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INTRODUCTION

Abstract

A total of 75,640 test-day milk yield records of 248 Holstein cows in the first (124 heads),
second (75 heads), and third lactation (49 heads) were used as material in the study. All data
used in this study were obtained from the database of the Afikim herd management software
used on a private dairy farm. To predict 305-day adjusted milk yields (MY305) using some
partial milk yield parameters, ALM (Automatic Linear Modeling), C&RT (Classification
and Regression Tree), CHAID (Chi-square Automatic Interaction Detector), RF (Random
Forest), MARS (Multiple Adaptive Regression Splines), Bagging MARS (Bootstrap
Aggregating Multiple Adaptive Regression Splines), and BRNN (Bayesian Regularized
Neural Network) data mining algorithms were used with group five-fold cross-validation.
When all algorithms are compared in terms of 15 different prediction performance
measures, the most successful algorithms are MARS (R%dj = 0.844, RRMSE = 6.530 and
MAPE = 5.182), Bagging MARS (RAdj = 0.840, RRMSE = 6.547 and MAPE = 5.103), while
C&RT (R2adj = 0.828, RRMSE = 7.028 and MAPE = 5.542) is the most efficient tree-based
algorithm. When the model evaluation criteria, including systematic bias and limits of
agreement (LoA) among prediction performance measures, were examined together,
the prediction success of the data mining algorithms was determined as MARS, Bagging
MARS, C&RT, ALM, BRNN, CHAID, and REF, respectively. As a result, it can be stated that
75-day partial milk yield totals before peak milk yield is an important time period and an
indirect selection criterion in determining 305-day milk yield. Additionally, it can help
producers evaluate the impact of past milk yields on future cow productivity and predict
overall herd performance, thereby facilitating timely and informed decision-making.

Keywords: Bagging MARS, BRNN, C&RT, CHAID, Data mining, MARS, Milk yield,
Partial milk record, Random forest

This physiological period is defined as the lactation length
and is accepted as 305 days on average in dairy cattle 2.

Most of the total milk production in the world (about
80%) is obtained from cattle. Although the share of cattle
in total milk production varies depending on regions and
production conditions, it also constitutes a large part of
the income sources of enterprises. In Tiirkiye, most of the
milk production is obtained from cattle and approximately
92% of the milk produced is obtained from cattle. The
remaining approximately 8% is made up of sheep, goat
and buffalo milk . Milk production is the process that
starts after calving and continues until the animal is dry.

The curve showing the increasing and decreasing changes
in milk yield during this period, which is shaped by the
effects of genetic and environmental factors, is called the
“lactation curve” 23],

With good herd management, there is a rapid increase in
milk yield after birth and milk yield reaches its maximum
level (peak) within 4-6 weeks. The peak period continues
for a certain period of time and then milk production
gradually decreases at a lower rate than the postpartum
increase. But, peak yield and day to peak can vary
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depending on the genetic and herd management factors
B4, The success of the enterprises in increasing their
milk yields is primarily to keep records and to make
optimization in terms of the factors in question thanks
to these records. Using the records accurately and in
the easiest way facilitates herd management. Keeping
these records daily defines the actual lactation milk
yield. However, different lactation milk yield prediction
methods have been developed so far in order to predict
the actual lactation milk yield in terms of time and
convenience. In addition, both 305-day milk yields and
actual lactation milk yields have been estimated by using
partial lactation milk records ¢. Another importance
of estimating lactation milk yields from partial lactation
milk yields is that the animals that will not be used for
breeding in the herd are not kept waiting until the first
lactation milk yields are determined and the necessary
labor force is disabled by eliminating the care and feeding
costs to be applied to them. In addition, it is also possible
to eliminate the risks of health protection measures
(vaccination and disease etc.) of these animals. In other
words, estimating the lactation yields of animals based on
partial milk yield records enables indirect selection, which
can shorten the generation interval by approximately one
year. With this application in herd management, selection
efficiency is increased. In brief, because milk yield is a
quantitative trait, it is easily affected by environmental
factors. Therefore, unlike past production approaches,
modern dairy producers tend to identify and intervene
in the factors affecting milk yield as quickly as possible.
This necessitates analyzing and interpreting shorter
timeframes and optimizing production processes to
ensure sustainability in a competitive market.

Today, alongside the advancement of artificial intelligence
technologies, digital tools and systems such as Smaxtech
technology ' that incorporate these algorithms have
increasingly found their place in animal husbandry.
Therefore, it is important to develop alternative calculation
methods to the classical methods used in the calculation
of lactation milk yields. Numerous prediction models have
taken their place in the literature in terms of determining
the traits that have been emphasized until today and
evaluating them in animal breeding >*%. Classical
regression methods and traditional lactation curve
models require certain preconditions, such as linearity,
exogeneity, heteroskedasticity, and autocorrelation.
However, data mining algorithm applications can model
nonlinear and complex interactions in the data structure
without any preconditions. In recent years, studies on data
mining have been carried out in many livestock breeding
areas because they have some advantages due to practical,
accurate, successful, and appropriate fit criteria as well
as the ability to use larger data sets; prediction of end-

of-fattening body weight ), determination of mastitis
with thermal camera '), body weight prediction in goats
1 body weight prediction in sheep %, prediction of
body measurements in camels ¥, prediction of body
weight from some body measurements of cattle during
growth and development ', prediction of body weight
by biometric measurements *), prediction of milk yield
il and honey yield and quality "”'8 were used. Although
classical statistical methods are still widely used across
various fields, they may fall short when it comes to
analyzing large and complex datasets, especially with the
rapid advancement of technology. In this context, data
mining algorithms have gained prominence, as they are
capable of effectively analyzing datasets that traditional
statistical methods cannot handle 1],

