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Deep learning-based model for risk prediction of cardiovascular diseases

AN Ying', HUANG Nengjun®, YANG Rong’, CHEN Xianlai'
1. Information Security and Big Data Research Institute, Central South University, Changsha 410083, China; 2. School of Computer Science
and Engineering, Central South University, Changsha 410083, China; 3. Xiangya Hospital, Central South University, Changsha 410078, China

Abstract: The accurate prediction of cardiovascular diseases (CVD) is of great significance for the prevention of CVD. Therefore,
a novel model based on electronic medical records (EHR) and data mining is proposed to investigate the risk prediction of CVD.
Recurrent neural network is adopted for the representation learning of EHR, which can effectively capture temporal information
hidden in EHR and achieve feature engineering without any manual intervention. Meanwhile, a context vector which is obtained
via attention mechanism embed in recurrent neural network model can improve the fitting performance as well as interpretability
of the risk prediction model. To further improve the accuracy of the risk prediction of CVD, the model effectively combines various
kinds of clinical data, including diagnostic coding sequence, laboratory data and demographic statistics. The model utilizes several
modules for representation learning, which can take full consideration of not only the difference but also the correlation among
these clinical data, thus improving the performance in the risk prediction of CVD. Experimental results show that the proposed
model outperforms the latest methods in the risk prediction of CVD. The recall rate, F1-score and AUC of the proposed model
can reach 0.814 9, 0.737 8 and 0.837 5, respectively.

Keywords: cardiovascular disease; risk prediction; electronic medical record; deep learning

2
[l

U PR 2 — ol B U A\ SIS B 114 DL 1%
PG, TR S Ja R ESE T IR A b s s B o TR
RN o ML A 1149 A DRSS X 75 91 DAL A 11
A B R TE S RV I PR B I A8 i R AR T A
HB A2 W s RSP , (EL R I A 3 5 AR AN L A 57
S H AT R EA Q0. A, R R B AL TG

[ %5 H #7)2019-04-11

[E£TH ) EFE & SUFL R (2016YFC0901705) 5 IES 4 A /B2
J& 4 (2018)02534) ; i) B A WF 52 AR A0 B W H
(1053320170077) ; 5 i K2 R o R A S AR RHATR ALl 55 2% %
Tji(2017zzts721)

(1EB A )22, L RIZ02 , E W05 10 KER i HLasr
=) K HoW T, E-mail: anying@csu.edu.cn

[BIE1EE 1ok, BP0, IR L T/, E-mail: cxlyr05-
76@163.com

PR T A — L83 3 i Bk TUATT o I A5 Y KU HL 1 2
7 ik B A B ol A B B R BE RRUN



- 1104 - H ] B2 B

AR $364

SERERZRN . AR, — BB ST N G R FH AL AR
> G TRR X R L Dy e ) XU DR 2R R A T AR
AT S B O 0L A9 1) RS T j T3k 20T VAN
IO B AR A , i ELZ AR RO, R e B
BT R YR — A B S SO Pk
PR,

