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A B S T R A C T

Heat stress, exacerbated by climate change, poses a significant challenge to the dairy industry. Advances
in Artificial Intelligence provide tools to project future conditions based on historical data, offering crucial
resources to tackle heat stress impacts. This study evaluates and forecasts the impact of microclimatic
conditions on dairy cow milk production, using data collected from an Automatic Milking Systems (AMS).
Over a 6-year and 7-month period, we analyzed the temporal relationships among milk protein, fat, production,
temperature, and Temperature-Humidity Index (THI). Cross-correlation analysis revealed that as THI increases,
there is a corresponding decrease in protein and fat content, with a 5-day time lag for protein. We introduced
the innovative use of Time-Series Mixer (TSMixer), a cutting-edge deep learning algorithm, to forecast the
long-term evolution of milk production and quality at high temporal resolution. TSMixer effectively predicted
daily protein, fat, milk production and milk temperature over two-month temporal horizon with high accuracy
(R2 values of 0.83, 0.81, and 0.80). It outperformed baseline models, capturing simple linear and periodic
behaviors, demonstrating superior predictive abilities, especially for primiparous cows. TSMixer advances milk
production forecasting by offering high-resolution daily predictions for both milk yield and quality, unlike
typical deep learning models that focus on lower-resolution, long-term forecasts. Its use of lightweight Multi-
Layer Perceptrons makes it suitable for real-time deployment in AMS pipelines, aiding farmers in forecasting
individual cow performance.
1. Introduction

Climate change poses threats to the dairy sector due to the impact of
heat stress on animals. This stress in dairy cattle results from a combi-
nation of environmental factors such as temperature, relative humidity,
and air circulation (Joksimović-Todorović et al., 2011). The interplay
among these factors can impact the welfare of the animals, as well as
the yield and quality of milk (Tao et al., 2020), having enormous reper-
cussions on the global dairy industry’s economic landscape (Wheelock
et al., 2010). The heat stress phenomenon is commonly observed in
tropical, sub-tropical, and temperate zones, where the high ambient
temperature induces cows to depend on evaporative cooling. However,
the elevated relative humidity hinders effective dissipation of body
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heat, counteracting the natural increase in body temperature (West,
2003). Despite the relevance of this phenomenon the precise mech-
anisms through which hyperthermia detrimentally influences overall
physiology and milk synthesis remain unclear (Wheelock et al., 2010).
These mechanisms may encompass various factors, including modified
metabolism, potential activation of the immune system and inflamma-
tion, alterations in behavior, and changes in both the development and
function of the mammary gland (Tao et al., 2020).

The effects of heat stress on milk quality and production have been
tackled in the literature and they can be separated into two distinct
causes (Cowley et al., 2015). The first concerns the decrease in volun-
tary feed intake, while the second addresses the direct physiological
https://doi.org/10.1016/j.compag.2024.109730
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and metabolic effects induced by heat stress. The foremost and widely
recognized consequence of heat stress on a dairy cow is a decrease in
oth milk yield and dry matter intake, leading to substantial economic

losses for dairy producers (Bouraoui et al., 2002; West, 2003; Rhoads
t al., 2009; Wheelock et al., 2010; Joksimović-Todorović et al., 2011;

Gao et al., 2017; Tao et al., 2020). Several studies have recognized the
direct physiological and metabolic effects of heat stress, such as the de-
creasing concentrations of protein and fat (Joksimović-Todorović et al.,
2011; Bernabucci et al., 2015; Cowley et al., 2015; Hammami et al.,
2015; Gao et al., 2017; Liu et al., 2017). In a recent study (Lovarelli
t al., 2024), the impact of heat stress on dairy cows was investigated,

with a specific focus on behavioral and productivity traits such as
resting time and milk yield. It was observed that as temperatures rise,
cows tend to rest less and produce lower quantities of milk, potentially
leading to a decline in milk quality. The study suggests that monitoring
cows’ resting behavior could offer valuable insights into understanding
the effects of heat stress on them.

