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Table 1  Descriptive statistics of litter size traits in different data set
B Data set FEAT AR B B FEAT L Y AR e
o Litter size trait Number of sow Range of litter size Mean =+ SD
% 3 M B4 TNB3 3658 1~32 15.1144.79
A %3 G 7= 1 A7 4 NBA3 3658 0~27 14.144+4.60
%5 3 MR 4T 40 NHP3 3658 0~25 13.03+4.27
% 306 5 HBTE T 5% N5D3 3658 0~24 12.65+4.20
% 4 5 BT TNB 2272 1~30 14.994+4.71
B %4 BRI ATHC NBA4 2272 0~26 13.8644.38
%5 4 BT 40 NHP4 2272 0~25 12.74+4.19
%406 5 B IE A7 8 NsD4 2272 1~25 12.3544.09
% 5 I B =140 TNBS 1487 1~28 14.46+4.54
C 5 MG 7= 1 A7 4 NBAS 1487 0~25 13.2244.26
555 MR 50 NHPS 1487 0~24 12.2043.99
%5 16 5 B IS TEATH% N5D5 1487 1~24 11.7343.87
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Table 2 Classification standard for high and low production sows

Bt . ; _ ; FEIEAT RS B IR TR AT AL
HO= A8 TNB P AT NBA {474 NHP 5 H % 5 A% N5D -
Data set NBA-+N5D
=187 =17 /7 =16 1™ =15 f7" 17415
A High yield High yield High yield High yield Highest yield
<18.:ik7" <175 <16 i7" <1515 <1715 A=
Low yield Low yield Low yield Low yield Lowest yield
=19 /7" =17 /7" =16 /7" =157 Z17+H15 I E e
B High yield High yield High yield High yield Highest yield
<1947 <174k <1617 <1517 <174+ 15 %™
Low yield Low yield Low yield Low yield Lowest yield
=187 =17 /7% =16 1™ =167 =17+16.Fw "
c High yield High yield High yield High yield Highest yield
<18 i7" <175 <16 i7" <16 i7" <17+16 K=
Low yield Low yield Low yield Low yield Lowest yield
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shadowMin : B 5% J& ¥ (19 5. /ME ;. shadowMean: F5% J& ¥ (193518 ; shadowMax. [ 52 J& M (0 55 K (5 B R I8 M 0 Je /N L7 2 R K (B ok X
PG b B B v T B R K AR AE D T AR, 4T 6 B Ak 7 HE AR 4 R R AR ARAE s bw 18 1 IRRI AR T bw2: S 2 R
WIS ha AP WA A7; bre: @Al bhe A3 ; TNB: S P4 NBA I AFEG NHP 740 N5D:5 H i HAF 86 HY: s B
¥ . FHEIR ., shadowMin:Minimum value of the shadow attribute; shadowMean: Average value of the shadow attribute; shadowMax: Maxi-
mum value of the shadow attribute; the minimum, average and maximum Z values of the shadow attributes are thresholds in the data set.
Features above the threshold level are important features. Red,yellow and green boxes represent rejected tentative and confirmed features;
bwl :Birth weight of first litter; bw2:Birth weight of second litter; fh:Farrow herd;bre:Breed; bh:Birth herd; TNB: Total number born;
NBA : Number born alive; NHP: Number healthy piglets; N5D: Number 5 day; HY : Highest yield. The same as below.

1 EERRSERIZE(ABIEE)

Fig.1 Feature screening diagram of classification model(A data set)
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Fig.2 Feature screening diagram of classification model(B data set)
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Fig.3 Feature screening diagram of classification model(C data set)
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4) % 45 8] 1 #L (support vector machine, SVM) ,
SCAF ) AL — b o SR BEAC SEAR R R i ik
TERR R 53 I GRBE B HLUART 8] Bl B K 14 43 15 68 1T
LA S A £ M 1) BB 45 4 b R 5L A AR = 1% g
Wi fEL  7EAb FRAF AR 2 1 G 22 1 B 2R I de AR 2k PR
IR w'e +b= 0, TS » BlERESIE
PR A d — L g
B R AT DK B AR 09 ) A3 RN B A o 2R
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LM A 4 e e A R B AR AIE = ] v ) e 43 2 1)
RO, TE i AR AR 25 ) o 2 2] e M S B AL
1.5 SEEBMERITM

