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Table 1 Descriptive statistics of sow litter size traits

AT RCHER B R AT EGE R ¥+

Litter size Number Range of i 2=
trait of sow litter size Mean=+ SD
MEAFEC TNB 3019 2~21 11.2744.09
FEIG A0 NBA 3019 1~20 10.54+3.93
1% NHP 3032 0~19 9.7543.80
5 HIBFFHEE N5D 3032 0~19 9.45+3.83

1kgl

g LLEAFRI 3043 0~19 9.63+3.58

NPWAI1

7 Note: TNB: Total number born; NBA: Number born alive;
NHP: Number healthy piglets; N5D: Number 5 day; NPWAIL.

Number piglets weight above 1 kg. F[i], The same as below.

K2 BNARFFHERBFENERERE

Table 2 The importance of eigenvalues of predicting different litter size traits

I P bR p [ ) Sy iRz lisR/8 I 4% 44 iy 1A W) HE i
Predictive trait Breed Mating season Delivery season  Parity  Gestation period Interval birth Birth litter weight
M7 TNB 26.97 17.68 32.74 28.21 14.76 15.51 145.52
FEIE AT E NBA 26.52 18.88 32.17 28.17 16.26 16.67 146.49
{41 % NHP 26.63 18.15 30.47 28.73 18.53 15.52 147.62
5 [ #4754 % N5D 27.45 19.19 30.02 27.11 18.13 16.66 149.67
1 kg LA EAFHE %0 NPWAL - 46,10 20.91 18.57 21.34 17.26 14.41 157.06

1.3 HF/FIHE

1) KNN #& % (K-nearest neighbors, KNN),
KINN B3 02 3 5 1 58 A AR R AR 22 1) /) B, A3
ZHCK HIHFA T MBI ik, e K 1
JE AT DL B AT e T R R Y BRI R B S 2
i B A B B A U AT . AR R K
P caret B ALA HE KNN [ 9 #EHY

2) B KA (decision tree, DT), B3R # & HL 2%
2 2] SR v B — ol AR G 26 R [l A A Tk, RS
TE S5 AT T X 5 @ 1 A X G {1 =2 () 1) — o e 455G
R DCSRR AR IR T E B R R A
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H(X) =~ 3 pilogp,

X FoRE A RAE R SRR &L P
TR A ALE AT R AR, EF
B E T E XY P, =0 B, H(X) =0, X I %&5&
5 RS E M/, B R R R A AR
FEMEH R A rpart B P A d DT [IAREIRL,

3) % FF M) & #HL (support vector machine, SVM)
SCAR o) ek AL 20 g A A i A e B T ) 3 2K A
A3 W JT R B 27 S Bk o R TAFE G OC &R 9 B
AR — i i R A U R RE A RO SR SVML 1Y di
FELR MR 4 7 B L 2 A AR S O R Y B 4R
B, B A “H% PR %R (kernel function) ” %} 58 oE 17 4
JE B Ak, DT AT 7E e 4 B2 25 6] P BE A7 26 1k R 43
AW R TR e1071 P SVM 1]
AR
1.4 BEEETE

A2 S S AR 73 BCHE B SR I 2 A XA 2 )
TR 10 B A8 SR IE & a0 R B DA
5. ASWETERE 46 EHE S BEHLAF 28 10 6 4 S i
SEEIEAE SR I R A 90 Y6 1) R B P BE AL R 43
75 0% R B0 B AE S I B R I SR AR, 25 D6 1 KAl
B2 A Ry 5011 Ok 56 UE AR A 1 1 BE L X AR BE HLER 43 10
W, BERLDE M 95 b A 45 24 J7 22 MSE MR E R 2K
R* : MSE /)N 5 B 45 7 8 % DL 5 119 4 o 0
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2 ( Tukey’s HSD test) K Al i A 1 ML 2% 2% 2 5%
AL,
2 ZREHH
FHRHEEROEEASTER
FH 4 AR 7 2 %6 BR3P A8 7 i A A (g

%05 A AF RO 1 kg Db B AR EGHEAT 20 ¥,
ZERANE 3 R, o RP 6% 0.71 YA F(0.71~

21

0.88) » Ut B LA b 7= A7 Bt MRk 2= 4 71 96 i A8 Ak mT el BT
TR AFAE A ff B UE S T A5 T BE R AE 10 1E A
2.2 TN FEER ORI R

