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Introduction: Mastitis is one of the most frequent and costly diseases of the dairy cattle industry
and causes many economic losses, which negatively affects milk yield and composition, fertility,
longevity and welfare of cows. The best solution for reducing the economic and biological
consequences is early and accurate prediction of mastitis based on indicator factors. So far, various
statistical methods have been used to predict mastitis such as linear and multiple regression, and
threshold models. Machine learning is another method that has recently widely been used to predict
farm profitability, reproductive traits, longevity and abortion in dairy cow. Machine learning is
defined as a set of methods for automatically finding patterns in data and then using those patterns
to predict possible future data.

Material and Methods: In this research, the performance of four machine learning algorithms
including random forest, decision tree, Naive Bayes and logistic regression and two sampling
methods, over-sampling and under-sampling, were compared to predict risk of clinical mastitis
based on data collected in two Holstein dairy herds in Isfahan province. Final dataset included
393504 records on cows calved during 2007 to 2017 of which 13653 cases (3.47%) were infected
and 379851 cases (96.53%) were healthy. Factors related to mastitis, including parity, daily milk
production, calving season, lactation stage, history of mastitis and somatic cell score. After editing
the data with SQL Server software, the modeling process was implemented to predict mastitis
using WEKA 3.8 software. The performance of algorithms (accuracy, sensitivity, specificity, and
AUC) in predicting infected cases and distinguishing them from healthy cases was evaluated
according to the preprocessing method used. The sampling techniques used included Under
Sampling (SpreadSubSampling) and Synthetic minority oversampling technique (SMOTE).
Results and Discussion: Results showed that the best performance among the algorithms was
related to the random forest in the case of using the low-sampling method with the accuracy,
sensitivity, detection and AUC rates of 84.30%, 94.80%, 73.80% and 90.90%, respectively. In the
case of not using sampling, the power to detect sick cases (sensitivity in percentage) in random
forest, decision tree, Naive Bayes and logistic regression algorithms was 1.67, 0, 12.29 and 2.06,
respectively, which compared to sampling was considerably weaker. This was due to the
unbalanced number of cases in two classes, healthy and sick, and indicated the necessity of using
sampling methods. The decision tree algorithm in the case of low-sampling method with a small
difference after the random forest has the best performance with accuracy, sensitivity, detection
and AUC 84.00%, 94.20%, 73.90% and 90%, respectively. Comparing the models obtained from
the four algorithms Decision Tree, Logistic, Naive Bayes and Random Forest in three modes
without preprocessing, with SpreadSubSample preprocessing and with SMOTE preprocessing,
among the preprocessing modes, preprocessing by SMOTE method can significantly improve the
performance of the algorithms. Among the algorithms that were pre-processed with this method,
the Random Forest algorithm has shown the best performance with an accuracy of 99.2% and an
area under ROC curve (AUC) of 0.99. Decision Tree algorithm has performed very close to
Random Forest with accuracy of 98.9 and AUC of 0.99. Likewise, Naive Bayes algorithm with
accuracy and AUC of 0.92 and 82.9 and Logistic algorithm with accuracy and AUC of 83.7 and
0.91, respectively had acceptable performances after the other two algorithms.

Conclusion: Due to the high performance of the Random Forest algorithm using the SMOTE
preprocessing method, in predicting mastitis cases, the use of this model can be suggested to
predict cases of mastitis in dairy cattle herds, especially in herds with high rates of mastitis.
Because of higher computational cost of random forest compared to random tree, in large dataset,
decision tree probably should be a better choice.

Cite this article: Fayazi-Kia, M. T., Dadpasand, M., & Keshavarzi, H. (2023). Using machine learning algorithms to
predict the occurrence of clinical mastitis in Holstein cows. Journal of Animal Production, 25 (2), 123-132.

DOI: https://doi.org/10.22059/jap.2023.349388.623708

GNOIE

© The Author(s).

Publisher: University of Tehran Press.

NG DOTI: https://doi.org/10.22059/jap.2023.349388.623708




&h SNy

S
YRAT-88¢x 2 £ LE

Homepage: https://jap.ut.ac.ir/

C/’/';"? oy

29 b Ol 039 E89 i (S Omile (5 ;3L Slapi 593 51 oot

Nlds sl os

*53,,w ddwo> | grwb,b RV | ‘lﬁs‘_;ml@ ‘:ES'M

fayazi.mt@gmailcom :debl]y . 1yl ¢l ¢l i o8y o(g5y5liS 008y ¢ pold pole yiso )

dadpasand@shirazu.ac.ir :aeblly .l pl b ¢y ol o(65,liS 0aSiily ¢ g0l pole it ¢ Jgims odin s .Y
Hamideh.Keshavarzi@csiro.au :asbly Wzl g olwgs Jwe )] ({CSIRO) gdliall S i (659l g 16 xiao g (e (gloyimg} 3550 ¥

2SS

Al Oleb!

