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Abstract Due to the lack of a complete synonym list for indicator mapping. different hospitals may
use different names for the same lab indicator. Lab indicator name discrepancy has greatly affected the
medical information sharing and exchange among hospitals. It is becoming increasingly important to
standardize the lab indicators. Such a problem can be seen as an entity alignment task to map different
indicators into standard ones. However, a lab indicator only involves its name and value, not including
any extra properties or contexts which is needed by existing knowledge base (KB) alignment or entity
linking methods. More importantly, there exist no available standard KBs to provide standard
indicator terms. Therefore, we cannot implement these existing methods directly. To solve the
problem, in this paper, we present the first effort to work on lab indicator standardization. We
propose a novel standardization method, which firstly clusters the indicators based on their names and
abbreviations, and then iteratively employs a binary classification algorithm based on similarity
features and partition score features for indicator mapping. Experimental results on the real-world
medical data show that the final classification achieves a F1-score of 85.27% , which indicates that our

method improves the quality and outperforms state-of-the-art approaches.

Key words regional medical health platform; lab indicator; standardization; clustering; classification

W OE OWTEAAALETRAGRRE G EARFTHEFRS, ERERE TR —RBEE IR0 R R AR
B O EHRITEROEFZENAFERE AmE2 bbb s 5 mt AL X TA
A — A AR AT 5 B A2 48 AR R R A8 R 4G BAR Fe BB L B, X AR Se R R 5246 IR B AR AR AR R B B MR
B LR E AR B AR A T A3 M,H%.HJFﬁﬁ-‘/\ﬁ}ﬁy’?ﬂiﬂﬁ%?%%ﬁﬁfﬁ;}%ﬁ?%ﬁ:?ﬁ%ﬁf 4
VA LB AL, AR R IS ARAR AL H Sk AR B AR AR T @ A AR BE AT R K, AR AR MR R AR e 4 M AT 4 A A
AR BAT KAt IR A, AW =5 K uedt. i Fl-score TAK 3] 85.27% iR T 3% & % 89
H Rk,

(@R RREFRET S RBETHAFmaLRE; 24

FEESES TP391

WA EH2018-11-01; /@ HHH:2019-04-04

BEWA : EHZKARRAREETH (61772201 5 8 5 M RUBF & T 5 L W00 H (2018 YFC0910500) 5 [ 22 f T 25 1 i 51 H (2018ZX09201008)
This work was supported by the National Natural Science Foundation of China (61772201), the Key Special Program of National
Key Research and Development Plan of China (2018YFC0910500), and the National Major Scientific and Technological Special
Project for “Significant New Drugs Development” (2018Z2X09201008).

BIS1EE . Sk KW (hzhang@ecust.edu.cn)



1898

HEIR S AR 2019, 56(9)

B BT 05 B AL B A BT R AL TR N A A BLAT R
JPRRZ BARGE A SR T IX BB B 5.0 B
T O ), B A L T BRI TR H AE 2008 4 3 A
IEABAMA, BT TR 38 X =R
Be Bl RAZ 7 (s B AL L S8 T R A
F R R I R A B S TR B R BORE BT
PGB S U A IR AR | PR SR ARG A
A4 2 e LT, I g 0 i 26 HC b A BB R T T i 4% IR
B ] B U [R) 32 97 AR . by 3 D s DDA % 2 B B G
TR — A6 90 A A 4 B 0 AR AN S AR [ A LL i 3
B ) AT R R R NA T gl Bk o
B9 A (Na) 785 10 ZROR R B, i T H AT 3%
A 58 B ] AR b TR) SCIa) 3 LA AT 18 Bm e 5 L X —
[ 80 )" B R I ) X R] R 7 4R R A L A
HT I % DX 2 7 4 B 15 P RS 6 A A 4 A b
PAk 2R 2% 52 B e 9 T] — Hi5 A Y A (] B 38 e S
Ge— WY bR e 2% B, 18 28 ¢ H 2R phy T A6 6 A6 A
FEAR I L B i Y B2~ R N =2 4% 52 B2 B 1Y 46 A
KRR Gy BPedk , th B2 2 Ll N B %k gt AT N T h i
. T AR B R Y I (6] S5 gL R A el e —
G0 A A 5 B A TR A i L T S BRI A

