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Evaluation of Rule Interestingness Measures
in Medical Knowledge Discovery in Databases

MiHO OHSAKI,* HIDENAO ABE," SHUSAKU TSUMOTO,2
HiDETO YOKOI? and TAKAHIRA YAMAGUCHI*

We discuss the usefulness of rule interestingness measures for medical KDD through experi-
ments using clinical datasets and also consider how to utilize these measures in postprocessing
based on the experimental outcomes. We first conducted an experiment to compare evalua-
tion results by forty various interestingness measures with those by a medical expert for rules
discovered in a clinical dataset on meningitis. We calculated and compared the performance of
each interestingness measure to estimate a medical expert’s interest with the F-Measure and
correlation coefficient. We then conducted a similar experiment on hepatitis. The compre-
hensive results of experiments on meningitis and hepatitis showed that Accuracy, Uncovered
Negative, Peculiarity, Relative Risk, and Chi-Square Measure for One Quadrant have a stable,
reasonable performance in estimating real human interest in the medical domain. The results
also indicate that the performance of interestingness measures is influenced by the certainty
of a hypothesis made by a medical expert, and that the combinational use of interestingness
measures will contribute to support medical experts to generate and confirm their hypotheses
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through human-system interaction.
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Table 1 The upper part represents a confusion matrix

which divides a set of instances into TP, FP, TN,
and FN. The lower part represents a confusion
matrix for a classification rule of IFF A THEN C.
Pos and Neg are the abbreviation for Positive and
Negative, respectively. Nx is the number of in-
stances which satisfies the X.
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IF LOC =2.0 THEN C_COURSE = negative
IF LOC > 20 THEN C_COURSE = aphasia
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Fig.1 An example of rules on meningitis prognosis to

which a medical expert showed an interest. The
upper part suggests that language disorder may be
avoided if admitted to hospital within 2 days after
losing consciousness. The lower part indicates the
converse of contraposition.
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Table 2 The objective measures used in the present study. For the cases in which

the definition of an objective measure depends on the type of rule, we

adopted the definition of the objective measure for classification rules.

Also shown are the base theories, the denomination (abbreviation) and

[reference number]| for each objective measure. The nomenclature in the

theory column is as follows; P: probabilistic magnitude, S: statistic value,

I: information amount, N: number of instances, D: distance among rules

or among attributes.
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Fig.2 The results of Experiment I for binary classes. Each row represents a rule,

while each column represents an objective measure.
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Fig.3 The results of Experiment I for multivalued classes. The configuration is

the same as Fig. 2.
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Fig.4 Examples of PR curves for the quality label I.

01000000Lw(r)0000 r000O0ODOODO
00000LM(r)D0D0O00OO0ODOODOOOOOOOO
goboooooooooooooboobooooooo
0 Xiwe 00 (9) 0000000000 OO label O

O00o0oO0oooO0oo (lo)oooooooooooo
gobooobooobobobooboboobooobooo
OU0UoUooooUOoUooOoooo (10)0 label
010000000 MCU)ONU VNIOUOOOO
00 MC(N)OOODOOO
Rigper ={r |7 € R A Lu(r) = label} (7)
Riper ={r | r € R A Ln(r) = label}  (8)
Xiabet = {7 | 7 € Riaber N TGRlabez} 9)

[Xiabet| | Xiabet|

[Riabetl | Rigper|
MC(label) = 72 10
( ) [Xigbetl 4 [ Xiabet (10)
[Riaber| | Rigper |

00000000000000000000000
000000000000000000000000
000000000000 MC(C)OD0000000
00000000000000% 00000 (11)0
OOO0O0ORANKg(r) 0ODODO0OOD00O00000
00000000 Rwe 0000000 r0000



1866 goooooooo

OUO0OOORANKy(r)DUOODOOOODOODOODO
00000000000 Ruwe 0000000 r O
00000000SOK OO (11)Dooooooo
OOO0OONpOOOOOO0O0O0Tyr O R 0000
00007y 0 Ruwe 00000000000

K-S

MC(C) = 11
©) VK —2Tg VK — 2Tu (11)
where
S= Y (RANKu(r) — RANK u(r))*
I,NU,NI
— Ty —Twu,
= NeWz—1)
6 b
Nr,, (N2 —1
Ty = > TH(12TH ), and
Ty = ZNTM(NTQ‘M - 1)
12

MCc(HOMC(N)ODMC(C)OOOOOoooooo
000 (12)00000000000000000O
goooooOoDpoOOoOoOoOoOoOoOoOoOoOoOoOo1Od
ooo0o0ooooooooUoooooooooood
o0o0o0O0o0o0oooooopooooooooooog
o0o0o0O0o0ooooooooooooooooood
O000O00o0oOo0ooooooooooooooog
O000000ooooDooooooooooood
0000000oooooooooooooMe)o
MC(N)OMC(C)O 2:1:1000000 W;0WxO
We OOOOOOOOOO
CMC = Y Wix MC(i) (12)
i=I,N,C
where Wr =0.50, and Wy = We = 0.25

o0oooooUoUoooooOoooooooooo
o0o00O0o0o0oUooooooooogooooooog
O00000000oDoooooooooooooog
O0o00O0o0oO00o0oO0o0oooooooooooog
0000000o0o0oooooooooooooooag
0000000000000o0ooooooooooog
Recision-Recall 00 000000000 OOODOO
ooooOoOoooooDOoOoOoOooooooooood
goooOooCoOoOOOOOOOOOOUOObDOOd
O0o0oooUoOo (12)ooooooooo
Precision-Recal 00O O0OOO0O0OOCOOOOOO
od0ood0ooUooooooooooooooog
(13) 00000.Cy 0 aO0O0OODODO bO0ODO
goooooo #LWDDDDNRDDDDDDD
N 00000000 label OOODOOOOOOO
000000000000 lebel 000000000