Sly Stuad Ggew )55 9 0l i quaenal 50 ((Bolal R vy oSl e Sl ek cnl
Oilgiel Jdods b oslitwl (pliils (g0 oS S 93 laodlsy bl iy )9 S)lowr (e
Sl yite b odlatul (413 pig0inS 5 )P gl (o) 93 5| Wl g len S)lge S ()3
s 4l (s e 5 b Wl s 5 G5 Sy ol i g b e
SQL il b laosls g 43 s glans ool 2 (8 995 it slogho ol 5 iy
sl (Y/A asens) WEKA l58le 5 b b pyg a6y (gilwdo Y+ )Y asws) Server
b ol JKi wysil 4 b 3,Sles pyine odelcwndd mls elulp b
AF/A o> AF/Ys s fdy pb oo anl g (eusudd cuwlus woro Uy (51 pdigasyS
oyt Copmliss) Hlan 3)lse aredd C)ad (gl pdiged ek g <[ g aoyd VETA o
MEY it Setdd (w5 5 03l ool €30 (oLl S slap)sUl 3 (30
ol g plams (opSpdn yeba (g)bpdisel I edliisl A Cows 4 dg Y/4F 5 VWY (jan
Slagbyy Sl edliel pgi) oumdlis 5 jlewr g Wl WS 93 350 Sl (139 (jltels ol
SMEN L (5l paigeinS B9y ) 385 el C8) oinyeSl adidly 4 i b gy () piged
o e 4l g pasill awlus oo 1) 0Sles cpyie (Bolad SRl am (oS
s Slosle sdbja 4 dxg b sl /A0 5 o> VWA oy AFIY s pd AY/ L ey
Sl Cwl gag Yl odld pzes a7 (aBlge o ¢ Bolal i 4 Cud (Bolad K> i

2o 03\l rouad CB

by Ao il g4

ARATRATIEGA P P ]
VXYY 16,5550 & U

VY[ oYINE s gy G ,U
VY ¥V 1L & ,U

1o jlguals
e o5

(S pSdiges
Ol 9
Oomile (65300

b Gl pyg E68s (i sl omble (£50L (slaei ol 1 oslitul (V) odser ¢(65)gliS g daste cimydld § Bdosre LS LSLS lw!
DOI: https://doi.org/10.22059/jap.2023.349388.623708 NYY=AYY (Y) YO ¢ ol ol dy puiti . ppliila slaglS o

@ S BNy ©

NC

.[)‘).e; oKy C;I)Li‘..'i.i] Ao ).wb




Vo o les g U5 LS (Bteeo | 13 (U Gl 219 £9%5 (rtrde ST eilo (550U Sl 93 ) 030

doddo .
ol ) Jols oobatdl (sl 4t 53 5 (o SIS g sy 9 o) g2 iy pyg p3lol) slodely 4 a2
ol bl (Azooz et al., 2020) cusils yd 95 laglon riauzpn (Sl Goler ol Ol
9 e slagls’ ()loyd g paseds (slady o (ieddg 3 )Slas (lalS b cudS g Mg JRalS 4 plg oo gl
Cuodl 4y a>g5 L .(Jamali ef al., 2018; Puerto ef al., 2021) 5,5 oLl laply plSadg; Bis sl yuisen
sl odd plol pls (ST dge GRIF g PR sk (Gnote clr @b slagiagk «len
ol lor nl xSt 2 Szl &5 )1 13 by pyg leyd 9 xS Ut e 93 g baiegR ke
35 Saoflp el Sl gt e 1 ) @185 slassly SalS  opdle S i ST
Ol pyg (St 9 Sl Cape (Gl p)g 6 iy 0j9> 53 (Cheng and Han, 2020) 1S5 oo (55 5k>
Sronpld bl S b ladije g acce Jolge (19558 Cod st S (oo (3L 1) (lal (i
Azooz et al., 2020; ) cusl dgize iy pyg (635 i lp blige Copie oblgs (BaRd yoygy sy
3 Jsd Jolge 5l edlaznl b ol £989 cwiim ol pyg 5l s pSiin syl 5l S (Xiong er al., 2020
by lyea a5 3)5 o)Ll pud S glaJsbo jlad & plgioe Basll (o300 sl g)lon ol £585
o 33 b by slamsls S5 1 (Cheng and Han, 2020) 590 5L5 ol pyg b (a3l oy
Jamali et al., 2018; Keshavarzi ) 55" oLl ladw (caislo 5 ioly Cogi o ialy Juad (b Adgi mdaw 4 g5 0
(et al., 2019; Mishra, 2017