This study aimed to evaluate of 305-day adjusted milk
yields (MY, ) predictions using the total and mean of
pre-peak 15, 30, 45, 60, and 75-day partial milk yields in
different Lactation Number (LN) 248 Holstein cows via
some data mining algorithms such as Automatic Linear
Modeling (ALM), Classification and Regression Tree
(C&RT), Chi-squared Automatic Interaction Detector
(CHAID), Random Forest (RF), Multiple Adaptive
Regression Splines (MARS), Bootstrap Aggregating
Multiple Adaptive Regression Splines (Bagging MARS)
and Bayesian regularized neural network (BRNN).

MATERIAL AND METHODS
Experimental Animals

The animal material of the study consisted of a total of
75,640 test-day milk yield records of 248 Holstein cows
(mean LMY305=8,765 /. and mean days to peak milk
yield=68 days) in the first (124 heads), second (75 heads),
and third lactation (49 heads) of a private dairy farm in
the Ilgin district of Konya province. All data used in the
study were obtained from the database of the Afikim herd
management software (AfiFarm v. 3.0) used at the farm.
The farm used an 8x2 herringbone milking system and
milking was done twice a day. In order to standardize milk
yields to a 305-day lactation basis for cows with days in
milk shorter or longer than 305 days, the correction factors
recommended by Akman and Eli¢in ?” were applied.

Prediction Methods

In this study, three regression tree-based algorithms
(C&RT, CHAID, and RF) and four different data mining
algorithms (ALM, MARS, Bagging MARS, and BRNN)
were employed.

ALM Algorithm

The ALM algorithm, implemented as an Automated Linear
Modeling procedure, is used in multiple regression analysis
and data mining to determine the most suitable linear
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model by automatically selecting a subset of predictors
when a large number of independent variables are available.
By automating variable selection and model optimization,
the ALM algorithm facilitates the model-building process
and can improve predictive performance 1!,

C&RT Algorithm

C&RT algorithm, developed by Breiman et al.*?], is one
of the most widely used decision tree algorithms. This
algorithm utilizes a binary tree structure, where each
node results in only two branches. The C&RT algorithm
builds a classification model when the dependent variable
is categorical and a regression model when the dependent
variable is continuous. It generally uses the Gini index as
the branching criterion . The Gini index measures how
effectively a node in a decision tree separates individuals
into different classes. This metric ranges from 0 to 1,
where 0 indicates perfect separation, representing a
completely homogeneous (pure) group, and 1 represents
complete heterogeneity. The lower the Gini index, the
more homogeneous the node is 2224,

CHAID Algorithm

Chi-squared Automatic Interaction Detector (CHAID)
algorithm, introduced to the literature by Kass %, is
a tree-based method that constructs decision trees by
employing the chi-square statistic to achieve optimal
splits. The split decisions are made based on Bonferroni-
adjusted p-values. One of the key characteristics of the
CHAID algorithm is its ability to handle categorical and
ordinal variables, as well as variables with missing data.
Furthermore, as a non-parametric method that does
not rely on linear assumptions, CHAID is particularly
effective in multidimensional datasets ?°, Unlike C&RT,
this algorithm allows for more than two branches to
emerge from a single node 172%,

RF Algorithm

RF algorithm, developed by Breiman ), is widely used for
both classification and regression problems. It combines
the predictions of multiple decision trees to obtain a single
aggregated result. The fundamental difference between
the RF algorithm and a single decision tree algorithm
lies in the randomization of the processes involved in
bootstrap sampling and in selecting a random subset of
predictors at each split 1°°),

MARS Algorithm

The MARS algorithm, developed by Friedman P!, is
a non-parametric regression method that identifies
the relationship between dependent and independent
variables. Through a stepwise process, it generates basis
functions by considering candidate knots and potential
interaction terms !"*.. These basis functions are typically

defined as piecewise linear functions and are chosen in
such a way as to minimize the error variance at each step.
Moreover, MARS is capable of modeling interactions
among predictors by including interaction terms in the
model #2331,

Bagging MARS Algorithm

The Bagging MARS algorithm is a method that combines
Multivariate Adaptive Regression Splines (MARS)
with the Bootstrap Aggregating (Bagging) technique.
The primary objective of this method is to improve
the accuracy of the final model by modeling nonlinear
relationships in regression analysis, while also addressing
the issue of overfitting. Bagging MARS generates multiple
MARS models, each trained on different bootstrap
samples, and aggregates their predictions. This approach,
particularly effective with high-dimensional and complex
data, reduces overfitting while simultaneously enhancing
the model’s generalization ability, thus leading to more
reliable results %],

BRNN Algorithm

The Bayesian Regularized Neural Network (BRNN)
algorithm is a method used to model complex relationships
within data, combining artificial neural networks (ANNs)
with Bayesian regularization techniques. This approach
regulates thelearning process by assigning prior probability
distributions to the network weights, thereby providing
better generalization in both regression and classification
tasks. Additionally, it reduces overfitting and delivers
effective results, especially with noisy datasets. Compared
to other methods, BRNN has proven highly reliable in
improving neural network performance, particularly with
complex and nonlinear datasets ).

