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Abstract:

Milk yield is a vital issue of concern in dairy cows. Hence, accurate
milk production prediction is critical for improving dairy farm
management and profitability. The purpose of this study was to
examine the feasibility of applying ordinal logistic regression (OLR)
to classify and predict milk production in Friesian cows into low
(4500 kg), moderate (4500-7500 kg), and high (>7500 kg) classes.
The data includes 3793 lactation records from dairy cows calved
between 2009 and 2020 in order to investigate a number of
explanatory variables, including the 305-day milk yield (305-MY),
age at first calving (AFC), calving interval (ClI), calving season
(CFS), days open (DO), days in milk (DIM), dry period (DP),
lactation order (LO), and number of services per conception (SPC).
Significant determinants impacting yield were found, with varying
impacts across different yield classes. The results suggested that LO,
DIM, and 305-MY were the most significant parameters (P < 0.05)
influencing data categorization. The OLR model demonstrated
satisfactory fit in predicting milk yield categories, as it showed
considerable accuracy (56%) and an area under curve equal to 0.69.
In conclusion, the ordinal logistic regression demonstrated to be an
effective method for modeling milk production as an ordinal
parameter. The model's results provide insights into the complex
interaction of factors influencing milk output, directing management
strategies for optimal production.
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Introduction

Milk production is the most
attractive trait of dairy cows, and it
keeps attracting the interest of
researchers worldwide (Garamu,
2019). According to FAO (2023),
Egypt produced about 5.2 million
tons of milk in 2022. Friesian cows
were renowned for their exceptional
milk yield ability and form the
foundation of many dairy farms.
However, optimizing their
productivity requires a thorough
understanding of the complex
interaction of factors impacting
milk yield. Genetics, as well as
environmental variables such as
age, breed, season, lactation
duration, calving interval, parity,
stage of lactation, and days open, all
impact dairy cow milk yield
(Susanto et al., 2019). Hence,
predicting and assessing milk
production is crucial in the dairy
sector for breeding and herd
management evaluations to make
strategic choices. Many
mathematical methods were widely
used to anticipate dairy milk
production. However, due to the
expanding database of animal
records and advances in farm
management software, new
approaches were developed to
handle more complex forms and
include more input factors (Zhang
et al., 2018).

There have been a lot of studies in
the health and medical sciences

over the last 30 years that
commonly used ordered categorical
data (Ursino, 2014). The best
methods for examining ordinal data
are those that make complete use of
the ordered Y-response; these are
referred to as "Ordinal Regression
Models" (Akkus et al., 2019).

The wuse of ordinal logistic
regression models (OLR) for
predicting and estimating milk yield
in dairy cattle is uncommon, as
most studies attempt to predict
exact milk production, whereas
OLR divides the milk yield into
categories (Topuz, 2021).
Therefore, we expected that using
OLR to examine factors impacting
milk yield in dairy cows, alongside
odds ratio calculations and
interpretations, might serve as a
helpful  guide for statistical
modeling. This adaptable model
may  evolve extra  factors,
strengthening dairy producers and
resulting in better practices and
yields within the dairy industry.
Many studies have applied OLR in
animal science. In the discipline of
fertility, Piles et al. (2013) assessed
the usefulness of OLR in enhancing
the  categorization of  rabbit
ejaculate in artificial insemination
facilities, while Peng (2019) used
the OLR technique to ascertain the
influence of certain factors on
abnormal sperm rate in boars. In the
area of body condition score
assessment, the goal of Shittu et al.
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(2014) was to assign body condition
scores to the slaughtered animals
based on a variety of criteria.
Another trial used the
morphometric traits to estimate the
likelihood that adult equines will be
overweight (Martinson et al.,
2014). The application of OLR was
extended to investigate the variables
influencing  farmers'  adoption
decisions.  For  example, to
investigate the important aspects for
adopting innovation in beef cattle
production (Abdullah et al., 2021).
Among clinical and epidemiological
studies, Ozawa et al. (2019) used
OLR to detect the physical factors
associated with canine cognitive
dysfunction.

