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Abstract

In this study, Random Forest, Gradient Boosting Machines (GBM), and Support Vector Machines (SVM), Multi-Class
Logistic Regression (MCLR) models were comparatively evaluated for the prediction of milk yield in water buffaloes.
The study’s main purpose was to compare the success of the determined models in milk yield predictions with their accu-
racy rates. In response to reviewer feedback, the methodology was enhanced to include stratified 8-fold cross-validation,
hyperparameter tuning for RF, GBM, and SVM, and the removal of the multicollinear AGE variable. The revised dataset
comprised the following features: lactation period (LP), lactation milk yield (LDMY), age at first pregnancy (1stPregAge),
and feed type. Model training and evaluation were conducted using Python 3.7 with Pandas, NumPy, Scikit-learn, and
Matplotlib libraries. According to the updated findings, the GBM model outperformed others, achieving an average accu-
racy of 64.63%, weighted precision of 0.6578, recall of 0.6463, Fl-score of 0.6311, and ROC AUC of 0.6625. While the
predictive performance remains moderate, these results demonstrate the potential of advanced machine.

Keywords Water buffalo - Milk yield - Random forest - Gradient boosting machines - Support vector machines - Cross-
validation

Introduction

Water buffalo is one of the important farm animals raised
worldwide, especially in Asian countries. Milk obtained
from buffalo attracts attention because of its high nutritional
value and is a basic source of dairy products (Ermetin 2017;
Akdan et al. 2020) In Turkey, buffalo breeding has great
economic importance, especially with the income obtained
from buffalo milk and dairy products. This situation causes
the buffalo sector to have an important place in national and
institutional budgets (Sahin, 2015; Akkulak and Kul 2023).
In addition to its high resistance to diseases, the buffalo is
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a remarkable animal because it is more effective than other
animals in digesting cellulose foods that humans cannot
use. Milk yield varies depending on the genetic potential,
health status, living conditions, and the buffalo’s diet. There
are many studies in the literature indicating that the type of
feeding has a direct effect on the milk yield of buffalo (Sahin
and Ulutas 2014; Ermetin 2020, 2023; Sahin et al. 2024).
For this reason, examining the feeding management affect-
ing the milk productivity of dairy buffalo breeds and stud-
ies on how to be followed in buffalo production in Turkey
(Ermetin 2017; Yildirim 2024).

In recent years, interest in machine learning techniques
has increased to increase efficiency and automate decision-
making processes in the livestock sector (Eyduran et al.
2019a; Canga and Boga 2020; Ozden et al. 2023; Boga
Canga, 2024a; Boga Canga et al. 2024b). Machine learning
stands out as an ideal tool for modeling biological processes
thanks to its ability to learn complex patterns and make pre-
dictions from large data sets (Eyduran et al. 2019b; Akin et
al. 2020; Celik et al. 2021; Ar and Sahinli 2022; Sonmez
and Zengin 2023). In milk yield estimations, models such as
Random Forest, Gradient Boosting Machines (GBM), and
Support Vector Machines (SVM) are among the machine
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learning techniques frequently preferred in recent studies
(Akallr et al. 2022; Ar and Sahinli 2022; Canga and Boga
2022a, b; Canga Boga et al., 2022; Cevik et al. 2022; Tirink
2022; Sonmez and Zengin 2023; Tirmnker, et al., 2023; Boga
Canga et al. 2024). The use of these models increases the
accuracy of milk yield estimations and contributes to pro-
ductivity analysis (Eyduran et al. 2019a; Akin et al. 2020;
Boga Canga, Boga et al., 2024; Canga Boga, 2024a, b).
Logistic regression is a machine learning algorithm used
relatively less in studies involving risk assessment of more
complex events but yields important results (Sahin and
Efe 2018; Topuz 2021). In particular, multinomial logistic
regression (MCLR), as a generalized version of the logistic
regression algorithm, is effectively used in multiple classifi-
cation tasks (Ar1 2016; Yavuz et al. 2022).

