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Subgroup Discovery Method with Internal Disjunctive Expression

Seyoung Kim*, Kwang Ryel Ryu™*

Abstract

We can obtain useful knowledge from data by using a subgroup discovery algorithm. Subgroup

discovery is a rule model learning method that finds data subgroups containing specific information

from data and expresses them in a rule form. Subgroups are meaningful as they account for a high

percentage of total data and tend to differ significantly from the overall data. Subgroup is expressed

with conjunction of only literals previously. So, the scope of the rules that can be derived from the

learning process is limited. In this paper, we propose a method to increase expressiveness of rules

through internal disjunctive representation of attribute values. Also, we analyze the characteristics of

existing subgroup discovery algorithms and propose an improved algorithm that complements their

defects and takes advantage of them. Experiments are conducted with the traffic accident data given

from Busan metropolitan city. The results shows that performance of the proposed method is better

than that of existing methods. Rule set learned by proposed method has interesting and general rules

more.

» Keyword : Data mining, Subgroup discovery, Rule learning, Traffic accident data

[. Introduction

FEl= vy 248 Fl dds #Eeta 183 JRs
s 7 vk A5 ARe A AR e 52 7)o AlE
dvf A 5 gl ol8E o vk dHolHE L4shs W
el A4 &4 Wi} 714 o5 dadss ol W
ol Atk 717 35 darglFe A Aol wpe} v &
=l A= HolH 2R E Soldt A3S skl A4S 113
= BT HBEIF Ua2AH daFel de uF
uzp g

MBIF "gaAAsEs 9ty gt A48 b S
ol HolE dig 2 A ofth 5, HolE7t Foie o
AA dlolgol A &4 HRxE 4 2 doly e HlE&s &
F S0 ditd AFgolta B B3 Feis dloE 9 H]
o] AA3] ¥ oIy 25 Zh= Aotk o]FA 32 bl
ol IF< dF HolHES A 54E 0 §h

o

R A A

=
o

&
X9,
o

et HjolE] 19 F7)7k U Fob ulge] @A &
obl A% dolge] 54& Agdtn ¥ & gtk WA
HolE] % Fuel WA At 1, dele] 159 2717
Dolar 1 shbel dolej7t 784 Abmekal 44t e
W Fuo] MR WA dolE F £FeA ALl lgol

100%7F 945 109] doleE wigom Fust 7940 A}

* First Author: Seyoung Kim, Corresponding Author: Kwang Ryel Ryu
*Seyoung Kim(birdzero@pusan.ac.kr), Dept. of Computer Science and Engineering, Pusan National University
**Kwang Ryel Ryu(krryu@pusan.ac.kr), Dept. of Computer Science and Engineering, Pusan National University
* Received: 2016. 10. 11, Revised: 2016. 11. 24, Accepted: 2016. 12. 27.
* This work was supported by BK21PLUS, Creative Human Resource Development Program for IT Convergence.



24

Journal of The Korea Society of Computer and Information

a7) 72 BAY dthal web)E ook wEA] A BOE
AW = A9 Sol gtk ofye} duky E3k Fasi)

HomRo e Ao 2R &4 grel A9 gdo] 7}
T3 AEIE gaAme] weks Aekett, 2Rl £4 gt
S AAHoR BdE 4 gow FHH TR ) AN
T A dlolE 259 FH7F izt =, 7159 B u
o oheket 1S 2 4 gleh E=3k fEo] Awshs dlolE
w9 A7) EF T 4 QlonR g dubg wgk 8
ek 4 oltk

CN2-SD7} Stk ol SARZEE FH) Qi Hol 4 e

stAl a8 7k ddl A E(weighted relative
accuracy, WRA)E =743sto] 128 g5kt [1].WRACA
7tFeA(weight) = AA dHoly F 39 2UF-E U=se

tlolEle] Hl&& ou|siy A= 139 UnkdS vERi) A
g &= (Relative accuracy)® TFael o-5-3te dHolH 1%
A Hx FU27F AHEkE HE, S ] AEgEe A
tlolElel| A XA|el= HxE e HEo A= gojEm f
2 9] Bold& Yehdth. WRAE ©] 7 7HA9 Fog A%
T Stk