G0 5 45 B B A v AL TR A T AR AR — A
SR X 5 1) B RICRE B2 7 4l B P 65 FP A A6 308 45 B ke
S RIAR MRS AR L OC TSRS S, HAT B2 2 AL
5+ 0 )2 AN ) SR YR P v S AR ] Y 52 ) DT L LA
B SCAR v S ARV R AR S A =2 1) ) S PR B 4 i
A R T S A Y S P A L R AT S I DR R
J5 5 A SCAS v SR Y LR SCE B A5 R s
PR B & PR AR B AT SR BE 2 AR T, AS SCROAE 55 5 1A
b 2 FRAT 55 BN [A] - A6 56 A A 45 AR AT AE TR T
ZH s AR B BB e BCIE T L T AN 77 7 Js 1
B R BB A LSO i SRR e A B SO
B R AR SUE 55 IR A — AR HERTR
J2E S S (I BT A i s 9 s v 44 R AR IR UL L H AT A 7
TEARAE LA L T AT 55

AU T Bk DB I A BT £ b R G B A
A AR PRAREAL ), AR SCHE T — 4 A A AL
TEMEZ L S X R AR K AT AL B 5 4 3l 0 2R
W SRR AR IR R RO Z A5 LA/
SRR X 5 Y 3 SR L AR 0 Bk A 4R

7 A 34 L PR B o 4 B Y TR SCHE AR 5 RS X 4 A 6T
FEEE R IATI 5B LA R KW e BT 8
KRB SR BG4 b ) Z o R
 Fl-score A] LLiA ] 85.27 %.

1 tHxIME

LI B4 552 A0 55 4T 55 S A 1T L 23 Sy 52491 D i A
SCAREEE 2 2K,

VFZ T 3R 45 T R0 PR S AR 0] B 52 431 DL TR, 5
SERE A AR SR TR PR AR S AT LS, B
MIREATT LAST R 2 2 5 3 Sl o2 i oof 592 4K DT JiE 5 3 11
S ARSI A DT BE J5 0k O0r SE AR DE L 7 ¥k EEAT & T
1 GERE R BT (477 1k A B o ) W9 05 i R KTk
B2 2] J7 1 AL GERE AR 5 vk AR A s 1 A AR
PEEAT WO SR LU A M B o 2] O A Tk
SRS SR ) HE AL R ) AR ik ik
1120028, 2R J7 i M T U Pk AR AR P R AT S 1A 3R
I g o)y ikl AL A AN Wk AR I
Y4y AR A R S AR DG IE T 12 DU S A 11 0%
SR A 1 WL BT ER A LDA T s
CRF #1220 Markov 12 i 92524 4

L SCA Hh S A R AR S A ) B S A i 4 T
EREREEE S E R SE DD RSN o R
RREAL [ 7 70 B T R R O T R T R A
SR £ i Ty i,

2 ERRELEE

FEAR AR AL IR YRR TR AT 1 BroR. 1 e
X AR R AT AL B SCBR/NE S — A G —
THEPR S (AR B A6 b B9 7 TR 3
LT B BB KA B bR O — A B B
1% » LA /N AR B9 %) 55 38 L AR i, O B — AN R W 5E
— AR UER BRI R 00 B 4R R AR E 4
PRAC)[A) SCHG BRI AT 18 B W IR 36 900 A 7] AR 45
A FR R 3t — A A AR v 24 B AR A 2R
EIEAT IR B AR AR L A R AR HEAT L R T A
7 P 24 0 [ SCAE b i oA R0 1 AR AR O Lk R
P H7 B2 el N B 8 B 6 5 4 SR AT 2 IR AL B

@ B ERA AT LR BT AT 10 A ) SCHE bR T AT SRS A st i AR AT U A S B B FH 255 B 38 5K 1R B 1) A [A) 5 A R 22+ 2R 2K 1) i i) i A AR
195 5 AR SCAE Ay DX 3ol B 7 (G BT 5 oA 360 A 2 45 A ) s 4 AR B 2 B9 0 25 2, 1 L AR T 20 2R Bk AT b A



