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Abstract

The development of Internet medical treatment has been accelerated by artificial intelligence
technology, then online patient consultation is becoming a new trend. However, most patients of-
ten choose the wrong department due to a lack of adequate medical expertise. Therefore, the clas-
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sification of patient consultation text is very important for guiding patients to choose departments
online. This paper proposes a text multiple classification method combining the convolutional
recurrent neural network and OvR strategy, which can capture local features of text but also
learn word order information. In this paper, the proposed method is verified by crawling the pa-
tient consultation text on 39ask.com as the data source. Compared with existing classification al-
gorithms, the results show that the proposed method has better performance in terms of preci-
sion, recall rate, F; score and accuracy. Among them, compared with other SOTA text classification
models, TextCRNN-OvR has improved the accuracy of text classification by 1% to 4% to varying
degrees, which further illustrates the advantages of TextCRNN in extracting text features and the
effectiveness of the OvR multi-classification strategy in this paper.
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1. 5|8

AR, B REITFEL% LR ARG . SR 7 B3 75 ST B T B ST B RR i
[t = DLAOH B SRR AR, A AN BRI AA I RE == fml B AR SR 1] (1], DT dn e v 2008 e A bl 28
G SCAR AT R R 7 OB R R AR A . SEILR Re 2 B KR .

AR, WRIES ) EEAETH RN 18 RS SURE R Z R, V2 T IRIZ R
R HIME S B, FFEEFEIS TR R [2]. TREESE S i WL #4228 1 A 45 A AR
I 4% (Convolutional Neural Network, CNN). ¥ ##4% X 4% (Recurrent Neural Network, RNN)&. CNN NG
ARUF AL BRSCARISS P 1] A, T RNIN WL R 31 50 18] 7 71045 SG R [l /i, FEK T4 SCAR P o1 A i
K R3], B Zhou S5 N[4]TNEES —FHMMHA, = THEFIEIAFHE M 4157 (Convolutional Recurrent
Neural Network, CRNN)J:F T SCA/3 2, 45 BAE B TextCRNN #ERLZE 20 K uErf R 2 HAb P Fa s B T
CLA ) CNN BEAYFT RNN A

A T TextCRNN #E815 OvR HElE 45 G () SCAR 8 T757%, FEIRHEL 39 i) 258 ) 1 £ 5 1) 5
AN RSG5 H A B DLUR FE 2 S ARL AT XS b, 5 SRR A SCRTIR IS T B R HE R 2K 4
YRR L. LU EFERE G SE L.

2. HEAR

BE IR FE 25 IR IR R, SUAR G MW T 350 7 HH BE T-A% G LA 5 I B (1 B0 2 1) B TR B
ORI EVE L, — B FEEEET TextCNN AT TextRNN AR [ SCA > 26071

FEFE T TextCNN BRI SCA N HRAESS b, Kim [S1FH T — N HREGBURS 0 CNN B, JERR
HZ BRI DOCARHE, & il i A5 BIRHE R &, £ — R4 BAE S E IS EUFRUR .
Kalchbrenner 2 A [6|#2HH T — M XUZEFZE5H 1K DCNN B8, @it A5 th ik 5 g fl 2 Z G #1550
AT AR BOR B A T OB, IIMETF 2GR 28 7 RS BSR4 R

FEFET TextRNN B SCA S KA b, VF 2 25 A8 K A2 M 2% (Long Short-Term Memory,
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LSTM) 1| 151G 3 ¥ J0(Gated Recurrent Unit, GRU)JEZ, W& 5 2KFER RNN B, 2252908
CNN B RNN B LE A, 1T Xiao S8 N [715¢H T 456 07 A 1) TextCRNN A2, B Jfeid it CNN
R Z )2 BTN 2, FRIS A BRI RAE N3 RNN B8 13X A LSTM JZ AT AL BE