= WRAE 7|Fo= H49 k9] 13& g
S gag|Folvh ARgAte] A oo mat kel & g |
o g5 AT ﬂm"ﬂ o3 AW == dolE7t FAFHL
TH e AR T3 A A ES v S5t kgtol A

452 G THES F5T ThsAel AN TFH >
W

7 UT BobAE FHE #A3] o9tk Bl 9
th (2]l ol @ BAlde dRYete 5 B o
o FHEL A A BA FANEG Fof dast ks g
& ASrET FALE B A £ 439 2 5 9A
W olE Sle) ALEAL Aalok  ASEol Brke vl 9
oh R g gagdoR B 48 S
A Az Q8 339 FH QP 2B Fol] AL WS
Aokste ALgA 4ol A5E Folm FAY 4L HAS

starz} ik
& W, CN2-SDE H3 Fej2of
Av e wj7pA] ghEee 7 %

A Shashe datElgeld [3
AAs] el =
= HelEE Ans] <
IDOSeh= &2 the? PTFZ.% Eac
AR E A K3 o[BS At A
Easeed HHTOH 7A7Hel ?rzw Aol 4 &

YT o
o} &
o
A

)Y
ol
ol
N

R~

;9‘ mlO

o ¥° Mz ¥° rlo
o=
ol Lz

[o

_\‘L

|

ﬂod

.,

[

-,

JFJ

|

il

)

1>

12

e

rE

a2 mlo E}_{

e
¥ 9
&
jubad

a
1=}
o
|
Ll
ey =5
>
1o
At
>~
_E
R
)
52 ok
rir
=y
D

& ARY FEe MRaF dzAu
S Fel A FAE
7@ ]ge ﬂﬂ'lﬁl qu”]—x] ﬁ—

]
=

© ¢ag]Ee MIDOS &
2~

kY
(.

gp 1%
)

Jn 4y E
N
=
fr

ox
tlo
&
ke
4> Mo

M
(i
2
1o

%

w X
ST
£
. L
T
5
bl
norro
[>
A
i3
A
mO

Bl o
A
i)Y
3

= rr
:ollj

10 ol N

b

ol
i
=
2

o

A2 7)) 5o A9

B7HE Aol vEel 4494
i}

o W
o gm

tlo

_>|,1_“

ook K
o,
off
tlo

[1. Related

AR OaAmEE 2es o

L
AT

ERAA] AlQkekE R oag A
Ea ok QB vaAue o
Az A

ke Ao,
shby stgretn] B3 2ol
o gtk Al
02 Fal @ Sesel ofd 7)o
A2 SgaEA BE e del g 94 wawE A
W, el MIDOS LaelEdot 38

& glomiA Holg el
3k 2= o)

3
=
Y

)

il

<] ﬁg

RS

e DIEER

&3t i SHzel digk s FdHEe AR G
(supervised learning) 713} AaA )i Sl glo] A4
e dAEE s EE dEce AR g%
(unsupervised learning) 71'§e] otk [6], [7]. ABTF Tt~
AW duegES EHE AT 1F E duess &
Gl (3], 13 gy daEEs e duds 6],
348 daglEE A8t S SFeke g [8ls
o] gtk g%d 3 AT dolee EAE Tty 93k

B

Ao|B & M4 R (descriptive modeDolt. 1+ F3
= o
=

[ oo M 1 g x
oo = D ke
m{ru fr o fo o

~

K-

rC

M

u

=)

