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ABSTRACT
Subacute ruminal acidosis (SARA) is a common metabolic disorder in early
lactation dairy cows that negatively affects rumen function, milk production,
and animal welfare. Early identification remains challenging because
clinical signs are often subtle and transient. The aim of this study was to
evaluate whether multi sensor behavioral, physiological, and milk-
production data could be used to identify cows experiencing SARA using

machine-learning approaches. The study included early-lactation Holstein



cows during the first 100 days in milk. The final dataset comprised 636 cow-
day observations, including 134 SARA cases and 502 clinically healthy
controls. Cow identification numbers were additionally used as grouping
variables during cross-validation to ensure complete separation of
individual animals between training and validation subsets. SARA was
defined based on continuous ruminal pH measurements, where cows were
classified as SARA when ruminal pH remained between 5.2 and 5.8 for at
least 180 min per day. Sensor derived variables included rumination time,
activity, water intake, reticulorumen temperature, milk yield, and milk
composition obtained from intraruminal boluses and ai in-line milk
analyzer. Six supervised machine learning classifiers were developed to
classify SARA status based on combined sensor data. Among the evaluated
models, SVM demonstrated the highest discriminatory performance, which
achieved an area under the curve (AUC) of 0.97, accuracy of 0.95,
sensitivity of 0.86, and specificity of 0.98 under repeated cow-level grouped
cross-validation. Random forest showed similar performance (AUC = 0.97;
accuracy = 0.93 and 0.98, respectively). Across all models, specificity was
consistently higher than sensitivity, indicating that healthy cows were
classified more accurately than SARA cases. These results demonstrate that
integrated behavioral, physiological, and milk production data obtained
from automated sensor systems can support classification of cows
experiencing SARA under commercial farm conditions. The findings support

the potential of multi sensor monitoring systems combined with machine



learning classifiers as a tool for automated detection of rumen health

disturbances in precision dairy farming.
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INTRODUCTION

Subacute ruminal acidosis (SARA) remains one of the most common
metabolic problems in high-producing dairy cows worldwide. Frequent
episodes of moderately low ruminal pH hinder the breakdown of fiber, change
fermentation pathways, and increase systemic and local inflammation, all of
which lower productivity and increase vulnerability to secondary disorders
[1], [2]. Early lactation is considered the period of highest risk, as cows
experience a sharp rise in nutrient requirements, variable dry matter intake,
and a strong shift toward rapidly fermentable diets [3]. Early identification of
SARA is especially crucia! since these physiological changes frequently put

cows at risk for unstable rumen fermentation.

Diagnosing SARA under commercial conditions remains challenging
because many affected cows show no overt clinical signs. Continuous
intraruminal pH measurement is acknowledged as the most accurate
diagnostic technique, but its practical application is constrained by sensor
costs, maintenance needs, and challenges related to long-term deployment in
big herds [4]. The limitations of relying on single markers are highlighted by
the inconsistent sensitivity and specificity of indirect indicators, such as

variations in rumination time, milk fat content, or the fat-to-protein ratio,



across herds, feeding systems, and lactation stages [5], [6]. As a result,
imperfect combinations of clinical observations, productivity data, and

intermittent pH tests remain necessary for herd-level monitoring.

The rapid advancement of precision dairy technologies has made it
possible to identify rumen health issues early. Modern precision dairy
technologies now provide continuous, high-frequency records of behavioral
and physiological data that reflect changes in cow health status, generated
through intraruminal boluses, rumination sensors, accelerometers, and in-
line milk analyzers [7], [8]. Although these data streams capture subtle
deviations in rumination, activity, reticulorumen temperature, and milk
composition that often precede clinical disease, most studies have evaluated
these indicators separately, and it is stili unclear how much multi-sensor data

can collectively characterize SARA, especially in early-lactation cows [9].

