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Abstract

The task of predicting potential disease risks through electronic health records is a hot research
topic in the medical field in recent years. With the rapid development of machine learning re-
search and application, the classical machine learning model is gradually unable to meet the
growing data volume and complex data analysis needs, while the neural network model in deep
learning can solve the problem that machine learning cannot or is difficult to solve. There is no
explicit consideration of prior medical knowledge in existing disease prediction work. We propose
a new, generic framework called the risk prediction task, which successfully applies discrete prior
medical knowledge to all the most advanced prediction models using posterior regularization
techniques. In this paper, the convolution neural network is used to establish the risk prediction
model, and prior medical knowledge is added. Gradient descent algorithm was used for optimiza-
tion. Experiments prove that this model can effectively improve the accuracy of risk prediction
compared with the convolution neural network in traditional deep learning.
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SR PR FRIE BT UG HEAE R . 9 — MR A B E AR, BRI S R ERA H BT REIR,
WRIG AR A S, 2. R, IR RIS, XESH RN R R . R, R
PR 2SN BN T EHR B 2 WA . — 07, BRI R A R M R it . — LT gk S
SRS R(FFLEANMA), T 59— L2 T2 B R R B 5 ST 5 L (o B ). S — T, JUT TR BB
RN . BRI, R B U AT 5 B 7 R % A A SR (W B S B R — AN R AR R I, R
BATREEAF RN IR L = R M STEROR, QDR SR B0 B8 232 AR 5 TN ASE B 5 3 45 5 AR & — NPk

ACHEHAELL PRIME (Prior Medical), 5 i 56 1E DAk B A BT sthoRe 55 85000 S0 56 125 25 iR o i 81 ir
AR IR . PRIME H4 5650 B8 5 AR EERON JE 50 IR WAL, 058 FH O B MR R 2 ST JHEE Y 5
By AT, RERE X 43 A [R] S 56 SRR JRURS: RO () B B . 7E =AY AR SR g AR, R
PRIME HEZEXF T RS AT 55 /& A 201

2. HXTI1E

2005 4F, EEEST AEGESEHRRAGHSEFS FIRE TR EEME . B RN R RRE
BT BTN SORBR I A& S RyTid s, MINFR]ES 2 F 78 o N NAEBIBE R A i 1, A B
SR NEE[1]. HATHE EHR BORIEAL TH#EAAM BL. 7ERE 250 10 4FHL, 3 [ B8 e K H i 7~ (i e 58
(EHR) RS ACE I, H40 JH R 2 2009 F  PAE(S BHEARMEHL P AIG IR DA (HITECH)EZR) (health
Information Technology for Economic and Clinical health, Act of 2009) A4 [ Bt AT 5 A4 K FH B TR RS R R 4t
SRt T 300 123 TTIURN2]. HEHE 2016 36 [H H 5 TAEAE BHEOR R 2/ A =G, I 84%I1 LBt
Z/AKH THARM EHR 248, L 2008 4G 1 9 fi5[3]. UbAh, BEARFHZEA MRS R ) 75
LB 42%380m | 52, 183 87%. BEIRBWINI BT 2N T MIRVEI A IR BT 3%, BVF2Ht
HEL RIS B2 AR EZ &, Flie EHR R4S K EE B LW H T B F RS R I
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BE PR, PORAEWT. IRIRCE SR R RS S . REBFRECRA T RENE, I ZRMHET
BRIT AL A B R IT N AL B & R RS A5 B 4]

M T35 EHR £E HAR K Z BTG NI MG HOR, 1 logistic [FIH[5]. SCRFA &
HLSVM) [6]+ BENLARFR[7]. IR, IREESE S HOARE IR )Z ICRHIE R4 & A AR 207 A 88 b p e 78
MRS AE V2 WU S T BRI IR 21N AS 25 I B Ay 3, B ML 5 ) BR il bk et
Helty, IREEZ IR Z B EORAE AR RN 2 I . e RS R B BEAiE ER RRR N, il I i £ N 4%
(recurrent neural network, RNN) & AR [ T4/ 1 1. 7T (gated recurrent unit, GRU), AH 4% 4t 2= 224 5T B
SR logistic [FIAAEAL, X T~ BEMOE T IG R TS TR A SEAERCR, WA B T ERAR T, &5
Sr e, BAMRGEMIE IR HMER]. AR E 5 2 J5 ik )8 SRRk 22 () A B i g n, 1l
PRAG ST 55 N BIVR T 2 > EHR B4 1 O B0 A sl n, X s BAR G078k = A SR ar i PE g, T
H7ZE AT A SR AR TRE (I (8] 2= 5E 2> [9]

3. BRI
3.1. EHR #iEHhe

EHR $C45 047 5 M T M7 e 8P P B H 104, [P|J2 EHR Bt 510 %
. A EE peP, H T, IV EUE 0,0 p0 L B e SR SR, 4
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I EHR 23, 308 X7 = (0] e R i L, BT - R2G).