Wik 3 Frow , 28 WS = AT B 7 I AT B AT
.5 HIBAFREE0M 1 kg DL F AR50 SVM
0 3 T HAb LR 2 2 B (P <<0.05), H
SVM 5 LR W#, 2 5 3 A 8% (P >>0.05), HH
MSE fil R* B @A T LR 76 &= A7 80, 7= % 47 4L
f#Ar 8.5 H AP 3 8™ 1 kg DL B AT 35 20h
SVM HL &I 7 4 45 A7 MSE Fl R* 4y %1 4 3.95 F
0.82.2.46 F1 0.85.,2.47 F1 0.83,2.81 #1 0.81,
1.67F0 0.88, l L AT 41 1 kg LL FAF 3 Ay SVM
A F 4
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Table 3 Evaluation index and standard deviation of predictive sow litter size traits model

FERIPEM 46 b7 Model evaluation index

TEAFEE IR yIRrS
Litter size trait Method W07 % 2 U e AN
MSE=SD R24SD
YesE DT 5.054+0.40a 0.7140.04a
K i1 48 KNN 5.16+0.37a 0.764+0.04b
B AFECTNB EATTER B 1.35+0.63b 0.74+0.03ab
LHfmmHL SVM 3.95+0.47b 0.82+0.03b
YRR DT 3.46+0.35a 0.79740.04a
K 248 KNN 3.62+0.31a 0.7940.02a
7R AR NBA 4 mIH LR 2.89+0.28b 0.82£0.03ab
ZRFEEPL SVM 2.4640.23¢ 0.854-0.02bc
YesEM DT 3.49740.37a 0.782420.04a
K £ 48 KNN 3.69+0.41a 0.7540.04a
fi fF % NHP fgEmIH LR 2.95+0.41b 0.800.05ab
LHfmmHL SVM 2.4740.38c 0.83+0.04bc
YRR DT 3.86+0.56a 0.75+0.04a
K 248 KNN 4.1440.50a 0.7540.06a
5 H i fF3#E NSD B4 LR 3.25-40.43b 0.78-0.05ab
TR AL SVM 2.810.42bc 0.810.04bc

WHR DT

K iT48 KNN
fEgE A LR

K HF L SVM

1 kg L FAFHE % NPWAL

2.33+0.25a 0.824-0.04a

2.68+0.26b 0.76+0.04b
1.9540.29¢ 0.85+0.04ac
1.67£0.24c 0.88+0.04c

T < R AR b /NGB B AN R 7R 22 53 i 35 (P <<0.05) . BT R AR IR /NG P B sl B R n 2 5 AN .3 (P =>0.05) . Note: The difference

between the lowercase letters of the same column data indicates significant difference (P <Z0.05),the same lowercase or no lowercase indi-
g

cates that the difference is not significant (P>>0.05).

23 BB E S BELLER

HI 3% 3 AT AL, 76 B AR R 7 T A B AR5
HIBAF R0 1 kg DL EAFSE U SVM B 5 LR
BRI 45 1) 25 5 91 R 25 (P =>0.05) , S 5 0 b
AR AL 4 6 1 kg L FAFRE RO X 2 2B Al
PEAT RS AR 38T 25 R A 1 iR,

&1 A DL, LR AR B 1 (P TAD oL X £
285 20 B LA 1A 2k 22 18] B fi 25 e SVMLASE AL HIC
L 1B) HhopL 4R 5 40 4R I 1) i 2 K 158 B3 4% 5 Tl 11
Tk A AR AR (9 0 (5 S B A 1Y) i 22 K L AN 8 U
B 1 SV M AR 1) o0 00 o ff P 4
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B SR R AU R B A A, FLA LI A 4 AR MSE
I R*4y 50 3.95.2.46,2.47.2.81,1.67 f10.82,
0.85.0.83.,0.81.,0.88, & & fiL F H A AL 45 2% > J7 ik
(P<C0.05) , X 7] G8 & th F 32 #5 1) 5 LT A4 E
LMY A R I A2 N R Bz ik
AE 1 5, B LR P06 ) RUR: 352 /0N R A5 AR 47 1 Ak 3
5 2 R I s
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BIE R? 4 015, M /NT 1 kg 4158 50 5 16 UCR o=

FEENEE A A R2 2 0,194, Dewey 251200 Xf £ 5%
B BT 50 W R kT 1% 2 32 2 (1] o K i L 30
R AFHEAT T AR A I R” S 0.19, Th A5
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T 5 U T 48 2 5 6 T R I AR MR 1 BF 5 R
TESE T 3K — a5