As far as we know, few studies used
OLR to predict and classify the
milk production of dairy cows.
Most studies on milk yield in dairy
cows failed to recognize the ordered
nature of milk production traits as a
categorical variable. For example,
Grzesiak et al. (2003) proposed a
linear regression model that used
test-day data, month of calving, and
the proportion of Holstein-Friesian
genes as characteristics to predict
305-days milk yield in addition to
days in milk. Although, Macciotta
et al. (2002), Vasconcelos et al.
(2004), Valchev et al. (2020), and
Temesgen et al. (2022) introduced
regression-based models to estimate
milk yield, they did not consider the
ordered structure of milk vyield
features.

The OLR can be assessed using
overall  classification  accuracy

(ACC), which is the ratio of
properly classified observations to
total data (Sokolova and Lapalme,
2009). Researchers frequently use
additional ~ metrics, such as
sensitivity ~ (SEN),  specificity
(SPEC), positive predictive value
(PPV), negative predictive value
(NPV), F1 score, Area under curve
(AUC) to assess the predictive
accuracy of classifiers (Weng et al.,
2017, Kourou et al., 2015). The
range of these measurements were 0
to 1.

Therefore, the present study aimed
to forecast Friesian cows’ milk
production by applying OLR and to
assess the effectiveness of the OLR
model in predicting and classifying
milk yield classes.

Materials and methods

1. Data collection and
Mmanagement:

In this study, 3793 dairy records
were collected to explore the
important variables impacting milk
production in Holstein- Friesian
cows that calved between 2009 and
2020. The data were obtained from
one of Egypt's major dairy farms in
El-Dakahlia province. Under an
automated milking system, animals
were mechanically milked three
times each day. The total of these
three numbers was used to calculate
the total daily milk production.
Cows with at least one parity were
included in this investigation.
Lactation records and all other data
were computer-based and routinely
updated. Healthy cows with normal
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births, no reproductive disorders,
and no postpartum problems were
used as study materials. All cows
were periodically housed on clean
floors, in open yards, or in slenderly
covered yards that had access for
cooling sprays.

2. Investigated characteristics:
The data of study were used to
create OLR to identify the main
factors influencing Friesians' milk
production. The outcome variable
of interest was therefore the total
milk yield (kg), which was
classified into three distinct groups:
low (<4500 kg), moderate (4500—
7500 kg), and high yield (>7500
kg). The rest variables were taken
into consideration as independent
variables, and these included the
305-day milk vyield (305-MY/kg),
age at first calving (AFC/month),
calving interval (Cl/month), calving
season (CFS/spring—summer—fall-
winter), days open (DO/days), days
in milk (DIM/days), dry period
(DP/days), lactation order of eight
parities (LO/number), and number
of  services per  conception
(SPC/number). In addition, the
previous authors' suggestions have
been considered in the classification
of the milk yield parameter and the
selection of predictors (Akkus and
Ozkoc, 2012, Akkus et al., 2019,
Akkus and Sevinc, 2020, El-
Kasrawy et al., 2020, Fathy et al.,
2023a, Moawed and Abd El-Aziz,
2022). Moreover, lower categories
of categorical explanatory variables
were suggested as baselines for
other categories to better understand

and explain variations in actual milk
production.

3. Data preprocessing:

First, outliers and missing values
were checked for the data. Three
approaches can be applied to
address outliers in a dataset:
deleting them to trim the set,
replacing or lowering their effect
through outlier weight
modifications, and applying robust
procedures that are less susceptible
to outliers such as OLR (Kwak and
Kim, 2017). The following
procedures are used to deal with
missing data: ignoring cases with
missing data, feature selection with
the elimination of variables that
include  missing  values, and
imputation of missing values, which
is the most effective way (Sessa
and Syed, 2016). Second, the chi-
square test was performed to pick
the best factors for the multivariate
analysis, with all parameters
demonstrating  high  levels of
significance (p < 0.001). Third, the
data were randomly divided into
two sets: the training = set,
comprising 80% of the data, which
was used to create the model, and
the testing set, comprising 20% of
the data, which was used to validate
and assess the performance of the
model.