3.2. HERMERLE(CNN)
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B, DU ReLU(f) =max(£,0) « SEAMIEUEBHE T BRI (), v5000,vp g, | TR REM S
FIE R, DRI R A f =], o fr g | o AT SAHREERORETE, (ERFE E A T BOK
WALHEA, B f = max(f) o B s ARG DRANG m AT IRES, SEEEH T BRI RE R, 3
ATLS B p BB MRA RS, W00 eR™ . BT, R —/MAIER softmax 2 DL A: F %
E, W
$, = softmax (W, 2"+, ) )
Hp, w, e RV™ M b, e RY ZAENSH, N 2 HRERIEE. ERRSe , BATEET Znm
ARG, B) N =2 B 6 SBBUL RS T A0 A, TSR 5, thrl AR 34045 P (v, | X7);0)
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4.1. SR EZFMRA

e 56 TE DU 1072 368 2o S0 1 3 8 4 i 6 70 A1 0 AT 45 #0240 SR 51 N T4 B (B 2 6 B2 2 R ) ) O
e Ja U IR MR B ARAZ 8 Se 30 R0 ROR R IR 5 56 i as 18], DA SR sl [ B I S 80 Ao
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y RFUE SRR, TEASC, AR ALTIT AR LSRR, BBy =9 (B, 4RBYIE 40 5145 %),
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4.1.2. BERBARIFE

XTI EBIR LI ARG, B SE 3 B UG AT 25 VB IER, BN U, ARG Se B e
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1
O,

sum(up) >0

%vafW”zlﬁ (6)

0 sum(up):O
Hoop, W) e RYRAREA LN AR F M B 280 (U] RSESRIORIE, sum (u, ) R u,
JAL iﬁ&ﬁﬁa@rﬂ%ﬂ:[@(%@),¢ (i )} EHEEERELy, .
4.1.3. BRI ESHE

%Tﬁ%@fﬁfﬂ%*ﬁ@ BN p (SIL R B —IBEIR d fofeaam I A7), SRE
W T, ) ARSI BF, PRIFRE RIS A d o T d, , FORHRSE I A LT AE & S T«
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! 3 sum(dp)
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—wtd).
¢([(X(p)’yp;w_£;d)): 1+e v dp (7)

Fobt ) e RM AT wl) BB e B 10 57, DL ¢ = [¢d (w")8, (wl)] SR,

4.1.4. BIEEHRIFELR
ST, B RIE T — 45 B AR A LA R G« 1 )RR EBE p U X R T
LWL, 2 ) G IATEAR NS, ARRHEE R 1. ERARWTF:

() _ 1 C(p)ﬂg¢®
¢, (X ,yp)—{o i ®)

SREAHE AL ¢ M 1 SR 0. FIE, ¢, =[1L1]5R[0,0], y, HWELEFIRE.
4.1.5. RIEFFHELR

LB 5B FEE RN AR, BB TR . BT T — R PI SR N H . AR )E SR
I LI B 2

(p)
X(p), _ 1 C ﬂHi@ 9
4 (x".,) {0 i ©

Hrr, ¢, =[L1]5[0,0], BEMEAY,.
4.2. SHFRMEEY
i P TR PR IR AR AL AP O, 32 LT (X, 3, W)
T-¢(X".5,,W)=7.08+7,04+7,04,+7, 04 +7,04+7,04, (10)
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Figure 1. Risk prediction model framework
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5. SCUERASR

HISC DA FR AL RN 2 N FE AT, I ONSEEG L 22 RR AR, s 7 KBS TR . A T B8 E Fr 4
A ARG, THOMIAE 22 RO PR R, AR T DA AR I 28 R LA TRINASE Y, NS BR BE 2 AR A o, SEBLSE A Tl
PR SR AR RS, FEEAT X LR
5.1. 888 E

