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Classification is one of the important issues in knowledge discovery and data mining.
The goal of classification is to define the characteristics for each class in order to predict if a

previously unknown object either belongs to the class or not.

In general, attribute data type can divide into two groups: numerical and categorical.
Numerical attributes are very common in real-world application. There exist a large number
of classification algorithms, which handle categorical attributes only. Therefore, the process
of the descretization is an essential task for data preprocessing in knowledge discovery in
databases (KDD). But during the discretization of numerical attribute, some information
hidden in the data set can be lost, we will proposed classification algorithms can extract

classified rules with numerical and categorical attributes simultaneously.

The first step of this project is based genetic algorithm to develop more effective
classifier (GA-Classifier), which handle numerical and categorical attributes simultaneously
than traditional classification algorithm—Decision Tree (C4.5). The second step of this
project is based a novel evolutionary algorithm (Ant System, AS) to develop more effective

and efficient classifier (Ant-Classifier) than GA-Classifier and Decision Trees.

Keywords: Data mining, Descretization, Genetic algorithm, Ant colony optimization
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value ) » | : variable(x) = base point + interval = Ant-Classifier 32| i %8 fF e »x & I >
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PR By A b E - B A slic ¥ AR ER o
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Predicted
Actual - lccelass Yes No
Class
Yes TP: True Positive | FN: False Negative
No FP: False Positive | TN: True Negative
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Ant-Classifier ¥ GA-Classifier # I 2 E* : (1) Ant-Classifier ﬂ’ﬁ o ¥ AR
(positive feedback ) 2 # it > T AiF it TuEARY ATRBPT B EH AR OB T3S
REEOE Q) v #ﬂm% F_#ic ¥ o local ants & (7P| i3 T oo
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TrainingSet={all training cases};
DiscoveredRuleList=[];
WHILE (TrainingSet > Max_uncovered cases)
t=1;
=1
Create N regions;
Initialize all regions with the same amount of pheromone;
REPEAT
(1) Send “G” global ants for Crossover and Mutation;
a. Crossover:
1. Using normal crossover to exchange each categorical attributes.
2. Using crossover to exchange the base point of each continuous attributes.
b. Mutation:

1. Using general mutation to modify each categorical attribute.

2. Using mutation to randomly adding or subtracting a value to each
continuous attribute with a mutation probability. Mutation step size defined
as following:

A(T,R)=£R*(1-y""")

(2) The trail value of the newly created child regions is assigned a trail value lying
between the values of original parent regions that proportional by crossover point;

(3) Using G newly regions to update the G weakest regions;

(4) Select regions as per normalized trail value of regions and send “L” local ants to do

rule pruning;
(5) Calculate each Function Value (Q) of regions;
P TN
= * ,0€]0,1
Q TP+ FN FP+TN Q [ ]

(6) Update trail value; ,(t+1)=1,(¢)+7,(t)*Q
(7) Pheromone evaporates for each trail; r, (t + 1) =T, (t)* Yo,
(8) Sort regions according to trail value;
(9) Choose the best rule R; among all rules Ry constructed by all the ants according to
trail value;
(10) If (R¢ is equal ro R¢.1) Then
=L
Else
=1
End If
(11) t=t+1;
UNTIL (j>No_rules coverge or t>No_generation)
Choose the best rule Ryes; among all rules R; constructed by all the ants;
Add rule Ry to DiscoveredRuleList;
TrainingSet= TrainingSet - {set of cases correctly covered by Rpes};
END WHILE

Bl 7 Ant-Classifier /i & 2 2. p %
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5-fold cross validation

— >

Data sets

@ Decision Trees withC4.5 discretisation

@ Decision Trees withEqual frequency binning
@ Decision Trees withEntropy/MDL algorithm
@ Decision Trees withBoolean reasoning algorithm
@ GA-Classifier

@ Ant-Classifier

R Y

ATIIITTT TN

Testing Stage

Training data
4/5 of data sets)

:"- @ Decision Trees withC4.5 discretisation

@ Decision Trees withEqual frequency binning

@ Decision Trees withEntropy/MDL algorithm

@ Decision Trees withBoolean reasoning algorithm
@ GA-Classifier
.\ @ Ant-Classifier

.
N —_—_———————

\

S e e e e e CEs e eEs eEe eEs s o

Training Stage

Bl 2 %% R

S L

FHE . .
N Cleveland | Australian Iris
AT P
Ant-Classifier 41.7% 11.5% 2.6%
GA-Classifier 42.1% 12.6% 2.4%
C4.5 discretisation 43.9% 13.8% 6.0%
Decision | Equal frequency binning 47.2% 12.2% 5.3%
Trees | Entropy/MDL algorithm 44.2% 14.9% 6.7%
Boolean reasoning algorithm 44.6% 15.1% 2.7%
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St — Ant-Classifier #2.;% 75

import java.io.*;
import java.util.*;

import java.sql.*;

public class ant

{
public static void main(String[] args) throws java.io.JOException
{
/* parameter setting */
String

SourcePath, TestPath,temp,key,sql,sql_TP,sql FP,sql FN,sql_TN,sql cut,sql update,FieldName,sql_select,temp terml,temp term2,sql opti
mal,sql_rules;

int
1,k=0,k1=0,k2=0,1,AttributeCount,DynamicAttribute,NoRegion=>50,j,crossover point=0,selection_point1=0,selection point2=0,pheromone
point=0,b=1,a=0,c=0,d=0,p[]=new int[6],ant L=5,fh g pruning point=0,term_count=0,temp_ ID=0,remaining_records=0,end_count=0;
/*variable p [Y% pruning point*/

int MaxCategory([];

Connection MyConn,MyConnl,MyConn2;

Statement s,s2,s3,s_optimal,s_rules,s cut;

Random random;

double RandomValue,RandomValuel,CategoryValue,step_size,R=0.5,m rate c¢=0.6,m_rate_n=0.6,global_Q,temp_Q=0,initial Q;

ResultSet rs,rs1,rs2,rs_optimal,rs_rules,rs_cut;

float Q,TP=0,FP=0,FN=0,TN=0,update_p,iteration=1,total pheromone=0,cdf[]=new float[51],global solution=0;

boolean check=false,check1=false,check2=false;;

/* */

» f RV "
InputStreamReader stdin=new InputStreamReader(System.in);

BufferedReader bufin=new BufferedReader(stdin);

System.outprint(”ﬁﬁl}?Jj TR RE s oy,

SourcePath=bufin.readLine();

File SourceFile=new File(SourcePath);

/* */

/* ’J'Ejﬁ’?ﬁilﬁfr’% */
System.out‘print(”ﬁﬁj CRA T B R ),
AttributeCount=Integer.parselnt(bufin.readLine());
System.out.print("iiy * TR 1V G TR k")
DynamicAttribute=Integer.parselnt(bufin.readLine());
MaxCategory=new int[(AttributeCount+DynamicAttribute+2)]; PRGN REE A LA L|7\| F
R/
for (i=((DynamicAttribute*2)+1);i<=(AttributeCount+DynamicAttribute+1);i++) /* RELRIEL cleveland.candidate fif 5 S-S AFIE]
T *
{
SyStem-OUt-PTim("ﬁﬁ PRI 53"+ G-(DynamicAttribute®2))+" [ EE| 1 U s KERIAE < )
MaxCategory[i]=Integer.parselnt(bufin.readLine());

}
/* */

String term[][]=new String[AttributeCount+DynamicAttribute+2][2];
double delta_Q[]=new double[AttributeCount+DynamicAttribute+1];
String optimal term[]=new String[AttributeCount+DynamicAttribute+1];
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/% SRR R R AR R */
try
{
Class.forName("org.gjt.mm.mysql.Driver");
MyConn=DriverManager.getConnection("jdbc:mysql://localhost/MySQL","bmw0818","gilber");
s=MyConn.createStatement();
k=s.executeUpdate("create database cleveland");
sql="create table cleveland.source (";
for (I=1;l<=DynamicAttribute;l++) / *B}Lﬁjﬂﬁlﬁj fid]" | _FoB il s/
{
FieldName="a"+1+" DOUBLE,";
sql=sql+FieldName;
}
for (I=DynamicAttribute+1;l<=AttributeCount;1++)
{
FieldName="a"+1+" TINYINT,";
sql=sql+FieldName;
}
FieldName="a"+(AttributeCount+1)+" TINYINT";
sql=sql+FieldName;
sql=sql+")";
k=s.executeUpdate(sql);
System.out.println(“’F@ﬁ?ﬁslg,@jf M),