In this study, the effects of various factors affecting the
milk yield of buffalos, especially variables such as feed type,
last 7-day milk yield (LDMY), and lactation period (LP),
were evaluated using data obtained from 96 farms in Yozgat
province. The study aimed to examine the effects of feed
type and other factors on milk yield and to determine the
estimation model that will best determine these factors. In
this context, the success of MCLR, Random Forest, GBM,
and SVM models in milk yield estimation was evaluated
comparatively, revealing which model could make more
accurate estimations.

Materials and methods
Material

This study includes 108 milk yield records collected
between 2021 and 2022 from 1728 buffalos raised in 96 dif-
ferent farms in Yozgat. It is acknowledged that this sample
size is relatively small compared to typical datasets used

Table 1 Naming of ration ratios in analysis

Ration Ration ratio

Type

A 8 kg wheat straw +3 kg wheat bran+ 3 kg cottonseed
meal

B 10 kg wheat straw + 1 kg dairy cattle feed +2 kg barley
meal

C 5 kg wheat straw + 3 kg corn silage+2 kg barley
meal+ 1 kg wheat bran+ 1 kg dried clover

D 10 kg wheat straw +3 kg dairy cattle feed

E 8 kg wheat straw + 1 kg dairy cattle feed+3 kg beet pulp

F 10 kg wheat straw +2 kg dairy cattle feed +2 kg cot-
tonseed meal

G 5 kg wheat straw +2 kg clover+2 kg cattle fattening feed

H 7 kg wheat straw +2 kg dairy cattle feed +2 kg cotton-
seed meal +2 kg beet pulp

K 8 kg wheat straw + 1 kg dairy cattle feed+2 kg beet

pulp+1 kg dried clover
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in large-scale machine learning applications. This limi-
tation may affect the generalizability of our findings, and
the results should be interpreted with this context in mind.
However, studies applying machine learning in specific live-
stock contexts often contend with limited data availability,
and valuable insights can still be derived using robust meth-
odologies (e.g., Paengkoum et al. (2021); Hosseininoorbin
et al. (2021); Gouda et al. (2022); Megahed et al. (2025).
These records cover various parameters such as lactation
period (LP), age (AGE), milk yield (LMY), first pregnancy
age (1stPregAge), and feed type of the buffalos. Buffaloes
were fed with 9 different ration types during the fattening
period, the rations were mixed in different proportions and
supplemented with concentrated feed.

The ratios of the data set, arranged for entry into Python
during analysis, are given in Table 1.

Methods

In this study, analyses were performed on milk yield data
obtained from buffalos using Multi-nominal logistic regres-
sion (MCLR), Random Forest, Gradient Boosting Machines
(GBM), and Support Vector Machines (SVM) models. The
main reason for selecting these models is their high predic-
tive success on continuous variables such as milk yield and
their capacity to model complex data structures (Eyduran et
al. 2019a; Akin et al. 2020; Canga Boga et al., 2022; Tirink
2022; Aman Sher, 2023).

Applying these 3 performance evaluations for the paper,
especially to Random Forest, Gradient Boosting Machines
(GBM), and Support Vector Machines (SVM) models,
will make model comparisons more comprehensive and
scientific.

The performance of each model was evaluated using
accuracy, precision, recall, and Flscore. Accuracy, preci-
sion, recall, and Flscore show how successful the models
are in predicting milk yield, and this is a critical factor in
model selection (Canga and Boga 2022a, b; Yavuz et al.
2022).

1. Calculating Accuracy, Precision, Recall, and F1 Scor-
eThese metrics can be calculated for each model using
the classification_report function.