S B EEL | C| = 1016, k=256, RIFWEIZN 256, BSHa=£=001. XT CNN, BH
TS E LA/ INA2, 3, 4, 51, HersEBEAN BN m =100 , 43 H IENITL(RECH 0.001 (5550 dropout (IR
RN 0.5) il 5 o
5.2. ¥iREE

XF IRy, B fdiH Adadelta, mini-batch K/NR 500 FRATTLL 0.75:0.10:0.15 [ B A5 24k 45 bl
HLRI > AR BRAEATIREE . UIZREE A TR A BB FEAR, 30 IF S R R Zhidd F2 v s b 81 1 1)
FEAAE, B ] DU SRR ()68 2 H0R0 FH - X AL (0 RE 1k AT 020 VR4, Ao P SR 1P 5 i 28 A 7R
Iz AGRE fr. EERF 10 I, IR RIELE.
5.3. SCIOEER

FERAE python3.6.5 HigfT, SEKE WL 1 Fin.
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Table 1. Parameter settings for the prediction model in python

= 1. FUNFRBYTE python RIS EURE

ZHATR ZHE AT ZHE
beta 0.01 visit_size 256
alpha 0.01 log_eps 1e—08

base age 9.0 n_epoch 10

n_underlying 5 L2 reg 0.001

n_features 5 dropout_rate 0.5

use_gpu False batch_size 10

cuda_id 0 filter_hs [2,3,4,5]

SR A5 RANEE 2 P . mean_cost AYIZREES R TH{H, validate cnn_loss. test cnn_loss JILEAH y,
AITRIME », Z (B HIZE SR T HME, validate_loss. test _loss AN 1 56 B2 2 HITRIR H H bRl 2k iR 4L
SIS R — BT IR, thaR(12)r] %1 validate loss. test_loss 35 KF AN G B 2 1R 158 A5
Ko HHEE TR ANTE S JLUOE AT IIE L5 5% validate_loss 5e/)y, SRIFEARGE R, UIZREDH KA 0.551314,
TMRREERI N 0.641656, HAFHERIKR N 0.533692. Lossl. 2 BiflfEIL F NI IFE SIGER L %, H
FATHN Loss2 /T Loss1, TIHIA S 56 B 22 En iR i SO B Y A T B AR 22 X 5

Table 2. The result
2. LWER

epoch mean_cost validate cnn_loss  test_cnn_loss validate loss test_loss Lossl Loss2
0 0.685308 0.629910 0.674288 0.633043 0.677421 0.055398 0.052265
1 0.646248 0.601331 0.665307 0.604463 0.668440 0.044917 0.041785
2 0.613947 0.560590 0.654358 0.563723 0.657491 0.053357 0.050224
3 0.657491 0.560678 0.644346 0.563810 0.647478 0.096813 0.093681
4 0.595203 0.560958 0.673584 0.564091 0.676716 0.034245 0.031112
5 0.596476 0.551949 0.629526 0.555081 0.632659 0.044527 0.041395
6 0.590181 0.559197 0.630622 0.562330 0.633755 0.030984 0.027851
7 0.586710 0.553262 0.657255 0.556394 0.660387 0.033448 0.030316
8 0.574634 0.561785 0.604853 0.564917 0.607986 0.012849 0.009717
9 0.551314 0.530559 0.638523 0.533692 0.641656 0.020755 0.017622

fi ) CL G R S5 4 HY ) PRIME REAU HEAT S50 50 EE o S0 N B v B ot 12 HE B A 12 WA RS R A 26
R CUR T2 K5 A% G AL L i 2 .

1) logistic [FIJH(LR); 2) XFFMEHNL(SVM); 3) FEHLARIR(RE).

3 DA FH TR B 2 S R SR 2R AR

1) GRU #I£p2%; 2) KA WHCIZMLZ(LSTM); 3) RETAIN; 4) HFHHZL ML (CNN). T GRU,
LSTM Fl RETAIN, ¥/ERAEK/INBEN 256, X T CNN, @EITIESRE OO 2 25, Hodjgds
Wit s =100,
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f# FH LN PRIME #57 ;

1) A LSTM AZEAFMA R H A 5656 B 7 511 1) PRIME, , W& a =4=0.01;

2) i CNN {EHE AT AL BN SE 5 B % 501 PRIME, , W& a =0.01,4=0.1;

3) A LSTM NEEA T HAIIA S5 B MK PRIME -, BE a=£=0.01;

4) A CNN (N SEA R HA IS IR ER 24 01 PRIME _, BE 0 =0.0L4=0.1.