Apr. 2007

Ob000n~zCN,, 0000000000 O0C0O0O0O0
000000000 84.Ci O (Ng—Niwe) CWigpa—i)
O0000ONawq OODODOO0 ;0000000000
0000o0ooo0oooUoOooooo (13)Uo 1o
O Ny O0OO000O s000000D0O00DOOO
20000000000000000

Lower Limit(label)

Nigbel

_ § : Nlabelci (NR—Nzabez)C(Nzabez—i)
=0

Ngr CNla,bel

1 i
Nigbel  Niabel

X (13)

i i
Niabel Nigbel

O0000ooooooooooooooooooan
Jooooooooooooooooooo 2003
JoooooooooooOooooooooooon
Joo0ooooOoooooOoooogoooooooo
0000o0oooooooooooo4000000

020 cMcoOOOOOOD 40000000000
0200050%00004+000000000000
00000000 000000000 500 UncNegO
Accuracyd RROLift0 PeculiarityOd x* — M1 0000
gooo cMcOouooOoO 1.8ooOoooooooo
0o0o0oooooooo1.800ooooomoon
0o00oo0o0ooooooooooooooog so
O Supportd Recalld JaccardO GOIO F-MO Cover-
ageJO00OOCMCOOOODOOS00000000
00oooooodgos0doooooomon
gooooopooOoooooooooooooooo
ooooood

030 CMCOUOODOO0200050%000040
goooUoooooDpOoOoooUoooooooooo
0000 500 Accuracyd Peculiarityd xy? — M10
Kappall UncNeg OO OO OOO0O CMC OOOO
01l70000000000000O0OOOOOOO
000000000 500 Prevalencell GOIO Cov-
eragel] PSIO Support 00000000 CMC OO
ooodor00000000Oooooooooooag

000200 300doo0ooooo soogoo
Jo000o0oOoo0ooooDoOo0oooO0dOUne
Neg Accuracyd Peculiarityd x? — M1ORR O 0 O
gooooooOoUoooooooooooooooo
0000000000000 DOOdPrevalenced GOIO
Coveragel SupportOPSIOOOO0O0OOOOOOO
00000oo00oo00ooooooooooo 200 30
000000o0o0ooo0ooooooooogoooon
Joo0ooooooo0oooooooooooooo



Vol. 48 No. 4

0000000000000 00000000000
000000000000000000000000
0000000000000 0O00 UncNeg Accu-
racyl Peculiarityd x*> - MIORROOOOOOOO
000000000000000000000000
000000000000 00000000
000000000000000000000 20
000000000000000 100000000
000000000000000000000000
00000000000 2000000000000
000000000000000D00D0000000
0000 12)020)000000000000000
0O00oOoooooo'!»®e ggooooooon
000000000000000000000000
000000000000000000000000
000000000 00000D00

4. 00 MIODOO0OO0ODOOOO0O0O

41 DO0OO
00 I0000D00000000D0000000
00000000000000000000%* 000
00o0ooooo0* 0000000000oooo
000000000000000000000000
00000000000 1090000000000
0000000000000 00000000000
000000000000000D000000000
000000000000000000000000
000000000000000000000000
0000000000000000000000 EM
0000000 K-MeansO0OODOOOOODODOO
00000000000000000 C4.50000
C5.00000000000000000000
000D0000000000000 2000000
000000000000000I00000000
000000000000 100000000000
0000000000000 00000000000
00000000000000000 2000000
0D0000000000000000000000
050000000000000000000000
00000000D0000000000000000
0DoooOooo0
000D0D00000000D0D0O0 I000000
000000000000000000000000
000000000000 2000000000000
EIDODOQOC OO QO O Especially Interestingd 0 0O O
000000000000 0OEIODOOOOOODO

gooooooooooooooooboooooo 1867

20 Antecedent Gonsequsnt -

_—
15 \ [Precision: 70.00% Recall: 1.49%|

GPT
10F Range: 33.8%
Average: 128.78

05

00F

I-BIL GPT
-05F Average: 048 Range: 23.01

J NS

Male .
25 —20 -15 -10 =5 0 5 10 15

- Antecedent Gonseguent

4| [Precision: 37.50% Recall: 15.96%]
206 2 ’

465]
190

458
174

451
159

444 |
143

4.36

2 50 50 40 30 2 -20 -0 0 6
month

05 00000000000000000000000000 1
ooo00oo0oO0O0oO0OOoOoOOoOOOOOO0OO0O0O0ODOODODOO
00 GPTOOOO 30000000000000000OO
0obO0oo00o0 200000000000000000GPT
030000000000000000000

Fig.5 An example of rules on hepatitis prognosis to which
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ond mining, and more clearly shows the three-year-
period described above.
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Fig.6 The results of Experiment II in the first mining. The configuration is the same as Fig. 2.
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Fig.7 The results of Experiment II in the second mining. The configuration is

the same as Fig. 2.
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Table 3 The summary of the results of Experiment I and II. A plus sign + to
the right of a CMC value means that the value is larger than the lower
boundary of CMC.
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oo opoooo cMC oo oo opoooo cMC oo oo opoooo cMC oo
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