oad ol iy pyg 58y Jln! i ln Sstwod Ggee)S) Al psdes psbay (oo b,
rob Jb 53 5 0980 oo s ilon gl it slp Bobsy ricwlie Sl (S rile 650k
Neethirajan, 2020; Hyde et al., 2020; Garcia ) cusl (oyd Jb 0 aday o pole 0jg 53 ] 508

Eilio 30 &3S y938l3e) Cé i 4 a>g b (et al., 2020; Abdul Ghafoor and Sitkowska, 2021

b e laasls Lol slaodly cud g caliee sla)S s b (g sglS Cundg oSl il g (g)gppld
Garcia et al., ) &5 oolaiwl o slasylon dw i slp Lodld (pl 5l asg iy 4 Sl o cpdle (60500
5 i lSel omile 53k (sloizys S 3 oslizal b i pyg 4 (5ol (655 S35 i (2020
i (Garcia et al., 2020) 54 plyd alS adaw 10 d)l5e loyd b (605 i 5 e (aseis b Ab slpiudy
0 Miso 33l Cans > oleie @ojos pae )13 2935 lagydgl5 5l odelcumsas (laosls 5l cuslio (g5l Jde (gly oS
395 3,Skae it 25l a5 Un e 5 035 o i 1y iz 331 gz s 45 ol A 55 Wl 33l & Sl g
IS pl pade GSusS 5l (S6 odly pdloyslaie b (g)ls paiges sla ybs, (Mishra, 2017) wad ol |,
U9y > o(Mishra, 2017) 5,5 o)Lsl ()l paigei i 9 ol paiseinS @ Olgee by, cnl dleasl
O S pdises i gy ydlol sy S So g8 WS ojlulay U onds Bls 5T 5 WM glaedly (g,ld pdigeinS
Synthetic minority oversampling ) balues (605 :Kho b awggy o5y b &5 sl 5Sae8 (WS
(Lin et al., 2017) 355 35 )50 NS (gojliley b adly o)l (technique: SMOTE

Solo ol glosaly Sials 4 wlgie o] ggfy Sl 3 Jds Jelse oluly oling pg Jliol lupie
Ol Py £y Jeiol ot plmo nl Bua S SaST A (gglag g pld o) g 4y g 0nd e
Dy cpole (6550 (slapis yoSl jl ooliiwl b pla—als pdaw Jolge  yululy



VEoF (090 0 ylos qpily § Cosnws 0590 o 0l ki’ w1

R bty .Y
o g 001 Y
b oldl b 53 &l b 9 A5 93 ilew g ial; SlMB! I enliilas lagls )3 (b p)g (St slp
Sltol o 35 el pg 6lan Al 4 bgye (slmodls (g)logl 5l .a odlizl VYWAF b VYAS ela L
SQL Server ,l3ley b osls s (gyglann ialj cugs g Jad Jold (il & bgaye CleMbl ¢ S0y (sl S5l
N5 iglps (V5 45s) R g (Yo asiud)

Olyisds a9 K3gy 4B)S )18 o)y Cou S Wdgr (alagls Gl pyg 4 Mise 3)l5e o Slayd (sla3)S, Bl
gy polol ol 0 4S5 5 Gl iy pyg 3)lse bl (imgRy cl )3 @Blgyd Nl w3l
9 S 38 292 4B )5 Gl pyg oy COS 69 ST ol ya 53 g 0 (A AnlocSy (glaoyg (23
(o &) uals b (o 85) s lila Gliny pyg )low Al )80 b 1) Jho S ©jgoinl pé
Ol prg b bl )3 a8 (s (slapiiie 1505 08 gapaionn 0)93 (lod 5 LB olo (b ) (liwy p)5 sale
w) 2 Sl odd gonal dlig) b Mg daw (g U SS) Gl) cog Jald wiad Ol (atuly o)
Men g (o) 2 b oSS YINY BV () bwgio (jg) 33 b p5okS YWY 5l 56S) g o5 gdaw
W/e¥) Slre GBlzsl 5 (p)SokS YONA) (60ke (olilp 04 dcsloxe (jo) )3 o p)SokS YEIVY 51 5 k)
oy ) G sl jlitel g (pluse)) Slea U (lee) o) pials Jad S aw 13 0 adgi (p )59k
G i ole 5 s g il 45 ) & gt L ing: (alale (SCS = logT™ +3) i ela sk iyl
S )0 dmole (gl pyg Al laisds Wi d)lse 5 A Bls Sluwlows jl ole (pl s 5250 (234 olo sl
ol 3590 YYVEN Loyl o 5l a8 del candas dilale 595, YFYAA. goama,d daodldy iulpg 5l dw 50 43,3
sy odlazuldyge (clayiio (jlol oM (V) Jodo bdgr Hlew 3y90 (doyd YIFY) VIYAR 4 (1o)d A5/0A)