A1 LAAE A ST 9T, AT LLE Y TextCNN 5 TextRNN MR ST A » 0 jR 455 1 72 M5 &
&, A ROEES SRR SORRE LAR, Wil TAE G SOR S RO IE M E A CR AL T AR, HEA RS
T3 1 R AR ) B R o R AR S FE 45 TextCRNN R K2 OvR S i Fi 21 fh 3 i U 9 284145 |,
AT DA [ B S T A AR B 2 S BT (R P 3, DT PR A 28 YAk 3 A L mT DA — 3D AR FHE B 4y R B R

2. EF TextCRNN-OvR BI3CA 4y 245 R
2.1. TextCRNN &5

TextCRNN HERIEES T CNN FER 3R 23 (B AN (8] 858495 B 10 J5 A S VE AR s, BLJ. RNN 7RSI 3RAT:
BERKERF GG BB O R I8, IWITEVE 2 SCAR 7 ST 25 HR 53R A5 a1 0 SBR[
TextCRNN #4! £ A FEEFZE . k)2 RNN ZE(BILSTM 25 BiGRU 2). 42 1E#: 2 Softmax JZ.

2.1.1. HERE
LA E R B WG E I RS SN T FRARAR B AT 4 B o BB SCAR B A 480 T B R AR AIE 1] 7]
BHa, eT?, FARE i NMRHERN d 4, WKERn AT RRHA
Al:n:al®a2®.”®an (1)

Hb, o APHERAE, BTN ENE a,a,,, - a, PHET BRI G T RN 4y, o BREBREZA
weT", b h NEBERMTERE, FonGUEHI h MAETHHE. SMAS » NMRAKAT 4., 1
SUEPIB R E—HRE, TR

¢ =f(0®4,,, +b) &Y

Hrr, @ NEPUHRAE, b FoRME R, f(x) NARZIERUE R E H FH RBE0E B 8O 8 IE S 5 T (Rectified
Linear Unit, ReLU), A&/ HA
x,, if x, >0

r6)= ®

0, if x;,<0

TESEBREEAY IR, R)F Ay AR EOHE SR 2R R A) 2 AAHAE AN R, K58 R h BB 2
I A) 7 A AT RE R A A, T T SRASRHIE 7 &R
C=[c,cp.000] (4)

2.1.2. kB

TESERR RN SRy, Sl R T A RGBT B RME, A TMisSs, A mr43 2464
AL [ ) e B R AR A

BRI T J AN EBRETERUB S, W4 R AT B R AGED C = max {C), PR ALJG HO 45 ST
Przies, RinfE 3
C_M=[C.Cpo.C, ] 5)

2.1.3.RNN B
RNN Zili% i LSTM Z8# GRU E4 . LSTM FER R — MOIZEME o0, FEAE=HTHI0:
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BINT] BETIAE T @l B S TERSEHMERRE, FIEHMErdiZ =BG R, MR 1#
TRISCAR P AT 5 b DL AR 9. GRU & LSTM FIAS Rt Ay, 3l id 4 At I TR N T T3] — A
BT, AR L LSTM SE a5, S35 /b A E AR AL N ZRME fE b TR 2 [10].

SRTIER ) LSTM A1 GRU AEYASBRARLF R FH SCAR S o BN SCE R, AT 2535 32 AR R 1Y)
BiLSTM #i%4[11]5 BiGRU #%4[12], BiLSTM f ! e85 U A M) B R SCRBOC R AR R, MMz
RIS . B AN TR T RDIRES Z [ A N

input, = f(VK ®[p,_l,q,]+b,,) (6)
forget,= f (W, @[ .41+ b,) @
output, = f (W, ®[p,_.4,]+b,) (®)
p, = output, x tanh (S, ) (€))
Et:tanh(WS®[pt71,q,]+bS) (10)
S, = forget, xS, , +input, xS, (an