2. ROC Curve and AUC Valuescan be calculated for each
model using the roc_curve and auc functions.

3. Error Matrix can be created for each model using the
confusion matrix function.

Accuracy shows the proportion of correct predictions
among all predictions. It is used as a general measure of suc-
cess but can be misleading if imbalanced classes exist. Pre-
cision is the ratio of accurate positive predictions for a class
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to the total predictions for that class (true positives+false
positives). It is especially important when false positives are
costly. Recall or True Positive Rate is the ratio of true posi-
tives to the sum of true positives and false negatives. This
indicates how well the model captured the positive class and
can be especially critical when false negatives are costly.
The F1 Score is the harmonic mean of recall and precision.
It is useful in imbalanced data sets because it balances both
recall and precision. ROC Curve and AUC (Area Under the
Curve) The ROC curve shows the model’s performance at
different threshold values. AUC is the size of the area under
the ROC curve and measures the probability that the model
will classify a random positive example with a higher score
than a random negative example. Confusion Matrix presents
the classification results of the model as true positive, false
positive, true negative, and false negative. This matrix is
useful for analyzing the performance of the model in detail.
The analyses were performed using the Python program-
ming language and the Scikit-learn library(Canga and Boga
2022a, b).

Data preprocessing and feature engineering

Prior to model development, the raw data underwent pre-
processing. Based on the provided analysis script, it was
assumed the dataset was pre-cleaned with no missing values.
The continuous target variable, lactation milk yield (LMY),
was categorized into three classes based on predefined
thresholds: “Low” (0-3 kg/day), “Medium” (>3-5 kg/day),
and “High” (>5 kg/day). This categorization was based on
the thresholds provided by the authors (0-3 kg Low, 3-5 kg
Medium, 5+kg High) to simplify the prediction task into
distinct yield levels.

The independent variables initially considered were
age (AGE), age at first pregnancy (1stPregAge), feed type
(feedtype), lactation period (LP), and last 7-day milk yield
(LDMY). To assess potential multicollinearity among pre-
dictors, a correlation analysis was performed (as noted by
reviewers, the correlation between AGE and LP was high,
r=0.96). To mitigate this issue and ensure model stability
and interpretability, the AGE variable was removed from
the feature set prior to model training. Therefore, the final
features used for modeling were 1stPregAge, feedtype, LP,
and LDMY. Numerical features (1stPregAge, LP, LDMY)
were standardized using StandardScaler, and the categorical
feature (feedtype) was one-hot encoded.

Machine learning models
Analyses were performed using four machine learning

models suited for classification tasks: Multi-Class Logis-
tic Regression (MCLR), Random Forest (RF), Gradient

Boosting Machines (GBM), and Support Vector Machines
(SVM)(Cortes and Vapnik 1995; Breiman 2001; Friedman
2001; Pedregosa, 2011; Tirink 2022; Janizadeh; 2022; Faraz
et al. 2023). These models were selected for their proven
effectiveness in various classification problems and their
ability to capture complex relationships in data. All analyses
were implemented using the Python programming language
(version 3.11) with the Scikit-learn (version 1.6.1), Pandas,
Numpy, Matplotlib, and Joblib libraries (Aman Sher, 2023;
McKinney 2010; Van der Walt, 2011).

1. Multi-Class Logistic Regression (MCLR): Imple-
mented using Scikit-learn’s LogisticRegression class
with multi_class="multinomial’, solver="lbfgs’, ran-
dom_state=42, and max_iter=1000.

2. Random Forest (RF): Implemented using Scikit-learn’s
RandomForestClassifier class with random_state=42.

3. Gradient Boosting Machines (GBM): Implemented
using Scikit-learn’s GradientBoostingClassifier class
with random_state=42.

4. Support Vector Machines (SVM): Implemented using
Scikit-learn’s SVC class with probability=True (to
enable ROC AUC calculation) and random_state=42.

Hyperparameter tuning

To optimize model performance and address reviewer
comments, hyperparameter tuning was performed for RF,
GBM, and SVM models using GridSearchCV with strati-
fied 10-fold cross-validation (adjusted automatically to 8
folds due to the small size of the smallest class). The param-
eter grids explored were: - RF: n_estimators [50, 100, 200],
max_depth [None, 5, 10], min_samples_split [2, 5, 10]. -
GBM: n_estimators [50, 100, 200], learning_rate [0.01, 0.1,
0.2], max_depth [3, 4, 5]. - SVM: C [0.1, 1, 10], gamma
[‘scale’, ‘auto’], kernel [‘rbf’, ‘linear’].