/* sl =S| I "
BufferedReader Source=new BufferedReader(new FileReader(SourceFile));
while ((temp=Source.readLine())!=null)
{

sql=

",
B

sql="insert cleveland.source values ("+temp+")";
k=s.executeUpdate(sql);

remaining_records=remaining_records+1; I*EETR L?F'}?J‘ﬁ[ﬁ[ EUia)
}
* */
[ e PR *

sql="create table cleveland.rules (";
for (I=1;1<=(DynamicAttribute*2);1++)
{
FieldName="a"+I+" FLOAT DEFAULT 99,";
sql=sql+FieldName;
}
for (I=(DynamicAttribute*2)+1;1<=(AttributeCount+DynamicAttribute);1++)
{
FieldName="a"+1+" TINYINT DEFAULT 99,";
sql=sql+FieldName;
}
FieldName="a"+(AttributeCount+DynamicAttribute+1)+" TINYINT DEFAULT 99,";
sql=sql+FieldName;
sql=sql+"Pheromone FLOAT DEFAULT 99, Q FLOAT DEFAULT 99, ID INT PRIMARY KEY AUTO_INCREMENT, CAL CHAR(1)
DEFAULT 'F")";
k=s.executeUpdate(sql);
System.out.println("4 fI[[£¥F] ’?j[@:vf' iy,
/* */

S — 3 @R ol

21



sql="create table cleveland.candidate (";
for (I=1;l<=(DynamicAttribute*2);l++) /* F‘f‘LffJU’[‘]‘J i) -poge il e/
{
FieldName="a"+1+" FLOAT DEFAULT 99,";
sql=sql+FieldName;
}
for (I=(DynamicAttribute*2)+1;1<=(AttributeCount+DynamicAttribute);1++)
{
FieldName="a"+1+" TINYINT DEFAULT 99,";
sql=sql+FieldName;
}
FieldName="a"+(AttributeCount+DynamicAttribute+1)+" TINYINT DEFAULT 99,";
sql=sql+FieldName;
sql=sql+"Pheromone FLOAT DEFAULT 99, Q FLOAT DEFAULT 99, ID INT PRIMARY KEY AUTO_INCREMENT, CAL CHAR(1)
DEFAULT 'F")";
k=s.executeUpdate(sql);
System.out.println(" {2 {F ¥R 'ﬁy b Ry,
* */

int runs;

while (remaining_records>10 && end_count<2) i Ant-Miner i?jf;,ﬁ bE3 Fﬁjﬁﬁ?ﬁfgﬁ __________________ *k
{

check1=false;

f e VR e *

random=new Random();

for (i=1;i<=NoRegion;i++) %50 {lil {5 e i ﬁ*/

{

sql="insert cleveland.candidate values (";

sql_TP="select count(*) from cleveland.source where ";
sql_TN="select count(*) from cleveland.source where (";
for (I=1;1<=(DynamicAttribute);1++)
{
if (random.nextDouble()<0.5) /%] 0.5 Bk iE: @i[ﬁfﬁéfl TSI [ 2%/
{
RandomValue=random.nextDouble();
if (RandomValue<=0.5)
{
RandomValue=random.nextDouble();
sql=sql+RandomValue+",-0.5,";
sql_TP=sql TP+"a"+l+"<"+RandomValue+" and "+"a"+I+">"+(RandomValue-0.5)+" and ";
sql_ TN=sql TN+"a"+l+">"+RandomValue+" or "+"a"+l+"<"+(RandomValue-0.5)+" or ";
}

else

{
RandomValue=random.nextDouble();
sql=sql+RandomValue+",+0.5,";
sql_TP=sql TP+"a"+l+"<"+(RandomValue+0.5)+" and "+"a"+I+">"+RandomValue+" and ";
sql_TN=sql TN+"a"+l+">"+(RandomValue+0.5)+" or "+"a"+l+"<"+RandomValue+" or ";

}

checkl1=true;

}

else

{
sql=sql+"99,99.";

}

for (I=(DynamicAttribute*2)+1;l<=(AttributeCount+DynamicAttribute);1++)

{
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*/

if (random.nextDouble()<0.5) I} 0.5 ek ik & SRR O R

{

RandomValue=random.nextDouble()*(MaxCategory[1]+1); PRI B R

Category Value=Math.floor(RandomValue);
sql=sql+CategoryValue+",";
sql_TP=sql TP+"a"+(l-DynamicAttribute)+"="+CategoryValue+" and ";
if (I==(AttributeCount+DynamicAttribute))
{
sql_TN=sql TN+"a"+(l-DynamicAttribute)+"<>"+CategoryValue+") and ";
}
else
{
sql_TN=sql TN+"a"+(l-DynamicAttribute)+"<>"+CategoryValue+" or ";
}
checkl1=true;
}

else

{
sql=sql+"99,";

-

if (sql_TN.substring((sql TN.length()-4),sql_TN.length()).equals(" or "))
{

sql_TN=sql_TN.substring(0,(sql_TN.length()-4));

sql TN=sql TN+") and ";

RandomValue=random.nextDouble()*(MaxCategory[ AttributeCount+DynamicAttribute+1]+1);

CategoryValue=Math.floor(RandomValue);

if (check1==false)
{
Q=0;
}
else
{
sql_FP=sql_TP+"a"+(AttributeCount+1)+"<>"+Category Value;
rs=s.executeQuery(sql_FP);
rs.first();
FP=rs.getFloat(1);

sql TP=sql TP+"a"+(AttributeCount+1)+"="+CategoryValue;
rs=s.executeQuery(sql_TP);

rs.first();

TP=rs.getFloat(1);

sql_ FN=sql TN+"a"+(AttributeCount+1)+"="+CategoryValue;
rs=s.executeQuery(sql_FN);

rs.first();

FN=rs.getFloat(1);

sql_TN=sql TN+"a"+(AttributeCount+1)+"<>"+Category Value;
rs=s.executeQuery(sql_TN);

rs.first();

TN=rs.getFloat(1);

if (TP==0 && FN==0) || (TN==0 && FP==0))
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else
Q=(TP/(TP+FN))*(TN/(FP+TN));
}

sql=sql+CategoryValue+","+(1+Q)+","+Q+",null,'T")";
k=s.executeUpdate(sql);

MyConn2=DriverManager.getConnection("jdbc:mysql://localhost/cleveland","bmw0818","gilber");

/% */
* T TSP
*/
for (iteration=1;iteration<=100;iteration++)
{
f R AR L e/

sql_cut="select ID from cleveland.candidate order by Q limit 20"; /*--fjij~ o ] ¥¥f|*/
rs=s.executeQuery(sql_cut);

sql_cut="delete from cleveland.candidate where ID IN (";

while (rs.next())

{
if (rs.isLast()==true)
{
sql_cut=sql_cut+rs.getString(1);
}
else
{
sql_cut=sql_cut+rs.getString(1)+",";
}
}

sql_cut=sql_cut+")";
k=s.executeUpdate(sql_cut);
* */

MyConnl=DriverManager.getConnection("jdbc:mysql://localhost/cleveland","bmw0818","gilber");
s=MyConnl .createStatement();

sql_select="select * from candidate";

rs=s.executeQuery(sql_select);

rsl=s.executeQuery(sql_select);

for (I=1;1<=20;1+-+) /¥ 20 (i i/
{

selection_pointl=(int) Math.floor(random.nextDouble()*30)+1;

selection_point2=(int) Math.floor(random.nextDouble()*30)+1;

while (selection_point2==selection_point1)