Prediction Performance Evaluation Criteria of Data
Mining Algorithms

The prediction performance criteria of the algorithms
used in the study are presented in Table I.

In evaluating the predictive performance of the algorithms,
smaller values are expected for Akaike’s Information
Criterion (AIC), corrected Akaikes Information
Criterion (AICC), mean error (ME), mean absolute
percentage error (MAPE), mean relative approximation
error (MRAE), mean absolute deviation (MAD), global
relative approximation error (RAE), standard deviation
ratio (SDratio), root mean square error (RMSE), and
relative root mean square error (RRMSE). In contrast,
the coefficient of determination (R?) and the adjusted
coefficient of determination (Adj. R?) should take values
close to 1 ¥7%1. Also, Bland-Altman analysis was used to
determine the systematic bias and limits of agreement
(LoA) between the predictions of data mining algorithms
and the 305-day adjusted milk yield.
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Table 1. Performance criteria and formulae of the algorithms

Performance Criteria
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Statistical Analysis

In the study, a total of seven different data mining
algorithms were used, three of which were regression

tree-based. Differences among the means of the lactation
number (LN) levels for the traits considered in the study
were tested using one-way ANOVA. Additionally, the
Tukey HSD test was used to identify which LN levels
differed significantly. Also, the differences between
the 305-day adjusted milk yield and the predictions
of each data mining algorithm were compared using a
paired t-test. All analyses followed a group 5-fold cross-
validation procedure using an individual animal-based
strategy rather than an observation-based one. The ALM,
C&RT and CHAID algorithms were performed using
IBM SPSS Statistics (v23) . In the C&RT and CHAID
regression tree algorithms, the minimum parent node size
was set to 10 and the minimum child node size to 5. In the
RF algorithm, the number of trees (ntree) and mtry were
set to 100 and 5, respectively, using the ‘randomForest
(v4.7.1.1)’ package in R "2, For the MARS and Bagging
MARS algorithms, the ‘caret (v6.0.94), ‘earth (v5.3.4),
and ‘mda (v0.5-5)" R packages were used, while the
‘brnn (v0.9.0)’ package was used to predict MY305 using
the BRNN algorithm with three neurons and a tangent
hyperbolic activation function (-], Finally, the R package
‘ehaGoF (v0.1.1)" was used to calculate the goodness-of-
fit criteria . Furthermore, a Bland-Altman analysis was
conducted at 95% confidence intervals to evaluate the
statistical agreement between data mining algorithms and
305-day adjusted milk yield predictions.

RESULTS
In the present study, some descriptive statistics of partial
total (PART , PART, , PART, PART_, PART ) and mean

traits of Holstein cows in the first (124 heads), second (75
heads), and third lactation (49 heads) before peak milk
yield are presented in Table 2.

According to Table 2, it is evident that as the number of
lactation increases, both total milk yield and partial period
milk yields rise significantly (p<0.01). It is an anticipated
trend in dairy production that, with increasing LN, the
milk yield potential of cows improves until adulthood.
Average milk yields follow the same trend, reaching
their highest levels particularly in the third lactation.
This increase can be attributed to the improvement of
cows’ physiological capacity with age and the enhanced
efficiency of mammary tissue function. Furthermore, the
lower coefficient of variation (CV) observed in the third
lactation indicates that milk yields are more homogeneous
at this stage. Therefore, cows in their third lactation not
only achieve higher but also more stable milk production.

C&RT Algorithm

The regression tree diagram of the C&RT algorithm with
group 5-fold cross-validation and MY, . prediction is
given in Fig. 1.

305
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Table 2. Descriptive statistics of partial total and average milk yields of Holstein cows in different lactations

Variables IN | N Min Max XS, S, CV p-value
1 124 5345.00 11260.00 7552.00£100.00¢ 1118.00 14.81

MYs 2 75 5917.00 11577.00 9115.00+138.00" 1199.00 13.15 <0.000**
3 49 7891.00 12360.00 9627.00+£146.00* 1021.00 10.61

PART , 1 124 165.90 557.40 313.76+5.75¢ 64.02 20.40

N <0.000**

2 75 172.40 586.70 423.2749.58 83.00 19.61
3 49 291.10 611.00 462.20+10.30* 72.20 15.61
1 124 11.06 37.16 20.92+0.38¢ 4.27 20.40