4. Assumptions:

The most important assumptions
considered for applying the OLR
include: (a) The dependent variable
is measured on an ordinal scale. (b)
The independent variables could be
continuous, categorical, or ordinal.
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(c) There is no multicollinearity.
The variance inflation factor (VIF)
was used to test the
multicollinearity  of  suggested
predictors; a VIF score of 1 implies
no correlation, a VIF value between
1 and 5 suggests intermediate
correlation, and a VIF value more
than 5 indicates  significant
correlation (Suleiman and
Badamsi, 2019). (d) Proportional
odds assumption (POA) exists,
which indicates that each predictor
has the same effect on the
dependent factor. The brant test was
used to verify this POA. The odds
ratio (OR) is derived from dividing
the probability of success (P) by the
probability of failure (1-P). In
practice, the OR is denoted by
exp (B) or (eP), which refers for
the exponent of each independent

variable's coefficient. From the
technical level, the independent
variables in the datasets were

divided into subcategories known as
categories. With an OR of one, a
certain category was selected as a
baseline level. As a result, for each
independent variable, the reference
group was used as a benchmark for
comparison with other categories of
that variable. A positive association
is shown by an estimated OR
greater than one, and a negative
relationship is indicated by an OR
less than one (Moawed and Abd
El-Aziz, 2022).

5.0LR:

One of the most prevalent errors in
statistical investigations is to
construct a  model  without

considering the data structure,
statistical assumptions, and variable
type. When a dependent variable in
a regression has more than two
categories and is measured in an
ordered manner, OLR is used
(Malmquist and Rykatkin, 2023).
In this study, an OLR model was
used to classify milk production
into high, moderate, and low
categories and create a robust model
for future prediction. The latent
variable (Y*) approach is used for
building OLR. Latent variables are
attributes that cannot be directly
examined but must be deduced from
known covariations among a set of
variables (Tabachnick and Fidell,
2001). Greene (2000) defined the
latent variable as the linear
combination of the predictors.

Y* =Yk beXe + & (1)

In Equation (1), b, indicates the
estimated  coefficient of the
explanatory variable X, (305-MY,
AFC, CS, ClI, DIM, DO, DP, LO,
SPC) and ¢ represents the model's
error term. The milk yield variable
in OLR is divided into J ordered
categories, which are defined in
respect to the latent variables and
threshold parameters (u), where "i"
represents the model's it
observation (Equation (2).

Vi =1, Y*<u(=0)
Y, =2 < Y <
Y =3, pa < Y' < s
Yi=], w-1< Y (2
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The threshold parameters are

critical for identifying unknown
ordered categories. Thus, the
statistical ~ significance of the

threshold parameters, which was
originally  evaluated at the
beginning of the analysis, ensures
the ordinality of the dependent
variables. If the actual model is an
OLR, the computation of odds
ratios, which can only be
comprehended in logistic regression
models, is also possible. The
following equation expresses the
chance that the milk yield variable
will fall into category "j" given the
predictors are present.

P(Y; = jlxy) = F(uj —

Zﬁ:l bKXiK) -

F(uj-1 Zk=1bXix) (3)

In Equation (3), F represents the
expected distribution function for
the error term. To guarantee that all
predicted probabilities were
positive, a constraint u; < u, <
ps <...<pj_; must be applied.
Greene (2000) suggested that the
first threshold parameter (u,)) be
set to "0". The following formula
(Equation (4)) can be used to
assess the probability that the
dependent variable belongs to
category j or a lower category.
P(Yi<j) = P(Y' <p)) =

(1 ~Zheq bicXipo)

(Rj=2R_1 bieXi) ()

1+e (Hj7 k=171 ik

The OLR is obtained if the logistic
distribution is represented by F in
Equation (3). The probability that
the dependent variable falls into the

appropriate groups is provided by
Equations (5), (6), and (7).

P(Y; = 1) = (= Xk-1 bieXie) =
exp(— Zlk(zl kai}c) (5)
1+exp(- XX_, beXix)

P(Y,=2) = (uz - ’Z;lbkxm>
-y <— ; beuc>

_ [ exp(pz~Yk=1 biXin) | _
B 1+explguz—2£=1 bicXixc)

exp (= Xk=1 bicXix)
[1+exp(— Y bKXi;c)] ©)
Pi=D=1-9(u-1 -
Zlk(=1bKXi}c) «
— exp(py-1= =1 bicXir)
-1 [1+exp(u]_1—21k<=1bKXiK)] @
The model's coefficients are
calculated using maximum-
likelihood principles, with the goal
of finding coefficients that suit the
data classification (Minka, 2001).
All analyses were carried out using
the R programming language and
SPSS version 25.

