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A Study of the Ant Colony System for the Discovery of Classification Rules

Student Hui-Chi Chen Advisors  Dr. Duen-Ren Liu
Dr. B.M.T. Lin

Institute of Information Management
National Chiao Tung University

ABSTRACT

Ant Colony Optimization (ACO) was proposed by Colorni et al in 1991 from the
collaborative behavior of ant colonies. It has been applied to such combinatorial optimization
problems as traveling salesman problem, quadratic assignment problem, just to name afew. In
the recent years, the ACO approach was deployed in the area of data mining, where
algorithmic and statistical techniques are used to discover or extract useful information as
well as knowledge from large volume of data. This thesis aims to study the efficiency and
effectiveness of Ant-Miner, awell-known classifier that is developed using ACO.

The major function of Ant-Miner isto extract classification rules out of the examined
data sets. The terms or conditions of arule will be added or removed by ant colony through
collaboration or pheromone sharing. The focus of this research is set on the performance
comparison between Ant-Miner and Weka, which is a data mining tool incorporating machine
learning mechanisms.

In this research, we have two data sets with nominal attributes. Thefirst set is selected
from the UCI Machine Learning Repository, and the second is areal data set collected in 2005
by alocal research institute. We use the two data sets to compare Naivebayes and Decision
Tree with Ant-Miner.

Experimental results and analysis show that different classification tools demonstrate
different levels of efficiency and effectiveness. We aso examine the performance of
Ant-Miner resulted from different parameter settings, including such as colony size,
evaporation rate and diversification level.

Keywords: Data Mining, Knowledge Management, ACO, NaiveBayes, Decision Tree
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Al e dok o TAERGME AR L 0 (T E t‘!%‘]/\ Y R R T 1R
$oéﬁﬁgéaiﬁwﬁ(%@$)%ﬁ’?%é%éﬁ»%ﬁ?{%&&
2 (R ATETIRRBE) FIL L EROFE 2Ot R R B Tt A
AAFARFLRFEE Y § ERERAE 2T A MIIERIFAE -

B oo R A g e AgEikt A kG B SRS 0 Ra
BEb s Rt B it B o P OEOR A T BRI L s gt
BEIRIEF R 2P E e LA TG - HINFEE 0 T RSB
M %o 4ot BN i (Bayesian Belief Networks) - @ fAjad®:d 4
el AL o 0 - A B ANR B 2T 0 R B S AR E o e
ten-binsentropy £ ;' » "R L VAN EFL LV AN -

LR A R

AR B RE Y2 1R LS E R (training data) kA § F A
AEEEALB]IL R R i i RS P A Bk 2 o R 0 BB
P S H B AT S A AT TR o A R 1
B SR 07 5k 2 A aiAe > Fla L S

Bt ERE F AN e 2 BN Rendild s S - R AP R LT R
TG S 5 RN FR D G Y o R AR RS SR L E
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LA AR E T o

AT AN e B m’ﬁ~1ﬁ¢%Man®’4—%ﬁ
Aot W k& B2 S A< & 8 (interna node 0 K-€ ok B[ETA- A -
ﬁql';ma»—r - K 7n— B+ g ot € FeR T 'J"Lr*}% 'g‘q”i::fj ZEH
é‘%(leaf),a ab oo e aRAs ko Lﬁ\ﬁj’)"ﬁdg\m— ¥ # +kS ¥ (Boolean function ) s &
v Rk 1‘;&?]" g B Eﬁ%(node)*fss 7 ¥ - =/ (Attrubute) - BT A
FIRR W 218 e 5F o

v - B ﬁ§ T SN U L P - o e A - I B Rl S8 S 1

1““;

»3-;

=X ff::ﬁii\j\ BBk s @ JRAR MY T Rihif & A —&f’%ﬂi;ﬁ—fﬁk 1L 14 i
FEE L ArER X F T ARG R A EEE T ATUATEHRRE TR
"L AR R RATLFRE NS EE o

outlook

sunny  overcast rainy

Crumigy > [ves | Coiny

<=75 >75 true false
/ \ / \
yes no no yes

B ARHE R P AR R

HAIBghi23 0T A

1. CART(Classfication And Regression Trees {1 * 2" R & - = &
e RS 0 3E O B e RS (EntireError Rate) & 7 ¥ {818 ¥ e
T o

2. CHAID(CHi sguare Automatic Interaction Detector : :& * + = & 2%
BaFTHAA NP P EFLAR DL FHEERA BT &g+ 30
i > g u) g1 (Categorical Attribute) &4 35 H o

3. ID HIEfu At ikie g NEDURFRFT L 0 b - X

EERS N SRR Rl CEE IR ST T
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4. C 5: 45 ID3char 22 > v { 4 B & 4 A2 F @3 B
e E RS ¥ by LB BT A 4 o
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Training Set = all training cases;
WHILE (NO. of uncovered casesin the Training Set > Max_Uncovered_cases)
i=0;
REPEAT
i=i+1;
Ant; incrementally constructs a classification rule ;
Prune the just-constructed rule ;
Update the pheromone of the trail followed by Ant; ;
UNTIL (i > No_of_Ants) OR
(Ant; constructed the same rule than the previous
No_Rules Converg—1Ants)
Select the best rule among all constructed rules;;
Remove the cases correctly covered by the selected rule from the Training Set,

END WHILE

1) Ant-Miner 425
T kiR - Rrfael et al.,

IS Uk A M L

3 Refael X845 1 { RALEOFE - R AEF & LAl

fRRE Bk ¢ LA T AHRFS S e FE > L RET A FATRAR PR
B gk & 8 Hom(Ant-Miner) e FldeT

ACS(Ant Colony System) 7 i H shagent > ¥ &2 H s & £ | & iy

=0T o
R - RiE 5o

BRATIF IR A AN A RS R SRS ok

HARE o
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P o

Condition: & Z fgplhltanBiks &

<condition>: =terml AND term2...

term: # 7 = 5 p F<attribute > operator > value>

attribut : B

value : *tAE i 1 aiE

operator : B %3\

class : # % record =7g Bl4F 4
- B4 Rule 72 ¢ z2f

B o] uB B k> WA E § G en

HAmgE# 4 » choterm 2.4 - B iE i ok 2]
ﬁ%ﬁ&&ﬁﬁﬁﬁﬁﬁ

IS

R - & Fon s Rl SR

Ant - Z4e- B2 3 rule? E3j@i2at? S0k > @ g2 u A3

PN Bt~ TR - i term - e > BFH case #-] >t user-specified
threshold iz b f 2 SMin_cases_per_rule » i}u{ﬁ ®rules 3
N case #ik o

e o~ g BEd e S ANt i o 4 1* AL  Ee HEv g 4~ rule

FAR R - fEER A Wi o R AETREE 2 shrule &
-@F“'\iﬁ’@? R4 BAJLAEA A R BT R x dhrules s LA
%R term iR A g g nterm T i LT 5 aterm aE AR A PG -
L7 g POEER 4 AT - KRBT BB L0