FRAERD A5« DX BE T {2 FE T £ Hh ARG 980 4 7 4 s 19 A viE T ok

1899

Data Indicator
Preprocessing Clustering

N
\

e N
. N
- N

Re-classifying

No

Binary Classification Yes Indicators
Whether Synonymous Mapping and
Indicator Correction

Unit
Verification

Outlier
Recommendation

Density-based Post-processing Define a Standard Data ' Classifier
Clustering Indicator Augmentation

SNOMEDCT I.‘INC

H 2% - . i'.:
1 Baivae lencent icibaran,

Fig. 1 Overall process of indicator standardization algorithm
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Table 1 An Example of the Synonymous Indicators

F1 RXIERTH

Indicator Synonym Synonym Sources

i PR 44 ik Baidu Encyclopedia

BNP Baidu Encyclopedia
B ZF] 4 ik LOINC, Tencent Translation

B-% F) 44 ik Tencent Translation
B R4 IR ik Baidu & iCIBA Translation

B A4 R ik

Fil 4k B # Baidu & iCIBA Translation

Jii 412 R HE 1t Jik iCIBA Translation

i 1) 4 K CH B Tencent Translation
i 443 Baidu & iCIBA Translation
it 94 ik Baidu & Tencent Translation

2.3.2  FRAEFHEL
ARSI T 2 KR EH TR0 =025, 2 5l
AR UL B R AR AN BRFT A3 R AE

@ http://fanyi.baidu.com/

@ http://www.iciba.com/
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X, xret st S
Candidate Indicators Candidate Reference Standard Reference Standard
Set Values Values Indicators Set
A 0-100 —> 0-100 a
B 0-125 > 0-125 b
C 0-150 > 0-150 c
D 0-50 —> 0-50 d
E 0-25 —> 0-25 e

Fig. 2 A schematic diagram about how to calculate similarity of reference value pairs
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33 XRER
3.3.1 RAERILX LR

N T P B ST Y T R O Rk
DBSCAN (4 & A SCIREIC T 4 Fhi DL iy R85
AT X AT 2 b B B 2K (k-means
clustering, k-means) ., ¥ {0 Z % % 25 (mean shift
clustering, Meanshift) . & ¥ JE & # A ( Gaussian
mixture model, GMM) 5 &t & 2 K & 2 (agglo-
merative hierarchical clustering, AHC). 7 B &
FR o F Tk 4 7 o B v BT TR R R AP R
B SCRR B (AR SCB R 75 ), 78 S B i AR
SCRFE TR SR 2R B B B ol S A R A S B 45 SR
2R

Table 2 Comparisons of Our Method and Common

Clustering Methods

F2 AEABXREEZMMEREITL %

Clustering Algorithm Precision Recall F1-score
k-means 37.88 21.31 27.27
Meanshift 34.93 18.85 24.49
GMM 42.17 23.98 30.58
AHC 35.16 20.30 25.74
DBSCAN 27.85 91.36 42.68

Note: The best results are in bold.

ME 2 UAEE AR CETHENRELELDY
Fl-score i3 55 F HoAth 4 Ff B8 28 vk, HO 4R o5 0 3
WAE 10% LA L AR, BLSR AR SC T B2 Y Recall 835

# 91.36 % ,{H Precision AR AN BAR & , X 7R T
AR SCAER I T e — 20 AT Z 3 S W S 1) b B4
3.3.2 TOPREIEN LR

D) S[R3 JE AR AN [] 43 26 25 19 % 1L

R T 7B BN [A) 43 SR AR AN [H] 43 20 s 0 43 S
RE M52 0], AR SCHE PR 6] IO AR AE2H 5 BT E 2
[ 9 (logistic regression, LR) .4k Z DI M- (naive
Bayes,NB) ., k 4P (k-nearest neighbor, kNN) | 3
¥ &= ML (support vector machine, SVM) | FHL 5
#h (random forest. RF) 6 b T+ KR (GBDT)
AR 42K %8 F W) Fl-score ¥E17 X kb, 5L 56 4%
mk 3 s, Horp REAE F B iy 44 FR (name) \HH
(abbreviation, Abbr.) il & % {H (reference value,
Ref.) 73 35I| 75 24 FrAH L) BE FPAIE | 45 5 AH {81 BE 45 fiE 71
S H T AT S0 R AE.

