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Abstract: In this paper we study new approach for data sgm@tion using decision
diagrams in information systems. Firstly we signdgta using binary decision diagrams.
Also, we used ID3-Decision tree learning algorithonreduct information systems.
Some algorithms are built and developed to refingrttee process of decision making in
information systems. lllustrative figures and ex#aspare presented and real life
application examples are given.
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1. Introduction

We often get together decision making problems im daily life or working
surroundings. From time to time it is very difficdbr us to make good decisions. In
observe , we usually use our past understandirey fasm of performing experiments
costs time and money. Providentially, the developef computer technologies and
automatic learning techniques can make this easérnaore resourceful. There exist
many approaches of decision making techniques, siscdecision trees or decision
diagrams , artificial neural networks and Bayesgarning. In this paper , we focused on
the decision diagrams especially on Binary Decidloagram (BDD), Binary Decision
Diagram Information System (BDDIS) and Decision él'teearning Algorithm (DTLA)
[14, 29, 31, 32, 36].

There exist many methods to do decision analysachEmethod has its own
advantages and disadvantages [11, 13, 24-26].

The approach of BDD is used for binary data repriedé®n and it is very efficient for
Boolean function representation such that relatioelational algebra, midterms, cubes,
sets, sets of sets , state machines , partitiessystems , graphs, covering, tables and
matrices, but it is not understand for non-tecHmemple.

For data in an information system, the acquisitibrknowledge and reasoning may
involve vagueness, incompleteness, and granulantgrder to deal with the incomplete
and vague information in classification, conceptnfolation, and data analysis,
researchers have proposed many methods other ldssical logic, for example, rough
fuzzy sets[17,18,19], rough set theory and its g@imtions [2,7,8,9-11,14,15,20],
computing with words, granular computing, formalncept analysis, quotient space
theory , and computational theory for linguisticndynic systems. The advantage of the
rough set method is that it does not need any iadditinformation about the data, like
probability in statistics or membership in fuzzy geeory. The main idea of applications
of the rough theory in knowledge discovery comesnflW. Ziarko work [40-43]. Many
researchers made contributions to this theory. iBpapbns of the rough set and fuzzy set
theories can be found in [11,14-17].

2. Decison making using Binary Decision Diagrams

The main aim of this section is to describe howadapresents by Binary Decision
Diagrams (BDD) and how to obtain reducts using it.

A BDD is a rooted , directed a cyclic graph, witvotsink nodes labeled by constants
0 and 1, and whose internal nodes has two outsh Edernal nodev is labeled by a

binary variablevar(v) = x, ,i =1...,n. It is two outgoing edges which are labeled by 0
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and 1 , and are usually depicted as dotted and $oks, respectively. Let the two
corresponding successor nodes/die denoted byow(v) and high(v), respectively.

A BDD is ordered (OBDD) if , on all paths throutite graph , the variables respect a
given liner orderx, < X, <...< X, i.e., for each edge leading from a node labelec;by

to a node labeled by, it holds thatx < x;. We can say that variable must appear in
ascending order along all paths (see Figure 1).
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Ordered Figure (1)

Not Ordered

Figure (2) displays an example of an OBDD for a&¢hvariables function given by the
Boolean formula:
f(x,%,%)=(X% CXx,)Cx, , with respect to the variable order< x, < x,. Table 1

shows the values of this function.

X X, X3 (% Ex,) Ex @

0 0 0 0 \

0 0 1 0

0 1 0 0 <

0 1 1 1 °

1 0 0 0 : :

1 0 1 1

1 1 0 0 ' g

i = O N OO
Table 1 .
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Up to here, OBDD are not yet uniquely determined dach function. However, by further
restricting the representation, a canonical formrBBfDs. We observed that reduced OBDD
(ROBDD) are a canonical representation of Boolesnttions.

An OBDD is said to be reduced, if it does not eamta nodev whose successor nodes are
identical (i.e.,low(v) = high(v )and no two distinct nodes and w exist such that the sub
graphs rooted i andw are isomorphic , i.e., for whichar() = var(w),low(u) = low(w) and
high(u) = high(w) .