Despite these advancements, there is still limited research specifically
applying machine learning (ML) to SARA. Existing studies have limited
ability to capture the multifactorial nature of SARA because they often focus
on discrete markers, such as rumination behavior or milk content, rather than
integrating numerous physiological and behavioral data streams [10], [11].
Since eating behavior, rumen motility, fermentation stability, and systemic
metabolism are all impacted by SARA at the same time, its detection is likely
improved when combining multiple sensor inputs rather than relying on a

single metric [12], [2]. Rumination, activity, intraruminal temperature or pH,



and milk composition characteristics can now be continuously measured
using multi-sensor platforms. Several studies have demonstrated that
incorporating these variables improves the early detection of metabolic
disturbances when compared to single indicator approaches [13], [14].
Previous studies have already explored non-invasive and machine-learning
based approaches for SARA prediction, but their predictive performance and
field applicability remain limited, indicating the need for further integration

of behavioural, physiological, and milk-derived data streams [15], [16].

Although wearable and sensor technologies have expanded rapidly in
precision dairy farming, several important limitations remain, particularly
regarding multisensor integration, intercperability between different
monitoring platforms, and the transiation of large data streams into practical
tools for farmers. Many currently available systems operate as separate data
sources, and combining behavioral, physiological, and milk production data
into unified analytical frameworks remains a major challenge in precision
livestock farming. Furthermore, the practical implementation of these
technologies requires not only accurate algorithms but also robust, user
oriented systems that can support on farm decision. These challenges have
been highlighted in recent reviews of wearable monitoring technologies in
dairy cattle, which emphasize that the next step in precision livestock farming
is the development of integrated multisensor systems capable of converting

complex sensor data into actionable health information [17], [18].



Therefore, the objective of this study was to evaluate whether
integrated multi sensor physiological, behavioral, and milk composition data
can reliably distinguish early lactation cows experiencing SARA from
clinically healthy animals using supervised machine learning models. We
hypothesized that models capable of capturing nonlinear relationships would
outperform linear models, because SARA is a multifactorial disorder
characterized by complex interactions among rumination behavior, milk
composition variables, and activity patterns rather than a single linear

predictor.

METHODS

FEthical approval

All animal procedures were reviewed and approved by the
Institutional Animal Care and Use Committee of the Lithuanian University
of Health Sciences (Protocol No. G2-227, approved on 7 March 2025). The
study was conducted in accordance with the requirements of EU Directive

2010/63/EU on the protection of animals used for scientific purposes.

Animals and experimental design

This observational study was carried out at the Practical Training and
Research Center of the Lithuanian University of Health Sciences and
involved primiparous and multiparous Holstein-Friesian cows in early
lactation. The trial commenced on 6 October 2023 and continued until 15
August 2025. A total of 636 cow-day observations were classified into two

groups based on ruminal pH measurements. Cows were assigned to the



SARA group when ruminal pH remained between 5.2 and 5.8 for at least
180 min/day (n = 134) [1], [19]. Clinically healthy cows served as controls
(H) (n = 502), and were frequency-matched to SARA cows by parity and
stage of lactation. The final dataset comprised 636 observations, with one
observation day retained per cow. For each observation, a single 4-h
analytical window was used as model input. Cows exhibiting any concurrent
disorder (e.g., mastitis, ketosis, metritis, lameness, or other clinical disease)
or lacking complete data were excluded from both groups.

All animals were housed in free-stall barns under consistent
management and nutritional conditions. The study period corresponded to
early lactation, defined as the first 100 days in milk [20]. Cows were milked
using DeLaval milking robots (DeLaval Inc., Tumba, Sweden). The average
body weight of the herd was 550 = 45 kg. Barns were equipped with a
DeLaval mechanical ventilation system (DeLaval Inc., Tumba, Sweden).

In 2024, the mean annual milk yield per cow was 10,310 kg, with average
fat and protein contents of 4.2% and 3.5%, respectively. Throughout the
study, cows received a total mixed ration (TMR) formulated by a
professional nutritionist to meet their physiological and production
requirements. Feeding occurred twice daily (08:00 and 16:00), and water

was available ad libitum. The detailed composition of the TMR is presented

in Table 1.

