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Abstract

In response to the intricate semantics of electronic medical records for venous thromboembolism and
the multi-dimensionality of disease information that gives rise to incomplete acquisition of disease fea-
tures and inaccurate entity recognition, this paper presents a parallel neural network-based disease
feature and entity recognition approach. Firstly, the language representation RoOBERTa model is em-
ployed to more effectively acquire the feature information of medical record entities. Subsequently, a
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bidirectional long short-term memory network is utilized to extract global features from the medical
record, followed by a parallel iterative dilated convolutional neural network for extracting local fea-
tures from the medical record. Eventually, the CRF inference layer is adopted to rectify the disease fea-
ture labels output by the neural network. On the 2000 venous thromboembolism electronic medical
records provided by the hospital, the average accuracy of the proposed method is 85.26%, which is
13.52% higher than that of the pure convolutional neural network.
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1. 518

Fe ik i 42 (Venous Thromboembolism, VTE)E A4 EBR # R fg 0 f —, ffE e g AR Tse o
HBEJERH, HEWRE, WORE. K2, WM “UERIAF” o« Bl AMERA VTE ESWi7isE
BREET N TN ETHREEE, S RMEIMBITEAE R, XA RS FE R PR, R2omd 2nveh
T (B A SR I VTE MB350 Xl N TP 7 sSUEE R T 2, BBy N R TAER, &4
FMEA T, VPR R, [ AR SR ES N RS E R, WIS RA B E
B, FHOPAGERUEE R, SRR T L

AR, BEEE BB ST AR, 7 KBRS, LT IO
MRS B R G AR T KRB, X R 28 & T R B MEITE R, £ S SR s —F %k,
X ERST YR A 4 RSB ML) AT 70 D B A A DL B SRR Ui, IR B A .
I, @I SRR 5 (Named Entity Recognition, NER)F AR BIEE A2 GevEAL VTE, MARZS ML 1) SCA e
BRI SR . A IMER VTE FRIEER IR A TR, & St i) — D EEAL %

2. [E]RESTH

S SEAATEO AR TRl SRR, 75 B X TFahhlE, BRI BN 2R BEfE, Plass 2] 3k,
WSS /R AR [2] BORHE[3]s SCRFIAIEAL[4] S A RENLIA [SIBALZ P B AL S 75, b N L FH 5
KEVREHE, B ZRHEEEERIEm . R THIGE, PR T] HFEH0E S, B RHE TR
FIHCHS, AnAiG PR 22 X 4% (Recurrent Neural Network, RNN) [6]. 5 FH #1242 (9 4% (Convolutional Neural Network,
CNN) [7]/1 Transformer [8]Z- ARG 3] T 172 B

TR FE PR 28 I 28 R AE SRR AT S8R 3, AR SERRERIT M55, VTE SR RHIE S R i 2 5%
K, FEFE RSO R P SRR LR AR B E B2 4etk, BIAEAE R — B R R AE A [R]85
NIABEAEANFE RS WA RE AT E LR 2 4R R BCCARRHE, 33 RNN H I EE B
MR Ie) B A SC Bl SX A ), B T AT A 2R X 2% S AR TR 51 45 Y (ROBERTa-BiLSTM-Parallel-IDCNN-
CRF, RBPIC), % VTE BRI SLAR A HERG % .

3. ETHITHEMEH &R SR AR
VTE SRR 5 RBPIC AR 7Y 3= EALFE AN - Tii)ll 2k RoBERTa #:%4  BiLSTM-Parallel-IDCNN-CRF
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Figure 1. RBPIC model structure
[ 1. RBPIC #ERILEHIE