FotuEa A vehrule M PR E LA BT K THT - §5

RE AR AT D X RFRDF R CBRREELERAT BV EE
it ksd TLERE 28(No_of _Ants) » T 4 ifikehiicd » 1Mo ¥
FRMET oA F2smibkirad hkarule& - Sk Tioa B
g LB ERE o AT A Sdki (No_Rules_Converg) » ik

7 #%rE f b e (FE 5] training set ¢ 7 ¢ Zehcase #ic] B E L

“r%_% 1 threshold(§£2 % Max_uncovered_cases > ~ ﬁ%‘u%’\training
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set % & 7 b # tiadining set M ¢ case #ic’] *t
Max_uncovered_cases ¥ > rule 0% i i5 1t > pdt “740F $lehrule ¢

%31 ordered rule ® > 1@ * 3t 37T case gk 5 o

TSNP B e AR RN TP
R R (Rule Construction)
Tl] (t) 77|j

ZZTU t)-m;,Viel

ny s the value of a problem-dependent heuristic function

R ®)=

(7)

for termij;

7;(t) * s the amount of pheromone currently available (at time
t) In the position i1,j of the trail being followed by
the ant;

a : is the total number of attributes;

b : 1s the total number of values on the domain of attribute

i:

:are the attributes 1 not yet used by the ant

Ty Fe R ¢rE AR ny SRR 4

A FABE FOAR S G RF RERE v A B

? i 4“)‘5”’7%*& ] 2w & & N i o) EERR D 3
B e

o 38 S #ic(Heuristic Function)
& Ant-Miner 7 %o ;8 B 4% % - 1 term ek 7&{?&%

rrule gt LAppI B RS R 4 0 S Li&{entropy SRR & F el

inf oT, = Zk{freq ] QZ[M] (8)
Wl m i

k : #w(class)#k
‘ ij‘ : is the total number of cases in partition T, (partition

[

containing the cases where attribute A has value V,

1]

freq'l'ijW : 1s the number of cases in partition T; that have class

W.

23



Y
I

TR xR infoT) e g 4200 2 log, (k) =

Range : 0<inf oT; <log, (k)

AR T SRR R AR

o o

=

S

Jo

|l

Q=( ) x

FalsePos (false positives) : & rule ® 7 fp3t2 SERIEE S P 91k

TrueNeg (true negatives) : & rule ® 7 p3t 2 FERIEE S P 9T R &

log, (k) —inf oOT;

My =— ©)

ij

b
> > log, (k) —inf oT,
j

DA B {e(the total number of attributes)
DR AAEE B 9 &4 {r#(the number of values in the domain

of attribute i.)

4partition T e T fih{fy},rip’ év’ﬂf:siv” A training set "
% g);?i ,.'gjgg.o-rii A p )_T‘%g\lnf OTij :|ng(k) ,#Bg_,«&/;'rermj
B M A FRRlAe 4 o
spartition it + Bodp e gl o MR =0
*Tem, BB 7 i SRl 4
BBz 37 (Rule Pruning)
BRI iTend & p mﬁ‘uf@ﬁ #% s kole 7 7 i g ahtermo dopt 0 3
Bt A SRRl 4 o S Rrule e L W E o B AT R R EF R
s R 2T E S R, H T’F;‘éﬁ%{fi%%— 7 term: - = Rﬁ%*ﬁf— o3

| @ vaquality £7 3 el > & - B term AR T AR B H -
g

FIE - B term & # ‘,%év’ﬂterm 2R ¢ Rplaquality 3 Ewadiecd &

» #2428 quality 973 25840
TruePos TrueNeg

10
TruePos+ FalseNeg~  FalsePos+ TrueNeg ) (10)

TruePos (true positives) : & rule ® ¢ Fgpl#p W ® #1/& F 9 case
#

FalseNeg (false negatives) : & rule # ¢ FERI#E B ¢ TR & E

case #k

g

case #c

g
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case #c g
8<Q<1

Bk LA

BE TS NIRRT R

r,(t=0=—1 (11)
(2b)
i=1
k : class #&
a ! pHitenid & (the total number of attributes)
b @ R &ApE i 9 E L {-#the number of values in the domain

of attribute i1.)

ESTS
=

(ATR R FF 5 BA SIS » 7L
i derm L H v DR R T

quality &+ 8 > fg 8 40T @

B TruePos ) % TrueNeg
TruePos+ FalseNeq™ FalsePos+ TrueNeg
Lagrm hy R LATEAANR L T 0 fg st

r,t+D) =7, () +7,(1)-Q,Vi,]j etotherule (12)

Q ) (10)F= *

FARF kerm &R S v gk %i}ug\ﬁ UGk - PR ALEMRET Do
WEHE - LGB R R o ﬁa{;ﬁ;g 7ok R ER R A2t

TS A AN e R R PEeERAR R 0 U DR R
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b v A B2 FE

A R A

Ea g A

’-T— r‘ ”’T i—,zk\Fl EJJ

] 5] ;T\: 2 @L%"/ﬁ_ A2 8]

BN A dEiE BT

P %mﬂﬂﬂ&'%iﬁ(ﬂCZWCnﬁﬁ%*F” Nagu Fa k& o
m et ¥ lé’# b

- BRERE X=[XIX2,--xm]T 2 7 3
Mk ARt - BEE XA has G ’lf I g e R RN &
Bl od BN FgIE IEITLT 2050
P(C)P(X|C
P(C,|X) = (C)P(X|C) (13)
P(X)

B¢ PC)FFH P R L CRBHNEL AP F o PX) 5 ¥
P(X|C) 5 s it & C g MmMPLBEE X h 5> P(C|X) 5 £ 15485

i kR MR R X TR A i C ik gy 0 B HEES S et T 2
;\:o

XeC if P(C|X)>P(CjX) for i<j<n i=j (14)

BAPE R BE X LRGBS BIAPET E E
Ci v 5% Cj 2. FFedp v & (likelihood ratio) R :
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_P(C[X) _ PC)P(X[C)

~P(C[X)  P(C))P(X[C)

Bir R>1: &7 X Wiiphesgs Ci; F 2

e sgs G e

A K AR S

i

o = PN
5 Gain &

(15)

» Bdr R<1s &7 X ¥

BY A ¥

BT RM ¥

)