Results

1. Tests of assumptions:

First, the study validated OLR's
assumptions. The data contained no
missing values. The box plot
revealed that the data contained
univariate outliers in most of the
explanatory factors. A considerable
level of multicollinearity was found
using the VIF test, with VIF values
between 2 and 5 for three
parameters (DO = 5.84, DIM =
3.95, and CI = 2.36). A correlation
analysis was done to find out which
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parameters were connected since
VIF did not show which pair of
predictors were correlated. The
findings showed that DO was
substantially associated with the CI
(r=0.76) and had a significant
association with DIM (r=0.85).
While, the Brant test demonstrated
that the POA is met. The null
hypothesis—which holds that the
coefficients of explanatory variables
are constant across all milk yield
categories—was accepted as the
omnibus test revealed a statistically
non-significant result (P >0.05).

2. Ordinal logistic regression:

The multivariable OLR model
results were displayed in Table (1),
which includes the estimated
coefficients of the threshold and
location parameters, standard errors,
and OR. The actual milk production
as a response variable is assumed to
be an ordinal variable by the
threshold parameters, which were
statistically significant (P <0.001).
Table (1) shows that milk
production ~ was  considerably
impacted by lactation order (P
<0.05). In this study, all parities
from the 2" to the 8" parity except
the 7" parity had a negative OLR
coefficients, meaning that the log
odds of the response variable
decreased by B units for each unit
increase in the predictor variable.
The level of milk yield is positively
predicted by the 7 parity. There is
a predicted increase (0.702) in log
odds in favor of a lower level of
milk yield for every unit rise in 7%

parity. The OR for 7" parity was
2.017, which is more than 1.

The results of calving seasons
revealed that the milk yield
increased significantly (P<0.001) in
the winter, spring, and summer
compared to the fall, according to
the model's estimated positive
coefficients, as displayed in Table
(1). That is, the chances of
producing milk were 1.232, 1.282,
and 1.195 times greater for cows
that calved in the winter, spring, and
summer, respectively, than for cows
that calved in the fall.

Upon analysis, it was shown that
the 305-milk yield had a statistically
significant (P <0.001) impact on
milk production. Milk vyield was
significantly correlated negatively
with 305-MY:; a one-unit increase in
305-MY lowers the log chances of
decreased milk production by 1.402
and 0.025 relative to the expected
odds. Meanwhile, the assessment of
AFC exhibited a statistically
significant (P <0.05) impact on milk
output. Increasing AFC by one unit
reduces the log chances in favor of
a lower milk yield by 0.032 and
0.097 in estimated odds. AFC was
shown to be a negative significant
predictor of milk production. While,
the results of the CI showed that it
affected milk production in a
statistically significant (P <0.001)
way. A unit increase in CI reduces
the log chances in favor of a lower
milk yield by 0.298 and 0.074 in
stated odds, respectively. Cl was
found to be a significant negative
predictive tool of milk yield.
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As shown in Table 1, DIM
contributed significantly (P <0.001)
to the production of milk. DIM was
a strong negative predictor of milk
production; an increase in DIM per
unit reduced the stated odds by
0.042 and the log odds in favor of a
decreased milk yield by 0.875.0n
the other hand, the examination of
DO revealed that they contributed
statistically (P <0.001) to milk
output. Increases in DO per unit
increased the log odds in favor of
decreased milk yield by 0.418 and
the expected odds by 1.618,
indicating that DO was a positive
significant  indicator of milk
production.

Upon inspection, it was shown that
the DP significantly (P <0.001)
increased milk  output. The
increasing of DP per unit lowered
the log chances in favor of
decreased milk yield by 0.343 and
0.071 in reported odds, DP was
found to be a negative significant
predictor of milk production.
Furthermore, the evaluation of SPC
suggested that it contributed
statistically (P <0.05) to milk
output. Milk vyield was positively
and significantly predicted by SPC,
with higher SPC per unit, increasing
the expected odds by 0.056 and
1.058 in favor of lower milk output.
For each cow, the OLR model was
built using a multiple predictors:

K
Z b.X, = [-0.695P2
k=1

— 0.580P3

— 1.000P4

— 0.619P5

— 0.546P6

+ 0.702 P7

— 15.223P8

+ 0.209Winter

+ 0.249Spring

+ 0.178Summer

—1.402 305 — MY

—0.032 AFC

— 0.298CI

— 0.875DIM

— 0.343DP

+ 0.481DO

+ 0.056SPC |
3. Evaluation of classification
technique:
The suggested OLR model's
robustness is validated through
classification performance measures
like SEN, PREC, PPV, NPV, F1
score, AUC value along with ACC
(Tables 2). The ACC was
determined to be 56% for the
training set and 58% for the testing
set. OLR's models for the training
set have SEN, SPEC, PPV, NPV,
and F1 values in the 0.42-0.86,
0.70-0.89, 0.43-0.77, 0.69-0.93, and
0.43-0.81 ranges, respectively. The
AUC values for the training and
testing sets were 0.69 and 0.68,
respectively.
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Table 1. The ordered logit model for investigating the factors affecting the
milk yield of Holstein-Friesians.

