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Abstract

Predictive models built using temporal data in electronic health records (EHRs) can potentially
play a major role in improving management of diseases. Due to the sequence correlation and large
feature space dimensions, traditional methods such as machine learning and non-deep neural
networks are difficult to provide accurate predictions of disease. Recent works show that the long
short term memory (LSTM) neural network outperforms most of those traditional methods for
disease prediction problems. In this study, a hybrid deep learning neural network framework that
combines convolutional neural network (CNN) with LSTM is proposed to further improve the pre-
diction accuracy. Empirical studies using the real-world datasets in electronic health records have
shown that using the proposed hybrid deep learning neural network for disease prediction signif-
icantly improves predictive performance compared to the use of support vector machine (SVM)
model, CNN and LSTM alone.
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1. 3]

T IE R BN [R) O RIS I B &, (@ BEARY % (electronic health records, EHRs) £ 48 1075
A RPIR AL ) EEAF R, A5 BT F T s A B T 2k R R . SR, AN BT R A A
ST B R T AT 8 e 4 52 R R T P B A SR R A, BRI ASURAT s[RI XS R AT A
[F R AIE RS . R, EHR SR04 0 22 A0 @ TS 2 T VR 2 HoR B S s R i 4
BN N AR 730 o O T MR R R, B FT 3 DR R R R RV JZ AT TR AT AT AR EE
SRR, T E SOR B AN [F S A1 bR RS B & S8 BAS, T o — 28 N MBI 5 76 458 2 i B
A S AR R AL EHR 088 1 T Be k2] AW AL E SR EE: ot B AR HdE .

A8 40 1R I PN 7 R AR S S SRR B[R] — 2 DA AN F e o bk, B s 0dis Pt AT
SRR A 2 2] U PRV R) e —, PRI oK 2 B R AR R R N o 0 ML (10 A B UM /7 V2 o 1
FH T AR AE A DA 5 B e S (AR B R 2 IS, B an e SR T S i T i [ 3]0 FEANTR ZLAAME
BREOR, AR RN 74y RE, R EEHR A s 5ds, B o 077 3250 vT DARE F 21 o Ath 3
FR) 5T T

TR, RS I 4 M 4% (deep learning neural networks, DLNNs)fE tH 5496l P9 15 2 1Bk #k)2
FINH, 45 ESR1E 5 AL FE (natural language processing, NLP) [4]. PG H ARG 18] 5 51) 40 b 25 4500
X TR T 1) R, Fed A A TAER B, K AR 12 (long short term memory, LSTM)#H£8 i 25 71 Tii il
[S] LR ERIREE . LG REYW, BT EMEIAPZE N (recurrent neural network, RNN)H1 5| X T It~
TR B WEAZTT, AUEH LSTM #& /2%, TR s 17 K 2L SR gt FivLas 5= 2 ik,
BFE H B A28 5 55 °F 5 (auto-regressive integrated moving average, ARIMA)AL, 37 F [\ &L (support
vector Machine, SVM) [6], AEIRE A THHZE K 4% (non-deep artifificial neural networks, ANN) [7] & EH 5 .

Ub4h, LSTM #HZ M4 2 RNN I —FRrsk L [8]. A HABSRAYK) DLNN, 5] 445 B0 2 ) 25
(convolution neural networks, CNNs) [9]FI7R {5 2 M 2% (deep belief nets, DBN). HHRFIE I —4EE iz 4
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JRFRIIE A CNIN X I 5] P 81 T30 i) R th 2 120 2L [10] 0 £E A ORI & AR BRI, A 243 @ BCR I 25 CNN
55 RNN 558 F DASRAT SRS ) 70 2845 2R [ 1]

2. HXTI1E

PRI TN AE BT 2 W Ak 0 BB 2 . A% 0 1 T 7 92 A0 46 S KF 1) & [7] )5 (support vector regression,
SVR), i [8] 41 43 b7 7515 LA K K €55 Y (grey models, GMs) [12]. £ A[13]H0#E T 18 ARIMA F1 GM(1,1)
BRLHEAT 1) rh BT 6 A R T A 25 S . 5 N[ 14181 =275 ARIMA H1 Holt-Wins 2= 15 8584 Fiiill
HEMEEE R R . TRAIZESE NS H T —Fh 45 & ARIMA FEAURT SVR AR H R R 22 A&
T F7 980 B BB AS A RO AR 28 20 2 DA AR LR R 77 AR BT, SEI0 45 AR I T BT Hh iR & J7 VR 1
TOUAR 5 R0 AT S

TR 2 ST 4 X 48 2 AT I AR BEORBU0E IPLE 22 S HR, BB MRS, &)z
N T2 AR SRS N T M4 ANNs #HE, T A SREEZ AT 282, DLNN #H T
S EL PR PR 8. Kann 258 N[ 161112508 27 2] 5 B 28 9 26 SRR R EL 45 55 82 R ENE,  FLPEREIR T A
G PR AR 7 52 _EEU I Gt S N[17]3 H T —Fh2E T GeoDetector A1 LSTM #E4T T 2 1197 Tl 1)
BT, FERZAR Y e B AR AL S B )5 S0 T . Chae 55 A [18]13 IR 2 #1245 X 4% (deep neural
network, DNN)FI LSTM #E 84 Fiiilif4 ey, 455838, DNN HI LSTM Lt ARIMA EA 54 (1 F0 kS 2%