4t
2%
R4

)

i A
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KA K2 FTEP

Information Gain - fEF A2 e/ E# 2 - d Quinlan *+ 1979 &
H#A T A ID3 Lai;]%fﬁﬁa p\, 527 oinformationgain ‘“ it N R
w0 IX)EpE® ehE 0 R A PR B & A fE s (classification) 4 ] {5 mg E
E(AK, X) EpI3E 15 eh Tl % A 2V B S B 1L AK REE1SE B3 B & N b
oo

HA st o tdeT

JNRNE
Gain(A,, X) = 1 (X) ~ E(A X) (16)
E(AK,X)=2HI(X) (17)

o SRR E AN Ak oy R R
E MR LR R R MO R A R e LI

MI
Hv
=)
)
S
oy
Ji
i
5<
=
0
B
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AAREF L - BAAL RS BT B0 B F RS S LAV S RN
4 TR A e Excel fhib i+ ARFF 150 cifh % o 2 (5 % TR 8 H 2 B4 5

SRR SR A A STARE-Miner kit (st ©oH Bk e
w4 e
E RS

B %t A 4

]| B B AR B A7 1)
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s
B % F A

FoROT AL AR B FRGE B - TR AL ¢orr P e E A R
AWM T HRTR - BT E e 2 R FAPM F1F k28 & el R
PeBl e & - BRI F e R erE AR SR AT TS FR
AT ARERB i TR RFHIE R Y FH o AT L I PE BB E L
EREFRHK BFA AR E S R 2 1 FRTE R ek - AR
oo T3 A %:Ej:év’ﬂ;ﬁfspfz - AT HRETH ﬁxig&m,ﬁwﬁ KEFFAYT > Ao
HAN AL TR A R R FAL

# 4-1 % - 27 5% F o (UCH)

age spectlacl e-prescrijpastigmati sm
young my ope n o reduced n
young my ope n o nor mal SO
young my o p e yes redujced r
young my o p e yes nor mal h
young hyper metrppe np reduced
young hyper metrppe yEes reduced
young hyper metroppe n o nor mal
young hyper metrppe yes nor mal
pre-priesbyopi|jc myope no nor mal
pre-prijesbyopi|jc myope yes reduce
pre-priesbyopi|jc myope yes nor mal
pre-prjesbopic hypelrmetrope no red
pre-prjesbyopijc hyper metrope no nort
pre-prjesbyopijc hyper metrope y els re
pre-priesbyopi|jc hyper metrolpe y els no
pre-priesbhyopi|jc myope no reduced
presbylopic my ope no nNor mal
presbylopic my ope yes rreduced
presbylopic hyper metrope no reduc
presbylopic hyper metrope n o nor ma
presbylopic hyper metrope yes redu
presbylopic hyper metrope yes nor m;
presbylopic my ope n o reduced
presbylopi c my ope yes nNnor mal
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SR T = ok

H g enp| §

242% - 2RHRFTHIR ZHFEL IR
¥ - = o= h = E N ¥ 1
% 4-3% - 2R % FTA(F T A7)
50-5[9 )
40- 49 )
30-39 0}
20- 29 0}
20- 29 AB
15-19 o
20-209 !
40-49 o
20- 29 0}
30- 39 )
50-59 AB
50-5[9 A
40- 49 b
30-39 B
20- 29 B
20- 29 0}
30-39 B
30-39 0}
50-59 B
20- 29 0]
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Weka ®- £dJava B = » &4 7844 (Data Mining)® & £ ¢ 48
B EF Y (Machine Learning)ix &2 @ = eid. 4 > # b'ﬁig] » TR

N

% CSV %~ 3 #.3;42 ARFF(Attribute-Relation File Format)#
oo v e e 3 http://www. cs.waikato.ac.nz/ml/weka/ -
PRI FeanF i T e IE

A E w2 (data pre-processing)

» g (classification, regression)

4% (clustering)

M 2] (association rules)

B # & m(visualization.)

¥ Woha Explamr

Lade LAC bolmaary | U | dloneale - Beescl mlelaled | WEaegE
| Cgerrs e || Demum |  owne Uk L o |
Flire
| Crewet e | Sy |
Ciwrerd yeton Zecied Wity
REshon conisc-eresn Hum gm Fype: Farsine
eEwoer 4 dbrituir 5 Himrrg 0% ot 3 Ui 0 0T%
i L i
] 1
| &l | horm | i | || pepmemrana 4
o ]
P hwrw
M Jrmilacte reliim |
3 |erigreinrs
1 e pemlide B
=_ { mer conkec] Eres e w | Wil A
{_|reimct-
i
I - ':'l-r"_ — — — _I - - -
Riwten — i |
™ Lag I .’I Wil

) Weka st Bl 25 /1 o
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- 245 Ant-Miner(Ant Colony-based Data Miner) g2} /i

12 a . 4 Java #TH S ih- R ERATVROTORFEBFE 2 > v

Rrfael d;%‘?—’gf e
ACO(Ant Colony Optimization) T3 A A s > A _}igie:]» AL &
iAo AR f%i“%éf?ﬁe?]%’?ﬁﬂ'fi“f#hké

Eerg i, vd f S R T K FIFA L

http://iridia.ulb.ac.be/~mdorigo/A CO/aco-code/public-software.html

# 0P s M
B Help
FasieRrt | Caaiy
[t Emrde diiaids
Nulalan uslsc-wnaen F4aT
ey Jd A B Wnsing Caglinritaphine
A
L] frEE
1 oy
r. FECIE IR
Al e
W recren
] e
o 1

) Ant-Miner I B3, 4

debug : FX T &= True Bl € B g enFl » F Z Bl & o



useKernelEstimator : % . True B * FE@ ) L /G Ei=e > A
AR 12 A R

3. useSupervisedDiscretization - #3% True P|#-8ciEd LB
i LR F2ZRE -

binarySplits & = AKX PF » £.F 44 @ * binary 0= {2 B Lpfaf
ll‘i o

2. confidenceFactor 3% i2 ¥ ¥ confidence factor ez § | chiE F 3| § § 0

3. debug FH i rue R ¢ BT hF
minNumObj = 1 ¥ & Bkehs /| T4l dc -

5. numFolds ¢ * reduced-error pruning F¥ > 4 2_F 4 chik #ic One fold is used
for pruning, the rest for growing the tree

6. reducedErrorPruning &_% i@ * reduced-error pruning 2% C.4.5 pruning.