Artificial intelligence (AI) techniques provide a useful tool to un-
avel complex and nonlinear relationships hidden within big datasets
urpassing the results obtained with traditional statistics methods (Rebal

et al., 2019). The rapid progress in Machine Learning (ML) tech-
niques has found application in Precision Livestock Farming (PLF),
contributing to its growing global popularity and exerting a notable
impact on PLF practices (Garcia et al., 2020; Ozella et al., 2023). This
influence extends to various domains, including livestock management
and productivity (Brock et al., 2021; Wang et al., 2021), as well as
applications in animal behavior and welfare (Carslake et al., 2020; Rao
et al., 2020). In the dairy sector, ML methods are being used for various
asks, such as estrus detection (Higaki et al., 2019; Wang et al., 2021),

heat stress severity evaluation, and social interaction tracking (Ren
et al., 2021).

AI modeling tools have been also implemented to enhance the anal-
sis of extensive big data obtained from robotic dairy farms, in order

to optimize the final productivity and quality of milk (Ozella et al.,
2023). The Automatic Milking Systems (AMSs), or milking robots, have
been instrumental in driving the evolution of PLF, bringing a profound
impact on the worldwide dairy farming industry. AMSs provide farmers
with data related to parameters associated with milk production, such
as milk yield, milk temperature, days in lactation, and the percentages
of lactose, fat, and protein. This information holds significant value
in enhancing farm performance in terms of both milk quantity and
uality. Therefore, accurate predictions of milk yield allow farmers
o devise effective financial plans and identify deviations in yield
atterns (Jensen et al., 2018).

In the present study, we examined the influence of microclimatic
onditions on dairy cows milk production using data obtained from
MS. Information on individual milking and daily milk yield was gath-
red over a span of 6 years and 7 months. The temporal relationship
etween protein, fat, milk production and milk temperature, and THI
as analyzed. In addition, we have proposed the innovative application
f Time-Series Mixer (TSMixer), a deep learning algorithm designed
or long-horizon multivariate time series prediction, to forecast daily
rotein, fat, milk production, and milk temperature over the next
wo months. TSMixer introduces a lightweight deep learning model
apable of producing long-term, high-resolution multivariate forecasts
or milk quality and production. This unique combination of long-term
ultivariate forecasting in a lightweight model enables TSMixer to be

ffectively applied in real-world scenarios, such as within an AMS.
The present study is organized as follows: In Section 1.1 we pro-

pose a comparative analysis with the current state of the art in milk
production forecasting. In Section 2, we present the general workflow
f the study, and we introduce the data used and the architecture of
he TSMixer model. Section 3.1 discusses the lactation curves derived
rom our data, while Section 3.2 analyzes the correlation between

milk quality parameters and the THI. Section 3.3 presents the results
of applying TSMixer to forecast the evolution of milk protein, fat,
production, and temperature. Finally, in Section 3.4, we compare the
performance of the TSMixer model with baseline models.
2 
1.1. Comparative analysis with the current state of the art

ML algorithms have been widely applied in several studies to fore-
cast the future trends in milk production. Below, we summarize and
reference the key contributions to this field, categorizing them by
orecast horizon and temporal resolution.

Many studies have focused on predicting current milk-related condi-
ions based on various environmental parameters. For instance, Fuentes

et al. (2020) applied a Feed-forward Neural Network to current climate
aily data for predicting milk yield, protein, and fat levels. Gorczyca

and Gebremedhin (2020) conducted a study employing various ML
algorithms, including penalized linear regression, Random Forests, gra-
dient boosted machines, and Neural Networks, to assess the impact
of environmental heat stressors on physiological responses. Addition-
ally, Bovo et al. (2021) used Random Forest to predict the current daily
milk yield, considering the Temperature Humidity Index (THI) from the
receding five days, the current daily THI, and the lactation day.

Other studies have focused on long-term (at weekly or monthly
cale) milk yield predictions using both traditional machine learn-
ng and deep learning algorithms. For instance, O’Leary and Lynch

(2022) evaluated 15 traditional machine learning algorithms to forecast
weekly milk production at the national level in Ireland. Their study also
explored long-term predictions up to 52 weeks by either developing a
model for each future week or employing a chain regression strategy.
Alwadi et al. (2024) introduced 16 machine learning models and 5 deep
learning models to forecast weekly and monthly milk yield in a robotic
dairy farm at the individual cow level. Cesarini et al. (2024) predicted
national milk yield for the upcoming month by testing 10 deep learning
algorithms using environmental and economic parameters up to the
revious month. This study applied deep learning models to data
panning a substantial period (1981 to 2020) across three countries:
rance, Germany, and Italy.