AW, Bt T — o LSTM #H& M4 5 CNN AHEE & RS TR S ST MR R HER, T
PR T I R, e 3G N8 CNN Tl B BL T R AL 4i 1) LSTM #H&R I 4%  Tilab BRI B 5 s s
TSR ECE - RIAFAE, 85 —4E G RUG A SR 400 2 e 504, JE 9 LSTM M Mg MTiillge /1. N
T VP AT P AR SR 1 e, (A EHR rh BCSE B AR AT 5000 . SRERZE IR B, Frit H R4 DLNN AE
ZRAR TSR TP B TR 2 07 vk B SCRR R EAL(SVM), B CNN R LSTM A2, A S ) DT ik A 45 -
1) GIN—4EB R4 25 AL B AR S A4, R4l 5 )2 i 0] 5 R B o SR AR B 56 o 22 eSS AiE
ol 2) BEH TR A IR Z IR A F T8 TN o S22 SR B, B HH AR ZRAR T K 2 H00A J7 ik,
55 SVM, CNN Al LSTM.

3. MRATE

KA I E A7 W 286 (LSTM) A AR A 28 0 28 (CNIN) A2 R B 22 ST PR I 8 IR N BT T 0 5, sk, e
CEE T At T2 K TEAR SO, B AR R i 25 Z5HE TR0 1) R P AN R0 1 0 e K ARl e, R
1% LSTM 1 CNN Z5&dk, TR T — MR GRS S5k, SEGU0EMEL, 2B R g (it
HERf, AT EER TS R

i E S A EE S, SRHMAESE CNN XA AR 3E T TACEE, HFRIF CNN ffar t R I 25
LSTM H#Y,

3.1. BUEiAR

SEOGHE A Adadelta [19]. TACFRJS A 578 MEEA, H P BHMEREAR 361 4, BAMEFEAEL 217
Ao FRATTLL 0.8:0.1:0.1 1 EL 15 Bedm 201 2 il 2 L B UE At 28, IR Tl 2R 32 HU 1 DLNN HEZE
UOUE B S AR I o A2 P B Y W R REAS 4R, TR AR R S BOR B T S AR R R e 134T )25 VA
TR FH SR 1A% B AR T 32 AL B
3.2. EFKIEFCIZAEFRHEME

KA TZ(LS TM )R AL S AG I 4 25 fX 4% (recurrent neural network, RNN) ) —FpREEIRTE 3, AT 76844
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ZeTC AR B 15t RNN A% AN BB T2 Hi AR 22 TC R A A AL, GBI T 5B AT AR 22 T TN « TR,
MERE_EYF, RNN G544 38 538 A T AL B ) e 51 cdie » 2RI, 72 AR — R P HIAEOG I B AR AR N, RNN
o W IR RN MU 2 V8 2R il R 201, XN JE R 51N LSTM BEA (568 i [21]

T FEA RNN B HORE BT 2R e, LSTM A 635 747 A5 B E I G 2 B AR 3A
LSTM BRI RAE A IO AN EEITER: HooRE, AT, BETIAE T D. B, B H
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Figure 1. The training process of LSTM model
Bl 1. LSTM B I 72

o= Wy +Wox, +by) )
ii=c(W,-h_+W,_ x,+b) )
C, =tanh(W,, -h_ +W, -x,+b,) 3)
C=f-C, +i-C @)
o,=c(W,-h_ +W, -x +b,) %)
h, = o, -tanh(C,) (6)

HrC,, € F1C, 5 B AR A TTIRAS A, b %0 0 B TR AT S 5 B TR S 3 755 f,
i, Mo, S FRRIBETT, AT T EELHSHEET, RIELERG~6), 2T C M C kit
SR A b o RS A S SR E R 228, A A E R R 3d 5 I 7] 5 17 % 4% 5.9%% (back-propagation
through time, BPTT)#2E47 538 22]

3.3. RSERMERME

AR L2 I 28 (CNN) AT B e v IRIR BE 5 It i 2%, B T 35 22 8 T H BN LA e 38 ) LB G
MR T RERGHIEEA, CNN I R A Joh S B A\ B8 A 78 — Mok, CNN
SR IERTIRAN L PI 2%, EH 22 P04 I 4% (multi-layer neural network, MLNN)¥" 12K . CNN 54£4 MLNN
() EE X AT CNN R MEi A B S HEL =R 23].

545 MLNN A5 4242 S AE 3N S A HH 2 TRV S A 22 I 2%, X ko B4 i HH b 22 T # A AL
K HR/MMAMAEITTHAT L . B m MRAME T 0 AN Z T, ARG mxn NS
CNN I 5 B RANA kxk BB R KD BEFE R 24 CNN I B & 7 S8 2k
B EMFMTHEERE T, CNN BBIIGAAEZRIRENMEMNLE, RRZMHEM L.