Ao Ui 1) b pyg £989 Jlesl (i

axly 2 dwlow 0959 o D39S o3l g5 L puiio
(B ed Cug a4 e il =) (nominal) (ca! ol cug
Soly G Juad ya ¥-\ (nominal) _oul Uil Juad
b ole 3 Gy pyg bbb 395 b 352 M- (binary) (29393 Ol g Al
do e Sy 59, ¥ Ve (nominal) s myd sy

(59 5 PSS SEIVY GYSINY () Y (59 13 p 5ok YY1 S o 1) g5) V o . R
B ) Y-\ (nominal) _oul e M5 o
(395 2 PSS Y51 51 i) ¥ g

(V10 31 VL) YL LY 5 (V/0 b Sy o) Lawsgio L Y () ) 58 SCS) oo bV g o) (nominal) ol (5 sl s jlzel

Cmilo 5 53 Sl 59891 Y -Y
Markov and ) (Y/A asws) WEKA l58ls 5 5l oolaiwl b peiile (656500 i )65 jloa 2,Slos ¢ jimgy opl 5o
IKis g penad €8 )3 « S yguw)S ) 0dls s Jols ool jge (slaei yo3) L505 )y (Russell, 2006
awl odel Lt oSl ol slay S 5l (g paise dald] )3 a8 wdgy  Sdlas

oz g oS o aadls dlag byl pgofl (ol o o sitn (V US2) K5 (850 (sla o tpenad <80



WY ol lSab 3 b bl iamo [ 33 Al i 213 E539 it (51t Sudlo 5050l (5t 55 1 a3l

b Lol cdizas Waadind j5j90] 40 1306 g (695 Oy (sloodld 4y Cons prouad slaCS ) D o plol Sy > WS

5 cslio sl it (1S gy S el (83 gy Gas e Aoz | oty dapl plul S g (Solo g
(Charbuty and Abdulazeez, 2021) 5,5 3959 a8 )cawdjl odaline b (slaosly ()8 cuwd

Herd
/ =1 /\ =2 \
Mast_p Mast_p
N PN
=N =Y =N =Y
/ N e N
N (6599.87/1285.87) Y (300.13/47.0) Parity Y (2171.37/254 .68)
=1 /';m =5
/ / | \ \
MilkClass Y (3952.73/1514.0) Y (2865.59/981.73) Y (1726.86/585.0) Y (902.0/311.0)
=1 =92 =13

Y (754.59/350.73) N (3386.86/1427.0) N (118.0/47.0)

Uigd cpl 5D 0oLl yge mread by Siled S5 LY JSKWd

Wges S Jolis plaS 1 45 paouad €83 s o] 3 &S cul 50 clagi o 5,50 S dalay S
(ool d)ﬁfdi) s 03l b e 5 0ddBadgi (6080L Al b > sl (£35)5 slaodld I Solas
Coje Sl (N9 MS (o0 Jos F3ED mreal CE50 4 s ool (nl 2900 QLRI ol el e e
3 63b5 o By Wlgi e g 039 Al LS 0iaF sl b)) 3500 (sl & sl ol oSl o sl
(Liu and Zhang, 2012) x5 L 1) 5505 (cYU Como Wil sbied laosls

Sy oS ) sl Sawed @b g Al oSy OVolee 4l p cel)oS) i Sitwsd g )S
3950 N4 Canss ol lad 3)lulil @jei 9 Ml (128 omiiyd 9 )l WS 93 Laid & (63,190 (i
.(Dreiseitl and Ohno-Machado, 2020)