{
selection_point2=(int) (Math.floor(random.nextDouble()*30)+1);

}

crossover_point=(int) (Math.floor(random.nextDouble()*(AttributeCount-1))+1);
pheromone point=crossover_ point;
if (crossover_point<=DynamicAttribute)

{

crossover_point=crossover_point*2;
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}

else

{

crossover_point=crossover point+DynamicAttribute;
}
rs.moveTolnsertRow();
rs1.absolute(selection_pointl);
update_p=rsl.getFloat((AttributeCount+DynamicAttribute+2));

/* [ crossover & mutation ---------=-===-=--=--- */
for (j=1;j<=crossover point;j++)
{
if (j<=DynamicAttribute*2)
{
if (j%2==0 && random.nextDouble()<=m_rate_n && rsl.getFloat(j-1)!=99)
{
step_size=R*(1-Math.pow(random.nextDouble(),(1-(iteration/100))*b)); 5= P 100 77/
rs.updateFloat(j,(float) (rs1.getFloat(j)+step_size));
}
else
{
if ((rs1.getFloat(j))!=99)
{
rs.updateFloat(j,rs1.getFloat(j));
}
else
{
if (random.nextDouble()<=m_rate n && j%2!=0)
{
check2=true;
rs.updateFloat(j,random.nextFloat());
if (random.nextDouble()<=0.5)
{
rs.updateFloat(j+1,(-1)*random.nextFloat());
}

else

{

rs.updateFloat(j+1,random.nextFloat());

else

if (check2!=true)
rs.updateFloat(j,99);

}
if (j%2==0)
check2=false;

}

else

{

if (random.nextDouble()<=m_rate c)

{
CategoryValue=Math.floor(random.nextDouble()*(MaxCategory[j]+1)); PR B

while (CategoryValue==rs1.getFloat(j))

{
CategoryValue=Math.floor(random.nextDouble()*(MaxCategory[j]+1));
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}
rs.updateFloat(j,(float) CategoryValue);

}

else

{
if ((rs1.getFloat(j))!=99)
{
rs.updateFloat(j,rs1.getFloat(j));

}

else

{
rs.updateFloat(j,99);

}

rs1.absolute(selection_point2);

for (j=(crossover_point+1);j<=(AttributeCount+DynamicAttribute+1);j++)

{
if (j<=DynamicAttribute*2)
{

if (j%2==0 && random.nextDouble()<=m_rate_n && rsl.getFloat(j-1)!=99)

{

step_size=R*(1-Math.pow(random.nextDouble(),(1-(iteration/100))*b));

rs.updateFloat(j,(float) (rs1.getFloat(j)+step_size));
}

else

{
if ((rs1.getFloat(j))!=99)
{
rs.updateFloat(j,rs 1.getFloat(j));

}

else

{
if (random.nextDouble()<=m_rate n && j%2!=0)

{
check2=true;
rs.updateFloat(j,random.nextFloat());
if (random.nextDouble()<=0.5)

{

rs.updateFloat(j+1,(-1)*random.nextFloat());

}

else

{

rs.updateFloat(j+1,random.nextFloat());

else

if (check2!=true)
rs.updateFloat(j,99);

}

if (j%2==0)
check2=false;

else

26
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if (random.nextDouble()<=m_rate_c)

{
Category Value=Math.floor(random.nextDouble() *(MaxCategory[j]+1)); PRI B

while (CategoryValue==rs1.getFloat(j))
{
CategoryValue=Math.floor(random.nextDouble()*(MaxCategory[j]+1));
}
rs.updateFloat(j,(float) CategoryValue);
}

else
{
if ((rs1.getFloat(j))!=99)
{
rs.updateFloat(j,rs1.getFloat(j));
}

else

{
rs.updateFloat(j,99);

-

}

update_p=update_p*((float) pheromone_point/(float)
AttributeCount)+rs1.getFloat((AttributeCount+DynamicAttribute+2))*(1-((float) pheromone_point/(float) AttributeCount));

rs.updateFloat((AttributeCount+DynamicAttribute+2),update_p);

rs.updateString((AttributeCount+DynamicAttribute+5),"F");

rs.insertRow();

R crossover & mutation ending */

[* e Fh D Q [, RIFTTE Al Pheromone & prunung */

rs.close();

s=MyConn.createStatement();

sql_select="select sum(Pheromone) from cleveland.candidate";
rs=s.executeQuery(sql_select);

rs.first();

total _pheromone=rs.getFloat(1);

sql_select="select * from cleveland.candidate";
rs=s.executeQuery(sql_select);

s2=MyConn.createStatement();
$3=MyConn.createStatement();

/% TR ST ﬁé i pruning-------—--- */
cdf[0]=0;

d=1;

while (rs.next())

{

cdf[d]=cdf[d-1]+rs.getFloat(AttributeCount+DynamicAttribute+2);
//System.out.println(d+"-"+cdf[d]);
d=d+1;
}
for (d=1;d<=ant_L;d++)
{
p[0]=0;
=1;
check=false;
while (check==false)
{
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RandomValuel=random.nextDouble()*cdf[50];
//System.out.println(RandomValuel);
for (f=1;f<=(NoRegion-1);f++)
{
if (RandomValuel>cdf[f] && RandomValuel<cdf[f+1] && f1=p[d-1])

{

pld]=f;

check=true;

//System.out.println(f);

}
}
}
r* TREPI- 2revp| ﬁj.?% = pruning------- end----*/

rs.beforeFirst();

for (d=1;d<=NoRegion;d++) /*while (rs.next())*/
{
rs.next();
temp_ID=rs.getInt(22);
/! System.out.println(temp_ID);
if (d==p[1] || d&==p[2] || d==p[3] || &==p[4] || d&==p[5]) ~ /*doing rule pruning*/
{
if (rs.getString(AttributeCount+DynamicAttribute+5).equals("F")) /*%T%}Iﬁ%ﬂ‘ Q fifi,F|:&=
pruning, > P 1#7 pheromone*/
{
for (a=1;a<=(AttributeCount+DynamicAttribute+1);a++)  / *——————————————————,‘-{ﬁ’ ERIFE - term[0][*] 7 ffly ™' ]---*/
{
if (rs.getFloat(a)!=99)
{
term[a][0]=String.valueOf{(rs.getFloat(a));
term[a][1]="T";
}
else
{
term[a][0]="99";
term[a][1]="F";

) o TR R B *

PR R 1
term_count=0;
for (g=1;g<DynamicAttribute*2;g=g+2)
{

if (term[g][1].equals("T"))

{

term_count=term_count+1;

}
for (g=(DynamicAttribute*2+1);g<=AttributeCount+DynamicAttribute;g++)

{
if (term[g][1].equals("T"))
{

term_count=term_count+1;
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if (term_count>1)
{
[FESE 'jf_fﬁr?}%;l [Pl 1 ¥ pruning A/
sql_TP="select count(*) from cleveland.source where ";
sql_TN="select count(*) from cleveland.source where (";
c=0;
for (a=1;a<(DynamicAttribute*2);a=a+2)
{
if (term[a][1].equals("T"))
{
if (Float.parseFloat(term[a+1][0])<=0)
{
sql TP=sql TP+"a"+(a-c)+"<"+term[a][0]+" and
"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";
sql TN=sql TN+"a"+(a-c)+">"+term[a][0]+" or
"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";
}
else
{
sql TP=sql TP+"a"+(a-c)+">"+term[a][0]+" and
"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";
sql TN=sql TN+"a"+(a-c)+"<"+term[a][0]+" or
"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";

}

}
c=ctl1;
}
for (a=(DynamicAttribute*2)+1;a<=(AttributeCount+DynamicAttribute);a++)
{
if (term[a][1].equals("T"))
{
sql_TP=sql TP+"a"+(a-DynamicAttribute)+"="+term[a][0]+" and ";
sql_TN=sql_TN+"a"+(a-DynamicAttribute)+"<>"+term[a][0]+" or ";