Table 1. Composition of TMR for lactating dairy cows
TMR Component Value
Mineral mix 6.0%

Grain concentrate mash 49.0%



Grass silage 10.0%

Corn silage 31.0%
Alfalfa grass hay 4.0%
Chemical composition:

Dry matter (DM) 50.7%
Neutral detergent fiber 28.3% of DM
Acid detergent fiber 19.8% of DM
Net lactation energy 1.6 Mcal/kg
Crude protein 15.8% of DM
Non-fiber carbohydrates 38.7% of DM

Registration of the parameters

In this study, milk composition (milk yield, fat, protein, lactose
contents, and fat-to-protein ratio (FPR)) was continuously monitored using
the Brolis HerdLine in-line milk analyzer (Brolis Sensor Technology, Vilnius,
Lithuania), while rumination time, water intake, reticulorumen temperature,
and activity levels were tracked using the SmaXtec monitoring system
(SmaXtec Animal Care GmbH, Graz, Austria).

The daily milk composition data for each cow were derived from
measurements generated by the Brolis in-line milk analyzer, which operates
in the 2100-2400 nm spectral range using a GaSh-based, widely tunable
external cavity laser spectrometer. This compact device, mounted directly
on milking stalls or robotic milking units, monitored milk flow in
transmission mode throughout the entire milking process. It required no
reagents or routine maintenance. Milk composition data were captured
every five seconds, and final values for fat and protein were calculated as

flow-weighted averages across each milking session.



Reticulorumen parameters were recorded using SmaXtec boluses
(SmaXtec Animal Care GmbH, Graz, Austria), which provide continuous
real-time monitoring. Boluses were administered orally by an experienced
veterinarian according to the manufacturer’s instructions and linked to each
cow’s identification number before data collection.

SmaXtec boluses recorded reticulorumen pH, temperature, activity,
temperature without drink cycles, and rumination time at 10-min intervals.
For cows classified as SARA, all parameters were averaged across the 3-
hour period during which pH remained below 5.8 (=180 min/day). For
healthy controls, one 4 h segment was selected from a matched cow-day
based on parity and stage of lactation, providing methodologically
comparable short term datasets for between-group analyses.

Data transmission was facilitated by antennas connected to the
SmaXtec system, equipped with a microprocessor, analog-to-digital
converter, and external memory. Data processing and storage were
managed through the SmaXtec Messenger software (version 4). Throughout
the study, continuous measurements of reticulorumen temperature,
rumination, activity, and water intake were collected. A detailed list of
monitored variables, measurement units, and recording intervals is

provided in Table 2.

Table 2. Description of behavioral, physiological, and milk-production variables recorded by
automated monitoring systems and used as model inputs.

Sensor Trait Measurement Unit
Interval
Activity 10 min Arbitrary units

(a.u.) specific to



SmaXtec bolus SmaXtec’s internal

(SmaXtec Animal Care algorithm.
GmbH, Graz, Austria) Water intake L/day
Temperature °C
Rumination time min/day
Reticulorumen °C
temperature
Brolis Herdline in-line Milk yield Measurements were kg/day
milk analyzer (Brolis Protein taken every 5 s %
Sensor Technology, Fat throughout each %
Vilnius, Lithuania) Fat to Protein milking.
ratio
Lactose %

Development of classification models and applied analytical
techniques

Classification models were developed to distinguish SARA cow-day
observations from clinically healthy controls using physiological, behavioral,
and milk-production variables. Because analytical windows for SARA cows
were selected during periods of depressed ruminal pH, the models should
be interpreted as concurrent classification models rather than early
prediction tools. All analytical procedures were carried out using Python
(version 3.13) with the scikit-learn, statsmodels, SciPy, and matplotlib
libraries.
Data from the Brolis HerdLine analyzer and SmaXtec boluses were merged
by cow identification number and sampling date. Variables recorded at 10-
min intervals were summarized as 4-h mean values. For cows classified as
SARA, the analytical window corresponded to the period during which
ruminal pH met the case definition for depressed pH. For clinically healthy

cows, one comparable 4 h segment was selected from a matched cow-day



based on parity and stage of lactation to ensure temporal comparability
between groups. For each included cow-day observation, one analytical
summary window was used as input for the machine-learning models.

Milk yield and composition parameters were summarized as daily
averages generated by the Brolis HerdLine analyzer. Water intake was
extracted directly from the SmaXtec bolus system. Records were excluded if
any physiological disorder (mastitis, ketosis, metritis, lameness) occurred or
if essential variables were missing. Based on previous studies [1], [19], the
target variable was defined as a binary classification: SARA = 1 when
ruminal pH remained between 5.2 and 5.8 for =180 min/day, and SARA =0
otherwise.