J> 3 @YU Gllaxil ¢ > e 4y 9 Gl 0 00l Ly oo Siwly pas (15,8 il 3 00l o i yo31 200l 5
(Webb, 2010) xb o ials” w68l oyl 3, Slas wisl YU Glas (Siuwly o5 8g s 3,y Cilises  fluns

Sl ol yips 5,Slas 5 (duo)d AF/OA) Wl dtwdds Cans (duoyd YIFY) jlows (sdiwd (p29105l950b Judoas
Shook et al., 2017; Rendon et al., ) s oslaiwl (58S dises sSST | Joleio sloodls b puiile (50500
U9y > b ool @il g jlow atwd 93 Blegilaie sl )l pligeiin 9 I pLigeinS bg) 93 (2020
Sl Rl e S ojluley (Balad Cpgot S5 NS Glaosls (slugilsie sln ()l paigeinS
SMOTE (29 jl ()b pdigeivinr slp gdiee 2l Jho bo lp oredle (6353b lapiysfd) (s 9
¢ ;lwaus K-Nearest Neighbors (KNN) b9, 58,5,k 5 b 5cSsoS WS slaodly o j3 a5 as ool
SpreedSubSample  sbaeis ;o 51 (o)l pdiged yiws 9 (60 paigadnS (gly vy S5 WMS o3l 4y U oads
A oolazwl WEKA l38le 5 5 SMOTE



VEoF (090 0 ylos qpily § Cosnws 0590 o 0l ki’ VYA

A5 oalawwl 10-fold cross validation yog, 5l pis )6 5,Sdas  Sbj)l 5 Wodld puwds (gl WEKA asly )
9 Mg oo sl dwd Vo 4y (Bolal Ojguody bodld ¢ b, opl yd (Zigo et al., 2021; Kothoff et al.; 2019)
Gasbin Jo 518l (sl i jg0 5 o 43,5 a0 53 (ojgel (godls (lyieds 4id &)l o Cugi Ve )3 e
ol el 3w s 483 L > sjgel dtwd )] 5l sdelcwnsa Jae b)) sl o ated SS9 Bas al ol
>Sles aes pMel gl 1) b)) uSike WEKA aaliy o sol comsas caliste 5,Slee Vo b Jso Vo i,
Culas oo dlasl ilia slofonn 3| il (lagipysSI 3,Shae i)l sl Sy 54 oy
5 oalazwl (Area under ROC curve) AUC 5 asuis

Iy odalcandas (o Jao b iwin IS ©p8 a8 cunl djlge S old o i gutto Dylge Camd wono jlxe
Sl Sl oo a8 Gl Jlow d)lae IS w0 s yie Cawyd jlow b o S 3 jlae s il D o oyl
o 3)lse Cuns 1 &S Canl Wl djlg0 dwyin 0 Jdo ©)a8 30 askid bl Hlew djlae i Jdo ©)a8
dylge &5 0AB sw e Cuwyd Cudo d)lge &5 Cuns 35 AUC ] o Cawdtsy Wl 3150 JS 0 0dd i i Cowyd
P Jhe 008 & 8 e lpice bl cpl 2 oS dmd e U3 ]y oS gaivdit e lgiedy olitdl 4 o e
Qo ol (bl S5 K oy sl o U o &S a0 0 Ui ) Hlew | Wl 3,150 S5
o392 Foktdl o gy st A3l S5 s &y 4 5o 5 ool Jo SV (KUSE 08 a3 5 VL g
dgdi e wgaine NS 93 G e pas g il (Ppld re & [0 AUC Jlade oyl 4 dog b adl .l
gt 8,5 Ji5 5 Iy By polin e 10 ) oS il

LAt (6D pdises i SGST g (600 paiseinS SuST 1 eolawl b 9> (3 Lo oSl 5, Sles gl oy b
il oolatol b &S Sl Jae (glp Cawlus 5 Como polie Y Jodn) (500 pdiseinS [hg, 5l eoliiwl clls j> a8 i

S oslial cdls Gl 5aS wiad S Sitwod aaw)S) g o0l s ceuenal CB > ((Balal S slapi )63l
Sl (610 pdiged i Cbs 4 Cans (65 i 3, ol (glplol W35 (g,ld pdises Jin b,

olutle (slagls 5 (b pg 98y (b cslp odlitulge cpdle 6550k v yoS e 2, hee Y Jgua

3,5des Uyl e "
¥ v V. 55
QABS Cowluns v

)b pigeins o)
SVI¥ - VEIV- Nnh. osls
SV e/ Veva S g5
V¥R Rf/y- A¥/- - s
VY/A- /A AF/Y ol JSon
o pigai s U09)
£0l0. V¥/A- V¥ odlw 3
SOIV- o/ Ve/Ae St a5
SVIV- ¥/ o/ el E3
JSAs MY/ Y/ JELEIS LN