7. savelnstanceData . F &% 5 7" RF AL -

8. seed & * EMAEIEE YPF > seed @ * LI TR o

9. subtreeRaising § i % pF » £ F & g A 8 e o

10.unpruned 2 T § F H 7 o

11.useLaplace & F 1343 Laplace - & & & &

%7 ¥ #c(Number of cross-validation folds) : # data set
AR AT T2 W BT KT o

15k Number of ants : b 5 k¥ aiidic > © F Sodd ik en j o

R RTR R R 2 ARIRARL o

& 1 rule s > case #I(Minimum number of cases per rule) :
=5 rule & & 7 e case #& 1 # 4 rule choverfitting-

A & 7 ik~ case #Ir(Maximum number of uncovered cases In
the training set) : #% RS g - BT E PIRTRTOR)
AR B TR TR o

15k c acsh rule #Ic(Number of rules used to test the
convergence of the ants) : ¢ #5354 en Ha- LApkpE
g g H L~ B rule-
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6. % 7=x#(Number of iterations) @ #Fik =3 #rv 4 7 ek 7 T ¥

BRI AN T ETFE] g YRR Y - BRE
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% - &= (UCh)
1. debug = False
2. useKernelEstimator = False

3. useSupervisedDiscretization = False

* Wrhs Explarer

Figpemedd | WY Chands | Aslodel® - Seesd mEalA Wi E

iy
Theer | Hallem
TEH rEEEE e i i
L W A nmn Fan jrfaremtion s =
” | Sapyiies berl nel
I wla clasailiran Sapss b vl
A "
E) Comciabiabn - Fowm: |3 Balatban; e [P
Parcenings il Snrisscan L
= e o | T 5
| o | nbsiem
g
L O L T e i ]
CFE DAL b - satipstim
fimkr-prod-culs
| i
S——— 4 canisck- |rmma
Finstall Wb (ripnd M 0 (i | ferl wle §oduld erren validndion
X 10E - eyl Hartepsy
mmn CLipaalieg &alel (Fall tasining 421 sun

TSR e Hdee S
Naive Baymn Clmcifuar

Eligs wofi: Fizai poalabelity = D25

s lincrsie Bpldesbog. Ooamie = F 0 1 [Total = dj

pEciacle-preaccip: Hiscrwis Drisseicd Cpamin ¢ Z L (Ealal = B}

)
(= “"".."""

i3] Weka #ic %8 % — @A 5 f‘ﬂie%l =

A4 ¢, A b3 7
+ = B _,5'- E!Frk'ﬂ}j“#

False

1. debug
2. useKernelEstimator = False

3. useSupervisedDiscretization = False
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AR e s I LS

-~ EFRE R BT TR NS EE
binarySplits = False
confidenceFactor = 0.25
debug = False

minNumObj = 2
numrFolds =3
reducedErrorPruning = False
savelnstanceData = False
seed=1

. subtreeRaising = True
10.unpruned = False

11.usel aplace = False

~

-~

© o N O WDNRE

A
iy
=
‘S;\?'
f&

L2

% - B
cross-validation folds
Number of Ants (No_of ants)

Minimum number of cases per rule (Min_cases per_rule)

Maximum number of uncovered cases In the training set
(Max_uncovered_cases)
Number of rules used to test convergence of the ants

(No_Rules_Converg)
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- &
cross-validation folds
Number of Ants (No_of _ants)

Minimum number of cases per rule (Min_cases per_rule)

Maximum number of uncovered cases In the training set
(Max_uncovered_cases)

Number of rules used to test convergence of the ants
(No_Rules_Converg)
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# 5 NaiveBayes # {7 % - ®Zp|FE T AL 5 #cdy

Prior

>
~
>
~
N
>
S
>
S

probability

Class soft

Class hard

Class none

# 5-3 NaiveBayes 4 i7 % = 2|3 749 % iy

Prior

>
~
>
~
N
>
S
>
~

probability

Class * /A

4

Class ¥ 5/

Class =+ &

Class #f

Class 58I

Class i

Class & ¥iF

Class %A

Class &
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Bk A B

ﬂﬂi

Ant-miner $4 7 % - 2 F R 4745 I s g rule

= #ic b BE e

% - = | IF astigmatism = "no" AND tear-prod-rate =
"normal® THEN "soft"
IF tear-prod-rate = “reduced®™ THEN "none-

5 - = | IF astigmatism = "yes™ AND tear-prod-rate =
"*normal® THEN “hard*®
IF tear-prod-rate = “"reduced®™ THEN "none*

5 = | IF astigmatism = "no” AND tear-prod-rate =
"normal®™ THEN “soft”
IF tear-prod-rate = “reduced®™ THEN "none*

s = | IF astigmatism = "yes®™ AND tear-prod-rate =
"normal® THEN “hard"
IF tear-prod-rate = "reduced®™ THEN "none-®

5 7 % | IF tear-prod-rate = "reduced”™ THEN "none*

% Ant-miner $4 7 % = = F R 74 0 hs 5 rule

= #ic AR~ Nl

g _ o |IF L3 Ejehip = "2 " THEN "&"
IF %] = "% " AND ¥4Fpkim = "2 4" THEN 'éj"%“iﬁ‘]'
IF B%ki g4 L2 BT THEN 'Vﬁliﬁf‘]'
IF kv 42k = "% & <5 THEN 'Vﬁl"f”]'
IFlPiVajz'S"ANDB%‘Z%‘.-’='é‘;w BRI T THEN ©
L Niah
IF &5 &2k = "H*® &3 t’%‘i' AND = 3] = "0" THEN -~
L Niah
IF 4% = "9 " AND = 3] = "B" THEN 'Vﬁlif]'
IF x5 4K = " & 37 3" THEN "9 /7"

g o= |IF LF EEhiF)= "% " THEN "&°

IF 2% = "% AND 4§t/ = "2 45" THEN "§ 57"
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IF 2% = "&" THEN "9 7"

IF Bu = 9" AND %% = " %" THEN "*47"

IF J4FJR5% = "A45" AND &3] = "B™ THEN " 5"
IF ?’r?ﬁ_ﬂ}: 'é’:«ﬁ’i*‘*’%‘f' THEN "+ /"

IF % = "%+ 232 f17 AND 7% = "# %" THEN
.