b, input, YIRS, forget, IS TIRREL  output, T8 EL, W, W, W, W 735K
IR TTREORE R INE, b, b, b, by MR NHXS N E R . p &R ¢« 1Z] LSTM J&
BOCIRAS B S 8, g, NRTTHMALE 5 AR E R & . S, Fon ¢ W2 RIIEEGE R, S, 2R ¢ 1%
W2 IORES . ik EHH 4 R4 XA BiILSTM ZE G AR BA R )5 RHER SCARRHE N &, B 518
T A E AT PR B R P RHIE I B . s () A R E AT 1 S bR EOREE RN A
FRERHERADNERZ R . NRIHEANZ AHCR, IRAVE 2R Z 2 5 M Dropout 2, %/ZLL—E
NEZRAE B LIk D> T (R RRAE B [ 13], AT BT IEAR AL I 0L
2.1.4. Softmax =
1EZ 3 Dropout JZ/5, 1S 2 HRHE A S5\ 55 1 Softmax JZHEAT AT . B S N FFIE 7] &
NC_M_B, XAMGIECH m, XARFKAECH n, Softmax JZKH4i #2751 ) TR AE
P:Softmax(a)®(C_M_BOr)+b) (12)
Hrp O FoRtutRZ N RIELIZHE, r &R E . Softmax BREEIS1Z)Z T A T HAEREATN 1,
TESCA G GRS GRS, 38 A F 2558 XU (Categorical Cross Entropy)ff AR %, N T Bi1L4s
R A, TATE TN ENIT, iR EoE SN
1053 geqory = 2. O T log ¥ + 2|\ (13)

m n

Hor, 77 RORFEI S, Y FRoRrEBIBaiEE A, A NIENTR R, ¢ AR SEES .
2.2. EF OvR FrgH o L4ERY

IR 22 4 AT 55 Hh i A8 ) OvR SR , 12 5F W% 32 T JEL BRI 78 I 25 I 45 VOB AN S ) TR Sy
IEH], BrE AR FIE N B, TR a0 RAE — AN 28 HIW A RG], RS B 2R 828 bnic N
AR, WMRZASIERTNANIEG], W FEZA RS TN ZRAE, EFMRE B K AZEHbR
NERAGER,

2.3. EF TextCRNN-OvVR BI3TZ 4y 4RI

AR T FETF OVR TRIE I TextCRNN SCA/r AR, B N SCARTAL R BE . TextCRNN 4328

e
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A BT BUS 7 RAS TN A5 R e B B, BREAHEZR A 1 Fo

B, R AR AT R PR, B R E R IR AR S 2. KA
LB SOA,  F I FENLFT AR AR BSOS ] A . RDATE ST TextCRNN AR A LK,
FEFAAS TextCRNN #R PSRN ZRBr B, S5 4 SO A B FEIE CNN JZ, FEd RNN JZ. B
LSTM MBI SCA G HAT S5 F AR A T XA GRU FEAL[14], BRUA ORI T WA LSTM FARLE Ny
RNN Z. HRZ MERYIGRE FERN AT 3 281 2 DA RSB =328 ), £ A BL Rl
HHR R UCE AT T OVR SIS A2 00288, MRAR AR 70 248 B0 S0 TR R AE AT e 22 20 H 5
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Figure 1. Text classification model framework based on TextCRNN-OvR

& 1. EF TextCRNN-OVR HIT A4y FAERIFELE

AT SEAEA AL S R AT AR IR MESR 70 DA S = AN B AL A Nt SRR 2 A ST,
Bt O T SO TR R VB AR, R SRR EANE S . B OB RAS an T
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step=1;
fori=12,---,d do
RS S . . BRI

endfor
i—ﬁ/ﬁﬂjiz’gﬁﬂ‘ﬁ)ﬁ%ﬁrﬂ%% 5 = {al]y"';alm;azp"'aazn;"'aakla'"aalm} 5
step=2;

WG TextCRNN S48, SRS D NG HITEL, B 80%E %4,
fori=1,2,---,kdo

e QAT BRI E, I R TR EH;

+ MHE(6)-(1DHEAT RNN JZIZ5E, K45 RPHZ 5 A Dropout )2

+ WIZRBER IR A s

: endfor

: step=3;

: RANHREE D IFBEHURHATEL, B 20%/E 04

: fori=1,2,---,kdo
s BN EAR SRR IR kA 4 R

o AR kB TR (PP, Py, Py BBy )
| DA &F?Hl)l SP(

W& &P, <P,

i+l

+ K 6 RS TIN5

else 115 j° =argmax{P.],~-~,Pk]} N X R ZE R S T

J

endfor
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3. SEHIEASE

3.1.