T I T L T D7 140 I 9 DXL IS ¥ 30 ol
Hh SR R Rk IR e 3 o AT R SRR 2 2] T ok
SEPR R mR B s . TR E R A SRR
PR ERIZE L, L2 W IS R A ki A ar ik
TE N B 580 . A58 835 IR 1 RAE 7 Al
a2 RE N T, BT R A A2 B T A58
N D256 DL SRR R T R4, S 3O
JEYERRZ At 25 . BT JUAE, 32 A shFr 2= > M
KB FE A B B , AR Z 55 N\ 53 W2 ) FE A 6 G
5% 1 5 SE IR T RRAE R AK , HE 4 4 G 15 (One-
Hot) > Flia] 45457 (Bag of Words, BoW )™, #Rfij, iX
SO B At (1) 5 X8 IO AR AR =2 [A] i i SO
DL S 8 Bl R B e o R4 B AR R
TR T SR DA K A A W) | 4 i A5 Ak 22 40
B LR L AR Z2 58 N B3t R TR 2 )
R A B 755 D B B R AE 2% ) o Nguyen S5 32 H
W B I L e T s (20T 25903697 LT R
S ) R L — ER I [RS8 S U HES /81, O LA
FHAE R 24 M 2% (Convolution Neural Network, CNN)
X AT R OE R AR R, H R AR E e
(Temporal Learning ) fHXCAT45 H1, CNN AR XS A 156 H fig
AR EBREAF B, I B 7% E i — 1 - v
P BRI 2 J AR F B (B HES Y . S 2 A L, BT
G 25 M 5 (Recurrent Neural Network, RNN) [ #H
KB, FAn K s e 12 4 22 M 4% (Long Short Term
Memory, LSTM) , 3 2 AN [\ “ [T BR 7 Al 4 A FH A 15
ST B PR AE 2, DT AT DL 47 b Ak B 7 )
P B H - D B . Ma S5 1) R ) 41 A o 5 o 2%
(Bidirectional Recurrent Neural Network, Bi-RNN) #f
17 H 9 DD 1y RAE 2% 20, 51 R 22 B OC 1 HL
(Attention Mechanism) J7 i £ FH5 Y () R AR 2% > fig
JIRN] etk o R 1 E 4R RE A AR T AU F3
DAY P PERE (B2 e 288 T H 05 I b 25 Bl 2
(B4 2 S o AR M, Kim 25 B HH R FH AR B0 7 Y
FEH A R A £l 2 W A 25903697 ) 43 i34 7
FAE2E 2T e iy KU P i v o (HSEPR I, &
— B iin T B 5 ARG IR LA 5 20 W A H—
Fhal Z R o S A S 1 A R0 XU 3
W, B2 & Z2 0% T 055 A2 WA T W 25 2 ] 1 G HG

P, BRI, P00 PERESZ 3 T — 5 HS2 I

T RO LD E R R, AW ST A T
RNN Fl G 3 HL ] A 0o i 48 RURS: 15 I A5 28U (Risk
Prediction Model for Cardiovascular, RPMC), RPMC
FTLL A B4 S BT LI 4 H s g Al
o LT (Y R AIE P A T it b ST 390 A7 s 9 XU
T, fFOCTENLHI A LSTM 151 A BERUAR{L B
RS SR AAL I P B 12 S R ) i B —E 1Y)
AR . HeAh, 25 B BN R E s 2 1) 1) 22 S Pk
SRIAE | WA Tp ORAAEAE 22l ST BB 67 5 A ]
B 0 RAE 7 ) A — DR T Rl B 5 A
FIRFIEFEEL . 505 , RPMC 25 45 MR B2 21 1 e AE
SR ML AE A Y KUBS, TN - AS IS 3221 DTk A
ATRVEZASR LAR 3 e (1) 4 5 —1> i X i S #R4
TCF BE 55 N DU Bl 4 Y I A5 RIS 000 A5
RIRPMC; (2) 44 RNN FOCTEDLHI 254, N7
RPMC AN i [ 21 v M = 4 5 5T LB B
T D3 B A O L AR SR A, W] Ik B RS A A]
fil R 5 (3) A S Rl 22 Fh AN [] J5 14 v 75 s 4K
i I 2 ARG ATRAE % 2], AT 75 RPMC
AALBE 78537 S8 B ECH 2 6] /Y 22 5k ik % B 2]
AT Z PRIV TR Y DI | S5c 248 8o I 95 g I
TR PERE o

1 tHKHFR

1.1 JXUBe: Foa il

e & A4, XU 00— A HL A mir B P A
RIS IMFFAT S5 o I PR & DL %) JRUS: Tt
155 AT - 0 & 0 XU J00 ' FET S H0 7
FEABE KRS Fo0 4, 5 10 Ao I 45 92 0 RIS
LR h AR 2200 5% 5% 3 1k A BA B AIF 52 00 7 ok
PR R AR, DT S XU T3 .- Evverett 55 %)
1 821 fviCo I AE 5 s KB A8 B AT AR ST, 5 SR 36 I iy
A48 2R AT R 1 I R o X579 95 g DAL 3]
BT, BLAN, Welsh 8t i FH BABBIF ST 1) 20 % B
TR Z A B i i A5 IRURS: T 1) B 2R A
X6 L = BA B AIF 5 4 7 12 B8 S 304 o A 1) DXL T
T R) s 38 LA — 5 14 B8 24 2 25 0 (15 RN A i B2k
ER X Sy 30 T ERE S R T W Rt
6] o AT 55— ORI P 2 b R 2R AT
W, G 2BCHPEREEAR KRR R T 5T 51 i B 2
TRMAY ., WA ERE B AE R f AR &, ok
H B BE5 2 2R G0 0 D Bt DR LB 4 TR o 3=
ST RO R YT I SR 82 B AT N B DT
PR] 3T A 2F H 0 35 H 0 I A I A 90 XL