3.1. RoBERTa Fi/ll &8

ROBERTa FIH N2 B T A Z AIERE X = { Xy, Xo, Xg, o, X, } o I SRR [R] RN 22 A ) X R
BN B E ={E,,E,,E,,--,E,} #it ] RoBERTa [y Trm JZ. RoBERTa # A2, Wil 2 R, &
ROBERTa MR AN = O AF SI AL E AR R, BIR 7 2 SR, S 1L 11 52 RAR 5% bR AU AP AT
i, AR 7 A5 (1 B A5 R A R IE R R o SO SRR AR Rl - REAE AN IO, BESS TR AT FLAS [T
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Figure 2. RoOBERTa embedding layer
[ 2. ROBERTa # N2
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Figure 3. ROBERTa structure
3. ROBERTa M4k 454y

ROBERTa fZEM T 4] 3 s, 8 12 A Transformer (Trm)/Z o F:A Trm 2 H 42845 BT b 22 P 2%
L HEZE NN, DARZEERE SRR . fE25E Trm ZH4I0)5, Softmax 240 i 1)
BT T, BEER AR S 1 B S R — NS ML)

3.2. BiLSTM-IDCNN-CRF &R E

RNN A AR MO AL BRI 7 7 41, ABAE R SCRL i o, B T1E SR, s B2 41, RAI50%
RRIESEAR TR 45 R SO U2 Gk FESREUCCARRRIE . Ll “TPR” , 7293 7 SCH ARi@ # 48 “ARiR 7« “Rkdi”
R ZANERR, ERAEOIhRER AR TR CAMEME BB o “TPRY SUARTEA R E LT 23
(I SCBSRANIA o FE998 I3 SCAS TR SCR 2 HI37 5, RNIN RS 55 R E A) - AR B0z (R 1 SCRFE, S 30y
SRR ISEr R r v LTF

K45 1012 9 2% (Long Short-Term Memory Neural Networks, LSTM)3&@ i 51 A\« 7 L A1 4R 2 7
KIS . &M EBHNE BRI AGE,  “4IRRE” v DK REFEEMIRE, 127 LSTM #EK
F7 5 EE RO R R ERE[9]

LSTM EZEH =AML OHBGB 8 BT BUS T TR T ST T EZE DR bl #iE B
MIFIN, U 87 5F e LS5 B RIZ A OR B DA SRS A5 5 R 2 i 5 5%, i th ) A T e i A R

BHIE S . B ARQBMAIT. AR@QE\EIT. ARE@)HH TR,
input, = o (Wi [Tio Ly Gy ]+ D) (1)
forget; = o (Wipgec -[Tio L 1:Ci 1 ]+ Diorger) 2)
output; = & (Woyue [Ty L1, Ci 1 ]+ Do ) (3)

Hor, BN Tinput s 851 forget, s T output, s sigmoid BE AL o 5 TS FRICAUEIRE W (i B
b; L, %7~ LSTM #JLfE E— I ZIMBROIR &S C IR LSTM BJCHE L — AN 2 T A7 4 (112
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Figure 4. BiLSTM structure
& 4. BILSTM ZE43[E

ROBERTa FilZRZ 4t & L ={L, L,, Ly, L, | 153% %] BILSTM #hZe M2 2, Ikt 3]~ —
AL E . BILSTM 201, & 4 firR.

I IR BILSTM BEAY,  EAR R LA 2 o 08 3 SCAR AR IR bR SCRFAE, (225 50 ZBE SUAR TR
HRFE . CNN 7ESRHUR SBRRAE 7 R I . KGRI Z I 4% (DCNN) & CNN ) — Pk A8 i, @it
EBFE T GINZIKIES, §7 R T2 BF iyafEl, x— 07 20f Bh T3REUE 2 16 R SRR [10] o 12K G
A2 2% (IDCNN) i 22 )20 A A 2K 26 B R S W2 M i, 3l 57— 2 R IKE RS 1, 6 4l
R R A ST

IDCNN TH5 5%, WA X@)FR.

I:N)i = O-(Hi—l ) Iji—l) 4)

Hef H oY | EIKERE ML, DoAY | )25 ML =) 3 (KR & .