T LLVAE A & 370 A 77 B T 5% o 3 ok AR O Tl
TR A 1) 7 AT M R B4 A DG AT 5 B A 4 GE T AR F
FEAALZLGR T R AL G5 0] 9 J7 32 %) 36 28 77 A7 B AR
A T AR Y 3R 223 T 3 FhAILAR 2 T A vk
I BRAL e 101 VA o RE S B P A7 T AT gk
FFECR 5 H B AT 5 500 A A5 R BT o T AL 245 27 >
Tk AR, AR o T AR SE R AS A R R
oy g U AL TR (%) o B PR RD )Tz A T A AR B E
FLW AW SRR S S A A B L i e = — 2 B 2
S MR BB AT B0 B AR 5 A A B 5T R L
2 2 R AT TR R R A O IR A IRA
PRI S, BF, T — S0l EaAY R
B L BN AE AN S OF BAE IR S 05 B A R A T
DAY 78 AR 1 708 A 7= b R BILER 2% 2 O ik



%5 4 )

BRI & HT LA

=17 ¥ PO AR AT Bk R 67

PPy S TN AT P00 e R B ) B R AR B 2
DRy — 0 ) BT SR

2 % Lk References

[1]

2]

(3]

[4]

(6]

[7]

L8]

L9l

[10]

SU G. Selection for litter size at day 5 to improve litter size at
weaning and piglet survival rate [J]. Animal science abroad.
2009,85(6) :1385-1392.

DECLERCK I, DEWULF ], DECALUWE R, et al. Effects of
energy supplementation to neonatal (very) low birth weight
piglets on mortality, weaning weight, daily weight gain and co-
lostrum intake [J]. Journal of liver stock science, 2016, 183
48-53.

SCOTT M,FLAHERTY D,CURRALL J,et al. Statistics: u-
sing regression models.[ J]. Journal of small animal practice,
2013,54(6) :285-290.

TR PEAT L TR HE L AF. 23S A AR 1O AR OG5 T H 43
BrLJ 0. 3 B A< ol B 2, 2013, 42 (3): 115-117. ZHANG S L.
PANG Y Z.BAI ] Y.et al. Regression and correlation analysis
of reproductive performance of crossbred pigs [J]. Journal of-
Henan agricultural sciences, 2013,42(3):115-117 (in Chinese
with English abstract).

PR A AR T A 32 B IR AR G T L] B S
[%,2015,47(9) :55-57.DONG P X, correlation analysis of main
reproductive traits of Yulin local pigs[J]. Journal of animal
husbandry & veterinary medicine,2015,47(9):55-57 (in Chi-
nese).

. 2 M [T VA R R o T AR A 3 vk B 824 LD .
B s I 4K K%, 2013. WANG H N. Some robust estimation
methods and application examples of linear regression models
[D]. Jinan: Shandong University, 2013 (in Chinese with Eng-
lish abstract).

KIRCHNER K. The analysis of simulated sow herd data-sets
using decision tree technique[ J]. Computers and electronics in
agriculture,2004,42(2) :111-127.

PILES M. Machine learning applied to transcriptomic data to i-
dentify genes associated with feed efficiency in pigs[J]. Genet-
ics selection evolution,2019,51(10) :1-15.

SANCHEZ V M J,NIELEN M,EDWARDS S A,et al. Identif-
ying associations between pig pathologies using a multi-dimen-
sional machine learning methodology[ J/OL]. BMC veterinary
research,2012,8:151[2019-08-30]. https://doi.org/10.1186/
1746-6148-8-151.

KURSA M B, RUDNICKI W R. Feature selection with the

Bortua package [ ] ]. Journal of statistical software, 2010, 36
(11):1-13.

[11] ALTMAN N S. An introduction to kernel and nearest-neighbor
nonparametric regression[ J ]. The American statistician, 1992,
46(3):175-185.

[12] 2=t dk. R & 5 HLAS 2 29 SE TS 00 20 A LML AE 5 AUAR Tl
Mt ,2017:64-95.L.1 H C.R Machine learning by example[ M.
Beijing: China Machine Press,2017:64-95(in Chinese).

[13] BREIMAN L. Classification and regression trees [ M ]. New

York:Routledge,1984.