Coefficients: p (SE) | Pvalue OR

Threshold parameters
Moderate milk yield threshold | 5.488 (0.034) < 0.001* -
High milk yield threshold 5.303 (0.033) < 0.001* -
Location parameters
P1(base category)
P2 -0.695 (0.006) < 0.001* 0.049
P3 -0.580 (0.008) < 0.001* 0.056
P4 -1.000 (0.011) < 0.001* 0.037
P5 -0.619 (0.016) < 0.001* 0.054
P6 -0.546 (0.024) 0.002* 0.058
P7 0.702 (0.039) 0.007* 2.017
P8 -15.223 (0.002) < 0.001* 0.001
Fall (base category)
Winter 0.209 (0.006) < 0.001* 1.232
Spring 0.249 (0.008) < 0.001* 1.282
Summer 0.178 (0.006) < 0.001*" 1.195
305-MY -1.402 (0.003) < 0.001* 0.025
AFC -0.032 (0.002) 0.02* 0.097
Cl -0.298 (0.003) < 0.001** 0.074
DIM -0.875 (0.009) < 0.001* 0.042
DO 0.481 (0.009) < 0.001* 1.618
DP -0.343 (0.003) < 0.001* 0.071
SPC 0.056 (0.003) 0.003* 1.058

**Coefficient is significant at a 0.001 level of significance (P <0.001)
*Coefficient is significant at a 0.05 level of significance (P <0.05)

(P1-P8) = Parity, (Spring-Summer-Fall-Winter) = Season, , 305-MY= 305-
day milk yield, AFC= Age at first calving, Cl= Calving interval, DIM= Days
in milk, DO= Dry open, DP= Dry period, SPC= Services per conception.
Baseline categories: Parity (P1), Season (Fall).

Table 2. The model measurements of performance in both the train and test
sets depend on OLR.

Metrics Train set Test set

High | Medium [ Low High | Medium [ Low
ACC 58 56
SEN 0.86 0.42 0.51 0.84 0.38 0.51
SPEC 0.89 0.70 0.77 0.89 0.70 0.75
PPV 0.77 0.55 0.43 0.76 0.50 0.42
NPV 0.93 0.75 0.69 0.93 0.75 0.66
F1 0.81 0.43 0.53 0.80 0.40 0.50
AUC 0.69 0.68

ACC Overall accuracy, SEN Sensitivity, SPEC Specificity, PPV Positive
predictive value, NPV negative predictive value, AUC Area under curve.
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Discussion

The current study categorized and
predicted Friesian milk vyield level
using OLR. The POA is critical for
assuring the reliability and
interpretability of OLR conclusions
when evaluating data with ordered
categories. The Brant test
demonstrated that the POA was met.
The results of the current Brant test
were consistent with previous studies
on the POA (Hosmer et al. (2013);
Dohoo et al. (2003); Agga and Scott
(2015); Moawed and Abd El-Aziz
(2022)), allowing for proceeding with

OLR analysis.
The threshold parameters were
obviously statistically  significant,

implying that the associated cut-off
point between milk yield levels was
relevant and not influenced by chance.
Therefore, this suggested that there
was genuine change in the underlying
relationship between predictors and
milk yield at that exact time and
confirmed the robustness of OLR to
the existing datasets. This conclusion
was consistent with Moawed and
Osman (2018), Akkus et al. (2019),
Akkus and Sevinc (2020), Manu et
al. (2020), and Moawed and Abd ElI-
Aziz (2022).

