https://doi.org/10.14400/JDC.2017.15.4.191

PHR 7N 70 558 272 R &4 <ass Al

=
=M
A=tistu ntsty|eist HRElSstmt

Design of knowledge search algorithm for PHR based personalized
health information system

Moon-Sun SHIN
Dept. of Computer Engineering, Konkuk University

]
o

au} £ Rk A BEY AR AL 99
olglutold 71%S 2§ G4 ABHR T4 FEZ

PHR(Personal Health Record)7|ql &AA[o] Au|A ZPE X 53HE HoiAe AHEA HE5d AdAE A
A 2EEA 7N A7 AR BES AQbshlct

=
o 1>J

H=E 170

%% spystol £4E 7o AV HAE Aol X

m1> S

X

= A= E
MABKEE, 7129 dlolejutoly 7% AT
AgALY] QEAE ol 3 AR

2

o

4 K
pacs
by
Ju
ol
52
il
=2

P2y AaA)o] Muls ERFA S22l AL o] AREALA A=

. HAl 3t =1l
HA 2o & HAT = =S st} ol AREARY] Ak 7 ol EPE WEE AARE A =9
= o
3T QRN
A gty ol AFIAMS| A AutESE Ap7F A%k o &8E 4= qlot

ox 10

off fob E oof v N > fQ
o Mo

N Mo ook
ol

M
=
=)
=
o,
o)
oN
N
Ju
rlo
ft
U
N

L NARE SV At A], PHRZIWE 7 A W] AA A

Abstract It is needed to support intelligent customized health information service for user convenience in PHR
based Personal Health Care Service Platform. In this paper, we specify an ontology-based health data model for
Personal Health Care Service Platform. We also design a knowledge search algorithm that can be used to
figure out similar health record by applying machine learning and data mining techniques. Axis-based mining
algorithm, which we proposed, can be performed based on axis-attributes in order to improve relevance of
knowledge exploration and to provide efficient search time by reducing the size of candidate item set. And
K-Nearest Neighbor algorithm is used to perform to do grouping users byaccording to the similarity of the user
profile. These algorithms improves the efficiency of customized information exploration according to the user 's
disease and health condition. It can be useful to apply the proposed algorithm to a process of inference in the
Personal Health Care Service Platform and makes it possible to recommend customized health information to
the user. It is useful for people to manage smart health care in aging society.
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(Table 1) Prospect of Health Care Industry (2012
Samsung Economy Center)
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[Fig. 1] Global Healthcare Market Outlook
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[Fig. 3] Framework of Intelligent PHR Service System
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1. classify
Classify(inX. dataset, labels, k){
// inX:input vector, dataset: training matrix
// 1abels: labed vector. k - number of nearest kneighbor
for i =1 to m do
compute_distance d(.inX) /Euclidean Distance D=\f((eAly — XBy Y — ((¥A; — xB,)5)
End for
sort by ascending and store k shortest distances
return  most frequent item
}
2. ClassTest
ClassTest(){
set hoRaio
dataMat datal.abels=file 2matirx(“filename™)
normMat, range, minVals = autoNorm(DataMat) /normalize
compute number of vectors for test
decide use type for test or for trainning
m = normMat[0] // normMat[0] array size
nv = number of vector for test
erorCount = 0.0
for i=0 to nv
result = classifv(normMat[i to end].normMat[nv to m] Datalabels[nv to m].3)
ifiresult != dataLabels[i]}
errorCount += 1.0
print errorCount

}
[Fig. 8] K—Nearest Neighbor Algorithm

Axis-based Apriori()
{

J/ T Set of transactions t
// Ce Candidate set size k

/! Lg Frequent itemset size k

Select_attribute ()

L, « {frequentitems}
k «2
while L;_, # @
Cp —{a u{b}la € Ly_y Ab ga}—{cl{s|ls SCA |s|=k—-1 & Ly}
for transactionst € T
C «f{clc € C, nc St}
for candidates ¢ € C,
count[c] « count[c] + 1

Ly « {clc € G Acount[c] = €}

k «k+1

return U Ly
I3

}
[Fig. 9] Axis—based Apriori Algorithm
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