A series of supervised machine-learning classifiers were trained to
classify SARA status using the sensor-derived features. Six widely used
algorithms were implemented: Logistic Regression (LogReg), Random
Forest Classifier (RF), Gradient Boosting Classifier (GBoost), Support
Vector Machine (SVM), Decision Tree Classifier (DT), Gaussian Naive

Bayes (NB). A detailed description of the models is provided in the Table 3.

Table 3. Summary of machine learning model types, architectures, and key parameters used in this
study

Type / Key Parameters
Model Architecture Used Notes
Scaled features;
max iter = 1000; produces calibrated
Logistic Regression Linear classifier penalty = L2; probabilities
(LogReq) solver = 'lbfgs'
n_estimators = Nonlinear model;
Random Forest Ensemble 300; random state robust; no scaling

(RF) (bagging) =42 required



learning rate =
0.1; n estimators =

Sequential tree

Ensemble 100; random state boosting; moderate
Gradient Boosting (boosting) =42 regularization
(GBoost)
kernel = ‘rbf’; Requires scaling;
probability = True; strong
Support Vector C =1.0; gamma = discriminative
Machine (SVM, Kernel-based ‘scale’; performance
RBF) classifier random state = 42

Interpretable;

Decision Tree (DT) CART decision tree random state = 42  prone to overfitting

Fast baseline
model; assumes
independence

No tunable
hyperparameters

Probabilistic

Naive Bayes (NB) classifier

Before training, numerical features were scaled using a standardization
procedure (mean = 0, STD = 1) for models sensitive to feature magnitude
(LogReg, SVM, NB). Tree-based models were trained on unscaled data.

Model evaluation was pericrmed using repeated stratified grouped
cross-validation at the cow level. This approach ensured that records from
the same cow could not appear simultaneously in training and validation
subsets, thereby reducing potential information leakage. Five-fold grouped
cross-validation was repeated 10 times using different random partitions.

Model performance was assessed using pooled out-of-fold predictions
and evaluated with accuracy, sensitivity, specificity, F1 score, and area
under the ROC curve (AUC). To quantify uncertainty in model performance,
bootstrap resampling of pooled out-of-fold predictions was performed to
estimate 95% confidence intervals for all reported metrics. Model

performance was evaluated using the following metrics:



0 Accuracy (ACC);

0 Sensitivity (SE) = TP + (TP + FN);
0 Specificity (SP) = TN + (TN + FP);
0 F1 score (F1);

0 Area under the ROC curve (AUC).

Classifier-specific ROC curves were generated based on predicted
probabilities for the positive class (SARA = 1). The DeLong method was
applied to compute 95% confidence intervals for AUC estimates. Confusion

matrices were calculated for threshold-based metrics.

Statistical analyses and complemeniaiy modeling

Additional statistical analyses were verformed to support the ML results.
Descriptive statistics were calculated for all physiological, behavioral, and
milk variables. Group difierences were evaluated using Shapiro-Wilk tests
for normality followed by Mann-Whitney U tests. Spearman correlation
analysis was used to assess associations between variables and SARA
status.

All results, including comparative model performance and statistical

outputs, were exported to Excel files for transparency and reproducibility.

RESULTS

Classification performance metrics with 95% confidence intervals for

all models are presented in Table 4. Confidence intervals were estimated



using bootstrap resampling of pooled out-of-fold predictions generated

during repeated grouped cross-validation.

Table 4. Performance of machine-learning classifiers for SARA classification using repeated cow-

level grouped cross-validation with 95% confidence intervals.

Model AU% I()95% ?g;«;,r?g Sensiticv}i):y (95% Specifi((::}i):y (95% F1 (95% CI)
LogReg 0'98_591‘;38‘ 0‘88.5%')83‘ 0.58 (0.46-0.71)  0.95 (0.89-0.98) 0'68'(7%')57‘
RF 0'93.5()%)95‘ 0'98‘5()%)91‘ 0.72 (0.61-0.82)  0.98 (0.96-0.99) 0'88_é%')74‘
GBoost 0'98_5(;‘)94‘ 0‘93.591')89‘ 0.72 (0.59-0.84)  0.97 (0.95-1.00) 0'73;%)69‘
(%\QF/I) 0'93.5()%)95‘ 0'98‘507')94‘ 0.86 (0.78-0.96)  0.98 (0.95-0.99) O'Bg_&)%‘
DT O'SS_é%')77‘ 0‘88.5%)85‘ 0.75 (0.59-0.84)  0.92 (0.87-0.97) 0'73;%')65‘
NB 0'835(3%;31‘ 0'88.5(3%)78‘ 0.50 (0.42-0.60) ~ 0.91 (0.86-0.96) 0'58%%')47‘