IDCNN #52Y [1) J AR5 AIE Ab B B2 7 AH T DCNIN AR 2R Sk 15 B 5 . Jd ik IDCNIN AR Y i ot BILSTM 177
(4] 20 & SR 1 1) R, RN VTE B8 55 4 JRRFAE, (R Af R J S RS A 4 52 2 AR BE - IDCNIN 2244 dn 4]
5 Fi7so

8Id1)IIZ% RoBERTa-BiLSTM-IDCNN #5584, Ge8 R ANFR2E = AR R e 0 8, e 285t 0 B0 = b
2o T I ARG, FECE RS IR BRI

HEH 2 10 25 14 BEA13% (CRF) BB % 18 Ik 7 A 28 2 8] 51 N2 50 2 R4 B 24 1E T 2 Hh ) %« i AR
BIRIFHIA X = { Xy, Xy Xgoeen, X b MRLIARZEF AN Y ={Y,,Y,, Yy, Y, } » B AR A G) s,

score(X,Y) = i;wyi Yoo T Pty ®)

VI ARZ A, Y, BIY, , SR AR, o T P U E R R i+ 1R R
B, RIMOAMEN Py o Y SRR TR U ST A S(B)FT
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Figure 5. IDCNN structure
[ 5. IDCNN %243

escore(X ,Y)

Z escore()( Y)

YeYy

Y i T RS E T (ERRISEY B, N T E SR IOAR B, R T 4R LB
YERFLU VA T SR R AR, HARRT R R AR R,
Y= argmax{ln(P(Y | X ))} 7

P(Y|X)= (6)

2 ER RHPTE, CRF A RUBIETRM A R, $EmiR il uErmi:.
F, FH X AR 545 ROBERTa-BiLSTM-IDCNN-CRF BiA! (R AL AL EE, 45 B HER (I FR 255
By,

4, SCIGEER R o
4.1. SRIOHHE

AR SCRA) 3 ) SR AR AU SRR T AR 48 4 — W BR B AR HE Y 2000 1 VTE (EBe & B TFWili. TEIRIK
RAEMEIERT, 456 2023 FRAMM (ML AE A ZERE 2R S TP R [11]06 T Bk i As A% ZE5E T
PRSI ZE, AEE TGN T 7% EARICHT 8 Fhagih2kA . ASCRA] BIOES #riEik, “B” F£RiZTHFNE
Ik« RORETFRNTARLE R “O” RRETHR NS, “BE” RRETHRNLIERER; “S”
TR FREN—A S PR R R 1, BENLER 70054 08 4 I 2R 50E , 20% il s, 56
A 10% 4 5 E i -

4.2. VE$EHF
RETR S Ad; (B 6 b 60,365 VHE B %8 (Precision, P). 7 a1 % (Recall, R)AT Fyff, A 3(8)~(10).

T
P= P x100% (8)
T +F
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Table 1. Entity type number statistics of VTE dataset
2 1. VTE BUIBER KA KB B E 5t

SR AY SRR
597 (Dis) 2386
B {3517 (Bod) 320
Z5%)(Dru) 6816
FAR(Ope) 1710
HAhRIT (Tre) 2037
iEIR (Sym) 21,952
36 (1te) 3672
25 (Pro) 2241

4.3. BESY
FERYIE RBPIC EALIN BEAT 5 44 SEAR R SCIR T, 75 ZB0E MBS B TR KE ., 2315,

ZFRE. UWMREBRPHEMESHRE, WE 2 fr.