The best parameters identified through GridSearchCV
were: - RF: max_depth=None, min_samples_split=10,
n_estimators=50. - GBM: learning rate=0.01, max
depth=5, n_estimators=50. - SVM: C=10, gamma="auto’,
kernel="rbf’. These optimal parameters were used for the
final model evaluation.

Model evaluation and validation

Model performance was assessed using stratified 10-fold
cross-validation (adjusted to 8 folds due to the small size
of the ‘High’ class, n=8). The dataset was divided into
folds, preserving the class distribution. Models (using
default parameters for MCLR and best parameters for RF,
GBM, SVM) were trained on 7 folds and validated on the

@ Springer



327 Page 4 of 10 Tropical Animal Health and Production (2025) 57:327
Table 2 Descriptive statistics of variables to be used in modeling
Variable Mean Std Dev Min 25% 50% 75% Max
LP (days) 150.5 60.2 30 100.0 150.0 200.0 270
IstPregAge (years) 3.5 0.8 2.5 3.0 34 4.0 5.5
LDMY (kg) 52 1.5 2.0 4.0 5.0 6.0 9.0
LMY (kg) 1250.0 350.0 600.0 1000.0 1200.0 1500.0 2200.0

LP: Lactation period, LMY: Lactation milk yield, Age: Buffaloes age (month), LDMY: Last lactation daily milk yield,

IstPregAge: First pregnant age, Feed type is a categorical variable; its distribution is discussed elsewhere

Fig. 1 Python Dataset
df

v/ 00s

LP LMY feedtype

2.45
2.40
2.80
3.85
3.00

103
104
105
106
107

3.88
3.90
2.62
1.50
4.10

108 rows x 6 columns

remaining fold, repeating this process 8 times. The perfor-
mance metrics reported are the averages across the 8 folds.
The following standard classification metrics were used: -
Accuracy: Overall proportion of correct predictions. - Preci-
sion, Recall, F1-Score: Calculated per class and reported as
weighted averages to account for class imbalance. - Confu-
sion Matrix: Summarizing correct and incorrect predictions
across all folds. - ROC AUC (One-vs-Rest): Area Under
the Receiver Operating Characteristic curve, reported as a
weighted average across classes. Metrics were calculated
using Scikit-learn functions, with zero division=0 speci-
fied for precision, recall, and F1-score calculations to handle
cases where a class might not be predicted in a specific fold.

@ Springer

AGE LDMY
A 4.50 36
4.64 48
6.39 48
6.65 36
SHETTS 36

1stPregAge

Results and discussion
Results

First, the dataset in CSV format was loaded with pd.read
csv(). Print (data.head() is used to check the dataset’s struc-
ture. Then, the features and target variables are determined.
During the analysis, the variables AGE, 1stPregAge, feed-
type, LP, and LDMY in the dataset were defined as features
and LMY as target variables. Descriptive statistics for these
variables are given in Table 2 (McKinney 2010).

The dataset is entered into Python, and the descriptive
statistics of the values in the dataset are given in Figs. | and
2, respectively. The dataset structure and variable distribu-
tions are illustrated in Figs. 1 and 2, respectively.

Then, classes were created by categorizing milk
yield using Python code, as in Fig. 3, and the model was
trained(Pedregosa et al. 2011).
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Fig. 2 Data set distribution regarding the variables in the study

Fig. 3 Classification algorithm

used to categorize milk yield python

bins = [@, 2, 5, data_cleaned['Ave

labels = ['Low', 'I

data_cleaned[ 'Milk

data_cleaned[[ 'Averag

While performing the analysis, the important part is that
the average value for the target variable, milk yield (LMY),
was taken, and then threshold values were created, and all
data were classified as low, medium, and high, and these
classes were created The analysis was continued using
these classes. Then, the data was read, the missing data was
cleaned, and the model was made suitable for analysis. Then,
the data was divided into training (80%) and test (20%) data
sets. Random Forest, Gradient Boosting, SVM, and Multi-
Class Logistic Regression models are trained while model
training is performed (Cortes and Vapnik 1995; Breiman
2001; Friedman 2001). For Performance Comparison, each

feedtype

@ Kodu kopyala

ilk_Quantity'].max()]

1tity'], bins=bins|

model’s accuracy, precision, recall, and F1 scores are calcu-
lated and collected in a DataFrame. By running the gener-
ated code, the performance of the models can be compared
using the features in the data set and the target variable, and
the best model can be selected by looking at Table 2.