IF 2% = "9 AND %742k = "F* &3 ¢ B" AND
¥ = "# %" THEN "

I =

Sy

== |IF 23 FErbip = "2 " THEN "&°
IF 2% = "% " AND ¥4Fptim = "2 4" THEN .55“@}]'
IF %% = "&" THEN "7
IF %% = "4 222 fa° THEN "9 p”
IF 3] = 0" THEN "+ ;7"
IF $£5] = "9 " AND B¥ = "f § 4 #30/m4 §" THEN -
L Niah
IF 425 = "9 " AND ¥ = "rsg4 532 B 1 THEN *
L Niah
IF 4] = "B THEN "§ 57

$p= |VF LFEFERF = "2 FF" THEN "&°
IF k}—w = "4*" AND -lté‘iz* L -Q'ké‘- THEN .55“@}]'
IF %% = "&" THEN "=
IF B = "mgd 542 F1° THEN "8
IF v 42k = "8+ 8" THEN "= /7"
IF %54k = "W* &8¢ %7 AND 7% = " %" THEN
sl
IF 4% = "7" AND k7 /448 = " &3 c‘%\;' THEN "
L Niah

g7 |IF AFFEHF= "2 FF" THEN "&°
IF %] = "% AND #4Fpkin = "< 4" THEN "§ § 7"
IF 2% = "&" THEN "=y
IF g% = "wg4 542 F1" THEN "= "
IF kv A2k = "B &<~ THEN "= 7"
IF kvi2k = "RY &5 ¢ 3" AND F 3% = "% THEN
"o
IF }2% = "9 " AND kv 4% = "F* &3 ¢ 3" THEN ~
iy

| IWFRFEERi = "3 FET THEN g ”

+ 7 =X

IF 2% = "% " AND ¥4Fpkin = "2 45" THEN "§ 5 ip"
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IF 2% = "&° THEN "7
"r%4 53z Fat THEN "wf i

IF % =

IF x5 4K = "Ef&8 8" THEN "= 7"

IF vk = "W7 &5 ¢ %" AND 7% = " %" THEN
" iE)”

IF 4% = "7" AND k7 #8 = " &3 c‘%\;' THEN "
L Niah

IF &3 E b= "7 $ ™ THEN "& "
IF % = "9 THEN "*% 7"
IF 44Fptin = "2 45" THEN "*8 i7"

PR %t = TR 2% ¢ BT OAND BpHFRT = "o 4T
THEN " i7"
IF ¥4Fpkim = "¢ 45" THEN "¥ 57"
IF 225 phip = "2 5% THEN "&°
IF %] = "% AND 454FptiR = "2 45" THEN ¥ 57"
IF %7 4% = "L 845" THEN "9 7"
IF % = "9° AND &£# = "15-19 %" THEN "§ §if
BAE R BRE = "wF4Za2 fat THEN o
IF 25 = "9 " AND ¥ = "¢ § A A3 a § " THEN *
5"
IF ¥ = "wsgd 542 Fa" THEN "=
IF 372k = "W9 &3¢ 3" THEN "= 7
IF 2% F i) = "2 " THEN "&°
IF %] = "9 " AND 434Fj/R = "¢ 45 THEN 3 /7"
IF 4Fpkie = "x45" THEN "= 7"
g4 = | IF B4Fkm = "e 44" AND %% = "# %" THEN "§ %
i
IF Ly = "A" THEN "#4 i7"
IF 2 " %" THEN " 57"
IF {@igv%,ﬁ_ "3 E T THEN "&°
IF 25 = "% " AND #44FpiR = " 45" THEN "¥ 57"
IF % = "&" THEN "= 7"
IF g% = "w¥d 542 Fa" THEN "=
PR UE kTR = CREA L ET THEN T
IF %742 = "W 28 ¢ 5" AND %% = "if %" THEN

" i
IF % = "% " AND %\'v’;firﬁ — 'L‘E]ﬂ - é%‘;. THEN *
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=== Run information ===

Scheme: weka.classifiers.bayes.NaiveBayes
Relation: 060520test
I nstances: 5
Attributes: 5
age
spectacle-prescrip
astigmatism
tear-prod-rate

contact-lenses
Test mode: 5-fold cross-validation

=== Classifier model (full training set) ===
Naive Bayes Classifier

Class soft: Prior probability = 0.25

Class hard: Prior probability = 0.38

Class none: Prior probability = 0.38

Time taken to build model: 0.05 seconds

=== Stratified cross-validation ===
=== Summary —-==

Correctly Classified Instances 3 60

58

%



Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Root mean squared error
Relative absolute error

Root relative squared error
Total Number of Instances

Detailed Accuracy By Class

TP Rate
0
05
1

FP Rate
0.25
0.333
0

Recall
0

0.5

1

Precision
0
0.5
1

Confusion Matrix

abc <--classifiedas
010|a=soft
110|b=hard
002|c=none

Classifier model (full training set)

Naive Bayes Classifier

Class none: Prior probability = 0.71
Class hard: Prior probability = 0.29

Time taken to build model: 0.04 seconds

Stratified cross-validation
Summary

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

2 40 %
0.375
0.349
0.4187
70.4647 %
79.0964 %
5
F-Measure  Class
0 soft
0.5 hard
1 none
3 60 %
2 40 %
-0.25
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M ean absolute error 0.3143

Root mean squared error 0.3828
Relative absolute error 72.5242 %
Root relative squared error 80.2033 %
Total Number of Instances 5

=== Detailed Accuracy By Class ===

TPRate FPRate Precison Recall F-Measure Class

0.75 1 0.75 0.75 0.75 none
0 0.25 0 0 0 hard

=== Confusion Matrix ===
ab <--classified as

31|a=none
10|b=hard

=== Classifier model (full training set) ===
Naive Bayes Classifier

Class none: Prior probability = 0.5

Class soft: Prior probability = 0.25

Class hard: Prior probability = 0.25

age: Discrete Estimator. Counts= 21 (Total = 3)

spectacle-prescrip:  Discrete Estimator. Counts= 21 (Total = 3)

astigmatism:  Discrete Estimator. Counts= 12 (Total = 3)
tear-prod-rate:  Discrete Estimator. Counts= 12 (Tota =3)

Time taken to build model: 0.03 seconds

=== Stratified cross-validation ===
=== Summary ===

Correctly Classified Instances 1 20
60
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Incorrectly Classified Instances 4

Kappa statistic

Mean absolute error

Root mean squared error
Relative absolute error
Root relative squared error
Total Number of Instances

=== Detailed Accuracy By Class ===

TPRate FPRate Precision
0.333 0 1
0 0.5 0 0
0 0.5 0 0

Recall

=== Confusion Matrix ===

abc <--classified as

111]a=none
001|b=soft
010|c=hard

=== Classifier model (full training set) ===

Naive Bayes Classifier

Class soft: Prior probability = 0.5
Class none: Prior probability = 0.5

Time taken to build model: 0.04 seconds

=== Stratified cross-validation ===
=== Summary ===

Correctly Classified Instances 3
Incorrectly Classified Instances 1

Kappa statistic

61

F-Measure
0.333

80 %
-0.1111
04777
0.5373

104.4951 %
107.3863 %

5

Class
0.5 none
0 soft
0 hard

75 %
25 %
0.5



M ean absolute error 0.3701

Root mean squared error 0.4214

Relative absolute error 61.6891 %
Root relative squared error 70.2376 %

Total Number of Instances 4

=== Detailed Accuracy By Class ===
TPRate FPRate Precison Recall F-Measure Class
0.5 0 1 0.5 0.667 soft
1 05 0.667 1 0.8 none
=== Confusion Matrix ===
ab <--classified as

