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Classification of bovine disease questions based on BERT_DPCNN
HUANG Shuangbin, WANG Meijia, GAO Liuyang

(School of Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China)

Abstract: In order to help farmers achieve accurate and scientific management of cattle breeding, this paper studies the
classification method of questions for cattle diseases based on BERT, TextCNN and TextRNN models, and provides technical
support for the construction of a question—answering system for cattle diseases. The crawler is designed to obtain the original data of
Huinong network and Baidu Post Bar, and the data is preprocessed to obtain a dataset containing 5 056 pieces of data, and the data
is further divided into 6 categories: definition, prevention, etiology, symptoms, treatment and diagnosis, so as to build a
classification corpus of bovine diseases. Experiments show that BERT model is no weaker than other models in four of the six
categories of accuracy. On data sets of different sizes, pre—trained BERT model is superior to TextCNN and TextRNN model in
weighted F1 value. Experimental comparison is conducted with other BERT variant models. The weighted F1 value of BERT _
DPCNN model is 0. 3% higher than that of BERT model. Considering the high accuracy requirement of question classification in
question answering system, BERT_DPCNN model is selected as the question classification model.
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Table 1 Class quantity information
Bamgke X W mI fyT AERk 2l
pllES 343 335 646 278 714 717

BE%E 114 112 215 93 238 239
mikgE 115 111 215 92 239 240

*2 AREZEHHE G
Table 2 Different types of questions

FR&E 2R BRG]
7E X B AR A4
B WAl B 6 25 2
WA RS TN TR ool
g FARIZAIE 2T
TN A A AL AR A TP LE 2
24 B R T A RERET TR ?

1.2 BERT_DPCNN #&#)

BERT /2 2018 4E43K AL WF5T B i —Fh A
IRTE S AL TR R AL | iy SUZ XL Transformer' '’
Snht 2% A A, HBE R S E 1 Bros, M
RNN LSTM, BERT I ISR If A& 04T, Reff oz iR
B R)

BERT #1 DL [] A) £ Ry A i A 3% 21 3] ik
NIk A = L= o | R N = L v
[ i R A A T A B R ) T2



142 oo ®m M5 M OH

ERRES

] 28, B ) 3 R A 1 fi 4 R DAL CLS |
HFF Sk 1A T [SEP ] 43 i 0 16 dik o i i 0
[ CLS |2 il A iiH R T 307326

Bl 1 BERT #Z[E
Fig. 1 BERT model diagram

T HE B SCANE AR IR RE JT, BERT 1
P T 2 AWINAE S5, — DB ROh = gk
(Masked Language Model ) , X /] it (1 3 3 1) Y 4 7
BEALIEERL , SR F0000 B i (1493 5 o3 — A R — ) Tl
] ( Next Sentence Prediction) , 145 Y Bl it 7] F 5 /)
TZ IR SC 28, DT B 44 58 W SCAR 4326455

DPCNN RS i AR 45, Al LAk IO
BRSO G 22, DPCNN AR ZER AN & 2 Firai

Pooling

3 conv, 250
3 conv, 250

Pooling, /2

Repeat

Downsampling

3 conv, 250

3 conv, 250
Region embedding

Unsupervised
embeddings

conv:Wor(x)+b
pre—activation

optional

“A good buy!”

E 2 DPCNN #3454
Fig. 2 DPCNN model diagram

DPCNN #5434 embedding 2,2 245 K £ 1
He 3R 2= 5 A Repeat 4544 BV i & 5 Kbk
AT SRR R R 2 )R ARG
M2, HR P KESE T 1 FHEAMZ,
DPCNN = ZRE SRR AR T, R — Atk AT
RN 2 B AL ERAE , Qb — R T B R ek HLE
WRANSZ R 3 5% 22 34 422 A B0l I £ 1T LA |8

RIZ W28 1T S80I Zx

BERT_DPCNN #7314 BERT A1 DPCNN 455 #!
()25 T A B0 B K ) ] v ) o SORK G 3R
AT AR i I ) o3 2R A HER 2%
1.3 FillZkiR [ = TextCNN =2