Performance metrics

Performance metrics for ail six supervised classifiers obtained using

repeated cow-level grouped cross-validation are summarised below and

visualised in Figure 1. Results were calculated from pooled out-of-fold

predictions generated across repeated grouped validation folds. Validation
folds were additionally checked to confirm that no overlap of cow

identification numbers occurred between training and validation subsets.
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Figure 1. Performance metrics of machine-learning classifiers under repeated grouped cross-
validation.

LogReg achieved an AUC of 0.91 and an overall accuracy of 0.87. For
SARA cases, specificity was 0.95 and seusitivity was 0.58, resulting in an
F1-score of 0.65. The RF classifier showed slightly higher discrimination
(AUC 0.97, accuracy 0.93), characterised by a SARA sensitivity of 0.72 and
specificity of 0.98 for healthy cows. GBoost performed comparably (AUC
0.96, accuracy 0.92), with a sensitivity of 0.72 and specificity of 0.97. The
SVM with an RBF kernel was the best performing model, yielding an AUC of
0.97 and accuracy of 0.95; for SARA, sensitivity reached 0.86,
demonstrating a favourable balance between sensitivity and specificity. The
DT classifier exhibited lower predictive ability (AUC 0.83, accuracy 0.88),
while the NB model performance was (AUC 0.84, accuracy 0.83) with
substantially reduced precision and recall for SARA. Overall, the tree based

ensemble models (RF, GBoost) and the SVM consistently outperformed



other classifiers, each achieving AUC values >0.96 and accuracies of
approximately 0.90-0.93. ROC curves for all six classifiers are presented in

Figure 2.
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Figure 2. ROC curves obtained from repeated cow level grouped cross-validation.

A detailed comparison of model performance using ACC, SE, SP, and
F1 is presented in Figure 3. The SVM classifier showed the strongest
overall discrimination, achieving ACC = 0.95, SE = 0.86, SP = 0.98, and F1
= (.89, together with the highest AUC (0.968). The RF and GBoost models
demonstrated similarly high performance (RF: ACC = 0.93, SE = 0.72, SP =
0.98, F1 = 0.80; GBoost: ACC = 0.92, SE = 0.72, SP = 0.97, F1 = 0.79),
indicating strong ability to correctly classify both SARA and healthy cows.

LogReg provided moderate but balanced performance (ACC = 0.87, SE =



0.58, SP = 0.95, F1 = 0.65; AUC = 0.905). In contrast, DT (ACC = 0.88, SE
= 0.75, SP = 0.92, F1 = 0.73) and NB (ACC = 0.83, SE = 0.50, SP = 0.91,
F1 = 0.55) showed weaker classification ability, particularly due to reduced

SE and F1 for SARA detection.
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Figure 3. Model performance compariso:.m

Repeated grouped cross-validation produced consistently high
discriminatory performance for the nonlinear models, particularly RF, SVM,
and GBoost, which achieved pooled out-of-fold AUC values above 0.95.
Logistic Regression showed slightly lower but still strong performance
(AUC = 0.90), whereas DT and NB demonstrated comparatively weaker
discrimination. The consistency of results across repeated grouped

validation folds suggests that model performance remained stable after
controlling for potential cow-level information leakage.
Comparison between groups

In addition to model performance, the biological relevance of

variables was evaluated using group comparisons and correlation analysis,



which showed that rumination time, milk yield, lactose concentration, and
temperature parameters were most strongly associated with SARA and
therefore likely contributed most to model classification. As expected, daily
mean ruminal pH was markedly lower in the SARA group compared with H
group (5.61 vs. 6.71; P < 0.001). Core temperature measured by the
SmaXtec bolus was slightly but significantly reduced in SARA cows
(38.85°C vs. 38.92°C; P = 0.0349). Rumination time was also lower in SARA
cows (395.9 vs. 431.3 min/d; P = 0.0086), indicating compromised feeding
behavior.

