Computer Science and Application HE #1825 M H, 2020, 10(1), 1-10 Hans X
Published Online January 2020 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2020.101001

Learning from Heterogeneous Temporal
Data Based on Electronic Health Records

Min Liang!, Qian Lul, Ningning Li?, Dong Lin2, Yuchang Mo1

1Fujian Province University Key Laboratory of Computational Science School of Mathematical Sciences, Hua-
giao University, Quanzhou Fujian

2College of Acupuncture, Fujian University of Traditional Chinese Medicine, Fuzhou Fujian

Email: yuchangmo@sina.com

Received: Dec. 9", 2019; accepted: Dec. 24", 2019; published: Dec. 31%, 2019

Abstract

Electronic health records contain a large number of longitudinal data, which is valuable for bio-
medical informatics research. However, standard learning algorithms present challenges due to
the complex structure of the data and clinical events that are unevenly distributed over time.
Some methods of temporal data modeling depend on extracting single values from time series,
which leads to the loss of potentially valuable sequential information. Therefore, how to better
explain the temporality of clinical data is still an important research question. In this paper, a new
representation of temporal data in electronic health records are studied, which preserves the se-
quential information that can be processed directly by the standard machine learning algorithms.
The research method based on time-series data symbol representation has many different ways.
Empirical studies using clinically measured datasets in the real-life database of electronic health
records have shown that using distance metrics for random subsequences significantly improves
predictive performance compared to the use of original sequences or clustering sequences. The
representation method proposed in this paper better explains the temporality of clinical events
and is key to the prediction task in the biomedical domain.
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1. 51§

HLF-fi# B4 %8 (Electronic Health Records, EHRs)t & H # Il PRI 2h th A5 K B A HdE . 72 EHRs
TR DR S P SRR RO KT, RGuISE EHRs B g By s e R il . 52 i AP AT B AIC A
RS I PRI BSR4 7 AT RE IR, BRI AL A M AN R SR A R L B & EHR R Gif L%
I%F4b[1]. EHRs FOfE FAfREEE T AEMEE 2415 B2 AR Z T N R AR L&, XA I R AN AL AT
TOH R BBORAL 2 (K I [2]

SRS T AU (@ B A EL . EHRs Fr &R 600 A0 SRR 1 R BURHIE R AT TSR 6, IXAEAR K
PR ARt 7 N R R AR . [FINAE EHRs (8435008 1 A R R AL 1 B kil A, b
BEALE AONE— D JER B AR AR 50l B TSR (0 PR o S8 35 S0 1 I PR = O B2
PRI AT AREAT A 04, XX AR 2245 B2 SUR A I {E

FIHT, EHR Bl (0 EE 7 90U IOk, BERE. HLaZIMASI &3], Hh, Pl
IVEN—Rh K& EHR 8 R UE RIS BRI E32 2] 12 0 9-7E . HLa% 5% 23 AR Gt 218 I
SR ST SRR, R TN TR (AR o SR ZREE AN i H R A R 1
s RIS, Horbou ORI AT, R IX AT (R BB PR RS o (BAE AR R BREAE B
ZFAFT, EHR HUERAD EIEAF XA S0, X BB i A A ik, BIXE R B R ME
) ANRFAER A, T2 B R N 0 — REMER A . 1] 1 Bl TR EHR Kl e e s Ras 15X il
A SEFEAEOLN, L AL — T8 ] A S AN W A JE S el R B A5 R, BRI, X G PR 2
REAER BN BT — a5 BRAN, TR R P H R ME (1, DA X R A 513
WEAANFERRRE, I EH B R i a) T B E AT 0 B o FRAENLES 22 2] SR AN B B MK A B A i M
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TR @AY, SRR EEAA I I : 1) K2 H ) Bk R Re A 3 2 AN B8 B 00 2R A HOARFAIE: 2) 0
REESH N, PG ENER, K2HE I FIRRME LA RN RAR R . R e fi AN [F) K
R A AN KU 0 1) 985 900 5 4D S K ) 7 1) e 164 0 ) 52 24 A ) R+ 3 B 2

