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Fayyad, U., Piatetsky-Shapiro, G., Smyth, P.: From data mining to knowledge discovery: an overview.
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USA, 1996, pp.1-34. 2
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AconuaTuBHU KJIaCUPUKATOPHU

[Mnocose:

e EpeKTnBHO 0byyeHMe He3aBUCUMO OT pa3mepa Ha oby4yaBalloTo
MHOXEeCTBO;

 He ce BAMAAT OT TOBA Aa/IN MMa 3aBUCMMOCTU MeXay aTpnbytute;
e MHoro 6bp30 pa3no3HaBaHe;
* BMCOKa TOYHOCT Ha pa3no3HaBaHe;

e KnacupumKaumMoHHUAT Moden ce NnpeacTaBs Ype3 MHOXKECTBO OT
npaBuaa, KOUTO ca MHTEPNPETUPYEMM OT YOBEKA.

Zaiane, O., Antonie, M.-L.: On pruning and tuning rules for associative classifiers. In Proc. of
Int. Conf. on Knowledge-Based Intelligence Information & Engineering Systems, LNCS, Vol.
3683, 2005, pp.966-973.



AconuaTuBHU KJIaCUPUKATOPHU

CTpyKTypa:
1. W3Bnm4aHe Ha acou,. npaBuna (Association rule mining)

2. CobKpawaaHe (Pruning) - onuMoHHa
3. Pa3no3HaBaHe (Recognition)

NMpumepu:

- CBA[Liu et al, 1998]

- CMAR [Li et al, 2001]

- ARC-AC and ARC-BC [Zaiane and Antonie, 2002]
- CPAR [Yin and Han, 2003]

- CorClass [Zimmermann and De Raedt, 2004]
- ACRI [Rak et al, 2005]

- TFPC[Coenen and Leng, 2005]

- HARMONY [Wang and Karypis, 2005]

- MCAR [Thabtah et al, 2005]

- CACA [Tang and Liao, 2007]

- ARUBAS [Depaire et al, 2008]



HoTtamusa

* acouMaTUBHU NpaBmna <> TPaAH3aAKLUMOHHU MHOXKeCTBa

e Knacmoukatopu <> TAabAMYHU MHOXECTBA OT AaHHM
e X,={a,b,d,e} < X={a1),{b,1),(c0),(d,1)el)}

e 3anucure: D:{le}, X| :{ajl_aialji1a\lj_]_1a(l:}

al =(a;x}), & =(ac.c'), x| e{-1.2..K]}

“ n,

- nMncBawW,a CTOMHOCT Ha aTpubyT

d ACOLI,I/laTI/lBHI/ITe NnpaBnia — CbllaTa HOTaUWUA
ol | | | | |

“ n,

: aTPUOYT, KOMTO He yyacTBa B NPaBUNOTO,
T.€. NPOM3BO/IHA CTOMHOCT Ha aTpubyTa



NepuHUITUU

Def.1: Covering relation “c”

A rule R, covers a record X (rule R;)
if the rule’s antecedent corresponds with the record (rule):

R Xj < WX 1< j<I -1 x] #—}1X| =X,

Def.2: Matching relation “c”

A rule R, matches a record X, (rule R;)
if both the rule’s antecedent and consequent corresponds:

R X, &R <X
Def. 3: Support

and ¢' =¢

support(R, D) :‘{Xi eD|R c Xi}“

Def. 4: Confidence
confidence(R,, D) =

{XieD|R| gXi}

{XjeD|R < X}

NoaapbiKKa

ANosepue



Knacudpukarop PGN

* TUNNYHOTO 33 acOUMATUBHUTE KNACUPUKATOPU:
NbPBO Ce B3ema npeJ BuA cTeneHTa Ha NoaApbiKKa
Ha acouMaTUBHOTO NPaBUAO,

n cnep TOBa Ha AOBEPUETO.