PARTM,_
2 75 11.49 39.11 28.22+0.64° 5.53 19.61 <0.000**
3 49 19.41 40.73 30.81+0.69* 4.81 15.61
1 124 396.90 1186.00 686.20+11.70¢ 129.90 18.92

PART,, <0.000**
2 75 451.20 1299.30 948.80+19.10° 165.00 17.39 :
3 49 667.50 1370.30 1037.40+21.504 150.70 14.53
1 124 13.23 39.53 22.87+0.39¢ 4.33 18.92

PARTM,,
2 75 15.04 43.31 31.63+0.64° 5.50 17.39 <0.000**
3 49 22.25 45.68 34.58+0.724 5.02 14.53
1 124 661.90 1803.00 1092.30+17.20¢ 192.10 17.58

PART,, <0.000**
2 75 770.50 2039.50 1502.00+27.50® 238.50 15.88 ’
3 49 1114.80 2172.30 1643.00+32.404 226.70 13.80
1 124 14.71 40.07 24.27+0.38¢ 4.27 17.58

PARTM,,
2 75 17.12 45.32 33.38+0.61° 5.30 15.88 <0.000**
3 49 24.77 48.27 36.51+0.724 5.04 13.80
1 124 946.40 2457.00 1514.70+22.60¢ 251.70 16.62

PART,,
2 75 1096.20 2680.00 2049.50+35.50% 307.50 15.00 <0.000**
3 49 1627.20 2894.80 2243.90+41.40% 289.70 12.91
1 124 15.77 40.95 25.25+0.38°¢ 4.20 16.62

PARTM,,
2 75 18.27 44.67 34.16+0.59° 5.13 15.00 <0.000**
3 49 27.12 48.25 37.40+0.69* 4.83 12.91
1 124 1257.00 3091.60 1935.70+27.50¢ 305.90 15.80

PART,,
2 75 1438.10 3311.20 2583.40+43.20° 374.30 14.49 <0.000**
3 49 2185.10 3588.90 2830.90+48.50* 339.40 11.99
1 124 16.76 41.22 25.81+0.37¢ 4.08 15.80

PARTM,_
2 75 19.18 44.15 34.45+0.58"° 4.99 14.49 <0.000**
3 49 29.14 47.85 37.75+0.65* 4.53 11.99

"(P<0.01; A, B, C; LN: Lactation Number; MY, .: 305-day milk yield; PART: Partial milk total; PARTM: Partial milk mean

The C&RT algorithm generated a total of 24 homogeneous
subsets and 5 main branches for the MY , prediction. The
most important independent variables are the partial sum
PART , PART , PART, and PART ,, respectively. In the
prediction model, partial milk yield means and PART,
variables were eliminated by the algorithm because they
were not effectivein MY, , prediction. When the regression
tree diagram is carefully analyzed, it is determined that
the most important independent variable in MY,

prediction is PART. .. Because 7 of the 12 branches in the
tree diagram belong to the PART, feature. In other words,
the independent variable PART._ contributes more to the
MY, prediction than other variables.

The root node (Node 0) is branched into less (Node 1)
and more (Node 2) than 2367.75 | of PART,, feature.
It was estimated that if the total milk yield (PART.,) of
lactating animals in the first 75 days was less than 2367.75
I,7436.818 [, and if it was more than 2367.75 [, the animals
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Fig 1. Classification tree diagrams constructed by C&RT for MY

305

(Group cross-validation 5 parent 10 child node 5)

would reach a milk yield of 9706.991 I. In the regression
diagram, the highest MY, prediction occurred at node
24. If the total milk yield in the first 15 days of lactation
(PART ) was lower than 477 [ and the total milk yield in
the first 75 days (PART.,) was higher than 2796.70 1, it was
predicted to reach 10195.129 I milk yield after 305 days
(Node 24). The lowest MY, . was estimated as 6303.508
[ when total milk yield in the first 75 days (PART.,) was
lower than 1620.70 [ (Node 7).

MARS Algorithm

MY, , the parameter results of the model obtained using
the MARS algorithm are given in Table 3.

In the MY, . MARS algorithm prediction equation, PART,,
LN,, PART , PARTM ,, PARTM ,, PARTM,,, PARTM,,,
PART  and PARTM_ independent variables and 12 basis
functions were used. The MARS algorithm does not use a
single variable as the main variable but uses binary and triple
interactions. In the MARS prediction equation, the basis
functions BF,, BF, BF,, BF, and BF , contributed positively

Table 3. MARS algorithm prediction equation of MY,

[Functions [Terms Coefficients
BE, Intercept 8930.00
BF, max(0, PART,, - 2536) x LN, -1.180
BF, max(0, 546 - PART ) x max(0, PARTM, - 31.3) -5.650
BE, max(0, 546 - PART, ) x max(0, 25.9 - PARTM_ )|  -4.270
BF, max(0, 25.1 - PARTM, ) x max(0, 2536 - PART )|  +0.425
BF, max(0, PART, - 1219) x max(0, PARTM, - 31.8)|  -0.314
BE, max(0, PART, - 1219) x max(0, 31.8 - PARTM, ) |  +1.250
BF, max(0, PART, -1219) x max(0, PART,, - 2404) | +0.00646
BF, max(0, PART, - 1219) x max(0, 2404 - PART,)| -0.0262
B, }r(rl;};(}(()(,o)Z;Sls—él)_AIil;\’/Irz)) x max(0, PART, - 1327) +0.00757
R Y T R T