3 AR Y PPA 2 1R O VR AE A2 1 101 4
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FRifExE ABLC 3 A Bdls 4 09 7 A7 B IR 34y ot
Ab TR SRS X B AR BE AL 43, Hoh 7000 A Bl 4R
VE R I 45 0 Y1 B AL, 30 V0 11 854 4 4 o0 ik 4R
R VEAL ALY B P BB o o FH VB R 48 B XA B 3 AT F
B HERR 202 48 T E 5 A 45 R 5 SRR AR E AT L,
41 2 0] b g ] L DO PR R bR . ABESE XS

IR AR A R i YRR A ROC T4 AUC
{H (ROC HZe T J7 By AR /) R PEAG A Y 1 1 g
AUC B8 D H 73 A5 2D 14 P BB B A
1.6 RK WAL E 54

TSR BB AT AT AR Y A A R ] R 4K
PP rpart X258 ZSEAR S I ALBLC 3 K
B HE AT LR 3 B o 0 FE 2 0 5 A5, DT 43 BT 5%
M) B 5 Fe v 77 B AR DG AT R
1.7 HiEALIE

AHF 5T {# FH Microsoft Excel 2019 1 R 3.5.3
B AT b B, P B R A2 Boruta CFf
fiE % £8) | rpart (B 58 M) | randomForest (B AL £

M) . el1071 GZHem ML & glm ) BEEL,
2 ZERE59W
21 ETEZEHMEMERESRANRES LERE

F2 B [R] 9 73 S v B 3 7 A BoroIR i A7 —
TUA B T Y A E R AE L T 4 R TR AL
v~ T IR R R v A o OB R A Y
IR, W 3 Fras A A KU R T 22 2K AR
HETR HILAS 5 2] J7 35 F o o B R Y 7 2 il R 1
TE 7100~ 74060 76 B BAs 46 v T A 70 b ofiE T L Bl
w2 2 7 VR O SRR Y 23 JEHE R R B AET3 00 ~
7700518 C B B0 T A 2y JEhn e T L Bl av oz~ U5
T o FEAE ALY 43 FE U R HE 76 %6 ~84 % .

£3 TRSERBHUEBELER

Table 3 Comparison of accuracy of different classification models

%

FEATFECMEIR Litter size trait F & Model A BE4E A data set B 44 B data set C By 4E C data set

LOG 73 76 76
B DT 73 75 77
TNB RF 71 74 76
SVM 74 75 77
LOG 72 75 76
PEVE AR R DT 72 74 77
RF 72 73 79

NBA
SVM 73 75 78
LOG 73 75 80
(a7 % DT 72 76 80
NHP RE 72 75 79
SVM 73 76 81
LOG 71 74 83
5 H #8475 DT 71 74 82
D RF 7 73 83
7 SVM 72 74 84
LOG 72 76 83
e DT 73 77 82
oY RF 73 75 83
SVM 73 77 84
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PLAr R WER R0 PEAY F8 B 0 28 2 SR R ®5 FAEANLGAENBREERERE

o R B TR X B i 43 S M 3R (R A AR TR R ot
Fod H: ROC £k iy AUC /8 5 5 e 4 19 43 25 4
AUCR 4, TEAR TRV ECHE 88 AR R 20 b T L e fE:
W BRI ] S5 2R AN 5 BT . 76 AN [R) 540
AR WA 1] 77 A7 50 R ) B AR A R, SVMLCHY B 6
YO DTCHIE 4 %O JLOGCGH I 4 YO H B I B
Z, 0 RF HH# 1k,
4 FEHEEHRSEBEBEE AUC EILE
Table 4 Comparison of AUC values of the highest

accuracy models in different data sets

i 4 PEAR AR LAY AUC
Data set Litter size trait Model 3
. LOG 0.77
@47 % NHP
SVM 0.73
A
DT 0.76
B 7 R HY RF 0.73
SVM 0.72
N " LOG 0.79
PG AFEL NBA
SVM 0.74
DT 0.78
B fff % NHP SVM 0.71
LOG 0.77
H 7% 3% A7 44 N5D DT 0.76
SVM 0.74
e HY DT 0.77
SVM 0.69
DT 0.82
C EPEAF % TNB
SVM 0.79
©
// /
@/ \ B
bre =L,Y? ! ““ is bwd >= 227
/ \ \ /
u// \ \ u/
is bre =Y?, | \ bwi <237
) \ | \
/ \ \ | /
e \ \ | o |
EET \ \ ey
/ \ \ \ / \
\ \ | .
B @ % B B @ @
A B