The ROBDD representation of any function is unigudtermined (up to isomorphism ) , so
that several properties (e.g. functional equivadermonstant functions , etc. ) become easily
testable. Conceptually, a reduced diagram can texpimeted as the result of the repeated
application of three types of transformations. @eguction rule is merge equivalent leaves. This
rule means use only one terminal label for O anel tenminal label for 1 and redirect all lines
from n to the respective node. Figure (3) represéms reduction rule for the same function

given in Figure (2).

Figure(5) .
Reduced Graph R

Ia Figure(4)

Second reduction rule is to merge isomorphic no@ee second rule means if two terminal
nodesx, y are on the same level afmlv(x) = low(y) and high(x) = high(y) , then eliminate one
of them , sayxand redirect all lines intato y . Figure(4) represents the second rule.

The last reduction rule is eliminate redundantste$his means ifow(x) = high(x) for some
one terminalx , then removex and redirect all lines inta to low(x) . Figure(5) shows the last
reduced graph.

The result of applying these rules to an OBDD untihe of them can be applied any more is
called a reduced OBDD.

Reduced Algorithm

* Visit OBDD bottomup and label each vertex with an identifier.

o If id(low(Vv)) = id(high(v)), then vertex v isredundant and set id(v) = id(low(V)) .

o If id(low(v)) =id(high(w)), and id(high(v)) =id(high(w)) then set id(v) =id(u) .

» Adifferent identifier is given to each vertex at level i .

» Terminated when root is reached.

« An ROBDD isidentified by a subset of vertices with different identifiers.

As we mentioned before the BDD is very efficientthoel for represents binary data ,we will
introduce an example from our daily life and welwy to make a reduction for container data
using ROBDD.

Example 2.1 According to Table 2 in electric commerce applmas we want to make
predictions about what a user will do. Consider fbowing made-up data used to predict
whether someone will ask for more information (Marf) based on whether they accessed
from an educational domain (Edu.), whether this igst visit (First) , whether they have bought
goods from an affiliated company (Bought), and wketthey have visited a famous online
information store (Visited).



Examples | Bought Edu. First Visited More-info
€ false true false false true
€ true false true false false
€3 false false true true true
€4 false false true false false
& false false false true false
€5 true false false true true
€ true false false false true
€s false true true true false
€g false true true false false
e true true true false true
en true true false true true
€17 false false false false true
€13 true true false false true
€14 false true false true true
€15 true false true true true
€16 true true true true true

Table2

By using BDD we consider the attribute value treplaced by 1 and false by 0, Figure(6) is the
BDD for the data given in Table(2) using the ordgwught < Edu < First < Visited.

Figure(6)



According to reduction algorithm we have the follog/reduct figures.

Figure(7

Figure(8) .................

A BDD is an efficient data structure for represditsary data (Boolean function ). We use it
to obtain reducts of our daily life binary datautBor the normal user, he cannot understand
what is the meant by the final graph. So we caetdahe redundant attributes from the table
and rewrite it. By looking at the final graph th&ridute Edu. can eliminated.

3. Decision making using BDDIS

A BDDIS has one or more root nodes each unique mode has a sub-tree that may share

nodes with other objects and represents one or nmaliscernible objects. The level root



containing nodes which is defined as the objectlémel ; a top level element is referenced by
T(x), xOU .

The following information system can be represemtg®DDIS using object-top level.

U a b c d

X1 15 26 36 27
X2 15 26 18 19
X3 14 37 18 48
X4 14 37 18 48

Table 3

The following diagram represents the data in T&dlsing BDDIS.

Each column within the information system is repréed by a path composed of a
unique series of, and /orh, branches arriving at attribute top level node.
In Figure(9) the first column of Table 3 is repnetsel by the path |, -1 , the second
column is represented by the pafh-h and the third is represented by the patk |, .
Each node is labeled with — xfor level numbem and node numbex.

Two methods can be taken to reduce the size oBDBIS. One can reduce the
BDDIS by applying the ROBDD rules described befdkernatively, one can create the
BDDIS using a coded information system in whichteattribute value/, of the original

information system is coded to val@l?2,...k-1, k =[\/a| ; here each unique coded

value represents a unigue attribute values.
We can reduce the data of Table 3 by using the codethod. The corresponding
coded data is given in Table 4.