Jal & e, HLAS 5 LM 50 3 8 K % i AL, 2016 73-95.

ZHOU Z H.Machine learning [ M].Beijing: Tsinghua Universi-

[14]

ty Press,2016:73-95(in Chinese).

[15] ZEft. Geita= 9 Jr ik MOt 50 i A R % Ak, 2012 95-123.
LI H. Statistical learning method [ M. Beijing: Tsinghua Uni-
versity Press,2012:95-123(in Chinese).

[16] WESTREICH D, LESSLER J,FUNK J,et al.Propensity score
estimation: neural networks, support vector machines, decision
trees(CART) ,and metaclassifiers as alternatives to logistic re-
gression[ J ].Journal of clinical epidemiology,2010,63(8) :826-
833.

[17] A, ALas2= 0 5 R H LM M AU 50 LB Tl I p A,
2016(5):173-174.QIU Y W.Machine learning and R langue
practice [ M]. Beijing: China Machine Press,2016:173-174 (in
Chinese).

(18] Wfwemy . B 2505 AL, 55, BRI CEC AP T My 0 & K e B 7™
PRS2 L], p E A, 2016,11(1) : 35-38. XIE X P,LUO F
F,ZHENG ] Q.et al.The effect of parity and mating month on
litter size of binary sows [ J].China swine industry, 2016, 11
(1):35-38(in Chinese).

[19] KITKHA S.Effects of the higher parity and litter size on piglet
birth weight and survival rate of later born piglets [ J]. Journal
of veterinary medicine,2017,47(1) :79-86.

[20] DEWEY C E,MARTIN S W,FRIENDSHIP R M,et al. Asso-
ciations between litter size and specific sow-level management
factors in Ontario swine [ J]. Preventive veterinary medicine,
1995,23(2):101-110.

[21] SHAHINFAR S. Machine learning approaches for early predic-
tion of adult wool growth and quality in Australian Merino
Sheep[ J]. Computer and electronics in agriculture, 2018, 148
72-81.

[22] SHAHINFAR S, KELMN K, KAHN L. Prediction of sheep
carcass traits from early-life records using machine learning
[J]. Computer and electronics in agriculture, 2019, 156 159-

177.



68 o Al R R R %39 &

Prediction of sow litter size trait based on machine learning approaches

LI Xinjie' s WANG Haiyan®,JIANG Beijia' , WANG Chao',
ZHAO Zhichao®,LI Changchun'?,LIU Xiangdong'"*

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

Abstract Currently,litter size trait is an important indicator to measure sow fertility and play im-
portant roles in determining total income of pig farm in China. An accurate prediction of these traits in
the early life of an animal will allow pig producers to adjust their management practices in order to cull
bad sows early and improve the reproductive ability of core sows. However,there are many factors not
only influence sow’s litter size trait, but also influence each other. Traditional prediction methods may
not be powerful enough to capture complex interactions while avoiding overfitting. In this case,learning
algorithms that can learn from current data to predict the animal’s future performance offers promise. In
this study, firstly, the sow’s production data, including total number of piglets born (TNB), number
born alive (NBA) ,number of healthy piglets(NHP) ,number of piglets aged 5 day (N5D) and number of
piglets weight above 1 kg (NPWA1) were processed and described statistically. Then, the R-package
Boruta was used to screen out important eigenvalues affecting the litter size traits of sows, such as
breed, parity, mating season, delivery season, gestation period, interval birth and birth litter weight.
Last,regression analysis was performed by traditional linear regression method and three different ma-
chine learning methods including decision tree (DT) ,K-nearest neighbor (KNN) and support vector ma-
chine (SVM). The evaluation index of model including R* and MSE are obtained by ten flod cross valida-
tion. Additionally, modeling methods was assessed by these indexes and best model was screened scatter
plot using a part of original data. The results showed that the R* of all regression analysis methods in
TNB,NBA,NHP,N5D NPWAI was over 0.71 (0.71-0.88) , which showed that the selection of character-
istics is correct. The SVM model was not only significantly better than other machine learning methods
(P<C0.05),but also better than traditional regression method in predicting TNB, NBA,NHP,N5D and
NPWAI1. The SVM model of NPWAT is the best in all models. Therefore, machine learning methods
will become a new approach for pig producers to breed high-fecundity sows in the future.

Keywords machine learning model; decision tree; K-nearest neighbor; support vector machine;

sow; litter size trait
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