The studies mentioned above have primarily concentrated on fore-
casting milk production trends over short-term (daily) or long-term
monthly) horizons. Long-term predictions can provide valuable in-
ights for optimizing production strategies; however, their monthly
esolution does not capture daily variations that could be useful for

farmers. Moreover, the machine learning and deep learning applica-
ions in O’Leary and Lynch (2022) and Cesarini et al. (2024) focus

on national levels, offering no insights at the individual cow level.
Additionally, these studies limit their scope to predicting milk yield,

ithout addressing forecasts of milk composition. To our knowledge,
he only work producing long-horizon forecasts with daily frequency
t the individual cow level is proposed in Ji et al. (2022). The authors

applied the XGBoost machine learning algorithm to predict daily milk
yield, milk composition, and milking frequency for cows in a robotic
dairy farm over the following month.

The review of current state of the art reveals a gap: no deep learning
odels have yet been applied to forecast long-term trends in milk

quality and production parameters with daily resolution. This study
addresses this gap through the application of the TSMixer deep learn-
ing algorithm. We trained TSMixer to generate multivariate forecasts
for milk protein, fat, production, and temperature over the next two
months at a daily frequency. These predictions, made at the individual
cow level, allow for precise monitoring of productivity, offering a
valuable tool for enhancing dairy management practices.

2. Materials and methods

2.1. Workflow design

The present paper aims at studying the effect of heat stress on milk
quality and production, proposing a predictive model based on neural
network to forecast their future evolution. Fig. 1 outlines the main steps
f our work. At first we have studied the temporal-based correlations

between the THI and milk protein, fat, production and temperature.
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Fig. 1. Study design scheme. The first block represents the correlation analysis between the THI and the four milk related variables. The second block presents the Time-Series
Mixer application to forecast the future evolution of milk protein, fat, production and temperature.
Then we have proposed the application of a neural network tailored
for time series forecasting to predict the future evolution of the four
milk related variables. In particular, we have employed a Time-Series
Mixer to forecast the 60 days future evolution of milk protein, fat,
production and temperature using as input the past 90 days data of
protein, fat, milk production, milk temperature, lactation, lactation
days, rumination time and THI. The predictions abilities of TSMixer
model have then been compared to three different baseline models
capturing simple statistical behaviors.

2.2. Dataset

The data utilized in this study was collected from July 2016 to
February 2023 on a commercial farm located in the north-western
part of Italy equipped with four milking robots (Astronaut robot, Lely,
The Netherlands). The farm’s herd is composed of an average of 240
Holstein Friesian cows. Each cow is identified by electronic identifica-
tion collar (Owes-H system, Lely, Maassluis, The Netherlands). Upon
entering the milking unit, the cow’s identity (ID) is recognized from
the sensors on its collar. The transponder transmits a comprehensive
set of individual measurements, including entry and exit times, milk
production details such as milk yield, fat, and protein contents, as well
as rumination time, to the on-farm computer. All this data is integrated
into the herd management software (T4C ‘‘Time-for-Cows’’ InHerd,
Lely, Maassluis, The Netherlands) through reports (i) aggregated data
by day and (ii) of single milking events. Specifically, the features used
in the present study are the lactation period of the cow, the milk
production by day (kg), the protein content (average percent of protein
in milk), fat content (average percent of fat in milk), rumination time
(average minutes of rumination by day) and milk temperature (◦C)
averaged by day. The milk temperature measured by AMS serves as
a reliable indicator of the body temperature of dairy cows (Pohl et al.,
2014).

The AMSs are also capable of collecting other milk-related param-
eters, including electrical conductivity and milk color, among others.
3 
However, in this study, only the aforementioned parameters have been
taken into consideration. Cows in their first lactation are referred to
as ‘‘primiparous’’, while cows in their second lactation and beyond
are referred to as ‘‘multiparous’’. The decision to exclusively utilize
data accessible through the milking robot’s system, without integrating
external data, was made to guarantee that the suggested methodology
can be effortlessly implemented by any farm employing AMS without
the need for additional data sources.