AT H LI BAE KR T “39 MEEA” Wufi(http:/ask.39.net/), “39 MIEAL” FEHBEL 14 HAEA
VEME, WGk T 28,017 Sk B E GG R K 2 IR D s R S .
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Figure 2. Patient history questioning interface on the “39 Ask Doctors” website
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AT Python i S S IR TLICHUZINGE | 6 M3 WAFS(MEL. SMRH. JLEL TEH 75
i R 0 58 L D . 30 WAL W3 AR UUIE 32 NS HEIT, 6 AMRFSSLIIL 8400 T,
JEIF 268,800 Z4RI . F TR VA SUIR AT o 00, SRR SCA T AAE 5 DL DL R
BB, RATIA 248,991 FALWTRETA . #REIBITA SHEME | iR

Table 1. Experimental data set

F 1. LHHES

= FE 1] 7451 v 25
WE W 75 76 I PR 816 11 T R (] F B s 5, e B A a2 38,904
HhE HEINT, ATshRsME, FHA MR AT of LS Bk &2 e 2 44,397
JLE BILEMNH, i Air2me, A Em? 46,685
SE AT IR A ANIG ARG A A X, IR e B A A2 41,836
LN BEE R TR, B BRI 2 35,086
ST Z TS aiE, S ESGRA E AR HE? 42,083
Mt 248,991

Forb, FRATE S B F SN FHOEAT G T, WE 3 PR. 1R 248,991 SR, RER R
BUEAAE 20 iti o ASCH BRI EHREREITEL, IEHCSREE 80%IE 1M SUAE AN ZkEE, 20%1E
MikEE . b S BE R I BENLYE , A E R AR O RE 20 IR, RRUGEBGSRER ORBENLYE, HZ& I
S5 TR P EE R PP TSR TR (9 70 SRR DL RS Hot B B 0 L
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Figure 3. Statistical chart of the frequency of patient questions

Bl 3. BEREFHINRGE

3.2. EiERR

XTSI L, w] DA A A R A b i) S 20 5 7 2 8 RO #2603 ) 45 23 O L IE 451l (True
Positive, TP). EL 2 fl(True Negative, TN). 1 IEH(False Positive, FP)F % f5l(False Negative, FN). A1
H Num_TP. Num_TN. Num_FP 1 Num_FN 73 B2~ A E 4 Bl & REEIEG AT BATE o325 ) i b
PN 23 R BURH F VAN Fa 05 . K5 BE (Precision) 13 [B1 28 (Recall)f1 Fy fH( F}-Score ). =& H)iH5H A0
——F H

Precision =Num7TP/(Num7TP+Num7FP) (14)
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Recall = Num _TP/(Num _TP+Num _FN) (15)

F-Score = 2 x Precision x Recall / (Precision + Recall ) (16)

MR =ASA ARG R FER 7R LSRN IR RE] & e 3 T000 o IR A ) Le e, ARl
RN ST I & B B SN IE BRG] o A e ) Le 2, A EER R NAH B AW . F AL
GEETREAA BTN 4ER. BT Ll =8 HTP R AR Ah, 38 — N B FR AR 2
(Accuracy), "EFRR I ERRIFEGIE S SEFI e, FEARX T

Accuracy =(Num _TP+ Num _TN)/(Num _TP+ Num _TN + Num _FP+ Num _FN) (17)
aHr(14)~30QA7), TR 4 DN FEAR KB TS ARAE0,1],  FeA 1A B LR YA e bn (OB
RPN o R LT
33. BYIRE

