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Subgroup Discovery Method with Internal Disjunctive Expression
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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.
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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
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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
Day type Weekday, Weekend e -
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
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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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