Table 2. NER model parameter design
2. wREPRARESEILIT

SHAIR {21
RoBERTa-embedding-size 768
Max seq length 250
batch size 12
transformer 12
LSTM_dim 64
Learning rate le—4
Ee LA IR NG 3
KGR et 3
IR G AR S 1,1,2
0.4

Dropout rate

4.4, SEWEER

0 —: AR TR SRR AT S IR
N 3 fizn, BILSTM-CRF #7115 IDCNN-CRF #AUAHEL, FEUEMR. A BIFAM F1 E L1565

F, FH BILSTM A B TR 04 5 L F 305 BIRINEE /1. 7E BiLSTM-Attention-CRF #& T $R I e /1 1%
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AR, JRHTET Attention LA T3 ACE /L, 3 E0E A HE K & R B AR TE I 5 4% 78 SR 44
FEAESEELBE /152 2520 . BiLSTM-Serial-IDCNN-CRF #5242 7F BiLSTM-CRF [1J3&fit 5] X IDCNN #7
BT B AT, R TERE T AR A s, B TN R R IR ISR B R 7, (FH TR i T A
MR, MK T IIZRET Al FHXT S, BILSTM A1 IDCNN 128 W 25 H AT 3% 52 11 JE A 1
BiLSTM-Parallel-IDCNN-CRF #5 fERFAE SR EL AE 77 AR T HRATIE R T o X R RNRRIFIE LA L £
Y05 M HOAE SUEEKY, BRI B AT A1 9 BILSTM SRELA B4R A BE 7, 10 HFAT 2432 0 58 A 2o 1
BV ARRME. Ik, ARSCHEH B IRAT ERL I A0 48 ) 2 A5 R LR R AR D7 T B I R A 35

Table 3. Entity identification of different downstream models

3. FRITHHRBISHFRAILEER

TR P R Fi
IDCNN-CRF 71.74% 67.91% 69.78%
BiLSTM-CRF 72.79% 73.48% 73.13%
BiLSTM-Attention-CRF 70.24% 69.52% 69.88%
BiLSTM-Serial-IDCNN-CRF 76.66% 76.84% 76.75%
BiLSTM-Parallel-IDCNN-CRF 80.32% 79.89% 80.10%

LW —: AF BERT T SEAE A RANESR H R

Wi 4 fiw, ASCHH A R BiLSTM-Parallel-IDCNN-CRF 1 AR 4EHy, 78t FERE Xt Y
FAFEI TN ZiA A . BERT A SCRARY DL 55 A BT HEAT Ab 3R, ZE A R SCHR ) Transformer 4t 2%
EA R EER, SRRSO ESRES . AlBert & BERT AU —Rhfaifb A, @it b3
HOE AR R S HOL S RIA RS TR B . BT RN, B RPEREA K brHER) BERT Filill 254
R, BioBert f& —FhEEH A W BE AT K () BERT M5, E AW e 2 STk EHEAT AN SR, 36439k
WS ARSCH) VTE B ULAL, PRI T $ETH SR B 68 /7. RoBERTa & X BERT A4 ) —Fh Ak Al 53
A, BRI T B SRS . B 1) batch /NP SC A TRBE R I HR, AL BERT 5 5 47 1
RERI . S 45 AR 7 A SCHE H RBPIC AL AR A

Table 4. Different entity recognition situations of pre-trained models
= 4. TREIMTINZGEB SRR A5 R

it P R F1
BERT- N2l 81.34% 83.42% 82.37%
AlBert- iR 80.72% 82.25% 81.48%
BioBert- T i 4 83.23% 83.43% 83.33%
ROBERTa- Fiiff5 A (A SC i 7Y) 85.26% 84.57% 84.91%

5. ZHRiB

ARSCE S T fn A4 SRR AR SEPRES T35, I SO IR P SCAR R 2R IR LR &, FEUE VTE
o3 D o B AR SE R IR N X SR HER R AR I AL FEul, ASCIR M T — R IRT AR
I 2% fiir 44 SEAR IR R . S T 5 R AL ROBERTa AR, B A4t 2 5] 55 [y S A s AR AEAE 2 o Il 14BN
A AL IE I 28 RE A AR G AR AP 22 I 26 AR GE 10 B AT IE RSO AT IE RS, B0 TS T IE R R
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