}
if (sqL_TN.substring((sql_TN.length()-4),sql_TN.length()).equals(" or "))
{

sql_TN=sql_TN.substring(0,(sql_TN.length()-4));
}
sql_ TN=sql TN+")and ";
sql_FN=sql TN+"a"+(AttributeCount+1)+"="+term[ AttributeCount+DynamicAttribute+1][0];
sql_ TN=sql TN+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_FP=sql_TP+"a"+(AttributeCount+1)+"<>"+term[ AttributeCount+DynamicAttribute+1][0];
sql_TP=sql TP+"a"+(AttributeCount+1)+"="+term[AttributeCount+DynamicAttribute+1][0];

rs2=s2.executeQuery(sql_FP);
rs2.first();

FP=rs2.getFloat(1);
rs2=s2.executeQuery(sql_FN);
rs2.first();

FN=rs2.getFloat(1);
rs2=s2.executeQuery(sql_TP);
rs2.first();

TP=rs2.getFloat(1);
rs2=s2.executeQuery(sql_TN);
rs2.first();

TN=rs2.getFloat(1);
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if (TP==0 && FN==0) || (TN==0 && FP==0))
{

Q=0;
}

else

{
Q=(TP/(TP+FN))*(TN/(FP+TN));

Q=(TP/(TP+FN))*(TN/(FP+TN));
initial Q=Q;
sql_update="update cleveland.candidate set Q="+Q+",CAL='T" where ID="+rs.getFloat(AttributeCount+DynamicAttribute+4);
k1=s3.executeUpdate(sql_update);

P RFRERIF PR
term_count=0;
for (g=1;g<DynamicAttribute*2;g=g+2)
{

if (term[g][1].equals("T"))

{

term_count=term_count+1;

}
for (g=(DynamicAttribute*2+1);g<=AttributeCount+DynamicAttribute;g++)

{
if (term[g][1].equals("T"))
{

term_count=term_count+1;

if (term_count>=2)
{
temp_Q=Q;
do
{
global Q=-100;
Arrays.fill(delta_Q,0,AttributeCount+DynamicAttribute+1,-2);
for (h=1;h<=(AttributeCount+DynamicAttribute);h++)
{
temp_term1="";
temp_term2="";
if (h<=DynamicAttribute*2)
{
if (h%2==1)
{
if (term[h][1].equals("T"))
{
temp_terml=term[h][0];
temp_term2=term[h+1][0];
term[h][0]="99";
term[h][1]="F";
term[h+1][0]="99";
term[h+1][1]="F";

sql_TP="select count(*) from cleveland.source where ";
sql_TN="select count(*) from cleveland.source where (";

c=0;

30



for (a=1;a<(DynamicAttribute*2);a=a+2)
{
if (term[a][1].equals("T"))
{
if (Float.parseFloat(term[a+1][0])<=0)
{

sql_TP=sql TP+"a"+(a-c)+"<"+term[a][0]+" and

"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";

sql_ TN=sql TN+"a"+(a-c)+">"+term[a][0]+" or

"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";

}

else

{

sql_TP=sql TP+"a"+(a-c)+">"+term[a][0]+" and

"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";

sql_ TN=sql TN+"a"+(a-c)+"<"+term[a][0]+" or

"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";

1

1

/!
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}

}

c=c+l1;
}
for (a=(DynamicAttribute*2)+1;a<=(AttributeCount+DynamicAttribute);a++)
{
if (term[a][1].equals("T"))
{
sql_TP=sql TP+"a"+(a-DynamicAttribute)+"="+term[a][0]+" and ";
sql_TN=sql TN+"a"+(a-DynamicAttribute)+"<>"+term[a][0]+" or ";

-

}
if (sql_TN.substring((sqL_TN.length()-4),sql_TN.length()).equals(" or "))
{
sql_TN=sql_TN.substring(0,(sql_TN.length()-4));
}
sql._TN=sql TN+")and";
sql_FN=sql TN+"a"+(AttributeCount+1)+"="+term[ AttributeCount+DynamicAttribute+1][0];
sql._ TN=sql TN+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_FP=sql TP+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_TP=sql TP+"a"+(AttributeCount+1)+"="+term[ AttributeCount+DynamicAttribute+1][0];
System.out.println(sql_FP);
rs2=s2.executeQuery(sql_FP);
rs2 first();
FP=rs2.getFloat(1);
System.out.println(sql_FN);
rs2=s2.executeQuery(sql_FN);
rs2 first();
FN=rs2.getFloat(1);
System.out.println(sql_TP);
rs2=s2.executeQuery(sql_TP);
rs2. first();
TP=rs2.getFloat(1);
System.out.println(sql_TN);
rs2=s2.executeQuery(sql_TN);
rs2. first();
TN=rs2.getFloat(1);

if (TP==0 && FN==0) || (TN==0 && FP==0))
{
Q=0;
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else

Q=(TP/(TP+FN))*(TN/FP+IN));

term[h][0]=temp_terml;
term[h+1][0]=temp term2;
term[h][1]="T";
term[h+1][1]="T";
delta_Q[h]=Q-temp Q;

if (delta_Q[h]>global_Q)

{
global Q=delta Q[h];
}
}
}
}
else
{
if (term[h][1].equals("T"))
{

temp_terml=term[h][0];
term[h][0]="99";
term[h][1]="F";

sql_TP="select count(*) from cleveland.source where ";
sql_TN="select count(*) from cleveland.source where (";
c=0;
for (a=1;a<(DynamicAttribute*2);a=a+2)
{
if (term[a][1].equals("T"))
{
if (Float.parseFloat(term[a+1][0])<=0)
{
sql_TP=sql TP+"a"+(a-c)+"<"+term[a][0]+" and
"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";
sql._ TN=sql TN+"a"+(a-c)+">"+term[a][0]+" or
"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";
}
else
{
sql_TP=sql TP+"a"+(a-c)+">"+term[a][0]+" and
"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";
sql._ TN=sql TN+"a"+(a-c)+"<"+term[a][0]+" or
"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";

}
}
c=ct+l1;
}
for (a=(DynamicAttribute*2)+1;a<=(AttributeCount+DynamicAttribute);a++)
{
if (term[a][1].equals("T"))
{
sql_TP=sql TP+"a"+(a-DynamicAttribute)+"="-+term[a][0]+" and ";
sql_TN=sql TN+"a"+(a-DynamicAttribute)+"<>"+term[a][0]+" or ";
}
}
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}

if (sqL_TN.substring((sql_TN.length()-4),sql_TN.length()).equals(" or "))
{
sql_TN=sql TN.substring(0,(sql_TN.length()-4));
}
sql TN=sql TN+")and";
sql_FN=sql TN+"a"+(AttributeCount+1)+"="+term[AttributeCount+DynamicAttribute+1][0];
sql TN=sql TN+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_FP=sql TP+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_TP=sql TP+"a"+(AttributeCount+1)+"="+term[AttributeCount+DynamicAttribute+1][0];
System.out.println(sql_FP);
rs2=s2.executeQuery(sql_FP);
rs2.first();
FP=rs2.getFloat(1);
System.out.println(sql_FN);
rs2=s2.executeQuery(sql_FN);
rs2.first();
FN=rs2.getFloat(1);
System.out.println(sql_TP);
rs2=s2.executeQuery(sql_TP);
rs2.first();
TP=rs2.getFloat(1);
System.out.println(sql_TN);
rs2=s2.executeQuery(sql_TN);
rs2.first();
TN=rs2.getFloat(1);

if ((TP==0 && FN==0) || (TN==0 && FP==0))
{
Q=0;

else

Q=(TP/(TP+FN))*(TN/(FP+TN));

term[h][0]=temp_term1;
term[h][1]="T";
delta_Q[h]=Q-temp_Q;
if (delta_Q[h]>global_Q)

{
global_Q=delta_Q[h];

if (global_Q>0)