A3 e Ui 1y otelcandds (oo b cwin S @508 &5 sl 3ylge JS 0l i gutte 3)lge o (Accuracy) oo )
Bl Hlew O)lge (i 3 Jde @08 LI Wl go &S Hlow 3lge IS4 0l iy Cowpd law b Cute (wMS 3 )lge Cund (Sensitivity) Comlus Y

oo Camday Wl 310 JS 005 i Sy Wl 350 G 51 45 sl Wl 350 iy 5> Jhe )18 (Specifieity) asuis Y



WA Glas 5 5 (LS (Btooeo | 13 (Il Gl 219 £9%5 (rtirdes ST edlo (55500 Sl 93 ) 030

Ao Bl JSin g e Co «Sitund gmnSy ool s slagizS sy AUC ol
IAD gAY < IVA < IVY s s (6o pdiged i <l (gl g +fAe g /A0 /YA VY L (6 pdigeinS
g RS 4 S0 ()l paiges Sl 93 2 > Syt (9T g 0l Jr )9Sl 93 3 Sas (S jobods idgs
(Y Jgi2) 292 5505 w2psl 99 5l yite (293 BB US4y (ol S g waanal €553 02055501 93 5, Sos

a0 50 5 Jbo 0 Hlew 3)lae askis @ya8 pblis by cowlues bylxe cpl o 0 &S pl 4 asg b
bt & dg by 5yyed oYL Casdl l(Jae ;o (oS 50 S8 )8 bl Hblia AUC gas
ool o 5 Sstund gmesSy sl Jao 3,8ke sy il 0 45 CES i i b e 3,8kas 3 saslans
b gip @ g LY i) 39 b pigeins cdb 5l YL (oS b pdigeigin I edlatel by
(Y JS8) o a3 o 1y cdls opl ) sdalcansay slaJao AUC lages 31 dacdls ady & Cand (6,13 pdiges i
90 SSE 08 (lie 00 5VL ()l paigeinS b 3 mrenal C8 03 g (Bolal JSix o eNl & sl ettt
S 1y Wl g ke wMS

Naive bayes Logistic

[¢b]
=
o
S
[¢3)
=
=
w
8_ Random forest Desicion tree
© = e = ———
=2 - s, 000° oo ® ~~
= e & 5 -
% ] 2 ] s
= =] Pe
-~
-

e ] e | 4

=3 = / -

= ] = _|

= f=1

ol -~

. = |

—— Up sampling
” 1
< _| = _| — = Down sampling
=y T T T T 1 = T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

Solowr e > (Solas S g o3l o« Sutid (g )S )y ool €53 0 yoS Jlaz 3 Shee (30 (Ui 6l ROC o3 lages Y JSs
opbisde glagls > b )9

o ¥
iz poSl 9 5l oalital b S pol cplitle (slagls’ 53 ¢y Cnd 093 13 (i pig ity 4 45 oddgfy )
FoIY oy £V iy AUC g (asuis wouo b (Bolay Ss o)) s aidloyy  Bolay Ks 5 ool ju



VEoF (090 0 ylos qpily § Cosnws 0590 o 0l ki’ VY

55« p3Y (Fadul-Pacheco et al., 2021) culs 1) 5 Slas 5V pols idgh diled cuoyd FO/F ¢ oy
Pl as asS i ) (15 gl slp o ool s )5 iy pyg 4l 395 Joay yols Jhmgly 50 oS ol
2 @lBle dogio opl A 555 9 b a5 Ja ) alBle Oawds dwds glp e A0l iagh ol
gl slp e Jae S sl andh by pyg Gobe ¢l GFVL @D Slgie Gaaple g GaeolisS
osls oolyal 0,8 jastin 5 dw e slp S0 Jde 5 Byl 65 e Ml Hlad B ud Cawsd 6ygd 40 A
3Slee e 5 JoSly ol s i i Sl & 25 O g iy lsieer (s S
i oolatwl pols imeh BMSn imeh opl 0 ines (Hyde ef al., 2020) us 5)5 Jeore b
5 slos 4id 53 55 osly jles oy Ylaws! a8 ol b oS0 3,Shos (2al3l )5 6,8 615 piges sl i,
Lol LAY WJL»

