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1. Feature selection algorithm
2. Data mining

3. Ranker

4. Greedy-stepwise

5. Best-first
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1. Logistic model tree
2. Average number of misclassified samples
3. Average relative absolute error
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Using feature selection algorithm to select the most effective parameters
for predicting milk fat percentage

Selection of algorithm

Greedy-
Stepwise

Performance evaluation and choosing the best model

Fig. 1. Feature selection algorithm process tocsétee most effective fatty acids affecting milk feercentage
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Fig. 2. Feature selection algorithm steps
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Table 1. The most effective fatty acids affectinidgkrfat percentage obtained by different featudes#on methods

Parameter Model Method

C17:0 to C15:0, C10:110 C16:1c11 C16:1c9 C17:1110 C18:1, )
11415 C18:1c13 C18:1¢15 C18:1,9 C20:1 CFS-Subset-Eval Best-First
C17:0 to C15:0, C10:110 C16:1c11 C16:1c9 C17:1110 C18:1,
c11+15 C18:1c13 C18:1¢15 C18:19 C20:1

c9 C17:1,n-3/n-6 PUFA,n-6/n-3 PUFA, C10:1¢9 C16:1,c9 C20:1,

CFS-Subset-Eval
Info-Gain-Attribute-

Greedy-Stepwise

Total C16:1,c11+c15 C18:1¢15 C18:1n-3 C20:3 Eval

n-6 C18:3,t6+7+8 C16:1,c9 C20:1,c9 C17:1, C10:1liso C16:0,t10  Gain-Ratio-Attribute-

C18:1, Totak C16:1, Totak C16:1,t10 C16:1 Eval

c9 C17:1,c9 C20:1, C10:1n-6/n-3 PUFA,n-3/n-6 PUFA,c9 C16:1, Symmetricer-Attribute- Ranker

t6+t7+t8 C16:1,n-3 C20:3,c11+15 C18:1, Total C16:1 Eval

n-3 C20:3,n-6 C20:2, Totat C16:1,110 C16:1t6+7+8 C16:1, Totat
MUFA, t11c15 C18:2, Totat C18:1,n-6 C22:4,c12 C18:1

n-6/n-3 PUFA, C18:0, Total C16:1,t10 C16:1, Totat MUFA Principal-Components

RelifeF-Attribute-Eval

PUFA = polyunsaturated fatty acids; MUFA = monouneated fatty acids
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Table 2. The assessment of classes using NaivesBédgerithm
Classification Test mode R ARAE RMSE RAE RSAE Predicted
model class numbers

True False

Method Model

. 10 Fold

Best-First (Ez\'/:;'S”bset' Egt””a'”'”g class 085 006 023 1668 5429 59 5
validates
. 10 Fold

Greedy- CFS-Subset- Full training class 0.85 006 0.23 16.68 54.20 59 5

Stepwise Eval set validates : : : : e

. . 10 Fold

Info-Gain- Fullwaining e 071 011 032 2923 7648 54 10
Attribute-Eval set validates
. . . 10 Fold

Gain-Ratio- — Fulltraining - oo 082 007 025 1925 6001 58 6
Attribute-Eval  set validates
Symmetricer-  Full training 10 Fold

Ranker . class 0.66 0.13 0.35 34.82 83.1¢ 52 12
Attribute-Eval  set validates
. . 10 Fold

Relifef- Fullwaining )¢5 043 024 045 6756 108.88 42 22
Attribute-Eval set validates
Principal- Full training 10 Fold

C class 0.43 0.21 0.42 57.73 99.97 42 22
omponents set validates

R? = correlation coefficient; ARAE = average relatalesolute error; RMSE = root mean square error; RA&lative
absolute error; RSAE = root square absolute error
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Table 3. The assessment of classes using J48thlgori