M 3 AT LU 2S00 4 FRAR LB R AE 46
ARABLBE R AE A0 2 25 (8 53 B AT 43 FR1E 4 LA GBDT 43
FARIT, o BB 4, e F1AE PGk 85.27%. M\
3 BRI R JC I FH MR AR AR AR L S 01 AL T
#IE GBDT 70 880 R fre iy 1M NB 20 RBCR e 223X
= GBDT fifi | Boosting 77 ik AT 48 i 2% > L BB
A AR R AL TR RE L T NDB 0 25 2% 10 4% 14 3 57 4%
WAEA SCPARXE RS R 3 gk >k, Teie Wk Fh
Gy FEAHR IR BB R IR H B3 2 A BRI
MR AF , 2fd ] 42 3 2R I3 AR AR, 73 AR K F
53/

Table 3 Comparisons of Different Classification Features and Different Classifiers

x3 ARESEERMERILE %
F1-score
Features
LR NB kNN SVM RF GBDT
Name 76.56 74.59 76.58 75.26 76.17 76.96
Abbr. 74.24 73.63 73.95 74.16 77.64 77.25
Ref. 74.09 70.38 75.83 53.96 77.92 78.71
Name-+ Abbr. 79.10 77.67 78.82 78.14 83.03 81.05
Name+ Ref. 78.55 75.86 76.50 75.90 82.60 82.45
Abbr. +Ref. 77.11 74.94 76.03 74.44 80.31 80.83
Name+ Abbr. +Ref. 79.30 78.55 78.05 78.47 83.94 85.27

Note: The best result is in bold.

2) 5HA I EaR

A SC IR 3 A4F 3K R 3R 1 SR S 5 vk R
T 3 Ff state-of-the-art J7 %, 54 SCHr i F (1) 4
3 RFFER LI GBDT 73 26 4% 19 — 4 28 7 ¥ e A7 X

P 3X 3 iR TS 12 0 0l 2

@O I E AL A F ik (KG fusion). Wang 4§
NS BT AN [F) 28 B0 Ja8 R A AR RE e T BIL 4 2 20 O
P AT 22 U5 N PR 1 il
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@ 2 W X 5% 7 5 (Diag. alignment). Ning %
NEFIRIZ Wi LR A7 {5 28 1 AR LR rh S
2 W B S ICD 4 A5

©) %ﬂiﬂ@ﬁ??ﬁ%(KB alignment). F & §§ 46
R R £ bR 4 HEAT 22 00 R Y S AR
X 5.

TRERME, i TAES PR A B IR
B OB B SUE R T LATE SE PRS2 ge v 3 il i
05 15 B 43 R MRS i A L T 2 A A S
TR 28 FRORN 4 5 8 AE AR B 3153 07
A TR LS A5 R AR 4 P

Table 4 Performance Comparison of Entity Alignment

*k4 5RFHEMILL %

Method Precision Recall F1-score
KG Fusion 79.23 73.60 76.32
Diag. Alignment 81.67 74.62 77.98
KB Alignment 87.20 72.59 79.22
Ours 86.84 83.76 85.27

Note: The best results are in bold.

M 4 W] LLE A SCO7 B A T A vk AR
T &I 1 2K 45 B, H Precision, Recall, F1-score
I3 R 86.84 % ,83.76 % 85,27 % A AG I Y S L 4
P 3 i 180, 440 GBDT 40 2 i, A% Sy
B E 2 REMEH S M Fl-score B8 LA Jr ik
AT X R N AR SCHY 5 4k & ) 41 X 4G 6 46 0 48
PREAT BT, PRI BE HRUAS B A A R

4 &5 ®

AR S X X8l B T A B - £ o A ARG 56 A A R A
B AL  Se MR 48 1 AR 00 5 R AE E AT 2R 2, P A A
BLRE 4R E 120 B T 43 4R AIF 32 A0 b 2 A7 — o 2R e 55
SR B AW A W, H Fl-score AJ DLk
) 85.27 %0 AR T BUA T3k A AR K W] LUK 48 bR (1 7]
MME B A EEE BN B R B Lz, Jf 2
TR FH T 22 0 A DL BE SRR AR AR A T 47 () 45 21

B AP E S kS MREER AL
HREEHBEARANNO IR FARKEERFE LR
Bed 3 |

2 % x M
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