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Study on Diagnosis Model of Livestock and Poultry Disease Based on Improved TF-1IGM
Algorithm

GUO Xiaoli"**,LI Qifeng'*,LIU Yu"?,ZHANG Jun'*®,ZHAO Hongtao* , YANG Gan'*,JIANG Ruixiang'** and YU Ligen'"*
1 Research Center of Information Technology,Beijing Academy of Agriculture and Forestry Sciences,Beijing 100097, China
2 School of Mathematics and Physics, North China Electric Power University . Beijing 102206, China

3 Innovation Center of National Digital Livestock, Beijing 100097, China

Abstract In order to deal with the problem of low diagnostic accuracy caused by inaccurate weight allocation of feature items in
livestock and poultry diseases texts,the improved TF-IIGM-GW algorithm combined with Word2vec word vector is used to rea-
lize the text vectorization. On the basis of the TF-IIGM weighting method, the method is normalized and combined with the rule
based on the keyword extraction algorithm to further improve the weight of core keywords in the texts. Finally, the text vectoriza-
tion results obtained by combining the weight with Word2vec word vector are inputted into the support vector machine(SVM) for
diagnosis of livestock and poultry diseases. In order to verify the effectiveness of the improved algorithm.based on the self-built
text datasets of livestock and poultry diseases,the improved algorithm is compared with the commonly used methods of word vec-
tor. Results show that the macro-F1 value and micro-F1 value based on the TF-IIGM-GW algorithm are 96. 73% and 96. 76 % ,
respectively, which are 2. 25% and 2. 26% higher than those of the commonly used algorithm TF-IDF,and 0. 90% and 0. 97 %
higher than those of TF-IIGM weighting method. The improved algorithm could effectively improve the performance of disease
diagnosis. The analysis of the experimental results of SVM on each type of diseases shows that sheep oral aphthae is most easily
misjudged.

Keywords TF-IIGM, Weighting, Vectorization, Disease diagnosis,SVM
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~#= Micro-F1
958%
95.6%
A\
-
95.4%
95.2%
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5 6 8 9

"y
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Fig. 3 Value of the evaluation index of balance coefficient
4.4 AEA—{EF BT o

AR S B SR TR B BT — A B 5 ST 5 ik
B B A B T, 3k T IH — AR TR 19 S Ja b 3307 s DL R s —
B A 30 7 1% R D 0 ks 48 R B 0k O AL B SVML B Y 3 47 8
LW A PTIS WS R . LRI

DTF-IIGM: 2 T 745 M TIGM [N 7 #:# TF-1IDF 4>
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2)TE-IIGM-N. 7E TF-IIGM & ¥ &4l E 5 A H — 4k
T L2 RO TF-1IIGM #4715 — b Ab B,

TRIHGMN—— LM (18)

3 TF-IIGM-W . £ F TF-TIGM 4k B i1 45 fF id A &, 5 %
TR SRR IR AL TE B T WA T, 3 B Sk 4 AiF 3R] 1) dRe &
W,

O TF-IGM-WN. 3 T TF-IIGM %9 19 8 4E 3 A i 5 4
TR AT A F WA 3 LA 3K BURRAiF ) B AL R TF-
HNGM-W, [@ B % TF-IIGM-W #47 L2 JE500H —fk b33,

TEIGM-WN = LI HGM > W (19)

2 (TFIIGM * W)?
5 TF-IIGM-NW . % TF-1IGM % % 47 L2 fu 503 — 1k

Ak B BB 55T B R SR A AN R R T WA e R B
LU,
TF-1IGM

TF-IIGM-NW=——"—""——xW 20
V2 (TF-1IGM)?

% 4 9 LLE L, TF-IIGM-N & %: i 4 % TE-1IGM 3#
17 L2 W80 — L kb 3, macro-F1 (AR TR [ ix B H — 1k
Jib 3 AN R BE A8 B FHT 55 M RE AR O RS FATR A S L 7
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HHEAE TF-IIGM R Z 151 A FE T 3000 5505 1% 5 (A &
HF W.5 TF-IIGM B 45 4 38 - B H L . macro-F1 3 #% /)
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Table 4 Comparative analysis of different normalization treatments

%)

ok Macro-F1 Micro-F1
TF-1IGM 95. 83 95.79
TF-TIGM-N 95. 80 95.79
TF-TIIGM-W 95. 89 95.79
TF-TIIGM-WN 96. 66 96. 76
TF-IIGM-NW 96.73 96. 76

SRR YL, FaREE R EW NG ARERF W s H Xt
TF-TIGM #4705 — L kb B 48 A ROR RN E, 3Tk, % e
TF-1IGM & ik i 3l 2 b R AT L2 Ju 808 — 1k If 51 AR
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H96.73%,96.76% . SARGIAMEH T W A AKBEATH 1L
IR TF-IIGM A L, 43 il #& F+ T 0. 90%,0. 97%, TF-
IIGM-WN Y macro-F1 {8 5 micro-F1 {8 4+ 5 & 96. 66%,
96.76% . SR T A E K F B K HFATIH — 4 TF-
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Fig.4 Confusion matrix of diagnostic results for various categories
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Table 5 Analysis of diagnostic results of SVM model in various
categories
[€79)
Bl LEES A EE F1
¥rk 94.83 96. 49 95. 65
F I 96. 30 96.30  96.30
AR g o MO RE Y 3k 99.11 97.37  98.23
3 96. 74 96.72 96.73

4.6 REAERELEFET LS

R B 1k 33 LA T R, AR SR B 10 97 58 UK IE 9 R AT 5K
5. T Word2vec R I 10 & J5, 40 9 &5 & Rk F 3
B AL G TE-IDF 453 . TE-IIGM 55 %k B A SC# WY TF-

TIGM-NW Bk i 1] 1) i 5% 46 Sy SCAS 1) 4, 7338 1 2 T 0 A%
BRAEMALR SVM BERIHEAT 2 W, SER A5 AN 6 i,

6 R[] i A (A b B 5K L A

Table 6 Comparative analysis of different processing methods
of word vector
%)
" Macro-F1 Micro-F1

Fom ik 93.99 93.85

A 95.01 95.15

TF-IDF 94. 48 94.50

TF-1IGM 95. 83 95.79

TF-IIGM-NW 96.73 96. 76

Wit 6 AT, 5T TF-IIGM-NW %8 47 30 A 1) 4k
Fon WO R T Bk F #1: J TF-IDF 553 . TF-
IIGM-NW #J macro-F1 1 micro-F1 {8 43 %l & 96. 73% #l
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