11]a=soft
02|b=none

=== Classifier model (full training set) ===

Naive Bayes Classifier

Class soft: Prior probability = 0.29
Class none: Prior probability = 0.71

Time taken to build model: 0.03 seconds

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 2 40 %
Incorrectly Classified Instances 3 60 %
Kappa statistic -0.3636

Mean absolute error 0.4423

Root mean squared error 0.4915

Relative absolute error 102.0743 %

Root relative squared error 102.9878 %
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Total Number of Instances 5

=== Detailed Accuracy By Class ===

TPRate FPRate Precison Recall F-Measure Class
0 05 0 0 0 soft
05 1 0.667 0.5 0.571 none

=== Confusion Matrix ===

ab <--classified as
01|a= soft
22| b=none

=== Run Information ===

Relation:  contact-lenses

Instances. 24

Attributes: 5
age
spectacle-prescrip
astigmatism
tear-prod-rate
contact-lenses

User-defined Parameters

Folds: 5
Number of Ants: 24
Min. Casesper Rule: 5
Max. uncovered Cases. 10
Rules for Convergence: 10
Number of Iterations. 100
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Casesin the training set: 19

Casesin the test set: 5

Rules: 3

IF astigmatism = 'no' AND tear-prod-rate = 'normal’ THEN 'soft'
| F tear-prod-rate = 'reduced’ THEN 'none’

Default rule: hard

Accuracy rate on the training set: 84.21052631578947 %
Accuracy rate on the test set: 100.0 %

Time taken: 0.078 s.

Casesin thetraining set: 19

Casesin the test set: 5

Rules: 3

| F astigmatism = 'yes AND tear-prod-rate = 'normal’ THEN 'hard'
| F tear-prod-rate = 'reduced’ THEN 'none’

Default rule: soft

Accuracy rate on the training set: 84.21052631578947 %
Accuracy rate on the test set: 100.0 %

Time taken: 0.109 s.

Casesin the training set: 19

Casesin the test set: 5

Rules: 3



|F astigmatism = 'no’ AND tear-prod-rate = 'normal' THEN 'soft'
|F tear-prod-rate = 'reduced’ THEN 'none'
Default rule: hard

Accuracy rate on the training set: 89.47368421052632 %
Accuracy rate on the test set: 80.0 %

Time taken: 0.063 s.

Casesin the training set: 20

Casesin the test set: 4

Rules: 3

| F astigmatism = 'yes AND tear-prod-rate = 'normal’ THEN 'hard'
| F tear-prod-rate = 'reduced’ THEN 'none

Default rule: soft

Accuracy rate on the training set: 90.0 %
Accuracy rate on the test set: 75.0%

Time taken: 0.297 s.

Casesinthetraining set: 19

Casesin thetest set: 5

Rules; 2

|F tear-prod-rate = 'reduced' THEN 'none’
Default rule: hard

Accuracy rate on the training set: 68.42105263157895 %
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Accuracy rate on the test set: 60.0 %

Time taken: 0.062 s.

Accuracy Rateon Test Set| RulesNumber | Conditions Number

83% +/- 7.68% | 28 +-02 | 26 +-04

Total elapsedtime: 0s.
<. = P /=
¥ BT HERAGTESE

THREFLEEPNZ

=== Run information ===

Scheme: weka.classifiers.bayes.NaiveBayes
Relation: 060521test-1
I nstances: 60

Attributes: 10

Test mode: 10-fold cross-validation
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=== Classifier model (full training set) ===

Naive Bayes Classifier

Class : Prior probability = 0.17
Class : Prior probability = 0.69
Class : Prior probability = 0.08
Class : Prior probability = 0.03
Class : Prior probability = 0.03

Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 54 90
Incorrectly Classified Instances 6 10
Kappa statistic 0.7662
Mean absol ute error 0.084
Root mean sgquared error 0.1889
Relative absolute error 45.3916 %
Root relative squared error 63.9773 %
Total Number of Instances 60
=== Detailed Accuracy By Class ===
TPRate FPRate Precison Recal F-Measure Class
0.8 0.06 0.727 0.8 0.762
0.977 0.063 0.977 0.977 0.977
0.75 0 1 0.75 0.857
0 0.017 0 0 0
0 0.017 0 0 0

=== Confusion Matrix ===

a b c d e
8 1 0 0 1| a=
043 0 1 0] b=

<-- classified as
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1030 0] c=
1 00 0 0] d=
100 0 0] e=

=== Classifier model (full training set) ===

Naive Bayes Classifier

Class : Prior probability = 0.3
Class : Prior probability = 0.48
Class : Prior probability = 0.03
Class : Prior probability = 0.07
Class : Prior probability = 0.06
Class : Prior probability = 0.03
Class : Prior probability = 0.03

Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 438 80
Incorrectly Classified Instances 12 20
Kappa statistic 0.668

Mean absolute error 0.0998

Root mean sguared error 0.2195

Relative absolute error 53.4181 %

Root relative squared error 72.9936 %

Total Number of Instances 60

=== Detailed Accuracy By Class ===

TPRate FPRate Precison Recall F-Measure Class

0.947 0.146 0.75 0.947 0.837
0.968 0.034 0.968 0.968 0.968
0 0.017 0 0 0
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0 0.018 0 0 0
0 0.053 0 0 0
0 0 0 0 0
0 0 0 0 0

=== Confusion Matrix ===

a b cdef g <-clasifiedas
18 0 0 0 1 0 O| a=

130 0 0 0 O O] b=

0 00 01 0 Of

2 1 100 0 0| d=

2 00 1 0 0 0] e=

0O 00 010 0| f=

1 00 0 0 0 O] g=

=== Classifier model (full training set) ===

Naive Bayes Classifier

Class : Prior probability = 0.64

Class - Prior probability = 0.14
Class : Prior probability = 0.12
Class : Prior probability = 0.05
Class : Prior probability = 0.03
Class : Prior probability = 0.03

Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 54 90
Incorrectly Classified Instances 6 10
Kappa statistic 0.7987

Mean absolute error 0.0831

Root mean sguared error 0.1888
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Relative absolute error 46542 %
Root relative squared error 64.895 %
Total Number of Instances 60

