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Table 1. Descriptive statistics of the variablestfieces used in this research

Feature/Variable Mean Standardi&t®n Range
Pregnancy length , day 277.69 5.08 223 - 303
Calving age ,day 1502.64 458.31 1096 — 3141

o Opendays, day 197.93 64.24 42 - 713

§ Calving interval ,day 487.14 76.78 387 — 742

= FCM 4%,kg 12414.39 3002.61 2909.88 — 21592.95

< g/:oor(;)blned fat and protein content in milk, 106 0.16 041—183
Calving weight, Kg 42.29 7.29 15-70
Lactation peak milk yield, kg 53.35591 8.86 13-70

o

2  Year of birth (Number = 24), season of birth (Numbe4), month of birth (Number = 12), herd size

g_ (Number = 11-99), dam parity ( Number = 6), sexritber = 2), birth type (Number = 2)
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Table 2. The most important factors affecting dgstmbtained by different feature selection methods

Method Model Factor
Greedy-Stepwise CFS-Subset-Eval Age, FCM4%, F/P, CW
Best-First CFS-Subset-Eval Age, OD, CI, CW, Peak
Genetic Search Consistency-Subset-Eval Cl, Peak, age, MP, PL, fasl,KP,FCM4%,F/P,CS,CW,0OD
Chi-Squared-Attribute-Eval Age, FCM4%, OD, sal, CI, PL, MP, fasl, KP,CS, CW, RPBak
Gain-Ratio-Attribute- Eval FCM4%, OD, Peak, F/P, CW, KP, PL, Cl, sal
Info-Gain-Attribute- Eval FCM4%, OD, F/P, CW, Peak, fasl, KP, MP,PL, CI
OneR-Attribute-Eval OD, FCM4%, F/P, Peak, CW, fasl, age, ClI
Ranker Symmetrical-Uncert-

Peak, FCM4%, OD, F/P, CW, sal, KP, CI, age, MP, P4l faS
Age, Peak, Cl, MP, fasl, F/P, PL

Attribute-Eval
Principal-Components

RelifeF-Attribute-Eval CW, Peak, FCM4%, MP, ClI, Age, fasl, KP

Age: Cow age at calving (months), Peak: Daily nyikld at the peak of lactation (kg), Cl: Calvingdntal (days), MP:
Milk period (lactation number), sal: Year of calgirfasl: Season of calving, F/P: The combined fat protein content in
milk (%), PL: Pregnancy length (days), OD: Opengdd&CM: 4% fat-corrected milk yield (kg) and caldethaccording to
the formula: FCM=0.4-ML+15-FT, where ML is real milleld in lactation (kg) and FT is fat yield (kg}S: Calf sex at
birth, KP: Type of parturition, CW: Calf weight lirth

JA8 v, 5 oolal b beaws obs -V Jgae
Table 3. Assessment of classes using J48 algorithm

Number of predicted

Method Model R MAE RMSE RAE RRSE categories
True False
Greedy-
g CFS-Subset-Eval 98.39 0.068 0.067 43.66 76.35 20220 329
Stepwise
Best-First CFS-Subset-Eval 98.48).067 0.065 42.84 74.03 20234 315
Genetic Search Consistency-Subset-Eval 98.09082 0.073 42.84 83.27 20170 379
Chi-Squared-Attribute-Eval 98.21 0.080 0.070 51.37 81.37 20182 367
Gain-Ratio-Attribute- Eval 98.20 0.081 0.076 51.09 81.28 20183 366
Info-Gain-Attribute- Eval 98.25 0.088 0.072 51.36 81.64 20180 369
OneR-Attribute Eval 98.29 0.080 0.071 51.27 81.57 20182 370
Ranker S tricl-Uncert- Attribute-
ymme Eval 88.11 0.085 0.074 54.27 84.02 20162 387
Principal-Components 98.200.086 0.075 51.27 81.57 20182 370
RelifeF-Attribute-Eval 98.22 0.083 0.074 51.51 81.90 20181 368

R: Correlation coefficient (%), MAE: Mean absoluteoer RMSE: Root mean squared error, RAE: Relative abs@rror,
RRSE: Root relative squared er
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Table 4. The assessment of classes using NB digorit