WiE 1 s, 54 EHR 20885745 9 bR AENLAS 5 o) 505 B A0 BE B e i g U, Il U 46 D9 26 1k
TR A P HIIRAE . XX — 77 [ C2 3T T YR 2 0L [4] [5] [6]. AT, SULRTIIBTFAR, A8 7R
EIbE i 1 prRiEdER, KA S WS EE 1 EHR B8 328U 73 28 004N A B R B 1] 72 471
AHEIE AR A B 257 F A (ADES) AW 70 &, 1%t — /N R AL P AR R . 455K, EHR 35 Ak
N2 A I ) 5T 5. EHRs MU G B RIE LS, T ks fit 7 5 A 84 ADES )&
BT RA R T RerE . JEEIONEZ, KOS RVFRBAS T, I WB LA I SR e bR 2. 12
P8 FH T ADE kil ity 45 /AL A E 25 #4040 EHR 08 I 72 i b T2 AP M B2 (7] [8]. 7E EHRs 1 T ADE £
MK 2 BT IEEA 5 R ENR R A BT 800, AFIX O TRIE 2% 2 0 B 22 .

Pl 2013-09-12 10:29:41 M1 03
Pl 2013-09-13 09:54:20 M1 0.5
Pl 2013-09-24 18:46:23 M2 28
Pl 2013-09-31 11:45:29 M1 0.2
P2 2014-02-15 22:17:24 M1 1.2
P2 2014-02-16 09:32:14 M3 40
P3 2010-11-23 15:14:22 M3 36

D ¢ M1 M2 M3

Pl 1 (0.3.0.5.02.0.15) | (2.8) NA

P2 0 (1.2) (33.254.1) | (40)

P3 1 (1.3,0.9,1.2) NA (36.41.33.40.37)

Figure 1. Illustration of the complexity when extracting EHR data
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T AT AT A, SAX Ron T i H T AR EMZ AR ER A FF[9] [10]. SRV AR
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Feols SRJa, ERANRHMET, BEVERZ AT, Wik E R ERFEE 0T &5, KR
I 18] 72 31 5 45 0 55 e 1 e SR AR PR S o DRI, AT SR AR 10 23 SRR AR AT LLAL BEAR 0 i it 4, AR
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3. BEABR

AT = {t,, o001, } 1 € R Vi € [Ln] RAE— /NS IPRATRO 0 ANERIOH 4L, RN B
Fo AR EEA AR G EE S w, MRS TSR T = (1,0, | FORTE w A, 3
T 5 AR ST

2,
— W W
f,=—
n

¢ (1)
j:% i—1)+1

TE I A AT ] A0 43 SO /ANAHEE ) w B, RIS R] P s M n 4EIE 3 w 4. SR BUE 70 il — A
BE, ZAEXS BT 8 TR BN B P S . X P RN R A 73 BOR B L R R (Piecewise Aggregate
Approximation, PAA) [14].

YRR H) T, B PAA SRIG T, N T 1R REANE W 30468 07 0 A1 8 S B R 5 3k49 T
IR ECR R . BRI, EXHa- 1M RE B={B, .8, }» Hla RFELRIN, (1350
IER M T EX (B, B, ) MMM ET Vo « T B8N, REL =-xp, =x. Bk, HEMH
M FEER RN o, T8I RS AT DR ZS 5 e Lo R

BESE LR, T 4 PAA RECEUUERGE T Ko, BANT: T8 NS pig &
HOHRBL 25— AN T RER AT 5, 40 as B S —ANFNEE AN E U TR R — 2 R BUE BN B AN S
Bl by DLSRHE. Bk AR B HUT AR R RN A5 IR A LU 7R (Symbolic Aggregate Approximation,
SAX) [15] [16].

YT = MNKEE N w B HCR AT 5 X, X 1T 751 S B € SO X SR 5K BN TR, 51 I < w,
B S = {xq ,--‘,xlﬁH},l <g<w—I+1. B D(-) —RPMNKEHMFREHFEAFIREERE. GEKEAw
K EH bR E) X AR LRFE)S, [<w, SEIXMEERED()E X T:

Dist(S,X)=_min {D(5",S)} )

vS'c,|S=1

Horh ST RN IR AP A X BT FP4 . D(-) W] LA 4 DL A AT R BE 2 R B, AHIE A 4
2171, H¥EHFRA Levenshtein FEE .