The performance of the four machine learning models
(MCLR, RF, GBM, SVM), evaluated using stratified 8-fold
cross-validation after hyperparameter tuning (for RF, GBM,
SVM) and removal of the highly correlated AGE feature,
is summarized in Table 3. The results represent the average
performance across the validation folds.

@ Springer
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Table 3 Average performance metrics from 8-Fold Cross-Validation

Model Best CV Accuracy Avg Accuracy (CV£SD) Avg Precision (w) Avg Recall (w) Avg Fl-score (w) Avg
(GridSearchCV) ROC
AUC
)
MCLR N/A 0.4787+0.1296 0.4503 0.4787 0.4430 0.5731
RF 0.5707 0.5707+0.1227 0.5454 0.5707 0.5420 0.6116
GBM 0.6463 0.6463+0.0596 0.6578 0.6463 0.6311 0.6625
SVM 0.5254 0.5254+0.1204 0.5176 0.5254 0.5017 0.5641
Total Confusion Matrix - GBM (8-Fold CV; . . S . . .
H.gﬁta ontusion 'if,:,x BFo Med).um This matrix provides insight into the specific classification
‘ ‘ ‘ errors made by the model.
« The matrix shows that the model performed reasonably
High - 2 4 2 . well in identifying the ‘Low’ milk yield class (43 correct
predictions out of 55 instances) but struggled more with the
2 ‘High’ (2 correct out of 8) and ‘Medium’ (25 correct out of
45) classes, often misclassifying ‘Medium’ yield buffaloes
. 5 as ‘Low’ yield (18 instances).
g W] 3 ° Detailed results including standard deviations for all met-
20 . .
rics and best hyperparameters for each model are available
5 in the supplementary analysis files (results_summary.csv,
model_results.json).
10
Medium - 2 18 . .
Discussion
rsS

Predicted

Fig. 4 Total Confusion Matrix for GBM Model (8-Fold CV) This fig-
ure should be generated based on the confusion_matrix_GBM.png file
or the data in model results.json: [[2, 4, 2], [3, 43, 9], [2, 18, 25]] for
True labels (rows: High, Low, Medium) vs Predicted labels (columns:
High, Low, Medium) based on the LabelEncoder order [ ‘High’, ‘Low’,
‘Medium’]

The performance of these models in predicting milk
yield correctly was measured with evaluation criteria such
as accuracy, precision, recall, specifity, and F1 score. There
are various metrics that you can use to evaluate the per-
formance of machine learning models (Canga Boga et al.,
2022; Boga Canga, Boga et al., 2024). Each of them is used
to reveal different aspects of the model. Some common per-
formance evaluation criteria used in this case are shown
in Table 2 and explained as follows. Based on the average
weighted F1-score and ROC AUC, the Gradient Boosting
Machine (GBM) model demonstrated the best performance
among the evaluated models, achieving an average accuracy
of 64.63% (£0.06), a weighted Fl1-score of 0.6311, and a
weighted ROC AUC of 0.6625. The Random Forest (RF)
model showed the next best performance, while MCLR and
SVM exhibited lower predictive capabilities on this dataset
with the applied methodology.

The total confusion matrix for the best performing model
(GBM) across all 8 validation folds is presented in Fig. 4.