o Jold o glite @i ol bl i cnlisle agls ) (b pyg Gnoin slp SR simoR 5
Gradient-Boosted Tree g aidly puoni as Joo ¢ Bolad Ko prenad ¢80 «Siwsd (yomw)S) g o0lw
5l Sy & Gradient-Boosted Tree siaiwes sdolcinddy Juo dbanaiwd ol e jl b edlatul Wdg
ol i il gy ¥y 5 S Gilain | 3Sles ity ool Sy 5 50 s
Sk g0 (6)D pdised (sl yog) pils imeh OMS s iz (Ebrahimi et al., 2019) 3g +/AY 4 2o)d
b ololl nbitle slagls > (1S g iy prg smpptey Ban b Ko (gl ) jsbien Al o Jue 3,Slas
Gaussian K-nearest neighbors Support Vector Machine «Scwwsd o )3y (slaess ;o) ;1 ool
Extra Trees Classifier o o3l 5l sdolcansay Joo «s3dlas > 4 Extra Trees Classifier Naive Bayes
3,8 p YL (iSD slyp < IVY g lias pyg gl /YA AUC bl dolad K 150,05 51 500 doeus oS
Extra Trees Classifier ¢  8olai K> YU >Sles 2959 b (Jlsopl b (Post ef al., 2020) s L |,
I Olgie o5 485 o ol olil (ped 2 &5 O 93 (nl 4 S Jlewn or St (ygp)S) ,8es
oololp & cwl S5 B )5 edlatul sizmn lapi)sll leas o Sstwad Ggm)S) e odle (slaey oSl
219 s i gy omdle (6550L sla Sllyy o aS WS o i deo > W el 5 AF Cuwlus o )yd AA
.(Abdul Ghafoor and Sitkowska, 2021) 5,l> uST )l

Bolguing 3 5 5 4 .0
Cé 50 it ol S am g ol Gl 1y 5Sles e () pigeinS g (ol JSin w2 oSl edslcussa; Jua
2 & Comd (S35 0)Skoe Stsd (g S 5 03k el il 8 oo o g Stod (g )S) epead
SR )95y 3,8des 3929 b g2 5V ool o 3 Sles umlus jlne St Coonl 4 dagi Llel cizily
YL Glwbre e 4 dagi b g o (L5 (5035 3)Skes 0258 9 (nl el S50 &) Cand (ol
b 9o ey prenal C853 w2 ysSl 03l 3L j wo> Gjgo 53 dprenal CE 4y Cund (Bl S i o5



WY les g 5 (LS (Baoeo | 13 (Il Gl 209 £9%5 (tirdet ST eilo (55500 Sl 98 ) 030

Lol olgiie oles )lge i o SMOTE ils sy gy b (ol JSi o258 6V 3,8kes & g
2,5 dledudiy Vb (Ml 2,5 b slaalS > ogass (b o5 ) Gl g 4 Mie 3)lge (o i 1y

Sy g S P
D)5 o (S15)M8 g ST ofg yobas ik sl (gl piY gleodly abylisl > gl balS s

&lo o e Y
2 0939 Bl bawgi g8lie (15 )lai digS zun

&bo A

Abdul Ghafoor, N., & Sitkowska, B. (2021). MasPA: A machine learning application to predict risk
of mastitis in cattle from AMS sensor data. AgriEngineering, 3(3), 575-583.

Azooz, M. F., El-Wakeel, S. A., & Yousef, H. M. (2020). Financial and economic analyses of the
impact of cattle mastitis on the profitability of Egyptian dairy farms. Veterinary World, 13(9),
1750-1759.

Bobbo, T., Biffani, S., Taccioli, C., Penasa, M., & Cassandro, M. (2021). Comparison of
machine learning methods to predict udder health status based on somatic cell counts in
dairy cows. Scientific Reports, 11(1), 1-10.

Charbuty, B., & Abdulazeez, A. (2021). Classification based on decision tree algorithm for machine
learning. Journal of Applied Science and Technology Trends, 2(01), 20-28.

Cheng, W. N., & Han, S. G. (2020). Bovine mastitis: Risk factors, therapeutic strategies, and
alternative treatments-A review. Asian-Australasian Journal of Animal Sciences, 33(11),
1699-1713.

Dreiseitl, S., & Ohno-Machado, L. (2002). Logistic regression and artificial neural network
classification models: a methodology review. Journal of Biomedical Informatics, 35(5-6),
352-359.