9 LAE, A TR T 0 MU XURS: B - 1105 -

B N ASEAY . Huang %5 T 28 5 HL 0 I B840 vh
FRORFAE , ) 003 68 D7 Y6 AT R AIE 2 2T O BE AT A53
e LA O XURS: FT - Jiang 450 FH H 595
B b YRR AR A T 2B A B XU T
BAY kT R AU AR = T A
F8T HL 5 I A B R 8 IR AR OGATE 55 1 IRAS
FRCR . I, B T 7 P RO A AR R (R
BRRE L 4e 8 ek, I HA —E i, Bir L
U] X B, 0 D S AT R AIE 2 > A X 28 AU Tt
AT 55 1) F= 2Bk

TEAR 22 A 1o 1045 9 DXL TR0 A5 28 o, A
TETAE TR N T T, Hhan, Pike 55 AR 4R
Framingham mﬁﬁﬂzﬁj\(Framingham Risk Score, FRS)
SERRE , HR 905 Iy Rl B AR DG RORRAE , O et
PEAT R HE 1 KRS N BE 77 o Kennedy %5/ 7E FRS 1Y
Ll I T MY L DR AR O S H R A
TG0 0L XU TN B 7 o 30k 2 0y ¥ i
2 MR A AH I A DT 23 1 B Y SCHR TR, B0 4
Hi M FRL 0 D S R Al BORE AR AIE . B RIS 2
SEAEAEZ R TR 5E N BUAR DG %k 75 5o SE PR &t
5, AR AR A IBGS BB e KRN W 0, JF
ANRE 58 4 i SO A Ve R L e D B o Rl L
A AR 25T 5L AR O [R) ) B AL AR 2 2T ARG T i
FR3 o I A9 DXL TR AR A 11 5 2 B AN
H sl 2] BB RHIE (S B i H A R4 = i T
o 13 540 A A 1) R A, DT 5 B v A8 g DX ot
W, B, B AT T I A AR P e D A ) e
FPAE R o A T ik s a1, AR Z2 001 5% 53R IR
JE 2 S R AT W TR D IR E 5 ) AR OIS T
FLRB) . Nguyen % )| FH CNN 44K HL 95 T
BdE b RIS B ARG A5 B0 L 1 s 52 3
T HEARE B RS F . AR, Ma 455 F F RNN LA
Z M S AL EAT HL 8 i BCHE 1 I P AR ALE S B
ANASCA 0B vt A TR ) T 2, 3 1 i A TR ) e e
P o Kim S5 B XA 6] Fh S 1) v 1905 P 8l L 2351 )
FHZ AN ST i RNN B FEATRRIE 2 AT, A 3R =
JRUIS RO ) AR 1 o A 3 Ty 1 R R A v IR ot
0 VAR 1 L AR AT TR A 780075 I HL T D R
P i A 5 DG
1.2 REF3]

T JUAR R 27 T AR B A AR TN
GEME o TR 27 > 3 3k 20 A5 A2 A B R T S
TG B R AR, DT & BAICHE Vs 7 1 E LA
Y- (TN 11 N = I 1 S WL L N SRS
JEE 27 2] R I T H i D AR Y

fiE2#2] B CNN FTRNN, CNN & —JHAT RS54
(A RIS i 28 I 45, B 30 e A U R Ak 2 9 A DG
LS8 URRIE 7 2], B PR AN | DR A R Ak 3
DA & e R L, e an = 2# B s #10 B R4y
JAE, HR ONN HBBHIE R (5 B, fE b
B RIS O ) 2 2T A 55 A AN 2 o AHELZ T,
RNN 22— HAT AT RE 1 BR B b 22 I 2% | AR AR 4
i AR R B RS R . BRI, RNIN )32 g
T ARE T IR P 55, S TR R
i) RNN (2% 2 i 7, Bi-RNN i 35 [|] B A BG4~y 7] 2
>3 B3CHRE P B Tl AR 75, T T 4 T e A4 ) 54
BN SCE R

BEAN, R T B SRR ) AT R ST ML B
TR 2 F A SR L A R —
A BN SCm R R AR T A O 2 IR TR R
B EAUBEA R BB B2 2 BB D, T ELIR g
BRI T AR DDA R P2 2 B HLAS
PEARAE S5 BT OCTE ML A TR 2 ) B R R B
AR TAH LI AR