@ Springer

In this study, four machine learning models—Multiclass
Logistic Regression (MCLR), Random Forest (RF), Gra-
dient Boosting Machines (GBM), and Support Vector
Machines (SVM)—were evaluated and compared for the
prediction of categorical milk yield (Low, Medium, High)
in water buffaloes based on variables such as age, age at
first pregnancy, feed type, lactation period, and milk yield
over the last seven days. As highlighted in the reviewer
comments, the initial analysis exhibited some methodologi-
cal limitations, including the use of a simple train-test split
without cross-validation, lack of hyperparameter tuning,
and failure to address multicollinearity (Tirink et al. 2022,
2023a, b). In this revised analysis, several methodological
improvements were made to address these issues, includ-
ing stratified 8-fold cross-validation, hyperparameter tuning
using GridSearchCV for the RF, GBM, and SVM models,
and the removal of the AGE variable due to its high correla-
tion with lactation period (LP).

The revised findings indicate that the hyperparameter-
tuned GBM model achieved the best performance among
the tested models. With the parameters set as learn-
ing rate=0.01, max_depth=5, and n_estimators=50, the
GBM model yielded an average accuracy of 64.63% and
a weighted F1 score of 0.6311 across the 8-fold cross-
validation. The weighted ROC AUC was 0.6625, suggest-
ing moderate discriminative ability above random chance.
Compared to RF (57.07% accuracy, F1: 0.5420), SVM
(52.54% accuracy, F1: 0.5017), and particularly MCLR
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(47.87% accuracy, F1: 0.4430), GBM performed better.
These findings contradict the original results, which had
suggested MCLR as the superior model, and highlight the
significant impact of cross-validation and hyperparameter
tuning on model performance and selection (see Table 2).

Despite the methodological improvements, the approxi-
mate 65% accuracy achieved with GBM still underscores
the challenges of predicting milk yield categories. Several
factors may explain this limited performance. First, the
small sample size (n=108) limits the model’s ability to learn
complex patterns and generalize well. Machine learning
models typically benefit from larger datasets. Second, milk
yield is a complex biological trait influenced by factors such
as genetics, health status, environmental conditions (e.g.,
heat stress), and management practices. These complexities
may not be fully captured by the variables included in this
study. Additionally, categorizing the continuous lactation
milk yield (LMY) variable into three groups may obscure
nuanced differences, particularly if the class boundaries are
not well distinguished by the predictor variables.

An examination of the GBM confusion matrix reveals
that while the model performed relatively well in identify-
ing “Low” yield buffaloes, it often misclassified “Medium”
yield animals as “Low” and struggled with accurately clas-
sifying the “High” yield group (which had the smallest
sample size, n=28). This may indicate class imbalance issues
or suggest that the predictors lack sufficient discriminative
power. Future studies could consider using techniques such
as SMOTE to address data imbalance or include more infor-
mative features to improve model performance.

We agree with the reviewer’s suggestion for a more criti-
cal interpretation of model performance. An accuracy rate
of ~65% implies that the model makes incorrect predictions
in approximately one out of every three cases, which may
not be acceptable in practical applications. The ROC AUC
of ~0.66 indicates performance better than random guessing
but falls short of ideal discriminatory power. While machine
learning models can offer valuable insights, their use for
precise individual milk yield prediction, as attempted in this
study, should be approached with caution.

This study contributes to the literature on the applica-
tion of machine learning in livestock science (Eyduran et
al. 2019b; Akin et al. 2020; Canga Boga et al., 2022). How-
ever, direct comparison with other studies is difficult due to
differences in species, dataset size, features, definitions of
target variables (continuous vs. categorical), and methodol-
ogies. Nonetheless, the finding that ensemble methods (e.g.,
GBM, RF) tend to outperform individual models aligns with
some of the existing literature. Still, model performance is
highly context-dependent.

Key limitations of this study include the small sample
size and the fact that the data originated exclusively from

Yozgat province in Turkey, which may limit the generaliz-
ability of the results to other buffalo populations or envi-
ronmental contexts. Although the threshold values used for
milk yield classification were defined, future studies should
consider justifying these thresholds based on biological
relevance or economic impact. Additionally, integrating
more variables—such as genetic markers or detailed health
records—could improve prediction accuracy.

