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Abstract

Objective: In processing high dimensional clinical data, choosing the optimal subset of features is important, not only for
reduce the computational complexity but also to improve the value of the model constructed from the given data. This study
proposes an efficient feature selection method with a variable threshold. Methods: In the proposed method, the spatial
distribution of labeled data, which has non-redundant attribute values in the overlapping regions, was used to evaluate the
degree of intra-class separation, and the weighted average of the redundant attribute values were used to select the cut-off
value of each feature. Results: The effectiveness of the proposed method was demonstrated by comparing the experimental
results for the dyspnea patients’ dataset with 11 features selected from 55 features by clinical experts with those obtained
using seven other classification methods. Conclusion: The proposed method can work well for clinical data mining and

pattern classification applications. {Journal of Korean Sociely of Medical Informatics 15—4, 475—-481, 2009)
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4 ZHAHcommon blood cell & differential count,
CBC & diff. count), ZZEER A]7K(prothrombin
time, PT), 43} & EFHZ e}~ Al 7Hactivated
partial thromboplastin time, aPTT), &3 3] (serum
electrolytes), YL2kAle] izt 7]E  ZHAKroutine
admission), &* oldelA, FHdE 7}~ E2X(blood
pH and gas), 2] 3}o}A], CK-MB, Troponin I, CK, LDH,
CRP, Fibrinogen, Ca’", Mg’", Pro-BNP7} ittt 4
e A5 3 Yoz AL g4, DOA (death
on arrival), CPR (Cardio-Pulmonary Resuscitation) -
%2 DNR (Do Not Resuscitate)@ A}t 2k}, z}2]
B9 52 nde] 718 g}, o R 5ol Bebdg A
FE2 AL T 6687 ] RN A LA 5007, H A
2+ 168)ell Wik HlolElE A8kt
2. 544
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d=[min (&), max (g)]

Figure 1. An overlapping O; region of the input attribute « ;
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(upper bound)= ERHTHFig. 1).
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3713k,
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LA deld Age £1-49

AE 1A= = A
B2 AREgE 1o 7}‘%1 b hk&l W slo] m
S50 Wslel &
So] B 0] @p_f Table 1?% 23, - 54
Ztell gk 2 £4(5 A FHI9S
=[2.77, 53.47], PLT : [52, 676], CI : [90, 124], AST :
[10, 645], ALT : [5, 212], PCO; : [9.5, 96], PO; :
[39.4, 134], O:SAT : [87.8, 99.7], LDH : [268, 5,006],
Ca’” i [1.57,2.93], Mg’ " : [1.1, 3.3]°] A THSteps 13}
7(1—7\) Lk /\1 (1)_04 :Lﬂi Z} zlzﬂ,] 24 sh: Jﬂ
7kt 23k, WBC (0.8114), LDH (0.732), PO, (0.6751),
PLT (0.5734), PCO; (0.5015), AST (0.1662), ALT
(0.1332), Ca’ " (0.1108), O2SAT (0.0883), CI (0.0254),
Mg " (0. 0150) o2 Uehsith o] AL &4 wBC7t
»M Mg 7ol Bl driH oz BRAQ A 7}
T7F Evhe AS gvlsta, 1149 S48 F
oMM wBC £4 gkl 37t xhﬂ TR A
6
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Table 1. Dataset's feature

Feature® Unit Min Max Mean+SD
WBC x10% xI 0.11 75.9 11.0196+6.3942
PLT x10% 41 23 1,105 270.6856+120.0240
Cl mmol/L 72 134 104.2455+6.9351
AST uL 5 3,321 73.51954227.1527
ALT UL 3 2,481 46.4416+143.2200
PCO, mmHg 8.3 98.5 39.8760+13.5689
PO, mmHg 35.9 354 80.1507+22.0636

028AT % 59 99.9 96.1350+3.1972
LDH UL 152 8178  688.5834+509.8108
cat* mEgL 125 32 2.245120.1706
Mg?* mg/dl 03 441 2.205420.3770

* WBC: White blood cell
PLT: Platelet count

Cl : Chloride

AST: Aspartate transaminase
ALT: Alanine transminase
PCO;: Pressure of carbon dioxide
PO, Pressure of oxygen
O,SAT: Oxygen saturation
LDH Lactate dehydrogenase
Ca . Calcium

Mg : Magnesium
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Table 2. Classification accuracy and selected features when
the threshold (a=0.1)

Selected : Num. rules Num. rules Num. Accuracy
feature Cut-off Fifness in admission in discharge total (%)

WBC 9.0914 0.8114
LDH  550.0329 0.7320
PO, 80.4923 0.6751
PLT  247.9383 05734
PCO, 359192 05015
AST 317305 0.1662
ALT 204743 0.1332
ca’” 2.2395 0.1108

179 20 199 56.2874

Table 3. Classification accuracy and selected features when
the threshold (a=0.2)

Num. rules  Num. rules Num. Accuracy

Selected
Cut-off in admission in discharge total (%)

- Fitness

WBC 9.0914 0.8114
LDH  550.0329 0.7320
PO, 80.4923 0.6751 32 0 32
PLT 2479383 0.5734
PCO; 359192 0.5015

74.8503

Table 4. Classification accuracy and selected features when
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S = 56.2874%00 A 74.8503%714] F71E I A
FHEE SA4S YEYE =8 2 AAN S
et B4k olsde] ABAHWBC ¢ [5.2, 124],

PLT: [130, 400], CI : [95, 108], AST : [13, 36], ALT
. [5, 44], PCO; : [32, 48], PO, : [83, 108], O.SAT :
[95, 9], LHD : [211, 423], Ca’7 : [1.2, 3.2], Mg’ " :
[1.5, 27])2 ¥welsls o & F4A H9oA oha
=