{

pruning_point=Arrays.binarySearch(delta_Q,global Q);
for (g=1;g<=AttributeCount+DynamicAttribute;g++)
{
if (global_Q==delta_Q[g])

{
pruning_point=g;

System.out.println(global Q);
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if (pruning_point<0)
{
System.out.println("error");
for (g=1;g<=18;g++)
{
System.out.println(delta Q[g]);
}
System.out.println(pruning_point);
}
if (pruning_point<DynamicAttribute*2)
{
term[pruning_point][0]="99";
term[pruning_point][1]="F";
term[pruning_point+1][0]="99";
term[pruning_point+1][1]="F";

}

else

{
term[pruning_point][0]="99";
term[pruning_point][1]="F";

}

temp_Q=temp Q-+global Q;

}
/BRI 1 1%
term_count=0;
for (g=1;g<DynamicAttribute*2;g=g+2)
{

if (term[g][1].equals("T"))

{

term_count=term_count+1;

-

}

for (g=(DynamicAttribute*2+1);g<=AttributeCount+DynamicAttribute;g++)
{

if (term[g][1].equals("T"))

{

term_count=term_count+1;

} while (global Q>0 && term_count>=2);

if (temp_Q!=initial Q)

{

sql_update="update cleveland.candidate set ";

for (g=1;g<=(AttributeCount+DynamicAttribute);g++)

{
7 if (term[g][1].equals("T")) PR PO PR LT A
ffo= e/
// {

sql_update=sql_update+"a"+g+"="+term[g][0]+",";

// }

}

sql_update=sql update+"Q="+temp_ Q+",Pheromone="+(rs.getFloat(AttributeCount+DynamicAttribute+2)+rs.getFloat(AttributeCount+Dy
namicAttribute+2)*temp_Q)+",CAL="T""+" where ID="+temp_ID;
k1=s3.executeUpdate(sql_update);
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}

else

{
sql_update="update cleveland.candidate set Q=0 where ID="+temp ID;
kl=s3.executeUpdate(sql_update);

}
else /*m!' Pt
pruning,*” P 1#7 pheromone*/
{
for (a=1;a<=(AttributeCount+DynamicAttribute+1);a++)  / *——————————————————,‘-{ﬁ’ ERIFE - term[0][*] ] fflr ™' ]---*/
{
if (rs.getFloat(a)!=99)
{
term[a][0]=String.valueOf{(rs.getFloat(a));
term[a][1]="T";
}
else
{
term[a][0]="99";
term[a][1]="F";

} P AR T

P RFRIERIE R
term_count=0;
for (g=1;g<DynamicAttribute*2;g=g+2)
{

if (term[g][1].equals("T"))

{

term_count=term_count+1;

}
for (g=(DynamicAttribute*2+1);g<=AttributeCount+DynamicAttribute;g++)

{
if (term[g][1].equals("T"))
{

term_count=term_count+1;

if (term_count>=2)
{
temp_Q=rs.getFloat(AttributeCount+DynamicAttribute+3);
do
{
global Q=-100;
Arrays.fill(delta_Q,0,AttributeCount+DynamicAttribute+1,-2);
for (h=1;h<=(AttributeCount+DynamicAttribute);h++)
{
temp_term1="";

temp_term2="";
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if (h<=DynamicAttribute*2)

{

if (h%2==1)

{

if (term[h][1].equals("T"))

{

temp_terml=term[h][0];
temp_term2=term[h+1][0];
term[h][0]="99";
term[h][1]="F";
term[h+1][0]="99";
term[h+1][1]="F";

sql_TP="select count(*) from cleveland.source where ";

sql_TN="select count(*) from cleveland.source where (";
c=0;
for (a=1;a<(DynamicAttribute*2);a=a+2)
{
if (term[a][1].equals("T"))
{
if (Float.parseFloat(term[a+1][0])<=0)
{

sql_TP=sql TP+"a"+(a-c)+"<"+term[a][0]+" and

"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";

sql_ TN=sql TN+"a"+(a-c)+">"+term[a][0]+" or

"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";

}

else

{
sql_TP=sql TP+"a"+(a-c)+">"+term[a][0]+" and

"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";

sql_TN=sql TN+"a"+(a-c)+"<"+term[a][0]+" or

"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";

1

}
}
c=ctl1;
}
for (a=(DynamicAttribute*2)+1;a<=(AttributeCount+DynamicAttribute);a++)
{
if (term[a][1].equals("T"))
{
sql_TP=sql TP+"a"+(a-DynamicAttribute)+"="+term[a][0]+" and ";
sql_TN=sql TN+"a"+(a-DynamicAttribute)+"<>"+term[a][0]+" or ";

}
if (sql_TN.substring((sql_TN.length()-4),sql_TN.length()).equals(" or "))
{
sql_TN=sql_TN.substring(0,(sql_TN.length()-4));

}
sql._TN=sql TN+")and";
sql_FN=sql_TN+"a"+(AttributeCount+1)+"="+term[AttributeCount+DynamicAttribute+1][0];
sql._TN=sql TN+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_FP=sql_TP+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_TP=sql TP+"a"+(AttributeCount+1)+"="+term[AttributeCount+DynamicAttribute+1][0];

System.out.println(sql_FP);
rs2=s2.executeQuery(sql_FP);
rs2. first();
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FP=rs2.getFloat(1);
System.out.println(sql_FN);
rs2=s2.executeQuery(sql_FN);

rs2 first();

FN=rs2.getFloat(1);
System.out.println(sql_TP);
rs2=s2.executeQuery(sql_TP);

rs2 first();

TP=rs2.getFloat(1);
System.out.println(sql_TN);
rs2=s2.executeQuery(sql_TN);

rs2 first();
TN=rs2.getFloat(1);

if (TP==0 && FN==0) || (TN==0 && FP==0))
{

Q=0;
}

else

{
Q=(TP/(TP+FN))*(TN/(FP+TN));

term[h][0]=temp_terml;
term[h+1][0]=temp_term?2;
term[h][1]="T";
term[h+1][1]="T";
delta_Q[h]=Q-temp Q;

if (delta_Q[h]>global_Q)

{
global Q=delta_Q[h];
}
}
}
}
else
{

if (term[h][1].equals("T"))

{
temp_terml=term[h][0];
term[h][0]="99";
term[h][1]="F";

sql_TP="select count(*) from cleveland.source where ";

sql_TN="select count(*) from cleveland.source where (";
c=0;
for (a=1;a<(DynamicAttribute*2);a=a+2)
{

if (term[a][1].equals("T"))

{

if (Float.parseFloat(term[a+1][0])<=0)

{
sql_TP=sql TP+"a"+(a-c)+"<"+term[a][0]+" and

"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";

sql_TN=sql TN+"a"+(a-c)+">"+term[a][0]+" or

"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";

}

else
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sql_TP=sql TP+"a"+(a-c)+">"+term[a][0]+" and
"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";
sql_TN=sql TN+"a"+(a-c)+"<"+term[a][0]+" or
"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";
}
}
c=c+l1;
}
for (a=(DynamicAttribute*2)+1;a<=(AttributeCount+DynamicAttribute);a++)
{
if (term[a][1].equals("T"))
{
sql TP=sql TP+"a"+(a-DynamicAttribute)+"="+term[a][0]+" and ";
sql TN=sql TN+"a"+(a-DynamicAttribute)+"<>"+term[a][0]+" or ";

}
if (sqL_TN.substring((sql_TN.length()-4),sql_TN.length()).equals(" or "))
{
sql_TN=sql TN.substring(0,(sql_TN.length()-4));
}
sql TN=sql TN+")and";
sql_FN=sql TN+"a"+(AttributeCount+1)+"="+term[AttributeCount+DynamicAttribute+1][0];
sql_TN=sql TN+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_FP=sql_TP+"a"+(AttributeCount+1)+"<>"+term[ AttributeCount+DynamicAttribute+1][0];
sql_TP=sql TP+"a"+(AttributeCount+1)+"="+term[AttributeCount+DynamicAttribute+1][0];
rs2=s2.executeQuery(sql_FP);
rs2.first();
FP=rs2.getFloat(1);
rs2=s2.executeQuery(sql_FN);
rs2.first();
FN=rs2.getFloat(1);
rs2=s2.executeQuery(sql_TP);
rs2.first();
TP=rs2.getFloat(1);
rs2=s2.executeQuery(sql_TN);
rs2.first();
TN=rs2.getFloat(1);

if (TP==0 && FN==0) || (TN==0 && FP==0))