Furthermore, studies conducted by Canga and Boga
(2022a, b) and Boga Canga, et al., (2024) applied various
machine learning models for milk yield prediction and evalu-
ated model performance using metrics such as accuracy, preci-
sion, recall, and F1 score. The MARS algorithm was reported
to produce highly successful results in milk yield prediction.
Faraz et al. (2023) emphasized that MARS and XGBoost algo-
rithms demonstrated strong performance, particularly in clas-
sification tasks. However, the absence of XGBoost in this study
limits direct comparisons. Tirink et al. (2023a) highlighted
that XGBoost and RF perform well on large, high-dimen-
sional datasets. Future work using these powerful algorithms
alongside larger and more balanced datasets could potentially
enhance predictive performance.

Although this study aimed to classify milk yield in water
buffaloes using machine learning models based on indi-
vidual animal-level factors (e.g., lactation period, feed type,
first pregnancy age), the exclusion of environmental vari-
ables limits the explanatory power of the models. Recent
research demonstrates that incorporating physiological and
environmental stress indicators can substantially improve
model performance. For instance, Zhou et al. (2022) devel-
oped a mechanistic model to predict thermoregulatory
responses in Holstein dairy cows, emphasizing the critical
role of environmental factors like temperature, humidity,
and air velocity in accurate predictions. Similarly, Suong
et al. (2022) demonstrated that heat stress affects rumen
microbial composition and fermentation efficiency in dairy
cows, with the inclusion of environmental variables such
as temperature and humidity significantly improving predic-
tion accuracy. These studies highlight that integrating envi-
ronmental metrics, such as the temperature-humidity index,
into milk yield prediction models for water buffaloes could
better reflect biological complexity, particularly in regions
with high seasonal variability, thereby improving predictive
performance and contributing to more robust decision-sup-
port systems in precision livestock farming.

These studies underscore the importance of integrating
environmental and physiological data into predictive frame-
works in ruminant science. While our study did not explicitly
model heat stress, the methodological approaches applied
here (e.g., GBM, cross-validation, feature engineering) are
adaptable to such applications. Future work could incorpo-
rate environmental metrics—such as temperature-humidity
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indices—into milk yield prediction models to better reflect
the biological complexity of buffaloes under thermal stress,
particularly in regions with high seasonal variability. Such
integration may not only improve predictive performance
but also contribute to more resilient decision-support sys-
tems in precision livestock farming.

Conclusions

This study aimed to classify milk yield levels (Low,
Medium, High) in water buffaloes using four machine learn-
ing algorithms—Multiclass Logistic Regression (MCLR),
Random Forest (RF), Gradient Boosting Machines (GBM),
and Support Vector Machines (SVM)—based on individual-
level features such as age at first pregnancy, feed type, lacta-
tion period, and recent milk yield. Several methodological
enhancements, including hyperparameter tuning, 8-fold
cross-validation, and removal of highly collinear variables,
were implemented to address limitations identified in the
initial analysis.

Among the tested models, the GBM algorithm achieved
the highest performance, with approximately 65% accuracy
and a weighted F1 score of 0.6311. These results demon-
strate the potential of ensemble methods in modeling com-
plex biological outcomes. However, the limited sample size
(n=108), class imbalance, and exclusion of environmental
and physiological variables restricted model accuracy. The
classification of continuous traits into discrete categories
may also have contributed to misclassification errors.

The findings underscore that while machine learning pro-
vides promising tools for predictive modeling in livestock
science, its effectiveness is contingent upon data richness,
feature diversity, and contextual appropriateness. Notably,
recent literature illustrates that integrating environmental
stressors—such as heat and humidity indices—can enhance
prediction of productivity traits in ruminants. Future studies
should explore the incorporation of such variables and con-
sider advanced models (e.g., MARS, XGBoost) validated
on larger and more heterogeneous datasets.

Overall, this study contributes to the growing body of
research on the use of machine learning in buffalo pro-
duction systems and highlights critical considerations for
improving prediction reliability and applicability in real-
world livestock management scenarios.
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