The raw data obtained from the AMSs underwent processing based
on the following rules: initially, only data from lactation periods ex-
ceeding 200 days were selected. Since AMSs may occasionally report
missing daily data, we considered only the longest segment within a
series of daily data that is interrupted by two or more consecutive
missing data points. If the longest segment of the data was not greater
than 200 days, it was removed from the dataset. Additionally, if there
was only a missing day, it was replaced by the data collected from
the day before. This cleaning procedure ensured that only continuous
sequences of AMS measures at daily frequencies, greater than 200 days,
were obtained for each cow and for each lactation period experienced
by it.

Meteorological information was sourced from the ARPA (Agenzia
Regionale per la Protezione Ambientale) station, situated in Bauducchi,
Turin, Italy, which is the closest station to the farm. In particular, we
have collected the daily averages of temperature and relative humidity
from July 2016 to February 2023. Temperature and relative humidity
data have been combined to derive the Temperature Humidity Index
(THI) according to the equation presented by (Segnalini et al., 2011):

𝑇 𝐻 𝐼 = 0.8𝑇 + 𝑅𝐻
100

(𝑇 − 14.4) + 46.4 (1)

where 𝑇 is the temperature (◦C) and 𝑅𝐻 the relative humidity (%).
As demonstrated by Moretti et al. (2017) in a study conducted in

Northern Italy, similar to our research setting, data collected from an
external weather station exhibited a Pearson correlation of 0.98 with
on-farm temperature and humidity values. This finding underscores the
reliability of our meteorological data recorded outside the barn, as the
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correlation suggests a high degree of agreement between the internal
and external measurements.

From now on, we will define a time series for a milk-related variable
r for the THI as the set of daily data arranged from the oldest date
o the most recent, specifically attributed to a particular cow during
 distinct lactation period. Consequently, each cow, identified by a
nique cow ID, will have distinct time series corresponding to the
arious lactation periods.

2.3. Time standardization for lactation curve analysis

To account for variations in the duration of lactation among in-
dividual cows, a resampling method has been applied to standardize
the length of lactation curves across the entire AMS dataset. This
standardization facilitates a direct comparison and averaging of lac-
tation curves among different cows. Specifically, for a lactation curve
of length 𝑀 , the standardization procedure transforms it into a new
esampled curve of length 𝑃 using a Fast Fourier Transform. This
rocess involves discarding the highest components of the signal in the
requency domain and then transforming it back to the time domain.
n this study, we have fixed the resampled curve length to 𝑃 = 100.
he standardization process was carried out using the signal.resample
ethod from the Python Scipy library.

2.4. Cross-correlation analysis

Considering the acknowledged impact of potential heat stress on
ilk quality and production (Becker et al., 2020), a cross-correlation

analysis was conducted between the daily averaged temporal trends of
milk protein, fat, production and temperature and the temporal varia-
tion of THI, helping to understand the influence of THI on milk data.
The daily averaged temporal trends of milk protein, fat, production,
and temperature have been derived by averaging the data collected by
the AMS for each day. The correlation was estimated with Pearson’s
correlation coefficient. A positive cross-correlation value indicates a
direct relationship, where an increase in one variable corresponds to an
increase in the other variable. Conversely, a negative cross-correlation
value suggests an inverse relationship, where an increase in one vari-
able corresponds to a decrease in the other variable. A value close to
ero indicates little or no relationship between the variables. Moreover,
hrough the computation of the cross-correlation function is possible to
dentify the time lag at which two variables are most strongly related.

2.5. TSMixer

2.5.1. TSMixer model
The Time-Series Mixer (TSMixer) (Chen et al., 2023) is a neural net-

ork (NN) designed for multivariate time-series forecasting. This model
tilizes mixing operations across both temporal and feature dimen-
ions to extract information in an efficient manner. The architecture
nvolves the arrangement of multi-layer perceptrons (MLPs) stacked
long temporal and feature dimensions. This allows the application of
ime-mixing and feature-mixing operations, making TSMixer able to
apture both temporal patterns and inter-feature information. TSMixer
as been tested on the M5 benchmark, a large-scale retail dataset
mployed in the M-competition (Makridakis et al., 2022). The results

have showcased its competitiveness against state-of-the-art models,
ncluding transformer-based ones (Vaswani et al., 2017). In summary,
SMixer operates by taking as input a multivariate time series that

presents historical observations, characterized by dimensions 𝐼 × 𝐶𝑖.
Here, 𝐼 represents the time steps within the historical data, while 𝐶𝑖
epresents the number of input features. Subsequently, it generates a
ultivariate prediction for a future time interval denoted by dimen-

sions 𝑂 × 𝐶𝑜, where 𝑂 corresponds to the time steps in the future
rediction and 𝐶 denotes the number of output features.
𝑜