Kafkas Univ Vet Fak Derg

7

SAHIN, ALBAYRAK DELIALIOGLU,
CINI AYTEKIN, ALTAY

to MY, , while the remaining basis functions had a negative
effect. For the MARS algorithm to work, the basis functions
must take values within the range of the specified constraints.
Otherwise, it does not affect the dependent variable (MY305)
and can be considered as a zero contribution. As can be seen
from Table 3, the MARS algorithm, in the BF1 function
(Intercept), predicted the MY305 milk yield to be 8930 [ if
other functions were not working. In BF2, it was predicted
that the MY305 milk yield would decrease if the total milk
yield of animals in their third lactation was less than 2536
lin the first 75 days. A total milk yields greater than 2536
[ 'in the first 75 days of animals in their third lactation can
be considered an indirect selection criterion for the MY305
trait. Since the regression coefficient in BF3 is negative
(-5.650), regardless of the number of lactation, it is desired
that the total milk yield of animals in the first 15 days be
greater than 546 [, while the average milk yield in the first 15
days is expected to be greater than 31.3 I. The cutoff points
determined for total and average milk yields in the first 15
days for dairy cows can be used as practical information
in herd management and feeding. In short, the MARS
algorithm prediction equation of MY305 (Table 3) was given
that the product of the coefficient and the related variables

indicates the contribution of that term to the estimated milk
yield. To avoid the complexity of the MARS algorithm model
and to make it more understandable, the MY, , estimate is
made in Table 4 using the independent variables of a random
dairy cow in the dataset. The independent variables of the
randomly selected 3 lactation (LN,) dairy cattle were
PART =442.70 I, PART,=979.60 I, PART =1514.70 I,
PART, =2086.50 I, PART, =2696.50 | and PARTM _=29.51
I, PARTM, =32.65 I, PARTM, =33.66 |, PARTM_=34.78 |,
and PARTM_=35.95 [, respectively. Accordingly, the MARS
algorithm MY, prediction calculation process details are
given in Table 4.

While the MY, of the dairy cattle randomly selected from
the data set was 9799.92 [ in reality, it was estimated as
9568.05 liters as a result of the MARS algorithm. In making
this prediction, it was found that the MARS algorithm made
predictions using only BF , BF, BF, and BF, basis functions.

Variable Importance Results of Data Mining
Algorithms

Table 5 shows the sensitivity analysis results for each
data mining algorithm in order to predict the variable
importance values of the independent variables of MY, .

Table 4. MARS algorithm prediction of MY _ of a random dairy cattle selected from dataset
Functions Algorithm Terms and Calculations Coefficients Contribution to MY, ,
BE' Intercept 8930.00 8930.00
. (0, PART,_-2536) * LN, . ~
BE, (0, 2696.50 - 2536) * 1 = 160.50*1 = 160.50 1.180 1.1807160.50= - 189.39
(0, 546 - PART ) * (0, PARTM,, - 31.3) .
BE, (0, 546 - 442.70) * (0, 25.84 — 29.51) = 103.300 = 0 - 3650 - 5:65070=0
(0, 546 - PART ) * (0,25.9 - PARTM. ) o
BE, (0, 546 - 442.70) * (0, 25.9 - 35.95) = 103.30*0 = 0 - 4270 - 4.270°0=0
(0, 25.1 - PARTM, ) * (0, 2536 - PART) .
BE; (0, 25.1 - 33.66) * (0, 2536 - 2696.50) = 0%0 = 0 +0.425 +0.42570=0
. (0, PART, - 1219) * (0, PARTM, - 31.8) . _
BE, (0, 2086.50 - 1219) * (0, 34.78 - 31.8) = 867.50*2.98 = 2585.15 -0:314 - 0.31472585.15 = - 811.74
(0, PART, - 1219) * (0, 31.8 - PARTM, ) o
BE, (0, 2086.50 - 1219) * (0, 31.8 - 34.78) = 867.50*0 = 0 1250 +1250°0=0
. (0, PART, -1219) * (0, PART,, - 2404) . ~
BE, (0, 2086.50 - 1219) * (0, 2696.50 - 2404) = 867.50*292.50 = 253743.75 +0.00646 + 0.006467253743.75= +1639.18
(0, PART,, - 1219) * (0, 2404 - PART,) o
BE, (0, 2086.50 - 1219) * (0, 2404 - 2696.50) = 867.50 * 0 = 0 - 0.0262 -0.026270 =0
(0, 546 - PART ) * (0, 31.3 - PARTM ) * (0, 1522 - PART, )
BF (0, 546 — 442.70) * (0,31.3 - 29.51) * (0, 1522 - 2086.50) = +0.00127 +0.00127*0 =0
103.30*1.79*0 = 0
(0, 25.1- PARTM, ) * (0, PART, - 1327) * (0, 2536 - PART )
BE | (0, 25.1- 33.66) * (0, 2086.50 - 1327) * (0, 2536 — 2696.50) = +0.00757 +0.00757*0 = 0
0*759.50*0 = 0
(0, 25.1- PARTM, ) * (0, 2536 - PART,) * (0, PARTM, _ - 22.8)
BF , (0, 25.1- 33.66) * (0, 2536 - 2696.50) * (0, 35.95 - 22.8) = 0*0*13.15 = - 0.493 -0.493*0=0
0
Prediction | = 8930.00 - 189.39 - 811.74 + 1639.18 = 9568.05
* The basic functions and operations used in MY, prediction calculation were given in bold
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In MY, ,, PART., independent variable had the highest
relative importance value in ALM (61.90%) algorithm,
followed by MARS (41.49%) and BRNN (12.34%)
algorithms. In PARTM,  independent variable, Bagging
had the highest relative importance value with MARS
(28.87%), while RF (14.21%) algorithm had the highest
relative importance value in PARTM,.. In addition,
the highest and lowest percentages of the independent
variables included in the model of ALM, RF, MARS,
Bagging MARS and BRNN algorithms used in the