The categories of the lactation order,
except 7" parity in comparison to the
1%t lactation order showed a
statistically significant decrease in
milk supply due to the negative signs
of the estimated coefficients.
Conversely, the model coefficient for
7" parity was positive and
substantially affected milk yield with a
p-value of 0.007. This means that with

1

every unit increase in 7" parity, the
expected probability in favor of a
lower degree of milk vyield will
increase by a multiplicative factor of
2.017. Previous studies that examined
OLR for estimating factors impacting
milk yield, such as the study of Akkus
and Sevinc (2020), who reported that
the 4"  parity level significantly
affected milk yield. While Moawed
and Abd EI-Aziz (2022) showed that
cows on the 2" and 4" parities
produced less milk than cows on the
6" lactation phase. However, it was
demonstrated by M’hamdi et al.
(2012) and AKkkus et al. (2019) that
cows on their 1% parity produced less
milk than cows on their 6" lactation
order. On the other hand, these
findings differed from those of Habib
et al. (2003), who found that lactation
number had no effect on milk
production (P >0.05).

The positive coefficients predicted by
the model for the winter, spring, and
summer seasons suggested that milk
yield increased considerably compared
to the fall season. The present result
coincides with the findings of
(Mundan et al., 2020), whereas the
findings of Akkus et al. (2019), which
indicated that the most milk was
produced in the fall and the least in the
winter, were in conflict with our
findings. Moreover, summertime milk
yield at dairy farms was higher than
wintertime yield (Lavon, 2018, Abo-
Gamil et al., 2021).

The results of this study showed that
the 305-day milk yield was a valuable
commonly used predictor of dairy cow
milk output. Further investigation
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revealed that these results were similar
to those of Quist et al. (2007), who
demonstrated that completed 305-day
milk yields were a more accurate
indicator of milk supply. Nevertheless,
Abdelrahman et al. (2020) found that
the 305-day milk production was the
most  important  predictor  for
differentiation across calving seasons.
Additionally, the age at first calving
was found to be a reliable predictor of
milk yield in dairy cows. The results of
a comparable studies by Eastham et
al. (2018), Akkus et al. (2019), and
Moawed and Abd EI-Aziz (2022) that
used OLR to define factors influencing
milk yield in Holstein-Friesian cows
provided additional support for the
current findings. Nevertheless, Yadav
et al. (2018) discovered that using
multiple linear regressions, AFC is not
a valid predictor of total milk yield in
crossbred cows.

Furthermore, CI has a complicated and

multidimensional  association  with
milk yield in dairy cows. These
findings  contradicted those  of

Remmik et al. (2020), who found that
a longer initial CI leads to higher
lifetime milk production.

The DO effect was one of the most
valuable and financial traits that has
been studied, its impact on milk
production was shown to be
statistically significant (P <0.001). The
outcomes presented by Temesgen et
al. (2022) and Fathy et al. (2023b), as
well as Moawed and Abd El-Aziz
(2022), were in agreement with this
outcome.

The study found that DIM was a
statistically ~ significant ~ negative

contributor to milk production. This
conclusion is consistent with findings
of Bajwa et al. (2004) who reported
the increasing trend in lactation length
over the last decade, but a decrease in
average lactation length in 1999 and
2000 which might be due to
incomplete  lactations.  This s
unfavorable as genetic progress has
not been made in the herd. Other
studies (Osman et al. (2013), and
AKkKkus et al. (2019), and Moawed and
Abd EI-Aziz (2022)) indicated that
lactation length had an impact on the
volume of milk produced by Holstein
COWS.

A statistically significant negative
contribution of DP to milk production
was identified. This result was
consistent with (Mansfeld et al.
(2012); Kok et al. (2017); Kok et al.
(2021); Boustan et al. (2021); and
Moawed and Abd El-Aziz (2022))
who studied the effect of DP on milk
output.

The study found that total services per
conception significantly contributed to
milk production, with SPC being a
positive predictor of milk yield, which
supported by Abass (2010), who
found a correlation between an
increase in the level of milk yield of
the cow up t0 9,200.61 kg and an
increased number of SPC for up to six
services per cow.

Conclusion
The OLR was shown to be more
accurate than standard linear

regression models in detecting the
non-linear and ordered character of
milk production data. Although OLR
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provides insightful information, it's
important to be aware of its limits.
Additional investigation into the
incorporation of other cow attributes
and environmental variables may
enhance the precision of the
prediction. Overall, this study proved
the advantageous effects of using OLR
to predict milk production in Friesian
cows. Ultimately, such developments
will help to ensure sustainable and
effective milk production, which will
benefit both producers and consumers.
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