4 
TSMixer architecture is primarily based on alternating MLPs in both
the time and feature domains. This strategy optimizes the use of cross-
variate information by sharing time-domain MLPs across all features
and feature-domain MLPs across all time steps. The architecture of
TSMixer is illustrated in Fig. 2 and it is mainly composed by the Mixer
layer (second block diagram in Fig. 2), which can be repeated different
times, and the temporal projection (third block diagram in Fig. 2).

The Mixer layer is responsible for capturing temporal patterns
within time series data and for the optimization of the use of cross-
variate information between feature domains. This layer is mainly
composed by two parts: the time-mixing MLP and the feature-mixing
MLP. The time-mixing MLPs are responsible for capturing temporal
patterns within time series data. Comprising a fully-connected layer
followed by an activation function and dropout, these MLPs receive
the transposed input, allowing the application of fully-connected layers
along the time domain, which is shared across features. A single-
layer MLP has been involved as suggested by Zeng et al. (2023). The
feature-mixing MLPs are utilized across time steps to harness covariate
information. A two-layer MLP configuration has been employed to en-
hance the model’s ability to comprehend complex relationships within
he feature at the same time step. This receives as input the transposed
utput of the time-mixing MLP, applying the two fully-connected layers
long the feature domain and sharing the weights between time steps.

The temporal projection is a fully-connected layer applied on the
time domain. This operation enables the learning of temporal patterns
and allows the mapping of the time series from the original input length
𝐼 to the target forecast length 𝑂. In addition to the original fully-
connected layer, we have added another one at the end to change the
number of the output features predicted by the TSMixer.

2.5.2. TSMixer application to milk data
We utilized the TSMixer neural network to predict the evolution

of milk data (i.e., milk quantity, milk temperature and protein and fat
ontent), aiming to create a tool for proactive decision-making. After
pplying a hyperparameters optimization via a grid-search procedure,
e have built a TSMixer composed by 6 Mixer layers blocks and

ully-connected layers with 32 neurons each, using a Relu activation
unction, coupled with a dropout rate of 0.7.

The TSMixer utilized in this research takes as input 8 distinct
features identified by the time-series data related to protein, fat, milk
production, rumination time, THI, milk temperature, number of lacta-
tion, and lactation days, each with a duration of 90 days (referring
o the previous notation an input instance would be of dimension
= 90 ans 𝐶𝑖 = 8, resulting in a 90 × 8 instance). It forecasts the

orthcoming progression of the next 60 days for 4 output features,
amely protein, fat, milk production, and milk temperature, which are
lso represented as time-series data (referring to the previous notation
n output instance would be of dimension 𝑂 = 60 and 𝐶𝑜 = 5, resulting
n a 60 × 5 instance).

The data have been divided in training, validation and test set
according to the following rules: the training set comprises all the
ata from July 28th, 2016, to January 1st, 2021, the validation set
omprises all the data from January 1st, 2021 to October 1st, 2021
nd the test set comprises all the data from October 1st, 2021 to
ebruary 2nd, 2023. The training set comprises 47,044 data points, the
alidation set comprises 12,680 data points and the test set comprises
206 data points. All features in the three datasets have undergone
ormalization, achieved by subtracting the mean and dividing by the
tandard deviation calculated from the entire feature data within the
raining set.

The TSMixer has been trained with an Adam optimizer (Kingma
and Ba, 2014) with a learning rate of 1e−4 for 300 epochs using a
patience on validation loss minimization of 20 epochs. The loss function
exploited is a mean squared error (MSE):

𝑝

∑𝑁
𝑖=1

∑60
𝑗=1

∑5
𝑓=1(𝑦

𝑝
i,j,f − 𝑦i,j,f )2
𝑀 𝑆 𝐸(𝑦, 𝑦 ) =
240𝑁

(2)
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Fig. 2. Time-Series Mixer architecture. The first block contains a general structure of a Time-Series Mixer. The second block describes the Mixer layer containing the time-mixing
nd the feature-mixing multi-layer perceptrons (MLP). The third block contains the temporal projection operation.
ource: Modified from Chen et al. (2023).
a
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where 𝑦i,j,f represent the 𝑖 time-series at time 𝑗 for the feature 𝑓 and 𝑦𝑝i,j,f
s the relative prediction made by the TSMixer and 𝑁 is the number
f training, validation or test samples (the 240 at the denominator
esults from the fact that we have 4 features and 60 time-steps for the
rediction).