current study were 61.90-5.30%, 14.21-5.21%, 41.49-
3.19%, 28.87-0.01% and 12.34-6.79%, respectively. ALM
(PART _, PARTM , PART, , PARTM, , PART,, PARTM,
and PARTM.,), MARS (PART,, PARTM,, PART,, and
PARTM,,), and BRNN algorithm (LN) independent
variables were included in the model, while all independent
variables were included in the model in RF and Bagging
MARS algorithms.

Prediction Performances of Data Mining Algorithms

The performance criteria values of data mining algorithms

Table 5. Variable importance of data mining algorithms are Presented in Table 6.
Variables | ALM RE | MARS | BaggingMARS | BRNN |  The difference between the 305-day adjusted milk yield
PART _ 0.00% | 10.35% | 3.19% 3.86% 6.79% and the predictions of the data mining algorithms was
PARTM, | 0.00% | 7.62% | 4.63% 0.26% 6.79% found to be statistically nonsignificant (P>0.05). According
PART, il =0T Iey— — o to Table 6, we found that MARS, Bagging MARS, C&RT,
PARTM, | 0.00% | 62% | 0:00% 28879 013% ALM', BRNN', CHAID, and RF .were the data mining
algorithms with the best prediction performance when
AL oLl B O A MU we combined the model evaluation criteria, which include
PARTM,, | 0.00% | 6.87% | 0.00% etk 1031% | systematic bias and limits of agreement (LoA) among
PART 32.80% | 10.91% | 32.34% 19.19% 11.43% |  prediction performance indicators. When all algorithms
PARTM,, 0.00% | 11.50% | 9.46% 0.32% 11.43% are compared, the results obtained from the MARS
PART,, 61.90% | 14.16% | 41.49% ST 12349 | algorithm of the. alg.oritl.lm with the best crite.:ria in ter.m.s of
PARTM,, | 000% | 1421% | 424% 0% 12340 performance criteria; high Pearson correlation coefficient
(0.92), R* (85.3%), R2adj (84.4%), low MAPE (5.18%), SD
N >30% | 613% | 465% 0.01% 000% | ratio (0.38), RMSE (550.75), RAE (0. 004), CV (6.54%)
Table 6. Predictive performance of data mining algorithms
Model Performance Criteria ALM C&RT CHAID RF MARS Bagging MARS BRNN
RMSE 593.408 592.790 675.514 734.114 550.754 552.227 595.225
RRMSE 7.035 7.028 8.009 8.704 6.530 6.547 7.057
SDR 0.413 0.413 0.471 0.511 0.384 0.385 0.415
cv 7.050 7.040 8.030 8.720 6.540 6.560 7.070
r 0.911 0.911 0.882 0.860 0.923 0.923 0.910
PI 3.682 3.678 4.255 4.680 3.395 3.404 3.695
Bias (ME) -1.782 -0.001 0.000 4.150 0.000 2.832 -1.645
RAE 0.005 0.005 0.006 0.007 0.004 0.004 0.005
MRAE 0.004 0.004 0.005 0.005 0.004 0.004 0.004
MAPE 5.680 5.542 6.530 6.924 5.182 5.103 5.730
MAD 469.352 453.917 537.991 570.093 427.008 421.737 472.576
R 0.829 0.829 0.779 0.738 0.853 0.852 0.828
R, 0.828 0.828 0.777 0.738 0.844 0.840 0.828
AIC 3171.398 3170.881 3235.675 3272.937 3158.399 3167.724 3168.914
AIC, 3171.447 3170.930 3235.724 3272.937 3160.202 3170.711 3168.914
LoA +1163.08 +1161.87 +1324.01 +1438.86 +1079.48 +1082.36 +1166.64
P-value 0.962 0.999 1.000 0.929 1.000 0.936 0.965
RMSE; Root mean square error, RRMSE; Relative root mean square error, SDR; Standard deviation ratio, CV; Coefficient of variation, r; Pearson’s correlation coefficients, PI;
Performance index, ME; Mean error; RAE, Relative approximation error, MRAE; Mean relative approximation error, MAPE; Mean absolute percentage error; MAD; Mean absolute
deviation, R*; Coefficient of determination, R* ; Adjusted coefficient of determination, AICc; Akaike’s information criterion, CAl ; Corrected Akaike’s information criterion, LoA;
Lower-Upper limits of agreement
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Prediction of 305-day Adjusted Milk Yield
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Fig 2. Bland-Altman statistical limits of agreement (LoA) for 305-day adjusted milk yield prediction by data mining algorithms