{
Q=0;
}
else
{
Q=(TP/(TP+FN))*(TN/(FP+TN));
}

term[h][0]=temp_term1;
term[h][1]="T";
delta Q[h]=Q-temp Q;
if (delta_Q[h]>global_Q)
{

global Q=delta Q[h];
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if (global_Q>0)
{
pruning_point=Arrays.binarySearch(delta_Q,global Q);
for (g=1;g<=AttributeCount+DynamicAttribute;g++)

{
if (global_Q==delta_Q[g])
{
pruning_point=g;

if (pruning_point<0)
{

System.out.print("error");

H

if (pruning_point<DynamicAttribute*2)
{
term[pruning_point][0]="99";
term[pruning_point][1]="F";
term[pruning_point+1][0]="99";
term[pruning_point+1][1]="F";
}
else
{
term[pruning_point][0]="99";
term[pruning_point][1]="F";

}

temp_Q=temp Q-+global Q;
}
term_count=0;

for (g=1;g<DynamicAttribute*2;g=g+2)

{
if (term[g][1].equals("T"))
{
term_count=term_count+1;
}
}
for (g=(DynamicAttribute*2+1);g<=AttributeCount+DynamicAttribute;g++)
{
if (term[g][1].equals("T"))
{
term_count=term_count+1;
}
}

}+ while (global Q>0 && term_count>=2);

if (temp_Q!=rs.getFloat(AttributeCount+DynamicAttribute+3))

{
sql_update="update cleveland.candidate set ";
for (g=1;g<=(AttributeCount+DynamicAttribute);g++)
{
if (term[g][1].equals("T")) i tru@}iﬁ'}ﬁi' IRIENE R o ESS Sl IV N Rl
{
sql_update=sql updatet+"a"+g+"="+term[g][0]+",";
}
}
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sql_update=sql update+"Q="+temp_ Q+",Pheromone="+(rs.getFloat(AttributeCount+DynamicAttribute+2)+rs.getFloat(AttributeCount+Dy
namicAttribute+2)*temp Q)+",CAL='T""+" where ID="+temp ID;
kl=s3.executeUpdate(sql_update);

}

else /*don't to do rule
pruning*/
{
if (rs.getString(AttributeCount+DynamicAttribute+5).equals("F"))
{
for (a=1;a<=(AttributeCount+DynamicAttribute+1);a++)  / *——————————————————,‘-{ﬁ’ EORIFE - term[0][*] 7 ffly ™' ]---*/
{
if (rs.getFloat(a)!=99)
{
term[a][0]=String.valueOf{(rs.getFloat(a));
term[a][1]="T";
}
else
{
term[a][0]="99";
term[a][1]="F";

}
AR 1 T 1%
term_count=0;
for (g=1;g<DynamicAttribute*2;g=g+2)
{

if (term[g][1].equals("T"))

{

term_count=term_count+1;

}
for (g=(DynamicAttribute*2+1);g<=AttributeCount+DynamicAttribute;g++)

{
if (term[g][1].equals("T"))
{

term_count=term_count+1;

if (term_count>1)
{
L T Rl — *
sql_TP="select count(*) from cleveland.source where ";
sql_TN="select count(*) from cleveland.source where (";
c=0;
for (a=1;a<(DynamicAttribute*2);a=a+2)
{
if (term[a][1].equals("T"))
{
if (Float.parseFloat(term[a+1][0])<=0)
{
sql TP=sql TP+"a"+(a-c)+"<"+term[a][0]+" and
"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";
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sql_TN=sql TN+"a"+(a-c)+">"+term[a][0]+" or
"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";
}
else
{
sql_TP=sql TP+"a"+(a-c)+">"+term[a][0]+" and
"+"a"+(a-c)+"<"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" and ";
sql_ TN=sql TN+"a"+(a-c)+"<"+term[a][0]+" or
"+"a"+(a-c)+">"+(Float.parseFloat(term[a][0])+Float.parseFloat(term[a+1][0]))+" or ";
}
}
c=c+l1;
}
for (a=(DynamicAttribute*2)+1;a<=(AttributeCount+DynamicAttribute);a++)
{
if (term[a][1].equals("T"))
{
sql_TP=sql TP+"a"+(a-DynamicAttribute)+"="+term[a][0]+" and ";
sql_TN=sql_TN+"a"+(a-DynamicAttribute)+"<>"+term[a][0]+" or ";

}
if (sqL_TN.substring((sql_TN.length()-4),sql_TN.length()).equals(" or "))
{

sql_TN=sql_TN.substring(0,(sql_TN.length()-4));
}
sql_ TN=sql TN+")and ";
sql_FN=sql TN-+"a"+(AttributeCount+1)+"="+term[ AttributeCount+DynamicAttribute+1][0];
sql_ TN=sql TN+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_FP=sql_TP+"a"+(AttributeCount+1)+"<>"+term[AttributeCount+DynamicAttribute+1][0];
sql_TP=sql TP+"a"+(AttributeCount+1)+"="+term[AttributeCount+DynamicAttribute+1][0];

rs2=s2.executeQuery(sql_FP);
rs2.first();

FP=rs2.getFloat(1);
rs2=s2.executeQuery(sql_FN);
rs2. first();

FN=rs2.getFloat(1);
rs2=s2.executeQuery(sql_TP);
rs2.first();

TP=rs2.getFloat(1);
rs2=s2.executeQuery(sql_TN);
rs2.first();

TN=rs2.getFloat(1);

if (TP==0 && FN==0) || (TN==0 && FP==0))
{

Q=0;
}

else

{
Q=(TP/(TP+FN))*(TN/(FP+TN));

/I Q=(TP/(TP+FN))*(TN/(FP+TN));

sql_update="update cleveland.candidate set
Q="+Q+",Pheromone="+(rs.getFloat(AttributeCount+DynamicAttribute+2)+rs.getFloat(AttributeCount+DynamicAttribute+2)*Q)+",CAL=
'T' where ID="+rs.getFloat(AttributeCount+DynamicAttribute+4);

k1=s3.executeUpdate(sql_update);
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}

else

{
sql_update="update cleveland.candidate set Q=0,CAI="T" where ID="+temp_ID;
kl=s3.executeUpdate(sql_update);

H

else
{
sql_update
Pheromone="+(rs.getFloat(AttributeCount+DynamicAttribute+2)+rs.getFloat(AttributeCount+DynamicAttribute+2)*rs.getFloat(AttributeC
ount+DynamicAttribute+3))+" where ID="+rs.getFloat(AttributeCount+DynamicAttribute+4);
k1=s3.executeUpdate(sql_update);

update cleveland.candidate set

-

[H o R13#r Pheromone 5 [ */

/*

N

dooAREAE 100 PO

% -J[J‘:féyyg: F]ij |’3;c\f;%'1?' k)
sql_optimal="select * from cleveland.candidate order by Q DESC limit 1";
s_optimal=MyConn.createStatement();
rs_optimal=s_optimal.executeQuery(sql_optimal);
rs_optimal.first();

/! System.out.println(rs_optimal.getFloat(19));

sql_rules="select * from cleveland.rules";
s_rules=MyConn2.createStatement();
rs_rules=s_rules.executeQuery(sql_rules);
rs_rules.first();
rs_rules.moveTolnsertRow();

for (k2=1;k2<=DynamicAttribute+AttributeCount+3;k2++)