During the training phase the value of the loss on the validation set
as been tracked and the set of training weights which minimize the
alidation loss has been chosen. Then the architecture has been tested
n the test set and the quality of the prediction has been evaluated
hrough the mean absolute error (MAE) and the determination coeffi-
ient 𝑅2 (which is the squared Pearson correlation coefficient), which
ave been computed separately for each feature, where:

𝑀 𝐴𝐸(𝑦, 𝑦𝑝) =
∑𝑁

𝑖=1
∑60

𝑗=1 |𝑦
𝑝
i,j − 𝑦i,j|

60𝑁
(3)

𝑅2(𝑦, 𝑦𝑝) = ( Cov(𝑦, 𝑦
𝑝)

𝜎y𝜎yp
)2 (4)

The TSMixer has been implemented in Tensorflow Keras, follow-
ng Chen et al. (2023).

2.5.3. Baseline models
To support the use of the TSMixer model for forecasting trends in

milk-related data, we conducted a comparison by measuring the Mean
bsolute Error (MAE) obtained from the TSMixer model against that of

hree distinct baseline models.
The first baseline model operates by replicating the final value of

the input data across 60 consecutive instances, matching the duration
of the forecast. We then compare the Mean Absolute Error (MAE)
esulting from this method of repeating the last day’s value with the

MAE achieved by the TSMixer model.
The second baseline model involves fitting a first-degree polyno-

ial, intended to capture linear trends, to the most recent 60 days of
nput data. Following this, predictions for the subsequent 60 days are
ade based on this polynomial fit. The Mean Absolute Error (MAE)
5 
of these polynomial-based predictions is then compared with the MAE
chieved by the TSMixer model.

The third baseline model is designed to ensure that the TSMixer does
not simply replicate the seasonal effects attributed to yearly tempera-
ture variations. For this baseline model, an average is calculated for
each prediction variable on each day of the year, using all available
samples from the training and validation sets. This method generates
a curve for each prediction variable, intended to represent the average
variation throughout the entire year. These curves have then been fitted
with a periodic function with a yearly period, defined as:

𝑦𝑓 𝑖𝑡(𝑡) = 𝐴 sin ( 2𝜋
365

𝑡 + 𝜙1) + 𝐵 cos ( 2𝜋
365

𝑡 + 𝜙2) + 𝐶 (5)

where the fitted parameters are the amplitudes, 𝐴 and 𝐵, of the sine
and cosine component respectively, the phase shifts, 𝜙1 and 𝜙2, of
the sine and cosine component respectively and the constant offset 𝐶
(𝑡 is time in days). The fitted curves obtained for protein, fat, milk-
production, and milk-temperature are shown in the supplementary
materials (supplementary Figure 1). The MAE on the test set, derived
from this seasonality-based fitted function, is then compared with the

AE obtained from the TSMixer model.

3. Results and discussion

3.1. Lactation curves

Fig. 3 describes the average trend of the lactation curves for protein,
fat and milk production (respectively from left to right) for primiparous
nd multiparous cows. As the lactation periods vary in duration among
ndividual cows, we have employed a standardization technique to
esample them into 100 time points using Fourier fitting operations.
his approach enables the computation of the average lactation curve
cross all samples from the AMS dataset.