2

i\

tjo

Ho

%

a4

N

A%

huipd

e

H

AORNE

%
Ee)
T
k
X
(o
I

17} ¢ u} MIDOSE &3 27t T3S o
X*Z:M ojgte] &4 el =Elgos RdE FH

szgl‘lo
:<I)L_4’

re
(i
Mo
=
>
i
=
o
o
e
1%
tlo
Ao

8 Aol ek Brkste] 49 ool FHE B dae ol

o W7k AERE 9] A o)y

Jdx 7= A AT (Weighted Relative
WRA)[1]E o]&3tc}

WRA(D=p(Cond)(p(Class| Condp)-p(Class))

Accuracy,

(D



Subgroup Discovery Method with Internal Disjunctive Expression 25

2D oA (Cond)s 2 Yubde Yehlls 2oz A
Al Examplesol] W3] 772 2] 5% S} dAglo] 2153

7} AWEH= Example52] W]Eo]¥ Coveragegal 3t}
K Class)= AA Examplese] tis] &% o] sdst=
H|Eolm lo]E] ol
A EE S duhd AERs et o(Class| Condy)2
T3] AW 3= ExampleE 50l Positive example®] H|&©
o} o] F 74 9] Aol TGE AHIaFo] YukE A
wlu xpo7h Uz, S iAo Sold S HolFeE ATt Ha
Relative Accuracy =& Biasg}al 3t} 712 9] SolAlof duk
A4 YER= CoverageE Weight2 Ao} 13 H7lele
A =2ar dte] Weighted Relative Accuracy@hal it}
MIDOSQ] A5 A FUE AE SEeh] wiie] 2
= 53 FYzd ddete HolHES ol 7
4 ;}"4 ok HES S5d 4 Sl
ARgAES] P OA T Rk A
HE]'T: o] gith
= | S8 [2]oME FAS EA8e
134?3’}04 %9]‘:’]51 TS FEde A4

Example=(©]3} Positive example)<]

HJR

EJ
o
ElMu

ek Aok

R

#o] Kol yo

2 2o B, A
BUad 9L A W,
= FE ol gdtel T ) o4l FHES shpel H0E B
Asfel 49 QWS e R WA B
= AR Aslok & 7% ghsel wrks vl

glo]g 1Fo

] olek. g
A A A e mEe] dAR QA Aol B e
ol M= olPR HEs areste] ahHe] RS ol A

A FAe] 4 ARkeA dl,

Inputs: dataset D, target ¢, desired number of rules k%,
rule length /
Outputs: rule set R
Q = exhaustive set of ‘Cond — ¢ rules with | Cond| </
R=0
while @ + @ do
Fetch out a rule r from @ according to search strategy
Compute WRA(r) against D
if | Rl < k then add rto R
else if WRA'(r) < mingexWRA(h)
then Prune @ by removing all the rules whose
conditions are more specific than that of r
else if W}‘?A(f) > minchWRA(h)
then Replace the worst element of & with r

Fig. 1. Pseudocode of MIDOS
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Inputs: dataset D with instance weights initialized to 1,
target ¢
Outputs: rule set R
R=0
while positive examples in D have weight 1 do
r < LearnRuleForClass(D, ©)
Append r to the end of R
Decrease the weights of exmpales covered by r

Fig. 2. Pseudocode of CN2-SD(Weighted Covering)

Inputs: dataset D, target ¢
Outputs: rule r
b < true
L < set of available literals
while not Homogeneous(D) do
| <« BestLiteral (D, L, t)
b < bAI
D <« {x €D | xis covered by b}
L <« L\{/’€L|! uses same features by b}
f b then Class = ¢

Fig. 3. Pseudocode of CN2-SD(LearnRuleForClass)
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V. Proposed Subgroup Discovery