* PGN ob6pbLua npuoputeTa 1 ce doKkycupa
NbPBO BbPXYy AOBEPUETO
KaTo ocTasA camo npasunarta cbc 100% gosepue.

e OCHOBHa uen:
[a ce u3cneaBa Kav4ecTBOTO Ha Ta3M KOHUeEnums.
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PGN o6y4yeHue: reHepHUpaHe

* BbB BCEeKU Knac nooTae HO:

- OT Han-AbArUTE Npasuaa (3anMcuTe) KbmM NO-KbCUTE — OKATO UMa
HOBW NpaBu/a, NOJIY4eHN KaTo NpecuyaHe Ha npeauLlHuTe

e Def. 5: Intersecton ”X1 iyl =y 2
i ] T
RINR, =Ry: VX;eRy X;=1"" L
— If x i % X
R14={-,1,-,2,2}
{X7,Xg,Xs}
Class 1 Class 2
Rs={1,2,~,1,1} R9={—,w,4,-,1} R10={.,.,3,.,1} R11={3,1,~,2,1} Ru={-,1,1,2,2} R13={3,1,~,2,2}
{X3, X5, X5} Xy XeXs Xl X, X5} X3, X4 X} {X7,Xg} {X7:Xs}

R={1,2,4,1,1} R,={1,2,3,1,1} R;={3,1,3,21} R,={3,14,21}
X, Xs} Xz} X3} {XoXg}

R=(31,122} Re={21,1,22} R=(3,1,22,2}
%} {Xg} X}




PGN o0yyeHnue: cpKkpaijaBaHe (1)

[TbpBO — MeXay KnacoBeTe:
- TMpun Hannumne Ha NPOTUBOPEYUSA Ce NMPemMaxBaT No-obLwmTe npasua

Def. 6: Pruning for confidence

R, c R, act #¢? = mark R, for removal

Proof: Pruning for confidence retains only rules with confidence =100%.

R14= {'.r 1:': 21 2}
{X7:Xg,Xg}

Class 1 Class 2

Rys={3,1,-2,2}
{xwxg}

R8={1: 2:': 13 1} R9= {'l':4:'l 1} R1°={‘, = 3,',1} R11={31 1:': 2: 1}
{Xy, X5, Xs} Xy XoXs Xl {X, X3} X3,X4 Xg}

2=-1,1,2,2}
{x7lxs}

R={1,2,4,1,1} R,={1,2,3,1,1} Ry=(3,1,3,21} R={3,14,2,1} Rs=(3,1,1,2,2} Rg={2,1,1,2,2} R,;={3,1,2,2,2}
{X,Xs} Xz} X3} X4 Xg} x;} {Xg} X}




PGN o0yyeHue: cpKpaijaBaHe (2)

* BTOpo — B KN1acoseTe:

- OnekoTaBaHe Ha MHOXeCTBOTO OT NnpaBwnia

Def. 7: Pruning for general rules

R, ¢ R, Act =c* = mark R, for removal

Class 1
Rg={112:'r131} R9={'.r'r43'1 1} R10={""3"-"1} R11_={3,1,',2,1}
{X3, X5, X5} Xy Xg X5 Xl {X,,X;} {X3. Xy Xe}

Ri={1,24,1,1} Ry={1,2,3,1,1} Ry={3,1,3,21} R,={31,4,2,1}
{XuXs} X} {X3} {XyXg}

R14:{‘,1,-,2,2}
{x #X :xn}
Class 2 7
Ry=4-1,1,2,2}
%7, Xg}
Rs={3,1,1,2,2} R.={2,1,1,2,2}
{X,} {xa}

R13:{3:1)-)2J2}
R;=(3,1,2,2,2}
g}




PGN - pa3no3HaBaHe

e Def. 8: Association Rule Size R |= ‘{X'J 1< )< -1, x'j # —}‘

* Def. 9: Intersection Percentage |p(X. R )=100%* XinR]
|R |
 Knacudukauyus:
Classification of X; ={1,2,1,2,7}
R, X, "R, IP(X;,R;) Support
R'l - {1,' 21 _1 11 1} {1,' 2; . _¢m3} @ @
RZ = {_; ) 4; " 1} T T ?} 0 4
R3 = {_; " 3; ) 1} {_; I, ?} 0 2
R4 = {3; 1; 2; 2; 2} {_; IV Z‘gw?w} 0.250 1
Rs=1{-,1,1,2,2}; {--1,2,7} 0.667 2




PaGaNe - Classifiers

Current archive: |D: \_PaGaNe\data-PGN\monk1.D11

Archive choise| New Datasets ‘ Preprocessing - discretization ‘

allow forming of patterns from unique attributes: YES

Classifier: PGN-classic

Type of subclassifier: PGN-1 Visualize statistical data

% of exist.exemplars to form patterns with unique characteristics: 0.000
Type of answers: All or nothing
‘ Eject supposed classes, not containing such attr.values in LSet: NO