Milk yield differed significantly between groups, with SARA cows
producing less milk than healthy cows (9.86 vs. 12.17 kg/d; P < 0.001). Milk
lactose percentage was also reduced in SARA cows (4.53% vs. 4.79%; P <
0.001). In contrast, milk fat percentage tended to be higher in SARA cows
(4.48% vs. 4.25%; P = 0.0896), although this difference did not reach
conventional significance (0.05 = P < 0.10). Milk protein percentage and
the FPR did not differ between groups (P > 0.50).

Reticulorumen temperature recorded by the SmaXtec bolus was
substantially lower in SARA cows (35.68°C vs. 35.97°C; P < 0.0001),
consistent with reduced rumination and metabolic activity. Measures of
physical activity and water intake did not differ significantly between
groups (P > 0.13). Temperature-derived variables such as normal
temperature and temperature without drink cycles also showed no

significant differences. These results are summarized in Table 5.



Table 5. Comparison of physiological and milk parameters between H and SARA groups using Mann-
Whitney U test.
*P < 0.05 (significant)

variable mean H mean SARA STD STD H P_valu
SARA e
temperature °C 38,92 38,85 0,39 0,29 0,035
Temp Without Drink
cycles 39,39 39,34 0,23 0,31 0,085
Normal temperature * 39,55 39,54 0,24 0,23 0,127
Activity 5,94 6,10 4,01 3,12 0,260
Rumination min/24h *+ 431,25 395,93 129,96 104,23 0,009
Water intake in gal 94,34 99,40 29,39 31,15 0,136
2,47 2,59 <
Total yield#+* 12,17 9,86 0,001
Fat 4,25 4,48 1,09 0,81 0,090
Protein 3,22 3,31 0,53 0,28 0,835
0,27 0,21 <
Lactose *** 4,79 4,53 0,001
0,76 0,82 <
Milk temperature °C *** 35,97 35,68 0,001
FPR 1,32 1,36 0,29 0,24 0,510
DIM 54,2 56,8 i1,4 12,1 0,218
Parity 2,3 2,4 1,2 1,1 0,412

**P < 0,01 (highly significant)
kP < (0,001 (very highly significant)

Correlation analysis

Spearman rank correlations between groups and all measured
variables are presented in Figure 4. Ruminal pH showed a strong negative
correlation with SARA (r = -0.85), confirming that lower pH values were

tightly associated with the classification of cows as experiencing SARA.



1.00

temperature °C 100 080
Temp Without Drinkcycles 080 100 068
Normal temperature 068 1.00 0.50
Heat index
activity 0.25
rumination min/24h
water_intake in gal 0.00
TOTAL_YIELD
FAT —0.25
PROTEIN
LACTOSE —0.50
TEMPERATURE
FPR —0.75

SARA

-1.00

pH

temperature °C
Temp Without Drinkcycles
Normal temperature
Heat index

activity

rumination min/24h
water_intake in gal
TOTAL_YIELD
PROTEIN

LACTOSE
TEMPERATURE

Figure 4. Correlation heatmap.

Among physiological indicators, milk temperature exhibited a
moderate negative correlation with SARA (r = - 0.32). Reticulorumen
temperature variables, inicluding temperature, normal temperature, and
temperature without drink cycles, were only weakly associated with SARA
(r < 0.10). Activity demonstrated a minimal correlation (r = + 0.05),
indicating limited value as a single predictor.

Behavioral traits showed clearer relationships. Rumination time was
moderately and negatively correlated with SARA (r = - 0.32), suggesting
that cows with SARA spent less time ruminating compared with healthy
cows. Water intake showed a weak-to-moderate positive correlation (r = +
0.18), consistent with increased drinking behavior during periods of lower

ruminal pH.



Milk performance traits yielded several notable associations. Daily
milk yield was moderately negatively correlated with SARA (r = - 0.42), and
lactose concentration displayed a similar negative association (r = - 0.46).
In contrast, milk fat and protein percentages demonstrated weak positive
relationships (r = + 0.10 to + 0.15). Consequently, the FPR showed only a
weak correlation with SARA (r = + 0.12), indicating limited diagnostic
usefulness in this population of early-lactation cows.