TextCNN FELE oK CNN ) 21 S0 A 43 24 45
H HA AT A B AR Y S R0 NI 5 R S AR
SRR R TS 1 SCAR 3 2R TextCNN A5

TILERIINIEL 3 Fs

AR B Wwibz  2EEE
B 3 TextCNN & E![E]
Fig. 3 TextCNN model diagram

FRIEER T3 MR A Z EBBUZE AL)Z R4 1 5
2o TERRAJZ Y X SO 430) 38 i 0 25 ) 1)
n] Sk 3 AR RUEAL , DU (RT3 7R R
JE R X AR 1] AR S S R T B s
B 0 TRAERY S50 7E AL 2 b, R4 T B R Ak
PRAEREAE SN IR B 2 12 i n , R 2
dropout FBi 1E R 28 M 48 1 B4, IF H A th #5280
IHE
1.4 TextRNN %%

TextRNN 8GR G H 4K A< (19 17 9145 B, 721X
BRI FHUZ LSTM 4544 , BARZS a8l 4 Fs

*****

Softmax

‘ concat | ‘ concat ‘ concat ‘ ‘ uicioirilcat
: N P 3 : ,\i\\\
Wy A N A NN S NN
4—4’\ LSTM M—< LST™M »4—4/\ LSTM %’\ LSTM je—
P A Rt A e S S

> LSTM | LSTM j—>
R )

—{>{ LSTM > LSTM |
RN / (RN Y,

/
A 35

AN N N N N S

B4 TextRNN #EIE
Fig. 4 TextRNN model diagram

4w e NI R (8 B 2] [ 260
FASCA AT [ AL, P8 AR 8] LSTM JZ 4%
SR EAT DR il A V)R 5 224 Softmax



53

TR, 4. FT BERT_DPCNN (45 2505 0] 4] 43 25 5% 143

BRI A 2N BB

AT, Br T 2 M4 Bert, CNN, RNN # A1 4|
BERT_DPCNN ,BERT_CNN ,BERT_RNN % £ 5 45
R T Rl 2 i FH 2 SCA 5325 BERT A2 s AU
JE ¥ BERT FEALE HY A4 [ CLS ) Ry ek 28 i HAS &
T BRI A SR R L A5 R

2 [A)E) KL

2.1 [T
XF i AL LAY IR A AT KT (RS AR
AR ERIEH R AR R 2, e K B Sy 300, B A AR
W3,
£3 HAKEER

Table 3 Question length information
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Table 4 Each model parameter
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TextCNN 32 115 30 Se-4

TextRNN 32 128 30 2e-3

2.4 FMHERR

T AR AT PEAG AL R B SEE R 1Y)
VA 48 br AL 45 RS 1 58 (Precision) | 43 ] 3
(Recall) .F, {H(H - mean {H) FIIMALE] (weighted
avg) o FHT KGR 4R 43 28 SR 0 Ry TEAE A H T
TEBRAREAS AR I S TEREAS 1 L 91 5 74 ] a4
3 AN Ry e AR A H I A R AEAS A LS
IEREARRILLH]; F) RSS-S0 R A [0 A5 —
VAL TR bR OB 2321 [0 228 5 98 A 2508 5 A
S FOREA B P R AF, FIINECEY B H
B EREARE L], b B INACE $ 28 2
N

Z Frate,
F == (1)

weight_avg
n

Hirp | F | SRR S IR0 F B, rate, R,
ARICH KFTA PR L F, (Y A IIACE
2.5 SRS

SR PR S 56 BCHE B TR T B AR R A R S
UCBERLIN 73, XS 5 Uk S92 50 245 R IOCF B 5 2301 B
BERT #7!  TextCNN A7 TextRNN #5574 3)I| 25 54 4ig
A, GBI RAE FAEFMALF, (WS,

®5 BEESKINEF, &
Table 5 Weight F; value of the model in various categories
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TextCNN  99.12  99.56 98.14 98.40 97.25 97.30

TextRNN 97.39 98.68 97.42 96.30 97.03 95.18
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Table 6 Results of each model in different datasets %
P R F,
TBETY
500 2500 5000 500 2500 5000 500 2500 5000

BERT 96.20 96.77 98.15 96. 04
TextCNN 94.52  96.11  98.03 94. 06

TextRNN 43.34  90.75 96.85 46.53

96.64  98.12 96.05 96.65 98.12
96.05  98.02 93.99 96.05 98.02
90.32  96.83 38.51  90.35 96.83
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Table 7 Experimental results of BERT and variant models %
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BERT 98. 15 98. 12 98. 12
BERT_CNN 98. 44 98. 42 98.42
BERT_RNN 97.75 97.73 97.73
BERT_RCNN 98.24 98.22 98.22
BERT_DPCNN 98. 45 98. 42 98. 42
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