Class: 1 - Class
Total feature number: 7

Examining tolerance (number attr.): 0
Giving MOD-exemplars from LSet: 1 but not for classes, less than 1%

Classes and Features| Learning Set| Processing| Recognition| Examining Set| Exams-Results Outputs |Set-up parameters| Noising|

View patterns | View Association Rules| Confusion matrix |

Output files | Show statistical history | Write conf.matrix

H R 3; all
1 ;[ 2] 5 19;  3; 22
0 H 3] 1; 18; 19

total; ;207 21; 41

Precision

1;0.95

0;0.86
avg;0.904
Recall

Help
Attribute: sepal length in cm Class: class
Discretizator: supervised merge - chi merge
Significance level: 90.0000 B 1. Iris-setosa

B 3 Tris-versicolor

LT Tris-virginica

4.3 5.5 5.8 6.3 7.1 7.9

Min.Instances:

CutPoints Inst.

1: 4.30 52
2: 5.50 21
3: 5.80 26
4: 6.30 39
5: 7.10 12

12 Min % : 2.00

Class-belonging

45 6 1
4 15 2
1 15 10
0 14 25
0 0 12

ver. 11.3 / 20.03.2015

Precision

08—
064
0447
[ -5 [

Recall

[E:F
064
0aff
024

F-measure

View _ | _+| _—I

‘ ‘ | ‘mszntmr
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ExcriepumMmeHTH

e 25 data sets from the UCI Machine Learning Repository

(continuous attributes were discretized first by means of the Chi-merge method with 95% Chi-
square threshold)
e 21 classifiers:
e Associative classifiers: PGN and CMAR (supp. 1%; conf. 50%);
e Decision Rules: One R, JRip (pruned and unpruned), Decision Table; NNge;
e Decision Trees: REP Tree, J48 (pruned and unpruned), LAD Tree;
* Nearest Neighbor learners: IBk, KStar;
* Bayes: Naive Bayes, Bayes Net, HNB, WAODE, LBR;
e Ensemble methods (Bagging): Random Forest;
e Support Vector Machines: SMO;
* Neural Networks: Multilayer Perceptron.

e Used programs:

e PGN - data mining environment PaGaNe;
* CMAR - LUCS-KDD Repository;
» for all other classifiers their Weka implementation are used.



CpaBHeHUe Ha KJIaCUPUKATOPH:
MeToauKa Demsar

N=25 MHOecTBa OT AaHHWU
k=21 knacudpukaTtopa
Five-fold cross validation -> TouHOCTUTE Ha pa3no3HaBaHe Ha KnacupukaTopute

1: Friedman test ->
- KnacupaHe Ha anroputmuTe 3a BCAKO OT MHOXKecTBaTa (ranking)
- UN3uncnaHe Ha cpedieH paHr Ha KnacupuKaTop Rj
- HyneBa xunoTte3a (3a cTaTUCTUYECKA HEPA3/IMYMMOCT Ha KnacudukatTopuTe)

12n | &, k(k+1)?

=2 SR

k(k+D)| = 4

2: Nemenyi test — 3a cpaBHABaHE Ha KOHKPETEH KlacMPUKaATOp CNPAMO OCTaHaIUTe

z=(R —R;) Critical Difference CD =q kik+D)
| J a 6n

d,, : based on the Studentized range statistic divided by J2

Demsar, J.: Statistical comparisons of classifiers over multiple data sets.
J. Mach. Learn. Res., 7, 2006, pp.1-30.
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ToYHOCT Ha pa3no3HaBaHe (B NPOLEHTN) Ha KNacndPuKaTopuTe