U a b c d

X1 0 0 0 0

X2 0 0 1 1

X3 2 2 1 2

X4 2 2 1 2
Table 4

We can represent the coded table by attribute éwpllusing BDDIS. By make a
coded table we observe that the attribute valuegtobute a is the same for the attribute
value for attribute b, then we can represent BDBitBout attribute b. the reduced graph
of the coded data is shown in Figure 10.
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4. New Approach for decision making using decision trees

A decision tree (DT) is a tree in which each blanode represents a choice between
a number of alternatives, and each leaf node reptes decision [12,13]. Decision tree
is commonly used for gaining information for therpase of decision making. DT starts
with a root node on which it is for users to takéians. From this node , users split each
node recursively according to DT in which each bharepresents a possible scenario of
decision and its outcome.

Decision TreeLearning Algorithm:

function DECISION —TREE-LEARNING (examples, attributes, algf)
returns a decision tree
inputs: examples, set of examples, attributes, set obates
Default, default value for the goal pede
If (examples is emptyhen return default
elseif (all examples have the same classificatitime) return the classification.
else if (attributes is emptythen return MAJORITY-VALUE(examples)
else
best— CHOOSE-ATTRIBUTE( attributes, examples)
tree — a new decision tree with root test best
for each value v, of bestdo

examples - {elements of examples with besv3
subtree — DECISION-TREE-LEARNING(exampls, attributes- best,



MAJORITY-VALUE(examples) add a branch to tree wabel v, and subtree sub-

tree.
end

5. Remarks about 1D3-decision treelearning algorithm

J. R. Quinlan in [31-34] have been developed &utve Dichotomize 3 (ID3)
algorithm for a simple decision tree learning bydxh on the concept learning system
(CLS) algorithm. It builds the decision tree froome fixed or famous figurative data in
order to classify them and foresee the classificatf new data. The data must have
more than a few attributes with different valudss tdata also has to belong to varied
predefined separate classes (i.e., yes/no).

The entropy measure is defined as follows:
N
H(S)=> - p'log,(p) - p log,(p;) wherep is the ratio of the positive examples

i=1

S+

S* with respect to the set of all exampl@s.e., p" = /|S| And p; is the ratio of the

negative exampleS~ with respect to the set of all examplgs.e., p’ :‘S'MS{, where

|§ is the cardinality of S.
For example, we assume that a sampleSsétas 14 members altogethH(:M) ,

including 9 positive "

H (S) =-(9/14)log, (9/14) - 5/14log, (5/14) = 094.

Below we discuss the entropy in the special caskeoBoolean classification.

« If all the members of a s& belong to the identical kind (have the same degisi
value) , then the entropy is null. That means tiaite is no classification uncertainty.

 If the number of the positive examples equals éorthmber of the negative examples,
then entropy takes its maximum value. In this cdke, classification uncertainty is
maximum.

These results express separately that the santeseto uncertainty (the decision is
clear); or it is 100% uncertain for decision makitf the number of positive examples is
not equal to the number of the negative examples) the value of entropy is measured
between 0 and 1.

To carry on the attribute expansion, which is basedhe data of this sample set, we
must define a standard measure called informat@in. gAn information gain of an
attribute is the final information content, whicha result of the reduction of the sample
set entropy after using this attribute to divide ttample set. The definition of the
information gain of an attributa relates to the sample s8tis :

G(S,a)=H(S)- > |S|/|g* H(v), whereS, ={x0S:V,(x) =v,vOV, }and H(V) is

=9 ) and 5 negative examples. Then the entrop$isf:

the entropy of thea —attribute valuev.

Example 5.1 In this example, people decide to go to city pabchstay at home
according to the weather (w ={Hot (w1),Mild (w2),dda3)}), rain (r = {Strong (rl),
Weak (r2)}) and traffic (t={Long (t1), Short (t2)}¥ituation as shown in Table 5. Just
like Table 5, the se§={s,...,s,} contains in total 14 examples ( 9 positive decision
and 5 negative ones ). We can calculate the infoomagain of the attribute as follows:
G(S,r) =H(S)-8/14H(r2) —6/14H(rl), where
H (r2) =-6/8log, (6/8) — 2/8log, (2/8) and H (r1) =-3/6log, (3/6) — 3/6log, (3/6) .