Ebrahimi, M., Mohammadi-Dehcheshmeh, M., Ebrahimie, E., & Petrovski, K. R. (2019).
Comprehensive analysis of machine learning models for prediction of sub-clinical mastitis: Deep
Learning and Gradient-Boosted Trees outperform other models. Computers in biology and
medicine, 114, 103456.

Fadul-Pacheco, L., Delgado, H., & Cabrera, V. E. (2021). Exploring machine learning algorithms
for early prediction of clinical mastitis. International Dairy Journal, 119, 105051-105060.

Garcia, R., Aguilar, J., Toro, M., Pinto, A., & Rodriguez, P. (2020). A systematic literature review
on the use of machine learning in precision livestock farming. Computers and Electronics in
Agriculture, 179, 105826-105838.

Hyde, R. M., Down, P. M., Bradley, A. J., Breen, J. E., Hudson, C., Leach, K. A., & Green, M. J.
(2020). Automated prediction of mastitis infection patterns in dairy herds using machine
learning, Scientific reports, 10(1), 1-8.

Jamali, H., Barkema, H. W., Jacques, M., Lavallée-Bourget, E. M., Malouin, F., Saini, V., ... &
Dufour, S. (2018). Invited review: Incidence, risk factors, and effects of clinical mastitis
recurrence in dairy cows. Journal of dairy science, 101(6), 4729-4746.

Keshavarzi, H., Sadeghi-Sefidmazgi, A., Stygar, A. H., & Kristensen, A. R. (2019). Abortion and
other risk factors for mastitis in Iranian dairy herds. Livestock Science, 219, 40-44.



VEoF (090 0 ylos qpily § Cosnws 0590 o 0l ki’ Wy

Kotthoff, L., Thornton, C., Hoos, H. H., Hutter, F., & Leyton-Brown, K. (2019). Auto-WEKA:
Automatic model selection and hyperparameter optimization in WEKA. In Automated Machine
Learning (pp. 81-95). Springer, Cham.

Lin, W. C., Tsai, C. F., Hu, Y. H., & Jhang, J. S. (2017). Clustering-based undersampling in class-
imbalanced data. Information Sciences, 409, 17-26.

Liu, Y., Wang, Y., & Zhang, J. (2012). New machine learning algorithm: Random forest. In
Information Computing and Applications: Third International Conference, ICICA 2012,
Chengde, China, September 14-16, 2012. Proceedings 3 (pp. 246-252). Springer Berlin
Heidelberg.

Markov, Z., & Russell, 1. (2006). An introduction to the WEKA data mining system. 4ACM SIGCSE
Bulletin, 38(3), 367-368.

Mishra, S. (2017). Handling imbalanced data: SMOTE vs. random undersampling. International
Research Journal of Engineering and Technology, 4(8), 317-320.

Neethirajan, S. (2020). The role of sensors, big data and machine learning in modern animal
farming, Sensing and Bio-Sensing Research, 29, 100367-100375.

Post, C., Rietz, C., Biischer, W., & Miiller, U. (2020). Using sensor data to detect lameness and
mastitis treatment events in dairy cows: A comparison of classification models. Sensors,
20(14), 3863.

Puerto, M. A., Shepley, E., Cue, R. 1., Warner, D., Dubuc, J., & Vasseur, E. (2021). The hidden cost
of disease: 1. Impact of the first incidence of mastitis on production and economic indicators of
primiparous dairy cows. Journal of dairy science, 104(7), 7932-7943.

Rendon, E., Alejo, R., Castorena, C., Isidro-Ortega, F. J., & Granda-Gutierrez, E. E. (2020). Data
sampling methods to deal with the big data multi-class imbalance problem. Applied Sciences,
10(4), 1276-1291.

Shook, G. E., Kirk, R. B., Welcome, F. L., Schukken, Y. H., & Ruegg, P. L. (2017). Relationship
between intramammary infection prevalence and somatic cell score in commercial dairy herds.
Journal of dairy science, 100(12), 9691-9701.

Webb, G.I. (2010). Naive Bayes. Encyclopedia of Machine Learning, 15, 713-714.

Xiong, Z., Cui, Y., Liu, Z., Zhao, Y., Hu, M., & Hu, J. (2020). Evaluating explorative prediction
power of machine learning algorithms for materials discovery using k-fold forward cross-
validation. Computational Materials Science, 171, 109203-109215.

Zigo, F., Vasil', M., Ondrasovicova, S., Vyrostkova, J., Bujok, J., & Pecka-Kielb, E. (2021).
Maintaining optimal mammary gland health and prevention of mastitis. Frontiers in veterinary
science, 8, 607311.