Number of predicted

Method Model R MAE RMSE RAE RRSE categories
True False
Greedy-
g CFS-Subset-Eval 98.42 0.072 0.060 42.25 68.90 20225 324
Stepwise
Best-First CFS-Subset-Eval 98.420.072 0.060 42.25 68.90 20225 324
%‘;’é“fg‘ﬁ Consistency-Subset-Eval ~ 98.810.048 0.055 30.74 62.56 20306 243
Chi-Squared-Attribute-Eval 98.71 0.052 0.057 32.28 65.29 20284 265
Gain-Ratio-Attribute- Eval 98.80 0.049 0.055 31.56 62.60 20304 245
Info-Gain-Attribute- Eva  98.78 0.049 0.054 31.31 62.19 20229 250
OneR-Attribute Eval 98.76 0.050 0.056 31.98 63.98 20296 253
Ranker Symmetricl-Uncert- Attribute-

y Eval 98.81 0.047 0.053 31.53 62.58 20307 248
Principal-Components 98.490.062 0.059 39.56 67.86 20240 309
RelifeF-Attribute-Eval 98.73 0.051 0.058 32.41 64.09 20290 259

RF 0,630 5l oolazwl b leazws b1 -0 Jgoo
Table 5. The assessment of classes using RF dlgorit
Number of predicted
Method Model R MAE RMSE RAE RRSE categories
True False
Greedy-
Stepwise CFS-Subset-Eval 98.61 0.065 0.057 41.38 64.73 20264 285
Best-First CFS-Subset-Eval 98.68.062 0.055 39.62 64.90 20278 271
C;‘;g‘fé'ﬁ Consistency-Subset-Eval ~ 98.50.072 0.059 4226 66.97 20256 293

Chi-Squared-Attribute-Eval 98.52 0.077 0.061 49.56 69.31 20245 304

Gain-Ratio-Attribute- Eval  98.51 0.078 0.061 49.72 69.31 20243 306
Info-Gain-Attribute- Eva  98.44 0.078 0.061 79.98 70 20229 320
OneR-Attribute Eval 98.55 0.079 0.060 50.38 69.10 20252 297

Ranker Symmetricl-Uncert- Attribute-

y Eval 98.53 0.077 0.060 49.24 68.95 20248 301
Principal-Components 98.540.077 0.060 49.52 68.27 20251 298
RelifeF-Attribute-Eval 98.44 0.079 0.062 50.27 70.47 20230 319
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Table 6. The accuracy of different classes of feaseglection algorithm

Evaluation method

Method Model J48 NB RF
AMS ARAE AMS ARAE AMS ARAE
Greedy-Stepwise CFS-Subset-Eval 0.016 0.022 0.015 0.001 0.013 0.002
Best-First CFS-Subset-Eval 0.015 0.002 0.018.002 0.013 0.001
%‘;g‘fé‘ﬁ Consistency-Subset-Eval 0018 0035  0.011.000 0014 0.033
Chi-Squared-Attribute-Eval 0.017 0.024 0.028 0.021 0.014 0.002
Gain-Ratio-Attribute- Eval 0.027 0.102 0.041 0.002 0.017 0.302
Info-Gain-Attribute- Eva 0.017 0.042 0.012 0.202 0.015 0.052
Ranker OneR-Attribute Eval 0.018 0.022 0.012 0.112 0.014 0.420
Symmetricl-Uncert-Attribute-Eval 0.018 0.502 0.012 0.702 0.014 0.092
Principal-Components 0.018 0.142 0.015 0.052 0.017 0.102
RelifeF-Attribute-Eval 0.017 0.047 0.012 0.202 0.015 0.002
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Abstract

Data mining explores hidden and invisible relatlips and patterns in the vast amount of data witidch
these relationships may never be revealed. Detargithe factors affecting dystocia in dairy cattkn help to
find the weaknesses of the management of the daitie industry and the resulting problems. Theesfd is
necessary to identify and manage the most impomérthe various genetic and non-genetic factorg tha
affecting dystocia. The feature selection algoritisnone of the data mining methods that can beulgethis
field. This study aimed to determine the most intgatr factors affecting the dystocia of Holsteinrdaiows
using the feature selection algorithm. The totadords were 413205, along with 14 features related t
reproductive and production record¥ata analyzed with four important methods of featselection algorithm
(Best-First, Greedy-Stepwise Genetic-search, antké&a and nine different models (CFS-Subset-EvalinG
Ratio-Attribute-Eval, etc.) to determine the masportant factors. The results showed that the geretirch
method using Naive Bayes Tree classification of fdmture selection was the most appropriate metbod
selecting the factors affecting dystocia with tbevést error rate (AMS = 0.011, ARAE = 0.001). Thesin
important factors affecting dystocia were milk puotion, dam age at parturition, parity, gestatioleaigth,
corrected milk based on 4% fat, calf sex, calf Weighe season of calving, type of calving, faptotein
percentage ratio, and open days. It is expectddithaonsidering these factors, dystocia can bebatanaged

in dairy cattle enterprises.
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