{
rs_rules.updateFloat(k2,rs_optimal.getFloat(k2));
}
rs_rules.insertRow();
[¥* PR Y R e d oo *x/
[ PR PO R VR 8 el e A >/

sql_cut="delete from cleveland.source where ";
s_cut=MyConn2.createStatement();

c=0;
for (k2=1;k2<(DynamicAttribute*2);k2=k2+2)
{
if (rs_optimal.getFloat(k2)!=99)
{
if (rs_optimal.getFloat(k2+1)<=0)
{
sql_cut=sql_cut+"a"+(k2-c)+"<"+rs_optimal.getFloat(k2)+" and
"+"a"+(k2-c)+">"+(rs_optimal.getFloat(k2)+rs_optimal.getFloat(k2+1))+" and ";

}
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else

{

sql_cut=sql_cut+"a"+(k2-c)+">"+rs_optimal.getFloat(k2)+" and

"+"a"+(k2-c)+"<"+(rs_optimal.getFloat(k2)+rs_optimal.getFloat(k2+1))+" and ";

1

1

}
}
c=c+l1;

}

for (k2=(DynamicAttribute*2)+1;k2<=(AttributeCount+DynamicAttribute);k2++)

{
if (rs_optimal.getFloat(k2)!=99)

{

sql_cut=sql_cut+"a"+(k2-DynamicAttribute)+"="+rs_optimal.getFloat(k2)+" and ";

}

sql_cut=sql_cut+"a"+(AttributeCount+1)+"="+rs_optimal.getFloat(AttributeCount+DynamicAttribute+1);
sql_cut=sql_cutt+"a"+(AttributeCount+1)+"<="+MaxCategory[AttributeCount+DynamicAttribute+1];

k=s_cut.executeUpdate(sql_cut);
System.out.println(k);
if (k==0)
{
end_count=end count+l1;
}
else
{
end_count=0;

}

remaining_records=remaining_records-k;

System.out.printIn("F&[&x A B H| 55 KV VR T8y "+remaining_records);

sql_cut="delete from cleveland.candidate";
k=s_cut.executeUpdate(sql_cut);

prx PHFA & U PRI T R e 0 7—end

oo I

end

System.out.printIn(" Ant-Miner Algorithm runing finished !!!");

}

catch(ClassNotFoundException ¢)
{
System.out.print("+5 | Z{[EHAEE R ),
}
catch(SQLException ¢)
{
System.out.print("SQL n:_‘ﬁ?? I FEEGT L "te);
}

*/

/*¥1006.{Zdx 1 */
/*¥1003 {Eds 1 */

/*
[¥% e A~ Wi *E/
System.out.println(" ");
System.out.printIn("Ff §153 liE?ﬁYF[JTﬁT;} ,ﬁ*ﬁi B,

TestPath=SourcePath.substring(0,(SourcePath.length()-4))+"_T1.csv";

System.out.println(TestPath);
File TestFile=new File(TestPath);

nd

jr R

*%/
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The Variation Reduction-Indexing Approach for Case-Based
Reasoning to Predict the Due Dates in a Dynamic Job Shop

Cheng-Hsiang Liu, D. Y. Sha
Department of Industrial Engineering and Management, National Chiao Tung University
1001 Ta Hsueh Road, Hsinchu, Taiwan (R.O.C.) 30050

ABSTRACT

In this study, a novel case indexing approach is proposed for case based reasoning (CBR). This new approach,
called the variation reduction-indexing (VR-indexing) approach, is a modified form of the inductive
learning-indexing approach and is applied especially for CBR in numeric prediction. The VR-indexing approach
clusters similar cases in the memory by inducting a tree-shaped structure, in order to improve the efficiency and
effectiveness of case retrieval. This study applies CBR with VR-indexing approach (VR-CBR) for solving the
due date assignment problem in a dynamic job shop environment in order to investigate whether VR-CBR
expected benefits can be observed in practice. The results of the experiments show that our proposed VR-CBR
can indeed more accurately predict the job due date than the other methods presently in use.

Keywords: Case-based reasoning; Numeric prediction; Due date assignment

1. INTRODUCTION

Case-based reasoning (CBR) is a general problem solving method with a simple and appealing definition [5]
that emphasizes the finding of appropriate past experiences as a solution to new problems. The central tasks that
CBR methods deal with are the identification of the current problem situation, finding a past case similar to the
new one, use that case to suggest a solution to the current problem, evaluate the proposed solution and update
the system by learning from this experience [1,6]. In doing these tasks, the most basic problem in CBR is the
retrieval and selection of relevant cases, since the remaining operations of adaptation and evaluation will
succeed only if the past cases are the relevant ones [8]. The retrieval of relevant cases is closely related and
dependent upon the indexing approach used. The indexes organize and label cases in the case base with respect
to the aim of deciding under what circumstances the cases may be useful. In this study, a modified form of
inductive learning-indexing (IL-indexing) approach is proposed, called the variation reduction-indexing
(VR-indexing) approach. It inherits the advantages and characteristics of the IL-indexing approach to assist the
CBR method in indexing and retrieving cases for improving the effectiveness of numeric prediction.

In order to evaluate the effectiveness of the VR-CBR in numeric prediction, the VR-CBR is applied to a due
date assignment problem in a dynamic job shop environment to investigate whether VR-CBR expected benefits
can be observed in practice. The due date assignment is an important task in shop floor control. Assigning exact
due dates and timely delivering the goods to the customer will enhance customer’s satisfaction as well as

provide a competitive advantage. Simulation results show that our proposed VR-CBR is significantly better than
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the existing conventional regression-based due date assignment methods and the commonly used machine

learning tools in reducing the prediction error.

2. RELEVANT LITERATURE
In order to describe the process of developing the VR-indexing approach to CBR for due date assignment in
a dynamic job shop environment, it will be helpful to first discuss the following two areas as background: case

indexing and due date assignment.

2.1 Case indexing

The most basic problem in CBR is the retrieval and selection of relevant cases. The retrieval of relevant cases
is closely related to and dependent upon the indexing approach used. There are five approaches for case
indexing [12]: checklist-based indexing, difference-based indexing, similarity and explanation-based
generalization methods, inductive learning methods, and explanation-based techniques. Among these
approaches, the inductive learning-indexing (IL-indexing) approaches are widely used (e.g., in Cognitive
system’s ReMind) and commonly use variants of the ID3 algorithm used for rule induction [12]. The
IL-indexing approach clusters cases that are similar to one another and figures out which category best matches
the new situation. It then selects the most similar items in that category and adapts it as the new solution. The
traditional induction algorithms such as ID3 and C4.5 determine which features do the best job in discriminating
cases and then generate a tree-shape classification structure to organize and index the cases in the case memory.

However, these algorithms are not suited to index the class that takes on a continuous numeric value.

2.2 Due date assignment

With the current emphasis on the just-in-time (JIT) production philosophy, it is crucial to meet the target job
due date. To date, many regression-based due date assignment methods have been proposed, including Constant
Allowance (CON), Total Work Content (TWK), Common Slack (SLK), Random Allowance (RAN), Number of
Operations (NOP), Jobs in System (JIS), Jobs in Queue (JIQ), Operation Flowtime Sampling (OFS), and
Congestion and Operation Flowtime Sampling (COFS), and the advantages of these classical approaches are
easy to comprehend and practice. In recent years, many artificial intelligent and machine learning tools have
been used for decision support and generating forecasts. Philipoom et al. [9,10] considered a new procedure for
internally setting due dates, namely, neural network prediction, in a simple flow shop. Chang et al. [2] and Chiu
et al. [3] explored case-based reasoning in the due date assignment problem of the wafer fabrication factory, the
experimental results have shown that the CBR approach is very effective and comparable with a neural network
approach.