and AIC (3158.39), while the Bagging MARS algorithm
with the second best performance criteria was found as
high Pearson correlation coefficient (0.92), R?* (85.2%),
R2aldj (84.00%), low MAPE (5.10%), SD ratio (0.38), RMSE
(552.22), RAE (0.004), CV (6.56%) and AIC (3167.72). In
addition, the best performing tree algorithm is the C&RT
algorithm with performance criteria of 0.91, 82.9%, 82.8%,
5.54%, 0.41, 592.79, 0.005, 7.04% and 3170.88 in the same
order. These algorithms were followed by ALM, BRNN,
CHAID and RF algorithms in terms of performance
criteria.

The Bland-Altman statistical (LoA) for 305-day adjusted
milk yield estimation using data mining algorithms are
given in Fig. 2.

In predicting adjusted milk yield over 305 days, the MARS,
CHAID, and C&RT algorithms were found to provide
unbiased predictions as they were quite close to the zero
point. The Bagging MARS and RF algorithms exhibited
low positive bias, while the ALM and BRNN algorithms
showed negative bias. When data mining algorithms were
evaluated based on their prediction precision, the 95%
confidence interval was found to be as follows: MARS,
Bagging MARS, C&RT, ALM, BRNN, CHAID, and RE.

Di1sCUSSION

Traditional methods for predicting milk yield are widely
used in the literature *¢. Nowadays, studies are being
focused on different algorithms other than traditional
milk yield methods, but they are still limited. Studies
evaluating the efficacy of novel methodologies in animal
husbandry are currently insufficient. Traditional lactation
curve models are defined by mathematical functions such
as constant, exponential or gamma. These models are
successful in plotting the average curve at the population

level. However, they lack flexibility in capturing individual
variations at the onset of lactation, abrupt peak deviations,
and irregularities due to environmental factors. High
variance and stochastic variations at the onset of lactation,
which classical regression models cannot explain, can
be predicted with a lower margin of error (RMSE) using
machinelearningalgorithms*”.. However, these innovative
approaches, which can replace complex traditional models,
may play a crucial role in preventing anomalies in animal
care and feeding management. For instance, continuous
monitoring of milk yield at the individual or herd level not
only provides detailed insights into health and nutritional
requirements but also establishes a robust data foundation
that supports decisions regarding culling or selection.
Researchers are working intensively on algorithms with
high predictive power that will help breeders make early
and rapid decisions in herd management.

Salehi et al.*® employed conventional artificial neural
networks (ANNs) to classify monthly milk yield records
into two categories such as high yield (29000 kg) and
low yield (<9000 kg). The study compared two distinct
classifier models one trained on records spanning the entire
yield range, and another trained exclusively on records
concentrated around the 9000 kg threshold. The results
demonstrated that the classifier trained on threshold-
specific records achieved markedly higher accuracy
(99.7%) compared with the general classifier (92.3%).
Grzesiak et al.*”), in the study of MY305 prediction using
partial lactation records, examined the artificial neural
networks (ANN) and multiple linear regression (MLR)
model for cows in their 1st, 2nd or 3rd lactation and
lactation duration not less than 200 days. They found that
R? = 0.87 for MLR and R? = 0.85 for the test set, and the
partial regression coefficients were significant at P<0.01.
The mean prediction error (MEP) for 305-day lactation
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yield was determined as MLR (7.4%) and ANN (6.9%),
and the mean milk yield for 305-day lactation predicted
by ANN was 13.12 [ lower than the mean actual yield of 49
control cows, while the mean difference in MLR was -91.33
I. The same researchers reported that the predictions made
by neural network or multiple regression model were
not different from the values predicted by the current
traditional evaluation system (p>0.05). Sharma et al.*
used an artificial neural network (ANN) to predict first
lactation 305-day milk yield using partial lactation records
of Karan Fries crossbred dairy cattle and reported that the
best training algorithm was the ‘Levenberg-Marquardt
algorithm with Bayesian adjustment, which achieved more
than 92% prediction accuracy, which was comparatively
higher than the traditional MLR model. Eyduran et al.!'!
evaluated the relationship between 305-day milk yield and
various environmental factors (calving season, calving
year, number of births, calving interval, and dry period) of
645 head Brown Swiss cattle from 1884 lactation records
using the Regression Tree method. They found that year
of calving was statistically the most effective factor on
305-day milk yield of Brown Swiss cattle, followed by
parity and calving interval in the regression tree diagram
(P<0.01). As a result, they reported that among the cows,
those with more than 352 calving intervals had higher
yields with an average of 3629.345 | and cows with more
than 2 parities had higher yields than cows with 1 and 2
parities. Akilli and Atil " in their study titled evaluation
of normalization techniques on artificial neural networks
for prediction of 305-day milk yield in Holstein Friesen
cows, comparatively tested eight normalization techniques
and five different back propagation algorithms. They
reported that the Bayesian Regularization algorithm and
the Decimal Scaling normalization technique had the best
performance (R*Adj = 0.8181, RMSE = 0.0068, MAPE =
160.42 for the test set; R*Adj = 0.8141, RMSE = 0.0067,
MAPE = 114.12 for the validation set). Usman et al. %
compared the performance of three different artificial
neural network algorithms for the prediction of 305-day
milk yield in the first lactation of 1092 head of Vrindavani
crossbred cattle and used two different input sets in the
analysis to predict milk yield. For the first input set, the
R? values of Bayesian Regularization (BR), Levenberg
Marquardt (LM) and Scaled Conjugate Gradient (SCG)
algorithms were found to be 79.89%, 73.65% and 74.65%
respectively, while the lowest RMSE values were 16.89,
20.52 and 20.45 respectively. For the second input set-2,
the R* values of BR, LM and SCG algorithms were found
to be 82.67%, 74.22% and 76.69% respectively, while the
lowest RMSE values were reported as 14.45%, 17.45% and
16.56% respectively. As a result, they emphasized that BR
algorithm can be used to predict 305-day milk yield in
the first lactation in crossbred cattle since it shows higher
accuracy than LM and SCG algorithms. Geng and Mendes