classifier PGN CMAR OneR JRip- Dec. JRip- NNge REP J48-  J48- LAD IBk KStar Naive Bayes HNB WAO LBR Rand. SMO Mult.
dataset unpr. Table pruned Tree pruned unpr. Tree Bayes Net DE Forest perc.
annealing 96.24 9599 83.71 99.00 98.37 98.12 97.24 97.62 98.12 98.75 98.12 98.25 98.75 91.61 91.11 97.62 9699 96.87 97.62 99.12 99.12
audiology 7550 59.18 47.00 68.50 61.00 69.50 67.00 62.50 72.00 72.00 71.50 76.50 76.00 64.50 71.00 68.00 71.50 65.00 73.50 76.50 78.50
balance_scale 7789 8670 60.10 72.76 66.83 71.95 70.68 67.15 66.18 69.87 82.69 8526 86.70 90.54 90.54 87.02 88.14 90.54 7548 8942 98.72
breast_cancer_wo 96.43 93.85 91.85 92.85 9242 9328 94.99 93.99 9428 94.71 94.85 9585 9528 97.14 97.14 9513 9585 97.14 9542 9599 96.28
car 9259 8177 70.03 87.44 9143 86.75 94.33 882 90.8 93.17 90.45 9294 86.81 85.19 8530 92.24 90.11 91.95 93.52 9259 99.83
cme 4990 53.16 47.25 4555 49.42 50.38 44.81 50.17 51.60 48.07 54.86 47.12 50.31 5045 50.31 5296 52.68 52.55 48.68 5350 47.73
credit 8754 87.10 85.51 8145 85.8 85.07 80.14 85.07 8536 8391 86.67 8290 84.78 86.38 8638 8493 8594 86.23 8551 8594 806.09
ecoli 79.76  81.26 60.42 75.91 76.50 80.07 77.70 79.17 77.09 78.28 81.27 79.76 80.36 84.84 84.54 79.77 82.75 84.84 80.36 84.24 80.67
forestfires 57.63 58.80 53.38 5531 52.03 5476 54.36 53.95 5396 52.41 57.26 56.69 56.68 58.02 58.21 5629 60.73 58.02 58.42 61.11 58.01
glass 7851 78.04 5467 71.98 61.23 6640 7T1.53 67.29 7338 74.76 71.95 7898 7899 7433 7434 7570 7713 7433 7619 7712 7432
hayes-roth 81.94 8342 50.77 78.86 51.51 78.12 75.10 73.53 68.23 69.00 87.24 63.67 61.40 85.67 85.67 72.82 76.61 85.67 76.61 83.3%2 83.45
hepatitis 80.65 8452 81.94 76.78 82.58 7742 81.29 79.36 79.36 77.42 77.42 8129 80.65 8645 8516 8581 83.87 87.10 8323 7742 81.29
iris 92.67 92.67 94.67 93.33 92.67 92.67 94.67 93.33 94.67 93.33 93.33 93.33 93.33 92.67 92.67 92.00 9333 92.67 94.67 93.33 94.67
lenses 74.00  88.00 62.00 87.00 92.00 83.00 70.00 80.00 83.00 75.00 83.00 78.00 78.00 70.00 70.00 54.00 70.00 70.00 74.00 70.00 74.00
mammographic 80.75 82,11 82.00 7898 82.73 81.62 76.28 81.62 81.69 83.46 80.96 80.44 81.17 82.62 82.42 8242 8294 8242 81.90 8148 80.44
monksl 100,00 100.00 7498 99.31 100.00 87.53 96.05 88.91 94.68 93.28 80.08 97.92 9792 7498 7498 100.00 74.29 100.00 96.30 74.98 100.00
monks2 73.06 5974 65.73 58.74 64.40 58.73 73.87 63.90 5990 60.91 68.39 71.55 76.88 6141 61.24 6790 63.73 66.57 65.39 65.73 100.00
monks3 98.56 98.92 7997 98.56 98.92 98.92 98.20 98.92 9892 98.92 98.92 97.66 97.84 96.39 96.39 9838 98.56 98.74 98.02 96.75 98.92
soybean 93.15 7848 37.44 87.28 75.24 8535 89.24 78.18 87.64 87.95 77.85 90.87 91.85 82.76 86.33 91.85 90.87 86.99 8991 90.87 92.18
tae 5294 3574 4576 33.72 47.70 3443 50.88 40.43 4697 47.61 45.64 57.53 5557 46.99 4634 5293 5359 5030 48.92 51.61 54.92
tic_tac_toe 88.93 9875 69.93 97.29 73.70 98.02 86.53 80.37 84.23 84.23 73.70 97.39 9530 71.29 7140 77.03 73.27 8497 91.13 9833 97.81
votes 95.86 9402 95.63 9425 9379 9471 9471 9540 95.17 94.25 9563 93.79 93.56 89.89 89.89 9448 9540 9402 9563 9586 9540
wine 96.09 91.70 78.63 89.33 80.90 9045 92.18 88.16 87.03 88.19 90.98 96.11 96.11 98.89 9944 9833 97.20 9889 9440 9833 97.76
winequality-red 64.98 5629 5554 48.65 5597 5372 60.79 57.03 58.22 59.16 56.41 64.29 64.67 58.60 5847 62.29 6191 5928 6435 59.04 64.04
200 98.10 9419 73.29 90.14 88.19 88.19 95.14 82.19 94.14 95.14 98.10 96.14 96.14 9410 96.10 97.10 98.05 9410 96.10 98.05 96.14
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dataset
annealing 17 18 21 3 6 9 14 12 9 45 9 7 45 19 20 12 15 16 12 15 1.5
audiology 5 20 21 13 19 12 15 I8 75 75 9525 4 17 11 14 95 16 6 25 1