Then G(S,r) =0.048.



w r t | Decisior
wl | r2 |t1 No
wl ri | tl No
wl | r2 |tl Yes
w2 | r2 | t1 Yes
w3 | r2 | t2 Yes
w3 | r1 | t2 No
w3 | rl | t2 Yes
w2 r2 | tl No
w3 | r2 | t2 Yes
S10 w2 | r2 | t2 Yes
S11 w2 | rl | t2 Yes
S12 w2 | r1 | tl Yes
S13 wl | r2 | t2 Yes
S14 w2 | rl|tl No
Table 5
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Using the same principle, we can calculate thermétion gain to the remaining
attributes and we have(S,w) = 0.029 and G(S,t) = 094.

As a result, we may choose the attribute of highdsrmation gain to used to expand
the tree. We consider the attribute traffic-jantresroot for the decision tree (Figure 12).

t

t1 12
r
w
rl r2
wl w3 w2
No Yes Yes Yes No
Figure 12

From the above figure as a result of using ID3 @tigm the following rules will be
generated :
« If tislong and is strong then people will choose to stay at home.
* If tis long and is weak then people will choose to go to city pato logical form
(t,t1) C(r,r2) = (go to city patch, No).
« If tis short andwv is hot then people will choose to go to city patichlogical form
(t,t2) C (w,wl) = (go to city patch,Yes).
« If tis short andw is cool then people will choose to go to city pattn logical
form (t,t2) C (w,wW3) = (go to city patch,Yes).



» If tis short andv is mild then people will choose to stay at honmeldgical form
(t,t2) C(w,w2) = (goto city patch, No).

In order to extend decision tree induction to aewidariety of problems, a number of
issues must be addressed such as:
* Missing data: In many domains not all the attribuédues will be known for every
example. The values may not have been recordethepmay be to expensive to obtain.
First, given a complete decision tree , how shauld classify an object that is missing
one of the test attributes?
» Multi-valued attributes: When an attribute has mdanumber of possible values, the
information gain measure gives an inappropriatecatin of the attribute's usefulness.
« Multi-valued data: The multi-valued data is a gatieation for a single valued one,
when an attribute value has a number of valued. Mewcan represent this problem by
the decision tree and how the information gain mesathis case is an open problem.
» Continuous valued attributes : Attributes such heignd weight have a large or
infinite set of possible values. They are therefamt well-suited for decision tree
learning algorithm.

We introduce the following example which studyihe above cases.

Example 5.2 In this example, a company need some employedscided to accept the
person if it has some languages, some scientifgreds, experience and background
knowledge according to Table 6.

Person | Language Degree Experience| Background| Decision
Py {F,D} {Bs,Ms,PhD} | Medium Excellent Accept
P, {H,R} {Bs} Low Neutral Reject
Ps {F,D,S} {Bs, Ms} Low Good Reject
P, {F} {Bs, Ms} High Neutral Accept
Ps {D} {Bs} Medium Neutral Reject
Ps {F,D} {Bs, Ms} High Excellent Accept
P; {H,R} {Bs} High Good Accept

Table 6

From the above tableS={P,,P,,R;,P,,P,,F,,P, i} the set of examples. The set {Language,

Degree , Experience , Background } is the condititiributes of the company and Decision is
the decision attribute. The attribute Languagethawvalue set {F,D, H, R, S}which is some

languages in symboNg, ... ={F,D,H,R,S} . Also V,
={low, medium, high}

V,

experience

andV,

background

egree

={Bs,Ms, Ph.D},
={neutral, good, excellent} .

Now, we need to represent this problem by using RTf we consider the attribute values
{F,D} of the attribute Language as a separatelgtaite value we can apply DTLA easily but the
result is not good where we take more than oniaté value in the same class.

The entropy for the seSof all persons § contains 4 positive examples and 3 negative

examples) is:

H(S) =-4/7log,(4/7) -3/7log,(3/7) = 0.985
Then the information gain of each attribute is:
G(S,language) = H(S) - 2/7H({F,D}) -2/7H{H,R) -Y7H{F,D,S}) -Y7H{F})
-1/7H({D}) =0.985- 0.2857=0.69928
G(S,degree) = H(S) -1/7H ({Bs, Ms, Ph.D})
~3/7H({Bs}) —-3/7H ({Bs,Ms}) =0.985-3/7[-2/3log, (2/3) -1/3log, (1/3)] =0.19789
G(S, experiance) = H(S) - 2/7H (medium) — 2/7H (low) —3/7 H (high) =0.69928
G(S,background ) =H(S) - 2/7H (excellant ) —3/7H (neatral) - 3/7H (good) =0.3.
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MI1D3 Algorithm:
function MID3 (examples, attributes, default)
returns a decision tree

inputs: examples, set of examples, attributes, set obates

Default, default value for the goal gicate
if (examples is emptythen return default
elseif (all examples have the same classificatitime return the classification.
elseif (attributes is emptythen return MAJORITY-VALUE(examples)
else
dof
if (the attribute values have multi-valutdehn
{ classify the attribute values into sub-classes}
best— CHOOSE-ATTRIBUTE( attributes, examples)
tree — a new decision tree with root test best
for each value v, of bestdo

examples  {elements of examples with best3
subtree — MID3(exampless,, attributes-best, MAJORITY-VALUE(examples) add a

branch to tree with labal and subtree sub-treegfid do

end
return tree

According to this algorithm Table 6 can then transfed into Table 7.

Person | Classes | Language Degree Experience Background Decision
= P11 F Bs Mediumr Excellen Accep
P2 F Ms Mediumr Excellen Accep
P13 F PhC Mediumr Excellen Accep
P14 D Bs Mediumr Excellen Accep
Pis D Ms Mediumr Excellen Accep
Pi6 D PhC Mediumr Excellen Accep
P> P>, H Bs Low Neutra Rejec
P, R Bs Low Neutra Rejec
P P31 F Bs Low Gooc Rejec
P, F Ms Low Gooc Rejec
P33 D Bs Low Gooc Rejec
P34 D Ms Low Gooc Rejec
P35 S Bs Low Gooc Rejec
P36 S Ms Low Gooc Rejec
Py P41 F Bs High Neutra Accep
P4, F Ms High Neutra Accep
Ps Ps: D Bs Mediumr Neutra Rejec
Ps Ps1 F Bs High Excellen Accep
P F Ms High Excellen Accep
Pe3 D Bs High Excellen Accep
Pe4 D Ms High Excellen Accep
P, P71 R Bs High Gooc Acceft
Pz, H Bs High Gooc Accep
Table 7

By applying the Multi-valued ID3 (MID3) algorithnfor the above table then the information
gain is given aSQ(S,Ianguage) = H(persons) —9/23H (F) —8/23H (D)

-2/23H(H)-2/23H(R) —2/23H (S) =0.985-0.299-0.331977-4/23=0.1801
G(S,degree) = H (persons) —13/23H (Bs) —8/23H (Ms)

~2/23H ({ PhD) =0.985-13/23[-7/13l0g, (7/18) - 6/13l0g, (6/13)] =009



G(S, experiance) = H (persons) —7/23H (medium) —8/23H (low) —8/23H (high) =0.805

G(S,background ) = H (persons) —10/23H (excellent ) —5/23H (neutral) —8/23H (good) = 049

The attribute experience is of highest value @rimation gain. Then we take it as a root of our
tree as shown in Figure (13).

Experience

medium

Accef

P41 PG 1P7 P2,P3 Pl,P5

Figure 13

From the last decision tree we can deduce thewallp decision rules for the company example :
¢ The persons with high experience are accepted ik wdahe company.
* The persons with low experience are rejected tokwothe company.
» The persons with medium experience and with exceblackground are accepted to work
in the company.
» The persons with medium experience and with nebaakground are rejected to work in
the company.
6. Conclusion and Future works

Decision trees are also a popular form of classiie models. It is well known that classical
trees lack the ability of modeling vagueness. Byraxting fuzzy systems [38,39] and classical
decision trees, we try to achieve classifiers taat model vagueness and are comprehensible. A
popular and particularly efficient method for makia decision tree for classification from
symbolic data is ID3 algorithm. Revised algorithfos numerical data have been proposed,
some of which divide a numerical range into sevarrvals or fuzzy intervals. Their decision
trees, however, are not easy to understand. Inwibik we proposed a new version of 1D3
algorithm to generate a understandable fuzzy detisee using fuzzy sets is fuzzy 1D3.

In the near future we will generalize the approatldecision tree using topological rough
sets [45,46]and topological fuzzy sets [44,47]. Seheapproaches will discover new
approximation class in information trees.
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