Algorithm
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Inputs: dataset D with instance weights initialized to 1,
target ¢, desired number of rules %, rule length /
Outputs: rule set R
R=0
while positive examples in D have weight 1 do
R— MIDOS(D, t, k, 1)
InternealDisjunction(R’)
Remove meaningless rules of which real WRA<O
if IR’| is zero then break;
Select Interesting rules (by Bias, WRA or sharedWRA)
Remove Redundant rules
Append R’ to the end of R
Decrease the weights of examples covered by R’

Fig. 4. Pseudocode of CN2-SD+MIDOS-ID

V. Experimental Results
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Table 2. Attributes of traffic accident data 2o A AA A=
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Attribute Value A FAe AR FH Q3] AWa A} AEET} ZIhe AL
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stolgl 4= Qitk E3] 214~24419] &4 Abatel] B3 5f
00:00~08:00, 08:00~13:00, e A 59 2LA-2 GTE }O LEH i
Time 13:00~17:00, 17:00~21:00, Z A &-& CN2-SD-ID7} CN2-SDel H]aﬂ o A& 4o 343
21:00~24:00 o B BE FY2d AHsES Aves AL F0B
20 categories (Intersection, ESE| ok
Place Crosswalk, Motorway, Schoolzone,
Marketpalce, Parking area, etc.)
12 types (Subcompact, Compact, TC-;T\]le?SDSI- Ple.rforrﬁ?nce| c(j}lo.mpat.rlson of CN2-SD and
Vehicle type Mid-sized, Full-sized, SUV, Truck, involving Internal disjunction process
Bus, Motorcycle, etc.)
. Time Method Cov. Bias Sup. Size  Unusual.
Drunk Driving True, False
o None, O~1mm, 1~5mm, 5~20mm, CN2-SD 0.149 0.0162 0.963 9 0.00181
Precipitation 20~80mm, 80~150mm, 180mm-+ 00~08

Temperature

Below zero, 0~10°C, 10~20°C,
20°C+

Table 3. Classes targeted in Experiment

Target Class

Time = 00:00~08:00 A Drunk driving = True

Time = 08:00~13:00 A Drunk driving = True

Time = 13:00~17:00 A Drunk driving = True

Time

17:00~21:00 A Drunk driving = True

Time

21:00~24:00 A Drunk driving = True

Table 4. Evaluation

measures of rule set

Measure Computation
1R C d
Coverage cov = ZCov(R )= —Z n(Cond,)
Np =l Np izl N
Bias BIAS = ZBlas(R )
nR i=1
Support SUP = LPos(Class V. Cond,)
Pos Class<Cond;
Size SIZE = n,
1 &
Unusualness WRACC = —ZWRA(R,.)
R i=l

CN2-SD-ID  0.233  0.0180 0.977 11  0.00282

CN2-SD 0.127  0.0039  0.610 4 0.00039
08~13

CN2-SD-ID 0.153  0.0031 0.752 5 0.00032

CN2-SD 0.178  0.0030 0.839 5 0.00051
13~17

CN2-SD-ID 0.178  0.0030 0.839 5 0.00051

CN2-SD 0.284 0.0039 0.372 1 0.00112
17~21

CN2-SD-ID 0.284 0.0039 0.372 1 0.00112

CN2-SD 0.132  0.0092  0.894 9 0.00080
21~24

CN2-SD-ID 0.162 0.0106 0.914 8 0.00109

Wilcoxon 0 3 0 3 3

signed-rank test

Table 5 & MIDOSIA] Ul tj~4gHd 4 &3 f‘s} 72 A
A AL AR anE B1F Avlolth. MIDOS LagFo
FH SEE tE e S kiks 1022 Asto] % A
th. MIDOSelIA A Avfe] Al e N EETL F7tehe
g = glon si57 g" MIDOSO Hl&) 7+ F

o}‘ﬂ/ﬂ A50] 92231 AL olg 2= 9ir)

pal E"vl__

|

l

=

P r$
(o]
T N

(

1

ol ok
&8 o o

b



Subgroup Discovery Method with Internal Disjunctive Expression 29

Table 6. Performance Comparison of MIDOS(k=10) and
MIDOS(k=10) involving internal disjunction process