balance_scale 12 85 21 14 19 15 16 18 20 17 11 10 85 3 3 7 6 3 13 5 1
breast_canc. 4 17 21 19 20 18 12 16 15 14 13 75 10 2 2 11 75 2 9 o6 5

car 6.5 20 21 15 10 17 2 14 11 4 12 5 16 19 18 8 13 9 3 65 1
cme 13 3 18 20 14 9 21 12 7 16 1 19105 8 1054 5 o6 15 2 17
credit 1 2 11520 101452114513 18 3 19 17 45 45 16 85 6 11585 7

ecoli 13.5 21 20 19 11 17 15 18 16 6 1359515 3 12 5 15 95 4 8

7
forestfires 9 3 19 14 21 15 16 18 17 20 10 11 12 65 5 13 2 65 4 1 8
glass 3 4 21 15 20 19 17 18 14 9 16 2 1 11510 8 5 115 7 6 13

hayes-roth 8 6 21 9 20 10 13 14 17 16 1 18 19 3 3 15115 3 115 7 5

hepatitis 135 5 9 21 8 18511 155155185185 11135 2 4 3 6 1 7 18511
iris 17 17 3 95 17 17 3 95 3 9595 9595 17 17 21 95 17 3 95 3
lenses 122 20 3 1 5 1657 5 10 5 858516516521 165165 12 16.5 12
mamimogr. 17 8 9 20 3 12 21 12 12 1 1618515 4 6 6 2 o6 10 14185
monksl 3535185 7 35 15 11 14 12 13 16 85 8518518535 21 3.5 10 1853.5
monks2 4 19 9520 12 21 3 13 18 17 6 5 2 15 16 7 14 8 11 95 1
monks3 11 45 21 11 45 45 14 45 45 45 45 17 16 19519513 11 9 15 18 4.5
soybean 1 17 21 12 20 15 9 18 11 10 19 6 35 16 14 35 6 13 8 o6 2
tae 5 19 16 21 11 20 8 18 14 12 17 1 2 13 15 6 4 9 10 7 3
tic_tac_toe 9 1 21 6 165 3 10 14 125125165 5 7 20 19 15 18 11 8 2 4
votes 1.5 155 4 13.517.5105105 7 9 135 4 17519 20520512 7 155 4 1.5 7
wine 10 13 21 16 20 15 12 18 19 17 14 8585 25 1 45 7 25 11 45 6
wineq.-red 1 17 19 21 18 20 8 15 14 10 16 4 2 12 13 6 7 9 3 11 5
700 1.5 13 21 17 18.518511.520 14 11.51.5 7 7 15595 5 3515595 35 7




CpaBHenue - Friedman test

JRip-  Dec. JRip- REP  J48- J48- LAD Naive Bayes WAO Rand. Mult.
PGN CMAR OneR unpr. Table pruned NNge Tree pruned unpr. Tree IBk K Star Bayes Net HNB  DE LBR Forest SMO perc.

AvgRank 796 1052 17.18 1440 1394 1378 1250 1420 1248 12,08 1020 9.66 936 1148 1118 986 882 868 892 7.60 620

20 cTeneHn Ha cBobOAa,
x2= 95.579 > a, ,,=28.412

—> Knacudpukatopute ca CTaTUCTUYECKMU PasNIUYUMU
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CpaBHeHue - Nemenyi test

o

Multilayer Perceptron

SMO

PGN

LBR

WAOQODE

Random Farest

K Star

IB k

HNB

LADTree

CMAR

Bayes Nel

Naive Bayes

| OneRr

JRip-unpruned
REPTree

Decision Table

JRip-pruned

NNge

J48-pruncd

J48-unpruned
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bnarozapum 3a BHUMaHUETO!

Hnrua Mumos
imitov@math.bas.bg

Kpacumupa Hearosa
kivanova@math.bas.bg
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