RIS GRME M GIN TRRI— 4061, & T A 2 8]J7 1 8dE . &S CNN AMEfES
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Figure 2. The proposed hybrid DNN disease prediction framework
B 2. R EREME ML ZRS TUNESR

3.4. CNN-LSTM FR4EZ2

T RET FN AR A AL A B X PN BR, AR SCER T — 45 & CNNAILS TMAE B f VR & VR E
T W 4% (deep neural network, DNN). JRBEDNNAEZLHILERI U 2 fin. TETALBERY B, CNNMEI AL
PP PR E S S, (TGRS A NS 410 2 R R (] 2). 7EZE B, K E AL B
FEHHE S NLSTM G HEAT TR

ME 2 FTEAE S|, AT AN FEEUZ FICNNTAL B M AN BOR 4 . (R ERRE, SRBZEN N2 T
5 B, FEGR S CNNGE T A S AL ERAEDT I LG o A SO R T it A B AR DL R RS B b OR B 12 B RR
IEfE R .

TEXT N BHE AT WAL 2 J5, T —ANLSTMAH £ I 28 SR I 2R A Tl . LSTMZS 4 Il 2ot 72
WE 1 AR, FHA R — B B U R R B A E I ZRLS TMAE Y [N o« LS TMAH 2 I 28 8 i — /N Bt 7%
JEBT I 0 o SR A S SE R B 22, BRI AE A TARAG A LSTM S e A E o AR AL I R A1
% HRMSpropBREE T BRI, 2R IEH TR FE AR 2 I 28 R A4k [24]

4. 58

fii FHPython3.7.3 (64 £7)SZILHE H VR S DNNAESE . 3T Googledf Hi FIFF IR 2% 3] T. B Tensorflow
¥z, IAd i Keras 2.3.1 fRASE AR 5% 1

AHFFHE ) CNN-LSTM HJFl45 5 SVM 4, CNN M1 LSTM 53 54T 1 E L. #ERf
et I IEREVFN P b5, RITROINER REAR SREA BB L E . FIEERERRE SBR[ —
PR , 7 38 1687 e A OO A O R A o5 A3 S0 Ay B PR A B LB, i 6 2 A T > o 4 )
FEAS 5 AR bR oA BV R G o ASHE T2 A8 B 55 — AN PR FE AR A2 ROC #I R T X 38{(AUC). ROC HiZk%
7 B BH I e 5 L RH PR 2R (10— PoRUAET , T A B SIS AR T A BH A S s D B 4 BRRE AR o BT ) 14 5 AR 4
(ARG, i 5 i T g B A LS R A B B RE A 5 B B PR AR B L. 438 ROC TR ¥ F 77
POE TR 2R R B DX AUC, X = Fl i s ROl R 3 s e g (0 TN R
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AR ERSL T 4 DT, 3 1 S TR R ad . aTRLEH, BRARE P T
MIPERE =2 —E B . SR, A AT 5052 HE (1 CNN-LSTMSL % o] DLIR 1 B i I T P4 g o AH L
FLSTM, 1 FHCNN-LSTMAEZERS, AUCHES T 6.5%, F1 {HIEE T 12.2%, AccuracyiEi I 14.6%. 5L
6 45 T3 W G R B 2 o SRV B I T S O T T

Table 1. Forecast results of different models

F 1. NERBITNEER

Y SVM CNN LSTM CNN-LSTM
Accuracy 0.456140 0.578947 0.719298 0.842105
F1 0.491830 0.519999 0.652174 0.742857
AUC 0.578676 0.632353 0.766176 0.819853

R A 3 B4R HT CNN-LSTM fJ accuracy 1 loss Z8fLitass . MEHRT LA H, AR SRR K

= train acc
— train loss
0.81 | —val acc
— val loss
0.7. +
2
2
&
& 0.64—
0.54 4
0.4 ; ; r r ;
0 10 20 30 40 50
epoch

Figure 3. The trend change of accuracy-loss of CNN-LSTM
B 3. CNN-LSTM £ acc-loss #432E1L,

TEEBOY TR, INZREERIHER R OCRERE BT, SRR Hfh SA AR R AT R AR E 1
5. LiLFIREI(E

ASCHR W T A IE TR 2 25 (CNN) A I 1L AZ (LS TM) #1148 100 268 AH 45 5 BV 6 TR T 27 ST Al 42 1)
ZRHESE, T SRR N FR S RH S A T o B ORI T TAE B AR B, DUEI LSTMA 2 J 2%,
HURT CLSBLR 0 TR BE o AT TT ik — P UEWI 9 A IR A HE SR TR LI LSTMA 22 M 46 . CNN
MG B IR B A F 1S B, I AR R N RO R e oy 2 AR AR 8dE , BE T (2 3 LSTMY) Tl

PERE .

T AT AR AR, FRATTHT R H 1 CNN-LSTMAESL R F 58 5 2% (1 SE PR o7 i 4, PSS
IEPE AR 2R & R 1
E&WH

[ X BRI G T H (61572442), 484 =i QT FIA R TR, AR w72k SIMEIRA, RN T
B E RN FIAH (2017Z2T012)
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