=

Al, POy Bra B 7FE 1A, vl A AR
=9 cut-off gk BF A Wl 2HHE &

4 A TH(Table 2).
2. 10-fold Xx}3A

A3 2004 AlRME W] BRAS Hel7] 918
A ZA dlold 3ol theh 10-fold A A
& 90%, AH: 10%)3 7129 771 E77] 4.5,
kNN (k-nearest neighbor)m, LDA (linear discriminant
analysis)14), QDA (Quadratic discriminant analysis)ls), 3
72 gl A9 g4 (polynomial, sigmoid, rbf)= 7]
Hlo 2 &+ SVM (support vector machine)'®#} B]m s}

Table 5. Classification accuracy and selected features when
the threshold (a=0.7)

Selected : Num. rules Num. rules Num. Accuracy
feature Cut-off  Fitness in admission in discharge total (%)

WBC 9.0914 0.8114

0 4
LDH 550.0329 0.7320

74.8503

the threshold (a=0.6) o
Table 6. Classification accuracy and selected features when
Selected . Num. rules Num. rules Num. Accuracy -
feature Cut-off ~ Fitness in admission in discharge total (%) the threshold (@=08)
WBC 9.0914 0.8114 Selected Cut-off Fitness Num. rules  Num. rules  Num. Acc(t)Jracy
LDH 5500329 0.7320 8 0 8 748503 feature in admission in discharge total (%)
PO, 80.4923 0.6751 WBC 9.0914 0.8114 2 0 2 74.8503
Table 7. Results of 10-fold cross validation when the threshold (a@=05)
Fold Train (%) Test (%) Fold Train (%) Test (%)
k=1 74.5424 (32) 74.6269 k=6 74.8752 (32) 74.6269
k=2 74.8752 (32) 74.6269 k=7 74.8752 (31) 74.6269
k=3 74.8752 (31) 74.6269 k=8 73.7105 (32) 71.6418
k=4 74.8752 (31) 74.6269 k=9 72.7575 (31) 75.7576
k=5 74.5424 (32) 74.6269 k=10 74.7508 (32) 75.7576
Total Avg. train: 74.4680, Avg. test: 74.5545,  Num. rule: 31.6
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Table 8. Comparison results between the proposed method
and the conventional methods (10-fold cross

validation)
Method Avg. train (%)  Avg. test (%)
Decision tree* C4.5 78.0433 70.9408
Statistical classifiers™ kNN (k=1) 68.4959 68.7065
KNN (k=2) 73.6860 73.3492
KNN (k=3) 70.1428 69.3012
LDA 74.6507 74.5545
QDA 48.5199 45,9362
SVMs Polynomial 25.1497 25.1470
Sigmoid 74.8503 74.8530
RBF 100 74.8530
Proposed method a=05 74.4680 74.5545

* Experiment condition: 1) Confidence: 0.25, 2) Number of leafs: 2
Experiment condition: 1) k=1-3, 2) Measure: Euclidean distance
Experiment condition: 1) Kemel type: Polynomial, Sigmoid, and RBF

functions, 2) eps: 0.001, 3) d (degree): 10, 4) g (gamma): 1.0, 5) r

(coef0): 1.0, 6) n (nu): 0.5, 7) epsilon: 1.0, 8) h (shrinking): 0

T} Table 72 A4+ A77lel oA A E AA
w 10-fold WA AFHE BAFT, ()] #
#

7 foldol x| A4

=
[}
o] Pt ERFS = 217 74.4680%, 74.5545%°]
x|

3, A F T2 = 31.671A T 7} foldol A
TREAC % A8 19X AE WBC LDH PO,

2 A9 03, a5 st 24
#E WgE HeE NS 23
WBC (8.8771-9.4402), LDH (532.2919-560.1838), PO;
(79.3269- 81.9370), PLT (243.4908-253.0885), PCO:
(35.2952- 36.3225)0|91leH, A 19| éaﬂrq]xw%
LDH= %73 M9Et T4 =4, PO e WEHA
B7H e & 7 AT T3 71E9] 77HA] 5‘%714
10-fold wAHAR A S v & of 53 45
Hol= sigmoid, rbf HAETFE 7|Hto 2 3 SVM,
LDASH SAFe A%< HATHTable 8).

V. D&

2 AP ME 7 £49) FAIY ol 98 &
4 k5e] BNAY Bxol U BhA AR
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| FHARE 7] FEEAS AT 5 W
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o Wiglol whe} Meled 574 49} cut-off 7k, T2
TR e =] ¥Msts ey, 1 23 /e &
A WBC, LDH, PO, PLT, PC027]' Uz 6719 54
AST, ALT, Ca’"?, O:84T, CI oﬂ vl &l A<l
FQ57l & Aow ¥ 7}54 , STt
A - EHd A M TS ?‘é—g A= 54
olgf= AMAE o 4 gtk =3 A3 29] 10-fold
WA Aol = dAGke] 0.5¢€ W HAYE T8
% WBC, LDH, PO, PLT, PCO,% 7+ 5#E]

7

cut-off #tE2°] W3k HHE Uehgdtt. 18n
Z9] 7714 BEFHPE 4.5, KNN, LDA, QDA, 3714
dee] AdgFE 7IRte R 3 sSVMIHe| 7 g
=2 Hude W 7MY 2 £7d 5 YEH sig-
moid, rbf 7195 AHE-ZF SVM} Fisher?] LDAS}
FARIAY Yd 2R ATdE & F AN
o} T3 A A Eﬂﬂ?l =
(= B8 2a 7 A 7
sto 22X A& e = cut-off TS LS F
o gdHow 54 g T US
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