LR T U I P2 IXUISS: S0 A 0 g A1 SRS
S ASHIFST R H AR R RPMC 1) UL K 3833042
P25 4% (Bidirectional Long Short Term Memory, Bi-
LSTM) D) K SR A5 7 v 1 53 FL 903 D3 B5ai i 2=
(== P - R A € T D E 2 = X e P QR e
RPMC AL 5350 F F 24>l S A He ke £ 52 AN [l 44
JRBCE A FAF 2 2T [ At Bk B (4 — Al 57 A
i BT a4 5 B0 (R AE2F ) . AT, RPMC fE 5
A0 4 T A AR F 0 D B R E A S SR T
T P PR T

2 XU PR A

2.1 EHEHEIA

A Il T 1) S 9 5080 A 5T v R DA R
P 2 BR300 2 5 T ARG 96 A s 2
PEAEY S HET, 2B AR W TR A 3 KN R BBt 10
AR R . TEAERE S b, R
St HREAES 10 AR [ PRges 4325 (ICD10) BYARifE , &
™SI = R A A TR N A S B A RO, O LA R
FEMERHES %,

KI5 T 081 FH 7 98 A 5 4 4 7% 322 900
AR B H 0 D A, b 24 615 3 J2 0 I 9
IR . RPMC 5 7EA1 T E 1%) J s2 5 o ) H:
FEHE T ok — 4R A O A R B KU o L,
o7 BB 1 1 s R AN 7 0 I 9 9 i) ) ) B UL
DZ 0, 4T >R —AF AR A B & F . RPMC



- 1106 - H ] B2 B

AR $364

AT 7 11 v Fi 95 1 B il AR R ALE , 9 R 7
DT 1A o bR (4328, 1 FR i KUK, 1T 0 36
AR IR

FEZERE L B R ER 2 LT TAEH
R T IR A BIVRE [R]— £ 25 (] B B[] /N T — S
PR RS IE S [ — K BT k2 . o T ARIERE
AR A R TR IE R DT 6 IR T2
SREBHEBRAESN , DT A5 00 7 11 o 2/ 5 S IR
I 02 N 0 285 1R A TR
TESLIN T 112 05 VAR H O IS0 A ER I 175 O, A SR
A RO A BRI W DT s LS — kB2
Wi O LS 2 J 2 /D SIS kiZ e 5%, [
B 58— UK B2 T SO0 I A8 0 A2 B [ B g —
UCRIZI <148, WA lbm i A s KU R AS 5 4
REFELEWNE O PG — R EF 2R 240 14E
RASWT O A , WA i SR A o RS R

Bk T2 Wigmas 58 , RPMC 8 F I SL R 2= 48
PREE . MRAEEURE G A5 A, B > T 100 1K,
DA B 0 8 15 T 90% 1) S 36 2 48 Br 4 B 50l BR AE A
BE AN, SR T B i I 5 A DRI T ) A A
RPMC i 45 G303 N 55080 G A8 M5 B
FAL SR FAR S

2ok 1 R BRI i e A R S A5 B 1 S AL
P4 AL B 146 296 1 B, Hird 20 450 )& T0
AR o AU R . BRI ST HE BANER 1 R .
2.2 HERTR

1 RARIESEHE SHE
Tab.1 A brief description of the final data set

NIy GevtHct
GEPN 146 296
WA 2286267
e DR (7E 4 45.07
e RS ahiN 2 € 15.63
CLIEEE S 817
S A ERHTAL 687

Sy 7 A ML AE 95 KIS LIS A % i 3, 4
E PG E S (R W65 S =5 1)
YRR D={d,,d,, -+, d,} , HeH MOZ i i S50
FE NPT RIER NP EFHG. 2
P={p,,py, -+ py} TR BAEE TR BE LS P N
BH BRI R p, Fon— D F . W THE
ERE p,  HA T DB AT AR Rl — A 7