Each of the three variables (protein, fat and milk production)
showed a distinct pattern. In terms of protein content, the curves
underwent a swift decline, followed by a period of stability and a slight
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Fig. 3. Lactation curves for protein, fat and milk production. Average trend of the lactation curves for protein, fat and milk production, for primiparous (blue lines) and multiparous
(red lines) cows. The 𝑋-axis describes the standardized time, while the 𝑌 -axis reports the values of the averaged variables among all samples from the dataset. Each averaged
trend is surrounded by an area which indicates the 95% confidence interval to show the spread of the data respect to the average curve.
increase towards the end of the lactation period. A notable difference
exists between primiparous and multiparous cows, with the former
exhibiting higher protein values until the increasing trend appears,
which is instead dominated by the multiparous. For fat content, the
curves undergo a rapid decline followed by a continuous rise until the
conclusion of the lactation period. A difference was observed between
primiparous and multiparous cows, with the former showing higher fat
concentration values until the midpoint of the lactation period. Regard-
ing milk production, the curves depicted a rapid increase succeeded by
a continuous decrease until the conclusion of the lactation period. Also
in this case, a marked distinction was noted between primiparous and
multiparous cows, with the former consistently displaying lower milk
production throughout the entire lactation period.

3.2. Cross-correlation analysis

A cross-correlation analysis was conducted between the time series
of daily mean milk production, fat, and protein content and milk tem-
perature with daily mean THI over time, from July 2016 to February
2023. The relationship between these time series is illustrated in Fig. 4.
In this plot the AMS data are represented by blue dots (non-stressful
conditions: 𝑇 𝐻 𝐼 < 68), or orange dots (stressful conditions: 𝑇 𝐻 𝐼 ≥
68), according to the classification of heat stress condition in dairy
cows used by De Rensis et al. (2015). The THI temporal variations are
delineated by the black line.

A pronounced anti-correlation was observed between the time series
of protein content and THI (Fig. 4A) and the Pearson’s correlation
coefficient revealed a minimum value of −0.66 with a lag of 5 days
(the lagged correlation curve is represented in supplementary Figures 2
and 3). Specifically, the troughs in the protein curve aligned with peaks
in THI, indicating a potential relationship between the decline in milk
protein content and heat-stress conditions in the cows. Regarding the
relationship between fat content and THI (Fig. 4B), an anti-correlation
was evident after the year 2020 and the minimum value for the lagged
Pearson’s coefficient is found to be −0.15 without any lag (the lagged
correlation curve is represented in supplementary Figures 2 and 3).
Our findings align with several studies conducted in Mediterranean
climates, indicating that as the average THI increases from spring
to summer, there is a corresponding decrease in the protein and fat
contents of milk (Kadzere et al., 2002; Bernabucci et al., 2010). The
time delay observed in alterations in protein content implies that the
biological reaction of cattle to a rise in THI is not instantaneous and
might necessitate a few days to become evident as indicated (Collier
et al., 2006). The time lags imply that additional time is needed for
systemic physiological adaptations in dairy cows to respond to varying
climatic conditions.
6 
Fig. 4. Temporal variation of the average protein, fat, milk production, milk tem-
perature and THI. For each variable two curves have been compared: the THI trend
derived from the climate data by Eq. (1), represented in black, and the variable trend
averaged daily over all data in the AMS dataset (protein, fat, milk production and
milk temperature from the top to the bottom respectively), which is represented in
blue when its values corresponds to a value of THI below 68 (no heat stress) and in
orange if the THI values are above or equal to 68 (heat stress). The 𝑋-axis describes
the time, which encompasses the period from July 2016, to February 2023.

However, it is important to note that the observed time lag of 5
days is likely a result of numerical factors. Upon examining Supple-
mentary Figure 3, it becomes apparent that the minimum of the lagged
correlation does not significantly deviate from the correlation observed
without any lag. To further investigate this behavior, we have analyzed
the pattern of protein and THI when the THI exceeds the threshold of
68 (indicative of stress generation) for the first time within a year,
as shown in Supplementary Figure 4. A notable anti-correlation is
observed. However, the lag is not particularly pronounced, despite this
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period being potentially the most influential of the year. This finding
ould be justified by the fact that the THI is calculated using data
rom a station that is not located inside the cattle barns. Thus, these
recise and subtle effects of lagging may not be fully captured due to
his factor. Although Moretti et al. (2017), in a study conducted in
orthern Italy, found a Pearson correlation of 0.98 between external
eather station data and on-farm temperature and humidity values,

ndicating a high degree of agreement, we acknowledge that other
studies, such as Schüller et al. (2013), highlight significant differences
between indoor and outdoor climates. These discrepancies underscore
the need for further investigation. In light of this, we recognize the
limitations of relying solely on external meteorological data and agree
that additional studies are required to evaluate these correlations more
comprehensively. As part of our future research, we plan to install inter-
nal climate loggers and directly compare the data collected with nearby
meteorological stations to enhance the robustness of our findings.