@1l reported that the most influential factors affecting 305-
day milk yield were breed, lactation period, province,
and parity. They found that the Automated Linear Model
(ALM) achieved an accuracy rate of 64.2%. Furthermore,
they emphasized that the ALM approach was particularly
effective in identifying the determinants of the outcome
variable, especially when dealing with large and complex
datasets containing numerous predictors. Boga 1 used
MARS and Bagging MARS algorithms to create a lactation
model for 305-day milk yield in dairy cattle. The prediction
performance values for the Mars algorithm were r (0.988),
R? (96.8%), Adj- R? (96.8%), low MAPE (1.374%), SD
ratio (0.178), RMSE (10.204) and AIC (143. 073), while
Bagging MARS algorithm had r (0.762), R* (43.6%), Adj-
R? (43.5%), low MAPE (4.515%), SD ratio (0.751), RMSE
(7.364) and AIC (735.927). The researcher reported that
the MARS algorithm gave better results in modeling milk
yield for 305-day lactation. Liseune et al.** suggested a
model to predict the entire lactation curve of dairy cows
by leveraging historical lactation milk yield information
observed in the preceding cycle by using deep learning.
They concluded that the ANN model, in addition to herd
statistics, can predict the entire lactation curve of a cow in
the next cycle by using the cow’s past milk yield sequence
and reproductive and health events from the previous
cycle. This advantage of these algorithms also highlights
their current applicability in herd management programs.
Boga et al.'¥ investigated seasonal milk yield predictions
using MARS algorithm in 157 head Holstein cross breeds.
The three threshold values determined in the model were
number of days milked (159 days), age (39.6 months), and
peakyield (37.1kg). They also determined that the number
of days milked, average seven-day milk yield and lactation
number are the most important variables in determining
the prediction equation, and the most appropriate value
for the prediction equation of the dependent variables is
the winter milk yield variable.

In conclusion, in the studies conducted, the differences in
the results of calculating or estimating real milk yields in
both data mining and traditional methods vary depending
on the size of the data used and the methods. However,
in model comparisons, the criteria for the goodness of
fit of RMSE, RRMSE, RAE, CV, MRAE, MAPE, SDR,
and MAD should generally be very close to 0 and the
closeness of r, R*» and AdjR? values to 1 should be taken
into account. In this respect, comparisons should be made
and the most appropriate algorithm and model should be
selected. Furthermore, the bias and precision of algorithm
predictions mustalsobe considered. Among thealgorithms
considered in the study, it can be said that the MARS and
Bagging MARS algorithms were more preferable than
the others. MARS and Bagging MARS algorithms can
be integrated into existing herd management systems to
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overcome their complexities. Some herd management
systems already have simple regression-based predictions
in their software. Integrating these models into decision
support tools within herd management software used in
farms can support early decision-making mechanisms
in herd management programs such as maintenance and
feeding, thereby increasing dairy farm profitability. To the
best of our knowledge, there are only a limited number
of studies in the literature that employ algorithms based
on partial lactation records, and this study represents the
first to use such algorithms with partial lactation data.
These findings may help producers assess the impact
of historical milk yields on future cow productivity and
predict overall herd performance, thereby facilitating
timely and informed decision-making. Briefly, by using
these algorithms in herd management, early culling of
cows from the herd could facilitate the rapid integration
of genetically superior individuals, thereby supporting
increased productivity and offering the potential to
enhance the herd’s average performance. Furthermore,
this practice accelerates genetic progress, too.
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