Time Method Cov. Bias Sup.  Size Unusual.
MIDOS 0.142  0.0279 0.870 10 0.00227
00~08
MIDOS-ID 0.397 0.0141 0.898 3 0.00518
MIDOS 0.084 0.0041 0.610 10 0.00028
08~13
MIDOS-ID 0.169 0.0038 0.610 3 0.00052
MIDOS 0.129  0.0058 0.798 10 0.00047
13~17
MIDOS-ID 0.269 0.0032 0.798 3 0.00081
MIDOS 0.105  0.0088 0.712 10 0.00054
17~21
MIDOS-ID 0.159 0.0086 0.718 6 0.00086
MIDOS 0.179  0.0109 0.894 10 0.00105
21~24
MIDOS-ID 0.332  0.0082 0.901 5 0.00166
Wilcoxon
signed-rank test 0 0 0 0 0
Table 7. Performance comparision of rule selection
methods
Time Method Cov. Bias  Sup. Size Unusual.
MIDOS-ID-%alf{Bias) 0.079 0.0385 0.273 2 0.00300
00~08 MIDOS-ID-halff WRA) 0.397 0.0141 0.898 3 0.00518
MIDOS-ID-Aalf{SharedWRA) 0.397 0.0141 0.898 3 0.00518
MIDOS-ID-%alf{Bias) 0.057 0.0060 0.248 3 0.00033
08~13 MIDOS-ID-half{fWRA) 0.232  0.0031 0.573 2 0.00066
MIDOS-ID-%alf{SharedWRA) 0.232 0.0031 0.573 2 0.00066
MIDOS-ID-%alf{Bias) 0.069 0.0090 0.397 3 0.00060
13~17 MIDOS-ID-halfWRA) 0.269 0.0032 0.798 3 0.00081
MIDOS-ID-%alf{SharedWRA)  0.269 0.0032 0.798 3  0.00081
MIDOS-ID-half{Bias) 0.047 0.0164 0.205 2 0.00081
17~21 MIDOS-ID-half WRA) 0.156 0.0090 0.571 4 0.00101
MIDOS-ID-Aalf{SharedWRA) 0.183 0.0077 0.705 5 0.00093
MIDOS-ID-half{Bias) 0.139 0.0153 0.409 2 0.00204
21~24 MIDOS-ID-halff WRA) 0.218 0.0119 0.683 3 0.00200
MIDOS-ID-%alf{SharedWRA)  0.343 0.0094 0.864 4 0.00182
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Table 8. Performance of proposed method

Table 10. Analysis of rule sets

Time Method Cov. Bias  Sup. Size Unusual. Round
CN2-SD-ID 0233 00180 0977 11 0.00282 15
CN2-SD+MIDOS-ID 0290 0.0158 0.995 16 0.00324 7

00~08
CN2-SDFMIDOS-ID 135 90213 0.994 33 0.00214 16
-half(Bias)

CN2-SD+MIDOS-ID

uiShadwiA) 0327 0.0126 0.995 14 0.00355 7
CN2-SD-ID 0.153 00031 0752 5 0.00032 6
CN2-SD+MIDOS-ID  0.155 0.0029 0.991 23 0.00022 6

0813 o o
N2-SD+MIDOS-ID
Sl 0.073 0.0036 0.991 57 0.00017 27
CN2-SD+MIDOS-ID
Shaed W) 0164 0.0026 0.991 19 0.00027 7
CN2-SD-ID 0.178 0.0030 0.839 5 0.00051 8
CN2-SD+MIDOS-ID 0.167 0.0034 0.996 25 0.00046 9

13-17
CN2-SDFMIDOS-ID 10> 90046 0.993 60 0.00035 36
-half(Bias)