=== Detailed Accuracy By Class ===

TPRate FPRate Precison Recall F-Measure Class

1 0 1 1 1
0.75 0.058 0.667 0.75 0.706
0.857 0.038 0.75 0.857 0.8

0.5 0 1 0.5 0.667
0 0.017 0 0 0

0 0 0 0 0

=== Confusion Matrix ===

a b c d e f <-classfiedas
4 0 0 0 0 0] a=
0 6 2 0 0 0] b=
0O 06 01 0] c=
01 01 0 0] d=
01 0 0 0 0] e=
0 1 00 0 0] f=

=== Classifier model (full training set) ===

Naive Bayes Classifier

Class : Prior probability = 0.31
Class : Prior probability = 0.5
Class : Prior probability = 0.03
Class : Prior probability = 0.04
Class : Prior probability = 0.03
Class : Prior probability = 0.03
Class : Prior probability = 0.03
Class : Prior probability = 0.03
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Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 52 86.6667 %
Incorrectly Classified Instances 8 13.3333 %
Kappa statistic 0.7572

Mean absolute error 0.0832

Root mean sgquared error 0.1981

Relative absolute error 53.3818 %

Root relative squared error 72.7215 %

Total Number of Instances 60

=== Detailed Accuracy By Class ===

TPRate FPRate Precison Recall F-Measure Class

0.95 0.15 0.76 0.95 0.844
1 0.037 0.971 1 0.985
0 0 0 0 0

0 0 0 0 0

0 0.017 0 0 0

0 0 0 0 0

0 0 0 0 0

0 0 0 0 0

=== Confusion Matrix ===

—
=y

<-- classified as

b=
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Classifier model (full training set)

Naive Bayes Classifier

Class : Prior probability = 0.03
Class : Prior probability = 0.23
Class : Prior probability = 0.08
Class : Prior probability = 0.61
Class : Prior probability = 0.03
Class : Prior probability = 0.03

Time taken to build model: 0 seconds

Stratified cross-validation

=== Summary ===
Correctly Classified Instances 49 81.6667 %
Incorrectly Classified Instances 11 18.3333 %
Kappa statistic 0.6386
Mean absolute error 0.096
Root mean sgquared error 0.2271
Relative absolute error 52.2055 %
Root relative squared error 76.7202 %
Total Number of Instances 60
=== Detailed Accuracy By Class ===
TPRate FPRate Precison Recal F-Measure Class
0 0.034 0 0 0
0.714 0.087 0.714 0.714 0.714
0 0.071 0 0 0
1 0.048 0.975 1 0.987
0 0 0 0 0
0 0 0 0 0

Confusion Matrix

a b cdef

<-- classified as
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00100 0| a=
010 3 1 0 0| b=
2 200 0 0] c=
0 0 039 0 0| d=
01000 0] e=
01000 0 f=

=== Classifier model (full training set) ===

Naive Bayes Classifier

Class . Prior probability = 0.28
Class : Prior probability = 0.45
Class : Prior probability = 0.09
Class : Prior probability = 0.03
Class : Prior probability = 0.03
Class : Prior probability = 0.04
Class . Prior probability = 0.03
Class . Prior probability = 0.03
Class : Prior probability = 0.03

Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 42 70
Incorrectly Classified Instances 18 30
Kappa statistic 0.5244

Mean absolute error 0.0909

Root mean sguared error 0.2131

Relative absolute error 59.5081 %

Root relative squared error 78.6337 %

Total Number of Instances 60

=== Detailed Accuracy By Class ===
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TPRate FPRate Precision

0.833 0.31 0.536
0.867 0.033 0.963
0.2 0.018 0.5

0 0 0

0 0 0

0 0.034 0

0 0 0

0 0 0

0 0.017 0

=== Confusion Matrix ===

)
_ O
—

[
(631

0]
0]
0]
0]
0]
0]
0]
1]
0]

N
(o))
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oo ooooobk e
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Recall F-Measure

0.833 0.652
0.867 0.912
0.2 0.286
0 0
0 0
0 0
0 0
0 0
0 0

<-- classified as
a=
b=

=== Classifier model (full training set) ===

Naive Bayes Classifier

Class : Prior probability = 0.55

Class : Prior probability = 0.26
Class : Prior probability = 0.05
Class : Prior probability = 0.09
Class : Prior probability = 0.03
Class : Prior probability = 0.03

Time taken to build model: 0 seconds
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=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 45 75
Incorrectly Classified Instances 15 25
Kappa statistic 0.5667
Mean absolute error 0.1112
Root mean squared error 0.243
Relative absolute error 54.8195 %
Root relative squared error 77.5582 %
Total Number of Instances 60
=== Detailed Accuracy By Class ===
TPRate FPRate Precison Recal F-Measure Class
0.914 0.08 0.941 0.914 0.928
0.75 0.159 0.632 0.75 0.686
0 0.034 0 0 0
0.2 0.073 0.2 0.2 0.2
0 0 0 0 0
0 0 0 0 0
=== Confusion Matrix ===
a b cde f <-classfiedas
32 111 0 0| a=
112 1 2 0 O] b=
0 2 00 0 0] c=
1 3010 0] d=
01 0 0 0 0] e=
0 00 1 0 0] f=

=== Classifier model (full training set) ===

Naive Bayes Classifier
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Class : Prior probability = 0.45

Class : Prior probability = 0.34
Class : Prior probability = 0.03
Class : Prior probability = 0.04
Class : Prior probability = 0.04
Class : Prior probability = 0.03
Class : Prior probability = 0.06

Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===
Correctly Classified Instances 47
Incorrectly Classified Instances 13
Kappa statistic 0.6523
Mean absol ute error 0.1019
Root mean sgquared error 0.2201
Relative absolute error 54.4099 %
Root relative squared error 73.05 %
Total Number of Instances 60
=== Detailed Accuracy By Class ===
TPRate FPRate Precison Recal F-Measure
0.931 0.032 0.964 0.931 0.947
0.864 0.132 0.792 0.864 0.826
0 0.017 0 0 0
0 0.069 0 0 0
0 0.017 0 0 0
0 0 0 0 0
0.333 0.018 05 0.333 04
=== Confusion Matrix ===
a b cdef g <-clasifiedas
27 1 01 0 0 0| a=
019 1 1 0 0 1] b=

76

78.3333 %
21.6667 %

Class



010000 0] c=
0100710 0] d=
010100 0] e=
000100 0] f=
110000 1| g=

=== Classifier model (full training set) ===

Naive Bayes Classifier

Class : Prior probability = 0.56

Class : Prior probability = 0.21
Class - Prior probability = 0.04
Class : Prior probability = 0.04
Class : Prior probability = 0.03
Class : Prior probability = 0.04
Class : Prior probability = 0.04
Class : Prior probability = 0.03

Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 47 78.3333%
Incorrectly Classified Instances 13 21.6667 %
Kappa statistic 0.6096