Correlations among variables followed biologically expected patterns,
with milk yield negatively correlated with milk fat and positively correlated
with lactose, and rumination positively associated witli ruminal pH and milk
yield. No strong correlations indicative of muiticollinearity were observed,

as most remained in the low-to-moderatie range (r < 0.50).

DISCUSSION

This study evaluated the potential of multi-sensor behavioral and
physiological data to classify SARA in early lactation dairy cows and
compared the performance of six supervised ML classifiers. Using high
resolution measurements from in-line milk analyzers and intraruminal
boluses, we assessed differences in rumen pH, rumination behavior,
temperature-related traits, milk characteristics, and activity between SARA

affected and clinically healthy cows.

The high discriminatory performance of SVM (AUC 0.97; ACC 0.95),

RF (AUC 0.97; ACC 0.93) and GBoost (AUC 0.96; ACC 0.92) suggests that



SARA in early lactation cows can be differentiated with high accuracy under
internal grouped validation when combining multiple behavioural and
physiological variables. These algorithms were able to maintain both high
overall accuracy and a favourable sensitivity - specificity balance, indicating
that SARA is expressed through nonlinear relationships and multivariate
patterns rather than single parameter deviations. Such behaviour is typical
in precision livestock datasets, where interactions among rumination
dynamics, rumen temperature, lactose concentration, and activity require
models capable of adapting to complex feature spaces. This observation is
consistent with recent reviews highlighting the growing role of advanced
machine-learning techniques in dairy health monitoring and the superiority

of nonlinear and ensemble algorithms for disease detection [21].

In contrast, the lower performance of LogReg, DT, and particularly

NB can be explained by methodological limitations of these algorithms.
LogReg assumes liniear relationships between predictors and the outcome,
which may not fully capture the multifactorial nature of SARA. Decision
trees are prone to overfitting, especially with relatively small datasets,
which may explain their lower generalisation performance. The reduced
sensitivity of NB likely reflects its assumption of independence between
predictors, which is unrealistic in biological systems where variables such
as rumination, milk yield, and temperature are physiologically related.

Similar limitations of linear and probabilistic models have been reported in



other disease-prediction studies, where nonlinear and ensemble approaches
provide better discrimination in complex biological datasets [22].

Recent research integrating multimodal sensor, production, and
biologic data further corroborates the feasibility of early detection of
metabolic disturbances in dairy cows using ML-based frameworks. For
example, a 2024 study demonstrated successful early detection of metabolic
disorders by combining wearable sensor data with phenotypic traits in a
cloud-based ML pipeline, achieving strong predictive performance
comparable to ensemble classifiers [23]. Similarly, studies focusing on
cattle behavioural monitoring report that tree-based algorithms and SVM
consistently outperform linear models for classiiication tasks in commercial
herd environments, reinforcing the value oi nonlinear approaches under
real-world variability [24]. The reduction in ruminal pH in SARA cows (mean
5.61 compared with 6.71 in the H group) confirms a biologically meaningful
state of subacute acidosis and demonstrates that the classification threshold
successfully captured relevant rumen dysfunction. This difference reflects a
substantial disturbance in fermentation stability, consistent with established
evidence showing that even moderate depressions in ruminal pH impair
digestion and buffering capacity [25]. Correspondingly, SARA cows
exhibited shorter rumination times (approximately 36 min/d less), a
response that aligns with the documented suppression of chewing and
rumination activity under acidic rumen conditions [26]. Thermal responses

followed similar patterns. Core temperature decreased by ~0.07 °C,



reticulorumen temperature by ~0.29 °C, milk temperature by ~0.31 °C
(37.63 °C vs. 37.94 °C), and the individualized normal temperature baseline
by ~0.23 °C in SARA cows. Although these temperature shifts were modest,
high-resolution sensor technologies readily detect such subtle changes,
which may indicate reduced fermentation heat output or altered rumen
motility during low-pH periods. The fact that these thermal alterations
occurred alongside reduced rumination suggests that both are
manifestations of the same underlying metabolic disturbance [27].
Nevertheless, temperature responses to acidosis are not universally
consistent: controlled studies have reported the opposite pattern, where
decreasing pH is accompanied by increasing reticulorumen and abomasal
temperatures that correlate positively with rectal temperature [28]. This
variability underscores the complexity of thermal physiology during ruminal
acidosis and the potential influence of diet, acidosis severity, or
methodological differences.