CN2-SD+MIDOS-ID

uiShdWiA) 0203 0.0033 0.996 19 0.00053 9
CN2-SD-ID 0284 00039 0372 1 000112 2
CN2-SD+MIDOS-ID  0.081 0.0084 0.946 35 0.00041 15

17-21
CN2-SDFMIDOS-ID 48 00081 0.927 36 0.00032 23
-half(Bias)

CN2-SD+MIDOS-ID

liShamd WAy 0087 0.0090 0.030 21 0.00047 12
CN2-SD-ID 0.162 00106 0914 8§ 0.00109 9
CN2-SD+MIDOS-ID 0300 0.0064 0.996 10 0.00131 4

21-24
CN2-SD+MIDOS-ID
Calions 0.109 0.0106 0992 38 0.00074 25
CN2-SD+MIDOS-ID
iShadWiA) 0259 0.0076 0.995 10 0.00145 4

Wilcoxon CN2-SD+MIDOS-ID CN2-SD+MIDOS-ID

Test ~ CN2-SD+MIDOS-ID ~halfibias) -halfisharedWRA)

Coverage 7 0 5

Bias 7 0 5

Support (1} 0 0

Size 0 0 0
Unusualness 7 0 6

Subgroup Cov. Bias WRA

CN2-SD-ID
Day type=Weekend 0.284  0.0213  0.00605
Vehicle type= dp?l;t‘es!j(liampsaéggubcompactl 0565 00090 0.00507
Temperature=10~20°C|Below zero 0.335  0.0104 0.00349
Vehicle mzegr;glrlt—ssl%e):inpadl 0.508  0.0056 0.00284
Vehicle type=Sports|Subcompact|Motorcycle 0.125 0.0193  0.00242
Vehicle type=Sports|Subcompact 0.058  0.0400 0.00232
Vehicle type=Subcompact 0.057  0.0394 0.00223
Vehicle type=SUV|Sports|Motorcycle 0.163  0.0116 0.00189
Vehicle type=SUV|Sports 0.095 0.0187 0.00178

Vehicle type=SUV 0.094 0.0181 0.00170
Temperature=0~10°C|Below zero 0.280  0.0045 0.00127

MIDOS-ID-half{sharedWRA)

Day type=Weekend 0.284  0.0213  0.00605
Veh'c'eutgfgm%glﬂliﬁ%“;ﬁ%mpad' 0573 0.0105 0.00601
Temperature=10~20°C|Below zero 0.335 0.0104 0.00349

CN2-SD+MIDOS-ID-half(sharedWRA)

Day type=Weekend 0.284  0.0213  0.00605
Veh'C'l‘gutgfgmil;?__/t"i}?%”;ﬁ%mpa“ 0.573  0.0105 0.00601
Vehicle tgfc’gmspg\cﬁ%ﬁ’l”;g%mpad| 0295 00191 0.00564

Vehicle type’\;%)ggsg(liampsalx;:ggubcompacﬂ 0.565  0.0090 0.00507
Vehicle type=SUY ,fﬂpo‘;gfggﬁcompacﬂ 0305 0.0160 0.00487
Vehicle pessporaiCompacisubeompact 11 gt oouus
Vehicle type=SUV|Sports|Subcompact 0.152  0.0264 0.00401
icle
type= SUV|Sports|Compact|Subcompact 0.748  0.0049 0.00368
|Mid-sized|Motorcycle|Truck
Temperature=10~20°C|Below zero 0.335  0.0104  0.00349
Vehicle type=Sports|Subcompact|Motorcycle 0.125 0.0193  0.00242
Place=Highway|Intersection|Tunnel 0.158  0.0119 0.00188
Temperature=0~10°C|Below zero 0.280  0.0045 0.00127
Vehit oy ae SOV Motarcycle 0.112 0.0056 0.00063
Precipitation=0~1mm|1~5mm, 0034 00100 0.00034

Temperature=20°C+
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VI. Conclusion
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