fER FiRBE S 8, 2 X EEHLF 5T % (sequence shapelets) FIMEr . % 58 tb K 28 2H 3 1 B8 57 51 4
it D, B P(C) NETRC SIS, Vie[l,k]. D KIREXA:

k
1(P)=-2p(C)log(p(C))) (3)
¥ D Xy m AMAMZR T D, -+, D, » D KUERE SON:
. " D,
i(p)=-—=1(D, @)
(D)=-2 751 (D)

Ik, Ak D bR E 7 XSRS sp HIME B 28 5 SO
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Gain(D,sp)=1(D)-1(D) ®)

FETI A 557 A0 18] R a3, A TKBENLF 577405 o8 D T 1 5 s B0 i i
R A RIS (3)~(5), Shapelet S HI{E B34 25 SGain (-) T a1 T
SGain(S) = ag(Gain(D,sp) (6)

5]
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VERRHEBEAT 4 RO DURPSERG . 1) JREAFH: 2) BEFA: 3) WL TR 4) BENLSA T 5.

4.1. FHIERR

N AR TR PP B BE 2 5 o 2y SR AR B, BATE AT SAX R AN 18] 3 51 e o 7435 H3 (1 2)
£ SAX R FET HEREWN S FHW TR D). H— NS w R F IR 5 K
ARSI BEH T a SRR T 7 B AR AEAGIN (8] 7 SIME R AT 5 8. AT, RATHE a
692, 3805, 2 RS BEAMRERL, IEWASTE), 3 MESm—AEvEm, s M55 E—1
FHRGHAKI R SE, H A BRI A5 SR D IR SAX Rom M TRAMREAL, - SR I (8] 77 21 4L
B AN S AR E A S, 7T LOE AR 7 88 FLR AL 2
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Figure 2. Sequence generation from time series using the SAX representation
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Algorithm 1. Random subsequence selection
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4.3. BEHLFRFIESE

FEAW T, FATFEE T R RRAE A P 9 AR B A 1. AR, SRATHY H AR 3k 3 A
T, ST IR R B AR F AR AT 505, RS H A X TRk .l e
MF R, BAA R R GG P9 0 AR 2o, UK BEEA R RIS 32 51 3 204 H R AR 1T
Feal, AHELZ a2 R -

XEF RN, S BEALAE BT 7 SRR AR P 1 ) 48 T P 97 45 A i P 7 22 8] Y
PRE AR XM TR MZARIE P B A TR AR, HBEL K EA B R KRG 5.
HTEXG)-S)MERIEZIAG) [211VFFT AR 5 81 fE R A7 P90, 3635 1G e i1 741,
SRJE R RFAE RS A 5 B AR Fr 1 2 R BEES o ASHIT 7C Fh Ao P AR PR 8 P A G B S [ 12], BRI — D7 1
BTN 55— AR TR BB AR - dEA . IR BB e B N R R 4E T 0 DAFEFS
s ZHBGEHVRHIE £, 5070 1 gt T RENL TP AR B PRGN SE P IR EARTTCH, n_iter I E A 10000, 7
O3 i BE SR 45 5 PN 7] P SRR £ T 17 91
4.4. BENENZSTF 3

i3 YT AR 1 7 R R A [ E AR TR R T RENL T R SR, RN AR BT I TR
B HR s 5 BAEAH R 0L . AEAHTTT AR, RV I B2 o0 BRI PRI B Bh A e e 3 IE ) a fH. JEIT
A a {E2 3 A1 5)H) SAX FoR N TR IR AR IR, 2RJ5 WBERIAS [ a (E U 1P 512 k35— A
TP HR LI, XM ITERCOARENEN A TP 5. 505 2 45 T PRI A SEELP IR

Algorithm 2. Random dynamic subsequence
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FEAAT I, FRATEE 25 5 BRI STIERT T, B0 iF AE 7585 B 5 T B TR B 7 vk
IRETIMERS . B Se A/ EHEAE, ARG X FTAR 77 1 HE AT — R ST T RV A, J50 54 th T A2
e HITEAR 46K -

5.1. IESE

T INZREAR, SCIfEH Adadelta [22], FUACHEJSILA 72 FEA, A FRTEREAS 11 4, PR
AH 61 Ao FAILL 0.75:0.25 B LGP BHEERRENLRI 72 I ZRAIIRAE . YIRS A T BB P& O Bdia
A%, AR HIRVPAl fie A Y 2 AL RE