Table 5 The best modeling method of different

classification standards

BORSE MR PRI RATPR 5 HIRIEITE R e
Data set TNB NBA NHP N5D HY
A SVM SVM LOG SVM DT
B LOG LOG DT LOG DT
C DT RF SVM SVM SVM
22 REHMUBE D
X ABLC 3 A FHE 4R b i g e B R AT O

TR 53, 25 R A& 4 iR, xf? A ;&?}E%
BB RO K AL FE 1 S 3= 5 1 iR
WERKTHT 17 kg B H 3 H‘*E@Fﬁﬁﬁéﬁzﬁ#ﬂfe
U 254 3R 3 AT T, R FH TR SR AR AR 8L AT A R 5 2R 3
JEAT 73 % W MES = 1E A 5E 17 Sk DL B L5 H AT
B 15 Sk DL B (B 4A) s 3T B Bl 4 0 REE #E
LS5, i KA 58 1 IRw A s /N 23

F3 MW AETHERTET 22 kg W HE 4 ™
FFBOCMEIR B by, 25 5 2% 3 AT 60, ) FH e 5 g A 75 T 4
DIEESESS 4 BRA 77 Y0 BR3P T AT B0TE 17 3k K D)
.5 HEP=AFEEE 15 3k DL B (] 4B) % F C £l
B DB 1 S54RI IR AE R ERTS
T 21 kg 358 2 WA ERTHT 23 ke 5 3
WIABERERTHET 23 kg SBAKMESERTET
20 kg BFIEE 5 IR0 AR B IR B 47, 25 5 3R 3 WT
G, I e SR AR ASE TR T HE DU RE S 56 5 IR 82 V6 1 Al
RPIEATRUE 17 k2L L5 B =780 16 3k LU
L (E 40,

AABESE; B:BEUESE; C.CHEIELE: bre. MM (L. KA, Y. KM ; bh: ESHL; bwl 25 1 RPIETE; bw2. 5 2 G AR E;

bw3: 5 3 RPIEFE; bwd: 5 4 RAER E; H. ficm =0
(L:Landrace, Y: Yorkshire) ;

LG 85, A: A data set; B:B data set; C:C data set; bre: Breed
bh:Born herd; bwl:Birth weight of first litter; bw2:Birth weight of second litter; bw3:Birth weight of third

litter; bw4 :Birth weight of fourth litter; H:Highest yield;L:Lowest yield.
4 BERFEEONBELS N

Fig.4 View analysis of best sow
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Research on sow high and low yield classification

model based on machine learning method

LI Xiyang', LI Xinjie', ZHAQO Zhichao*, LI Changchun'?, LIU Xiangdong'"*

1.Key Laboratory of Animal Genetics, Breeding and Reproduction of Ministry of Education/
College of Animal Sciences & Technology s Huazhong Agricultural University s
Wuhan 430070, China ;
2.Key Lab of Swine Healthy Breeding of Ministry of Agriculture and Rural Affairs/
Guangxi Yangzxiang Co., Ltd., Guigang 537100, China

Abstract In order to help the pig farm managers better carry out the reproductive management of
sows, predict the high and low yield sows, and timely eliminate the low yield sows, in this study, we
collected and sorted out the dataset of three sow populations, including birth herd, farrow herd, breed
and birth weight of different parities, formulated the classification standard of sow high and low yield,
and used boruta package in R software to screen out the important characteristics affecting high and low
yield of sows. Four different machine learning methods, logistic regression (LLOG) , decision tree (DT),
random forest were (RF) and support vector machine (SVM) were used to construct the classification
model of high and low yield sows, and the decision tree view analysis was carried out to explore the re-
lated factors affecting the highest yield of sows. The results showed that the classification accuracy of
the four machine learning methods for sow high yield classification model was about 71% , and the high-
est was 84 %. It was also found that SVM as the best modeling method appears most frequently across
all data sets and different classification criteria, followed by LLOG and DT. The decision tree view
showed that birth herd, breed and birth weight of different parties were important leaf nodes for dividing
the highest yield sows, and these characteristics can be used to predict the most productive sows, with
an accuracy of 73%-82%. These results indicated that it will be a good choice to use machine learning
method to predict the high and low yields of sows in the future.

Keywords machine learning methods; precision pig raising; early breeding of sow; decision tree;
random forest; support vector machine; reproductive performance; early prediction of litter size; high

fecundity; classification model
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