HOABRN L R a3 3 fion. 101w EdEgE b, f£5 LR, RF Al SVM J5 i 8 A v R #45
FUBE TR BE 55 ST B JTVE 72 o 3R U BH R FH VR FE 2 S BOAOR s 4E AR B 19 EHR B8 2EAT @ AB00S T XU AT 55
AR . DA IET IR ST, GRU A1 LSTM HIR I T RETAIN A1 CNN. i1 RETAIN
K THEZENUE, HEI RETAIN 2 KER EHR HdlE. O /) 320 50 46 10 KM o, Rt
RETAIN FJPEREE GRU F1 LSTM Z. CNN AR AE T 42 2 ) (8] i B 20 . R, O 0o —
RS PERR, 75 B SOR AL KL . JE T RNN RO AL AT DUIE AR )0 3 50 4 _E X SR 4L,
XA CNN M LYERESE 4F . X T4 HAIPUF 77k, PRIME, BUS 7 fdf kg . RATTLLES], R
PEREASOL T REA M TRIA LSTM. [FFF, P X £44 i) E PRIME, il PRIME _ i T-#£ CNN A H{H.
X e 25 B M IE ST S50 S 2 s aT LA B TN AR R e v v R

7£ COPD ##E4h, RETAIN HITEAEIE T GRU 1 LSTM, Ui BHZE G Sk, 57 WL IT 4R K 1%
R, CNN IVERERSF . BRSO ) PRIME, A1 PRIME _, B IGTUEAE SN T ONN. JRIFE T
SRR A, COPD A B#RIH N, X 5HE#HSE. CNN HA H G FfE R P 8 = 3 1) &
BURHIE, RIRISWARID, A RWRAEYT A . Bk, SIAUrEME, eBE T EGRIERE. SR, 7R
FJE 56 IE M8 & e 22 MRS, RIS CNN AL, PRIME, $2HFIAA 7 B8 Nod . 3 FRGIESE
T RE I ) = 2 R X AR FOIAT: 45 A R

EH B e B R AR A, RS R0E RE AT DUA B R EE 2 SR PR RE . BIAEAE
TR BAESE b, 255 R M B 22 AR TSR o] A i TP R . 78 B RS B 58 b, FRATTH W 2 3]k
AAEA LSTM MPERE L BTH2 H 1) PRIME, IIHEREAH Y . X2 FOABRMNIA B R ER S o M1 B . XH A
SRR IR BUR . RAE W, EEREEEE b, SN PRIME, AR T HAth 772 .

Table 3. The results compared with the existing models

3. SERREMLER

Heart Failure COPD Kidney Disease
Model AUROC  FlIScore Accuracy AUROC FlScore Accuracy AUROC FlScore Accuracy
LR 0.8810 0.8383 0.9048 0.8940 0.8559 0.9206 0.9147 0.8922 0.9335
Traditional RF 08755  0.8444 09173 08801  0.8478 09202 09235 09145  0.9491

Classification
SVM 0.8424 0.7734 0.8590 0.8400 0.7711 0.8715 0.8940 0.8545 0.9067

GRU 0.9047 0.8854 0.9357 0.9014 0.8772 0.9349 0.9263 0.9146 0.9485

Deep RETAIN 0.8913 0.8661 0.9251 09110 0.8925 0.9431 0.9225 0.9133 0.9485
Learning LST™M 0.9034 0.8827 0.9339 0.9041 0.8812 0.9370 0.9267 0.9164 0.9498
CNN 0.8994 0.8712 0.9260 0.9181 0.8968 0.9444 0.9284 0.9161 0.9491

PRIME, 0.9059 0.8881 0.9374 0.9084 0.8859 0.9399 0.9258 0.9107 0.9455

PRIME _ 0.8944 0.8709 0.9278 0.9204 0.9005 0.9464 0.9331 0.9201 0.9511
This Work

PRIME, 0.9126 0.8955 0.9410 0.9052 0.8868 0.9403 0.9276 09118 0.9459

PRIME, 0.9070 0.8788 0.9295 0.9211 0.9014 0.9468 0.9362 0.9236 0.9530
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