Our purpose here is to begin the development of a novel case indexing approach for CBR for numeric
prediction and attempt to see whether the due date setting performance of CBR with this novel case indexing
approach can outperform regression-based due date assignment methods that are commonly used in research

and in practice, neural networks, and regular CBR.
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3. VR-INDEXING CBR

3.1 VR-indexing approach

The new case indexing approach for CBR is called the variation reduction-indexing (VR-indexing) approach.
The basic idea behind building the index of cases for predicting the numeric value is inspired by the concept of
model trees algorithm [11]. The VR-indexing approach involves two distinct processes. First, a decision tree
induction algorithm is used to build a tree for classifying the cases. Instead of maximizing the information gain
at each interior node, a splitting criterion is used that minimizes the intra-subset variation in the class values
down each branch [11]. The splitting criterion is standard deviation reduction (SDR) that given in [11] and is

calculated as follows,

SDR = sd(T) —zmxsd(ﬂ)

]

where T; and sd(7T;) denote the subset of cases that have the ith outcome of the potential test, and the standard

deviation of the target values of cases in 7; respectively. After examining all possible tests, the attribute which
maximizes the SDR is chosen for splitting at that node. Splitting in the tree ends when the target class values of
all the cases that reach a node vary only very slightly, or if only a few cases remain [11]. In this study, we do not
split nodes if the branch cannot contain more than 5% of the entire case base of examples. Neither do we split
them if the standard deviation of the class values of the examples at the node is less than 5% of the standard
deviation of the class values of the entire case base of examples [11]. Second, after the tree is built, each case in
the case base will be classified into a leaf. Each leaf in the tree denotes a unique class, which means a particular

index. Each case in the case base is indexed according to the leaf into which the case falls.

3.2 Case retrieval and adaptation

When the query case arrives, a class of cases that are similar to the case in question is retrieved based on the
feature values of the query one to make the routing decision at each node in the tree-shape classification
structure. On this subset of cases, the £-NN is performed to find the & best matches. The similarity between an
old case (say Case,) and a given query case (say Case,) can be measured using the standard Euclidean distance
metric. After calculating the similarity between a query case (Case,) and each case in the retrieved class, the £
cases that are similar to the query case are identified. The expected target value (7V;) of the query case is

derived by Jo et al. [4] and is obtained by Equation (2),

E(TVt‘{Stb )= Z L S N

b=l Zi:l Sﬁ
Where n, Sy, and TV, denote the number of cases selected to generate the forecast, the similarity between the
query case ¢ and the selected case b, and the flowtime of selected case b for the subject application respectively.
Among these, the similarity between the query case and selected case is captured by inversing the distance
between them.
The advantages of VR-indexing approach are: (1) it can index the cases at the stage of case retrieval for

predicting a “class” that takes on a continuous numeric value, rather than a discrete category into which an
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example falls; (2) the VR-indexing approach divides the original case base into several subsets of cases.

Retrieving a case from a subset of cases is more efficient than retrieving it from the overall case base.

4. EXPERIMENTAL DESIGN
In this section, we have applied the VR-CBR to solve the due date assignment problem in a dynamic job

shop environment, to investigate whether VR-CBR expected benefits are observed in practice.

4.1  The job shop model

In order to evaluate the effectiveness of VR-CBR in solving the due date assignment problem, a suitable shop
model needs to be defined. This research used a 10x10 benchmark problem from Lawrence [7]. This test model
has ten jobs, each with ten operations and ten machines. In this study, the probability of each product being
chosen to be released into the shop is equal. Job inter-arrival times were also selected from a negative
exponential distribution, but with a mean 76.5. This resulted in a shop utilization of 90 percent, which represents

a heavy shop load. SPT is the dispatching rule that is being used in our study.

4.2  Data collection

This study collected a lot of data using a simulation experiment in a virtual job shop. It is necessary to
guarantee statistical independence among the cases before the test is performed. To insure this, once the
simulation has reached the steady state, only one in every 50 outputs from the shop simulation is randomly
selected to be included in the sample of 15 000 jobs as the case sets. The warm-up period for the shop is the
time interval from the start of the simulation to the completion of the first 10 000 jobs. In this study, 48
characteristics and actual flowtime were observed, and are listed in Table 1. Among the 15 000 case points, 5000
points were randomly selected as the raw training data, and the remaining ones were used as the testing data to
check the due date predictability of due date assignment methods. Many features were gathered for the collected
job. Some features influence the flowtime, while others do not. This experiment acquired influential features by
means of screening with a stepwise regression procedure for raw training data in order to select statistically
significant input features. Once the influential features were identified, the case of each job in raw training data

was represented by these and their actual flowtimes, to arrive in the training data.

4.3  Due date assignment method

For comparison with our proposed VR-CBR, regular case-based reasoning (CBR), back-propagation neural
networks (BPN), regression model (REG), jobs in queue (JIQ), and total work content (TWK) due date
assignment methods were chosen. For training the VR-CBR and CBR, four fifths of the training data are used as
the case base, and the remaining ones are used as the training data for the CBR systems. The REG rule

constructed a unique multivariate linear model, based on the information of influential features.
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Table 1. Complete data for each collected job

Factor Information
B1,...,B5 Processing times for operating in 1%, ..., 5™ bottleneck machine for job i
™ Sum of processing times for job i

MIQL,..., M10QL  Sum of the jobs presently in queue on machine 1,..., 10
MIWL,..., MIOWL Sum of the remaining processing time on the machine 1,..., 10 for all the jobs in the shop

NJ1,...,NJ10 Work in process of job 1,..., 10 in the shop

JIR,..., JIOR Average flow time (three lots) of job 1,..., 10, which had most recently completed jobs
SRT Sum of the remaining processing time for all jobs in the shop

WIP Work in process in the shop

FT Actual flowtime in the system of job i

5. EXPERIMENT RESULTS

In summary, the procedure described above was followed to generate 5000 data points from the shop as the
training data in the virtual job shop. Those data points were used to construct the due date assignment methods
of CBR, BPN, REG, JIQ, TWK, and to model the VR-CBR. Once all the methods were constructed during the
training phase, as described above, they were tested using the additional 10 000 data points generated
specifically for that purpose from the same shop. The 10 000 testing data were formed into 10 batches of 1000
testing data each. The root mean squared error (RMSE) is used consistently to measure the performances of all
the due date assignment methods.

The results of the experiment are summarized in Table 2. Each item in Table 2 is an average of the ten
batches of the experiment. The results in Table 2 demonstrate that the VR-CBR appears to be the best. Table 3
represents the results of the paired #-tests. The due date assignment methods in Table 3 are listed in descending
order of performance. They are grouped into homogeneous subsets that are indicated by underline if the
difference between the means of performance measure of two methods in the subset is not significantly beyond
the prescribed 0=0.003 level. The VR-CBR is significantly better than the other methods. In addition, the
differences between the CBR and BPN are not significant, but the both methods are significantly better than the
REG, JIQ, and TWK methods.

Table 2. The RMSE for each method Table 3. Comparison of due date assignment methods
Category Methods RMSE Due date assignment method
VR-CBR 783.89 VR-CBR BPN CBR REG JIQ TWK
Machine learning CBR 246.00
tools
BPN 832.90
REG 882.29
Regression-based
DDA methods Q 931.30
TWK 960.89

6. CONCLUSIONS

In this study, we presented a new case indexing approach of CBR for numeric prediction, called the variation
reduction-indexing approach. This paper examined the effectiveness of VR-CBR for solving the due date

assignment problem in a dynamic job shop environment. When the new job arrives, the VR-CBR works as
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follows: first, using the tree-shape classification structure it retrieves a class of cases. On this subset of cases, the
k-NN is performed to find the relevant cases. The VR-CBR is compared with the CBR, BPN, REG, JIQ, and
TWK methods with respect to RMSE. The results indicated that the VR-CBR exhibits a performance that is
superior to the CBR and other methods. The paired-£ tests also reinforce the fact that the VR-CBR is the overall
best. Future studies might want to focus on investigating whether further improvement can be made by a better
design of the VR-CBR method. In addition, using the fuzzy concepts in expressing the feature value would be
another worthwhile research topic. Lastly, we would like to explore more applications of VR-CBR in other

manufacturing areas.
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