BB IE I (V) Ve Vi ) H To) FOR 5 n A 18
HIBRSUAEL, V! IR B p R YOSl R,
B — AN ESgmNH RN TTFES. N TH
B2 % V, 7 A BUR BE AR A RPMC i A Z88 1
#, VRR A« PR
TME— ) —FhEE 2RSS d, o XTSRRI
WA, HAMRNEE (AR v, 25 ¢ M «, thAH
PEAE AT, SR 0) o HEAR, X F— 2 2R UE
R B 2 2, L LA 3 6 R B 95 Rl A 52 66 A
s, WER A AN B AR S s < A R S 045 b 1 AU
FELE M IEEES B WEZ N, W &, rhAR R A &l
15 QSR SEBS AR AR B AN E 25 8 Y IE 152 5 [l
Z ), TR A R 25 A, HRORE A
0,

WA PR, B B T TR T B R RE R s
W27 FEol, A Bk — IR BT 2
sk, BV, A& — AN B A2 W i R0 55 09 % 4
Fro ARMEER, B 125 H AR — 0 LS00 e AU S
HIEW], RO E g b iz 8 B A O M
P ICD10 4 fith (080 ,120) o fRIX HIS R4
A3 U 9 AN [R) G A (A A4 o A5 5 A G G
i) : 110 . E78 \H30 K81, WBC ,PDW ,FBG, HDL A
BP, HHp i 4 A i gt , J5 5 A ML g0 = F5 45, B
2 BREZIE SR V, BT DL R — 1) i, HgE
FER 9. ean, 78 B 1 b B E W2 W 110 A ETS,
[] B S5 28 P b5 WBC AbF1E 7 BUE G FEl Y, PDW 1)
B i 15 1E H Y, B840 B BV, Al L SRR il —
A 9 4 [ I 7] 5 2, =[1,1,0,0,1,2,0,0,0] o I4h, x,
] AN 3 B 53 2 Wi i 1) it %, =[1, 1,0, 0]
FISLES = F8 A58 M) 2« =[1,2,0,0,0] , LLE RPMC 4351
X G B T 2

ENH 5, B — M FE(E F One-Hot /977
KL, W& 2 FroR , AF R AR 50 18 7 A4~ B B (-
18”7 .“18-30",“30-45" ,“45-60" . “60-75" F1“75+") , Pk
FLFE PN REE I CB R, A R & 3 FoR
R A2 (1732 (22 FERE ) , 312 BB HUAL 6
AR B(96-127 [ “12-18” . “18-24" ,“24-30” . “30-36"
F36+7) , FAR L AFEPIFRAS (“S"HI“NS”, 43 5L
FH LFARL), TEERME, /T3 2EHIE
CAE U P ) L R L) AT — A Ah 1 4 B
(Unknown, “UK”) , /B s 5 (15 40
2.3 1REIZEH]

WAl 3 frzs , RPMC A 7 4/ ABTEE, B2 K g
5750 12 Wr i+ 55 55 2 F8 bR )7 41 L0 == Fe s 7



9 LAz, A BT TREE S > o L AE I XU PR A - 1107 -
MME FREC
R A2 e
' E78 120
o B s o
FoOHl s ' £78
. ' K81 E78
(a)
' ] BP
Sy | | WBC T e alte
Fr 5 |eow | ! BP Bp
FBG
HER HER Rt
10 [T 1 [g] E"'-S [o]
. - s T E78 _1 | ET8 _1
SIRZHT 1.5 [ Hao [ e -
? - ka1 [0 1 [ 1 KB1 B . ]
wec [ vec |13 S wec | g i 'C‘J{léﬁﬁéﬁém (b)
=] sow [l loowls| | ! vizsetanteyall
SERRERER 0w 2 | | | . s
i8 = 'rec i 1 FBG _1 “::i g
iHoL [0 E‘*-"'- 0 DL |3
189 T "5‘” _1 _2
E1 BEFIIBEERTEE
Fig.1 Diagram of sequence data generating process
018 | 1830 | 3045 | 4560 | 6075 | 75+ | UK F M UK 1 o £ UK | s12 | 1218 | 1824 | 24-30 | 30-16 | 36+ s NS
0 0 0 1 0 0 0 1 0 0 0 0 1 0 i 0 0 0 0 0 1 0
T
Fig 15 BHEEE IZIREL FAE

El2 AOFHEEEL
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Fig.3 Framework of risk prediction model of cardiovascular diseases
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Tab.2 Performances of various models for risk prediction of cardiovascular diseases
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Tab.3 Performances of data fusion—based risk prediction models of cardiovascular diseases
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Fig.5 Top 10 frequent diagnosis codes obtained by attention mechanism
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