352 for
delails I1 is a/so available 0/1 BYTEl1el: su
page 4.1 The program contains a col-
lection 01 low-Ievel routines lor the
manipulation of the list struclures
described in this article Since Thrbo
Pascal is not optimized for list pro-
cessing the program is slow com-
pared to some of the commercial im- lplementations of the ID3 algorilhm.
but we hope that by exarnining the
commenled source code, program-
mers can gain some insight not only
into the ID3 algorilhm but also into
the power of syrnbolic computation (-
using list-like structures

The program produces rules in the
formal accepled by the expert system
shell MicroE x pert. but you can easily
modif)' the program to produce rules
lor another expert system shell You
can also modify the program to pro-
duce Prolog sentences

Also available is Crossret. a parser
that reads and parses rules that use
the same rule syntax as the one we
have described. A description 01 this
program and how t<;> write an in-
lerence engine that uses the rules can
be lound in our April 1985 article.
IEdilor's 1101e:Crossref is available 0/1 BIX
al1d BYTEl1etl .
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