5.2. L%
FEABTFLA, Wit ¥ — RIS KB TR H )7 I5AE 7 FAF 55 v AL B S A I 18] P 1A A R
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F DRI TG =4 9 MR FIERE . RRAE a (N 2. 3 A5 () SAX o3RI Ha 4.
S HBRE ] SAX RS RIK T AL, HIRIG P3R5 — B AT 7 91 JERAG B hol
RAENRHE, HREFHIER: =BT 515 o B REL T Fr 41 2 18] 5 g SRR B VR U RRAE, R BEHL
TRIIRTR

A LI A BN A T 5 81 S0 A AR AR 5o PP 9 K B AR R R A B AT LU . P
G EERR P IRFF5 R, AE B P AP FIE R . SeRii7tiAh, £ EHRs T ADEs &
TR R A, 51 B 2 R e R IR T8] e BB D BB R 7R [ 23]

J5 S5 SJ 030 1L A M T EAL BAS 1 SR RLEAT R T, 15 B A R a{B A4 ) 5 e 81
U AR A R IR R B E S FOR I T8 . WA a EAEFTA IR E T 040, USRS B
= IR R A A

5.3. &

K BEHLARAR B2 [ 24116 IR 2 73 28 VP4l BT tH I 5 v o bl T 3U0E S 10 40 AN, ARSI 58 Hp A
FIEBE AL AR & ROC BHZR R AU IX I5(AUC) [25] [26]. ROC Hi 26482 BUBM:(ZLRA M)A 145 k(R FR
PEER)Z A () —FhBLAT, RUE AT 20 MR A, 5 EA 2/ DR A EE. 54T
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REPFHRIIE, EAREHRAE BRI LAV R
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Table 1. Results of random forest models using Original Sequence (OS), Sequence Cluster (SC) and Random Subsequence (RS)
= 1. [RIRFFI0S), FFIRIE(SC)FIFEN. F R F(RS) HIBEHL MR R A 25

F1 AUC
=2 a=3 a=5 a=2 a=3 a=5
(0N 0.429 0.444 0.364 0.625 0.643 0.625
SC 0.545 0.533 0.471 0.732 0.750 0.679
RS 0.571 0.571 0.667 0.714 0.786 0.750

5.4.1. LERIRIEFS. RAEFTIFIFEHL T

T RER KN a 235108 2. 3 15 R F . REFFIRBENL 17 51 =FIE=ESL 1 9 ST
B, 21 AT TR RRAE RIS . FTRUE H, XTI 5E 1 a, AEAY AR08 FEX TR Rl 7 AR — 8 5
Wi, AR, IBENL T 7 ST AT DRI S S B TP e o ART, XTI e OB, I R AR
—AMEE M a EAEPTA B R iR . B I RENLEh A T A0 T7 %, %07 S T iR
TR G T a fH

5.4.2. LEBHEHEISFREIISFEIIKE

53 mE FHBEALEN 2 17 51 F 7 50K FE G RRAE O BE LR R B By 25 R L2 20 AR, W& A5 FH B
BTG, KRG 75 BEAE LT 2 (7] —AF 55 b SR HH0E i B S E R n T e A B T A1 B
i FBENLBEN S 790 70, AUC 8T 11%, FLRE T 31%.

MR 5L e E BN RN RHE AR B BB S, v AN T e AT A S AR o B T EANRHE
RAEH—A a HIRBHFS, KA DA BT RN a Bt ags. &3 Dl s e r ik
YT a BUERE. R E)RRTA a EEFTARAET ISR G e thch E), AR E
PEFR %) a BEATAHRLIOHE T o 25 SRR, BARENRZFEA S @ a B8 2 1 SAX RRIEAT 1.

Table 2. Results on comparing Sequence Length (SL) with Random Dynamic Subsequence (RDS)
2. FHIKE(SL) SHEEIZSFF5I(RDS)HIELIREER

F1 AUC
SL 0.444 0.667
RDS 0.643 0.750
alpha=2 n
o
8.46%)
e
(o]
2
c
€ <7
(0]
g o _
—
alpha=3 :%
(33.33%) n 4
o
alpha=5 -
(28.21%) S ~

alpha=2 alpha=3 alpha=5

Figure 3. Distribution of a values among all features and the corresponding average ranks according to their variable importance
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