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ABSTRACT

Purpose: The development of information technology makes it easy to utilize high—dimensional categorical
data. In this regard, the purpose of this study is to propose a novel method to select the proper categorical
variables in high—dimensional categorical data.

Methods: The proposed feature selection method consists of three steps: (1) The first step defines the good-
ness—to—pick measure. In this paper, a categorical variable is relevant if it has relationships among other
variables. According to the above definition of relevant variables, the goodness—to—pick measure calculates
the normalized conditional entropy with other variables. (2) The second step finds the relevant feature subset
from the original variables set. This step decides whether a variable is relevant or not. (3) The third step
eliminates redundancy variables from the relevant feature subset.

Results: Our experimental results showed that the proposed feature selection method generally yielded better
classification performance than without feature selection in high—-dimensional categorical data, especially as
the number of irrelevant categorical variables increase. Besides, as the number of irrelevant categorical varia—
bles that have imbalanced categorical values is increasing, the difference in accuracy between the proposed
method and the existing methods being compared increases.

Conclusion: According to experimental results, we confirmed that the proposed method makes it possible
to consistently produce high classification accuracy rates in high—-dimensional categorical data. Therefore,

the proposed method is promising to be used effectively in high—-dimensional situation.
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12 FHEste] BEdX|she Mg g5 78 7 #5A 1] AR 15gnh 2y 8y Ags 7 354 1
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(Gooall, 1966; Smirnov, 1968; Burnaby, 1970; Lin, 1988; Le and Ho, 2005). Goodall(1966)2 5 ¥<= #k Alo]
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2.1.2 A4 714t v SAE (Association—based dissimilarity)

Le and Ho(2005)= ¥/d 7Iuke] HlfAR=E ARtsr] 9l dofe] &8 W A9 M & a7 FolAe
W vhe WS A, (= 0) 9 BE gt ap, o 20 SEE playla,) R HIGL, dole) S8 W 4,9 WS G
a;7F FoIRE Wl e FE WS 4,9 WF ghee] 205 3E £¥5 P44, = a;) B F71% A8A 7]
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ME gro] FolAL W), U WEY S8 Whe] 215 3E FE Aol ofus} o] Aukal,

d(a;,ay) Zw (4714, = a;;) , P(Ap14; = ay)) (7 = 4), =4 (2)
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A7 Vi 41,2, pt, Vi RE {12, oM, (-, - )& B BE 0] AelE Aktehs g4l
t}. 85 X 7F ATE Akete g kst skl & AlotE Ith(Lin 1991; Kullback and Leibler 1951;
Chakraborty 2008). 2 1o X 88 B%9] Ae2 7al= 82 Hellinger 722 A4 3+ tHChakraborty
2008). Hellinger A= ofele] 4 (3)& &3 3ich

(P (4;14; = a; ) P(A;14;=ay))= \/i(\/P(ai/s|aij)_ \/p(ai’s‘aik)y 21 (3)

A7 Vi,i'E11,2,-,p), Vi kE{1,2,-,r ), VsE{L2,- - mppelm, p(- |- )& 215 gt
Hellinger 712 0% 1 Atol9] @& 7HAA |H + #327F 342 45 02 & 45 1+ 7Ktk
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Table 2. A synthetic small dataset

Synthetic small dataset

Gender Color
Female White
Female Black
Male Black
Female Black
Male Black
Male White
Female Black
Female White
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Table 3. The co—occurrence & conditional probability between Gender and Color

Co-occurrence table Conditional probability
white (w) black (b) sum plwl - ) pl-) sum
Female (F) 2 3 5 2/5 3/5 1
Male (M) 1 2 3 1/3 2/3 1
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(Vergara and Estévez, 2014).

H(A;|A,) Ep a;)H(Ay 1A, = a;;) 4 (6)
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Table 4 Summary of Breast cancer data and synthetic generated categorical data

Number o'f categorical Number of. values.m each Balanced/ Imbalanced
variables categorical variable
Breast 9 Depends on each categorical Depends on each
cancer variable categorical variable
Balanced
Case 1 From 50 to 600 2 (1/2. 1/2)
Balanced
Case 2 From 50 to 600 3 (1/3. 1/3. 1/3)
Balanced
Case 3 From 50 to 600 4 (/4. 1/4, 1/4. 1/4)
Imbalanced
Case 4 From 50 to 600 2 (1/10, 9/10)
Imbalanced
Case 5 From 50 to 600 3 (1/10, 1/10, 8/10)
Case 6 From 50 to 600 4 Imbalanced

(1/10, 1/10, 1/10, 7/10
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Table 5. Experiment results (Maximum, minimum accuracy rate, average of accuracy rate and standard
deviation of accuracy rate)

High

The accuracy of . . High Association—ba dimen;iqnal

Scenarios 3-NN .Hammmg d1mens19nal sed dissim- association
classification distance (HD) . Hamming ilarity (ABD) . b.as.ed.

distance (HIHD) dissimilarity
(HABD)
Max 91.51% 97.07% 97.36% 97.95%
Breast cancer Min 85.07% 97.07% 82.28% 97.95%
+Case 1 Average 87.70% 97.07% 87.66% 97.95%
S.D. 2.36% 0.00% 5.76% 0.00%
Max 92.68% 97.07% 97.22% 97.95%
Breast cancer Min 85.07% 97.07% 80.09% 97.95%
+Case 2 Average 87.85% 97.07% 85.20% 97.95%
S.D. 2.36% 0.00% 5.77% 0.00%
Max 94.00% 97.07% 96.49% 97.95%
Breast cancer Min 86.09% 97.07% 80.53% 97.95%
+Case 3 Average 88.84% 97.07% 85.03% 97.95%
S.D. 2.39% 0.00% 5.06% 0.00%
Max 95.75% 97.07% 97.51% 97.95%
Breast cancer Min 84.33% 97.07% 75.84% 97.95%
+Case 4 Average 90.03% 97.07% 84.71% 97.95%
S.D. 3.711% 0.00% 7.48% 0.00%
Max 93.56% 97.07% 96.05% 97.95%
Breast cancer Min 83.75% 97.07% 72.77% 97.95%
+Case 5 Average 88.32% 97.07% 81.41% 97.95%
S.D. 3.09% 0.00% 7.27% 0.00%
Max 94.58% 97.07% 95.90% 97.95%
Breast cancer Min 81.26% 97.07% 71.01% 97.95%
+Case 6 Average 86.38% 97.07% 79.22% 97.95%
S.D. 3.88% 0.00% 7.52% 0.00%
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