Method Model Classification Test ARAE RMSE RAE RSAE Predicted
model mode class
numbers
True False
Best- CFS-Subset- Full training 10 Fold 5
First Eval set C'@,S,S 0.88 0.04 0.17 11.0240.68 60 4
Greedy- CFS-Subset- Full training 10 Fold 5
Stepwise Eval set C"’%TS_S 0.88 0.04 0.17 11.0240.68 60 4
Info-Gain- Full training 10 Fold
Attribute- set class 0.82 0.06 0.22 17.3052.58 58 6
Gam—Ran— Full training 10 Fold 079 0.07 0.95 190.9558.14 57 7
Attribute- set class
Ranker ~Symmeticer- Fulltraining 10 Fold o, 45 020 17305258 58 6
Attribute- set class
RelifeF- Fulltraining  10Fold 59 5117 020 30556068 53 11
Attribute- set class
Principal-  Fullraining 10 Fold s 20 558 24 21995011 56 8
Components set class

R’ = correlation coefficient; ARAE = average relataesolute error; RMSE = root mean square error; RAE
relative absolute error; RSAE = root square absadutor
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Table 4. The assessment of classes using LMT #hgori

Method Model Classification Test R? ARAE RMSE RAE RSAE Predicted
model mode class
numbers
True False
Best- CFS-Subset- Full training 10 Fold .
First Eval set C'&SS 0.94 0.06 0.14 16.9332.95 62 2
Greedy- CFS-Subset- Full training 10 Fold .
Stepwise Eval set C'@_S_S 0.94 0.06 0.14 16.9332.95 62 2
Info-Gain- Full training 10 Fold .
Attribute- set class 0.94 0.08 0.17 22.9740.21 62 2
Gain-Ratio-  Fulltraining  10Fold o7 69 17 26034084 62 2
Attribute- set class
Ranker ~Symmetricer- Fullraining  10Fold g0 409 018 24944264 60 4
Attribute- set class
RelifeF- Fulltraining  10Fold o, 403 012 896 2757 62 2
Attribute- set class
Principal- Full training 10 Fold 082 0.10 0.21 27114992 58 6
Components set class

R? = correlation coefficient; ARAE = average relataesolute error; RMSE = root mean square error; RAE
relative absolute error; RSAE = root square absadutor
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Table 5. The accuracy of different classes of Featalection algorithm

Evaluation method Model Method

Naive Bayes J48 LMT

AMS ARAE AMS ARAE AMS ARAE

0.08 26.06 0.06 17.22 0.03 26.45 CFS-Subset-Eval st-Biest

0.08 26.06 0.06 17.22 0.03 26.45 CFS-Subset-Eval eedrStepwise

0.16 45.67 0.09 27.03 0.03 35.89 Info-Gain-Attrés&val

0.094 30.08 0.11 31.19 0.03 40.74  Gain-Ratio-AtitebEval

019 5441 009 2703 006 3897 Ezg}me”'cer'“"'b”te' Ranker

0.34 105.56 0.17 47.75 0.03 14.00 RelifeF-Attribtteal

0.34 90.20 0.13 34.36 0.09 42.36 Principal-Comptmen

ARAE = average relative absolute error; AMS = Aggraaumber of misclassified samples
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Abstract

Understanding the regulation of milk fat biosynikeis vital to the development of nutritional stgies to
increase the nutritional value of milk, reduce melkergy out-put and improve the energy balancaathting
cows. The objective of this study was to deterntireemost important fatty acids affecting milk fdtHolstein
cows using feature selection algorithm. Featurecsigin algorithm is one of the data mining methatisch is
used to determine the most effective and best-knparameters predicting targeted trait. A total 073 raw
data and three important methods of feature selestith six models was used. Data was analyzedyusia
WEKA Software (v. 3.8). Results indicated that Remknethod of feature selection algorithm is the tmos
appropriate method to select the most importany fatids affecting milk fat using LMT classificatiowith
minimized error. Accordinglyn-3 C20:3 (eicosatrienoic acid);6 C20:2 (eicosadienoic acid), total trans C16:1,
trans-10 C16:1trans-6, 7, 8 C16:1, total trans monounsaturated fattgsatrans-11, cis-15 C18:2, total trans
C18:1,n-6 C20:4, andcis-12 C18:1 were determined as the most importany fatids affecting milk fat.
Feature selection algorithm showed that fatty acitier thantrans-10, cis-12 conjugated linoleic acid and
trans-10 C18:1 is associated with milk fat biosynthesisich is necessary to be further characterized thei
biological importance in the next future studies.
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