Mean absol ute error 0.0862

Root mean sguared error 0.2074

Relative absolute error 56.4671 %

Root relative squared error 77.0234 %

Total Number of Instances 60

=== Detailed Accuracy By Class ===

TPRate FPRate Precison Recall F-Measure Class
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0.973 0.043 0.973 0.973 0.973

0.846 0.128 0.647 0.846 0.733
0 0 0 0 0

0 0.034 0 0 0

0 0 0 0 0

0 0.017 0 0 0

0 0.052 0 0 0

0 0 0 0 0

=== Confusion Matrix ===

ab cdef g h <-classifiedas
36 00000 1 0] a=
1112 0 0 0 0 1 0] b=
0 2 0000 O0 0] c=
0O 00O O0OO0O1 1 0] d=
01 0 0 O0O0O0 0] e=
01 010000 f=
01 0100 0 0] g=
01 0 O0O0O0O0O 0] h=

=== Classifier model (full training set) ===
Naive Bayes Classifier

Class : Prior probability = 0.3

Class : Prior probability = 0.1
Class : Prior probability = 0.6

Time taken to build model: 0 seconds

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 57 95
Incorrectly Classified Instances 3 5
Kappa statistic 0.904
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M ean absolute error 0.0819

Root mean squared error 0.1751
Relative absolute error 23.0721 %
Root relative squared error 41.7773 %
Total Number of Instances 60

=== Detailed Accuracy By Class ===

TPRate FPRate Precison Recall F-Measure Class

1 0.071 0.857 1 0.923
0.6 0 1 0.6 0.75
0.973 0 1 0.973 0.986

=== Confusion Matrix ===

a b ¢ <--classifiedas

18 0 0| a=
2 3 0] b=
1 036| c=

=== Run Information ===

Relation: 060521
Instances: 600
Attributes: 10
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User-defined Parameters

Folds: 10
Number of Ants: 10
Min. Casesper Rule: 10
Max. uncovered Cases. 10
Rules for Convergence: 10
Number of Iterations. 20

Casesin the training set: 540

Casesin the test set: 60

Rules: 9

IF = '"THEN'

IF =" '"AND =-" "THEN'

IF =" 'THEN '

IF = "THEN'

IF =" '"AND = "THEN'
IF = "AND ='O'THEN"
IF =" '"AND ='B'THEN"

IF = "THEN'

Default rule:

Accuracy rate on the training set: 86.29629629629629 %
Accuracy rate on the test set: 83.33333333333334 %

Time taken: 5.266 s.

Casesin the training set: 540

Casesin the test set: 60

Rules: 9
80



IF =' "THEN

IF =" '"AND = "THEN'

IF =" 'THEN'

IF =" '"AND = "THEN'

IF = "AND ='B'THEN"

IF = "THEN'

IF = "AND = "THEN'
IF =" '"AND = "AND
Default rule:

Accuracy rate on the training set: 85.92592592592592 %
Accuracy rate on the test set: 85.0 %

Time taken: 5.047 s.

Casesin the training set: 540

Casesin the test set: 60

Rules: 9

IF = "THEN'

IF =" '"AND = "THEN'

IF =" 'THEN'

IF = "THEN'

IF ='O'THEN" '

IF =" '"AND = "THEN'
IF =" '"AND = "THEN'
IF ='B'THEN" '

Default rule:

Accuracy rate on the training set: 86.11111111111111 %
Accuracy rate on the test set: 85.0 %

Time taken: 5.093s.

81

"THEN'



Casesin the training set: 540

Casesin thetest set: 60

Rules: 8

IF = "THEN'
IF =' 'AND
IF =' 'THEN"
IF =" 'THEN '
IF = "THEN'
IF = "AND "THEN'
IF =' 'AND =" 'THEN'
Default rule:

"THEN

Accuracy rate on the training set: 87.03703703703704 %
Accuracy rate on the test set: 80.0 %

Time taken: 4.875s.

Casesin the training set: 540

Casesin the test set: 60

Rules: 8

IF = "THEN'
IF =" '"AND
IF =" 'THEN'
IF = "THEN'
IF = "THEN'
IF = "AND "THEN''
IF =" '"AND = "THEN'
Default rule:

"THEN
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Accuracy rate on the training set: 87.03703703703704 %
Accuracy rate on the test set: 80.0 %

Time taken:

5.907 s.

Casesin the training set: 540

Casesin thetest set: 60

Rules: 8

IF
IF
IF
IF
IF
IF
IF

Default rule:

=' "THEN
"AND
"THEN

"THEN

'THEN '
= ' THEN '

= ' AND ' 'THEN'
' AND =Y 'THEN "

Accuracy rate on the training set: 86.11111111111111 %
Accuracy rate on the test set: 88.33333333333333 %

Time taken:

5.156 s.

Casesin the training set: 540

Casesin the test set: 60

Rules: 6

IF = 'THEN
IF =' 'THEN"

IF = "THEN''
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IF = "AND
IF "THEN'
Default rule:

"THEN

Accuracy rate on the training set: 86.29629629629629 %
Accuracy rate on the test set: 81.66666666666667 %

Time taken: 3.109 s.

Casesin the training set: 540

Casesin the test set: 60

Rules: 9

IF = '"THEN'

IF =" '"AND =-" "THEN'
IF = '"THEN' p

IF =' 'AND ='15-19 'THEN'
IF =" 'THEN' !
IF =' 'AND = "THEN'
IF =" 'THEN '

IF = "THEN'

Default rule:

Accuracy rate on the training set: 85.37037037037038 %
Accuracy rate on the test set: 93.33333333333333 %

Time taken: 5.141 s.

Casesin the training set: 540

Casesin the test set: 60

Rules: 7



IF =' "THEN

IF =" '"AND = "THEN'
IF = "THEN'

IF = "AND = "THEN'
IF ='A'THEN"

IF = "THEN'

Default rule:

Accuracy rate on the training set: 87.03703703703704 %
Accuracy rate on the test set: 81.66666666666667 %

Time taken: 3.906 s.

Casesin the training set: 540

Casesin the test set: 60

Rules: 8

IF = "THEN'
IF =' 'AND
IF =' 'THEN"
IF =" 'THEN '

IF = "THEN'

IF = "AND "THEN'
IF =' 'AND = "THEN'
Default rule:

"THEN

Accuracy rate on the training set: 85.55555555555556 %
Accuracy rate on the test set: 93.33333333333333 %

Time taken: 4,984 s.



Accuracy Rateon Test Set| RulesNumber | Conditions Number

8517% +-158% | 81 +-031 | 102 +-0.68

Total elapsed time: 48 s.
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