A ILHET TensorFlow SEIAESLAEE TextCRNN 8L, IR AR KK E R E R 70, 17 Embedding
JE K F ] ] SR LAY 300, B ERUEHUAE I RS 256, BRI REN 2, 3, 4, 5, F1MEH
RGBT EE B E N 300, Dropout ZZE(FEHLRIGEHEZAE) B E N 0.5, T BRECR FH A0 2K pR £L
(Categorical Crossentropy), tAbE KA Adam 592, A, Adam ﬁ/iﬂ’]*': K B 107, HfhiHiE%L
IR oy Fl p, 43 HIEL 0.9 F10.999, HITHUEARE /N RS B 10 [15]. BALIZREK A 5000, I
GRECUON 20, B35 BB HERA A R AT S AP B R PRAN AR A

SIS BN : CPU #1524 i5-10210U, F4 2.1 GHz, W77M 8 GB, GPU A5 MX250, #{f
F4i4 Windows10, Python fiRAA 3.5, 847814 PyCharm.

3.4. SLWEER

O S G B R AR R (A A, AR S R T A LR VR B 5 3] 7 % (FastText TextCNN. TextRNN
(BiLSTM). TextRNN (BiGRU). TextRCNN)ERT LL SZL .
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Figure 4. Text classification model evaluation indicator chart
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AICREHTHE ) TextCRNN-OVR A5 b5 A R 2 27 SRR BEAT X L, BORAERSRE . HIFIR . FAH LW
LI SE R 4 Pos. WERAT DA L P iR = NP abe LIk 3] 80%LL I, ML O A HiAt
PRAHAA W R AR . A MREREERR E R SEIR A RN 2 fo, MWERHA LA Y TextCRNN-OvR #ER
RSO > FEUETZILE] T 80.63%, AHEL LAY AT 3] 1 HORHE & .

Table 2. Experimental results of accuracy of text classification model

T2 XADEBREERHESWER

R e %
TextCRNN-OvR 80.63%
FastText 76.87%
TextRCNN 78.59%
TextCRNN 79.55%
TextRNN (BiLSTM) 77.08%
TextRNN (BiGRU) 76.45%
TextCNN 77.49%

4. L5RIE

AR SORER FEE 25 ST N Y 3] £ 38 e ) SCAR ) ek, AT AT AR i S8 f1 2 ) [ i L 77 T
IR E . AT RA: 1) WET 445 TextCRNN £8 5 OvR SRIZ K 7) FEA, ZBAA
A CNN BARLLE P24 SOA Jy B ARHIE RIS, PAR RNN B RAESREUCCAR T R I Fr o & L%, H
AL OvR gt — P iRm0 KRR 2) A SR TextCRNN-OvVR HRLLE (8 35 #5030 SUA 9 /AT 55
R L T AR B2 27 ST ERG B2 L 1 IRI 38 | B (L RIAERf 32 E3945 3 T W4 &, 58, AT Hofth SOTA
FISCAR 7 MR, TextCRNN 70 FAER A2 e i, X 1] TextCRNN FEHE HUCACRFAE )7 T2 1R A 2
(K, [RIAH BT HARRERY, TextCRNN-OVR 7E70 FHEE_ EHUE T 1%~4% AN FREE LIS, XU 7 A
3 OVR Zr MR EIA RN 3) AR Gl SO BB A Oy BRI BT B RE M2 . REHE IR
ROLRHSCRE, W TR FLIr A EE N E .

FEASCHIT T, AT TCHCE () SCAR A AT IR TR B, R a7 B e 645, RUR RIRETE L
YErp A5 &SI NFE T Word2Vec 5 Bert HITRIHRAREAY . 534h, i T8 SO e, g A& 5 50
A SR BURFAIE 2 R RAE AR FU I TAE H A
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