Milk performance traits were among the strongest indicators of SARA,
both in group comparisons and correlation patterns. Daily milk yield showed
a moderate negative correlation with SARA (r = - 0.42), consistent with the
group-level reduction of more than 2 kg/d in SARA cows (9.86 vs. 12.17
kg/d). Likewise, lactose concentration showed a moderate negative
correlation (r = - 0.46) and was lower in SARA cows (4.53% vs. 4.79%),
reflecting impaired carbohydrate fermentation and reduced glucose

availability during ruminal acidosis [29]; [30]; [31]. In contrast, milk fat and



milk protein exhibited only weak positive correlations with SARA (r = +0.10
to +0.15), and the similarly weak correlation of the fat-to-protein ratio (FPR;
r = +0.12) mirrored the absence of meaningful group differences. The
slight tendency toward higher milk-fat percentage in SARA cows (+0.23),
despite no changes in protein or FPR, suggests that milk fat responses are
highly variable and influenced by diet dependent or cow specific factors
rather than rumen acidity alone [32]. Instead, they highlight the value of
sensor integrated, multivariate diagnostic approaches that combine
behavioural, physiological, and milk production data rather than relying on
single markers [33]. The practical value of automated behavioural
monitoring is also supported by recent evidence showing that ear tag
derived behavioural data can assist reproductive decision making in
commercial dairy herds, reinforcing the broader utility of PLF tools in herd
management [34].

Several limitations of this study should be acknowledged. First,
ruminal acidosis is a dynamic disorder and not only a threshold-dependent
pH event; therefore, classification based on a single pH criterion may only
partially capture its biological complexity [34]. Second, although the total
number of observations was considerable, the proportion of SARA cases was
lower than that of healthy cows, which may have influenced model
sensitivity due to class imbalance. Third, sensor-derived variables were
summarized over relatively short 3-4 h analytical windows, which may have

limited the detection of more gradual behavioural and physiological



changes associated with rumen instability. Fourth, all animals originated
from a single herd managed under uniform feeding and housing conditions,
which may limit the generalisability of the models to other herds and
management systems. To reduce potential information leakage, repeated
grouped cross-validation at the cow level was implemented in the revised
analysis, ensuring that records from the same cow could not appear in both
training and validation subsets. Although this approach substantially
strengthens internal validation, the models were still developed using data
from a single herd under relatively uniform management and feeding
conditions. Therefore, external validation across independent herds and
production systems remains necessary before broader practical
implementation. Finally, although ruminal pH was excluded from the
predictor set, analytical windows were selected from periods of already
depressed pH; therefore, the models should be interpreted as tools for
concurrent classification rather than true predictive models. Future
research should focus on developing predictive models using lagged sensor
data recorded hours or days before ruminal pH depression, as well as
regression or risk-level modelling approaches to predict ruminal pH

dynamics and SARA risk in advance.

CONCLUSIONS

This study demonstrated that the integration of multi-sensor

behavioral, physiological, and milk-production data can be used to classify



cows experiencing subacute ruminal acidosis during early lactation under
commercial farm conditions. Among the evaluated models, SVM, RF, and
GBoost achieved the highest discriminatory performance, indicating that
nonlinear, multivariate relationships best characterize the physiological and
production changes associated with SARA. Group comparisons and
correlation analyses showed consistent alterations in rumination activity,
thermal parameters, milk yield, and lactose concentration, highlighting the
multifactorial nature of the disorder. These findings suggest that automated
monitoring systems capturing high-frequency data streams may support the
identification of rumen instability and provide useful decision-support
information for precision dairy management. iHowever, the models were
developed using data from a single herd and evaluated using an internal
validation approach; therefore, external validation in independent herds and
production systems is required before routine practical application. Future
research should focus on validating these models across diverse herds and
on developing predictive models based on lagged sensor data for early

warning of SARA risk.
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