An interesting pattern was observed in the milk production data: a
egative correlation was present from 2016 to 2019, while a positive
orrelation was observed from 2021 to 2023 (Fig. 4C). One potential

reason for this pattern could be changes in environmental or manage-
ent practices that have altered the cows’ ability to cope with heat

stress. However, it is important to note that the age of the cows did not
influence this pattern, as both primiparous and multiparous cows were
considered together, and their proportions remained consistent across
the years studied. This stability in herd composition suggests that other
factors, such as improvements in housing conditions, may have con-
tributed to the observed changes. In future studies, it would be valuable
o investigate the correlation between milk production and heat stress

in relation to the age and parity of the cows separately. This would help
to clarify whether specific groups of cows are more vulnerable to heat
stress, and whether targeted interventions could mitigate its impact on
milk yield. Despite the well-established understanding that heat stress
can diminish milk yield in dairy cattle, as animals allocate energy
away from lactation to cope with elevated temperatures (Liu et al.,
2019), the relationship between milk production and heat stress has
ielded conflicting results in various studies. For instance, Polsky and
on Keyserlingk (2017) found that THI values below 72 units indicate

thermoneutral conditions without stress, and according to Du Preez
t al. (1990), milk productivity remains unaffected when THI is within
he range of 35 to 72 units.

Finally, the milk temperature shows a consistent correlation with
he THI trend for all the years (Fig. 4D) and the maximum value for
he lagged Pearson’s coefficient is found to be 0.68 without any lag

(the lagged correlation curve is represented in supplementary Figures
2 and 3). Pohl et al. (2014) demonstrated that milk temperature is
 reliable indicator of body temperature in dairy cows. Our results,
howing a consistent correlation between milk temperature and THI
rends, underscore the impact of environmental temperature on dairy
ows’ body temperature.

Efficient air circulation within the barn and the installation of
prinklers or misters in resting areas help dissipate heat, mitigating the
mpact of high temperatures. Ensuring a continuous supply of clean and
ool water is essential for cows to regulate their body temperature and
aintain hydration (Polsky and von Keyserlingk, 2017). Heat-stressed

cows may increase water consumption, potentially diluting milk com-
ponents like fat and protein. However, this increased hydration does
ot significantly decrease the total volume, as the priority is given to
ydration over nutrient partitioning (Angrecka et al., 2015).

3.3. TSMixer predictions on AMS data

TSMixer neural network was applied to forecast trends in milk-
related data with the goal of developing a tool for proactive decision-

aking. In summary, the TSMixer model takes as input data from the
receding 90 days, including protein, fat, milk production, rumination
ime, THI, milk temperature, lactation, and lactation days. It utilizes
7 
Table 1
Test results for Time-Series Mixer. Time-Series Mixer Mean Absolute Error (MAE) and
oefficient of determination (𝑅2) results on the test set for all the predicted features.
Feature MAE 𝑅2

Protein 0.064 g
L

0.83
Fat 0.244 g

L
0.81

Milk-production 2.853 k g 0.80
Milk temperature 0.242 ◦C 0.63

this information to forecast the trends for the next 60 days in terms
of protein, fat, milk production, and milk temperature. To evaluate the
predictive performance of TSMixer in forecasting future trends for milk-
elated variables, we computed the Mean Absolute Error (MAE) and the
oefficient of determination (𝑅2) for each individual feature. The MAE

is defined by Eq. (3), and 𝑅2 is defined by Eq. (4). All the following
results have been obtained by applying the TSMixer on the test set,
which comprises the data collected by the AMSs from October 1st,
2021, to February 2nd, 2023. The TSMixer test results are summarized
in Table 1.

As indicated in Table 1, the TSMixer has achieved a good level
of accuracy, as reflected in the MAE and 𝑅2 values. However, it
appears that the representation of milk temperature is comparatively
less accurate.

For a more detailed examination of the TSMixer results, Fig. 5
illustrates the distribution of absolute errors, juxtaposed with the stan-
ard deviation computed across all the test data for each feature. For

all the four predicted features, the distributions exhibit peaks at low
absolute errors and exhibit light tails at higher absolute error levels.
Furthermore, all errors are considerably smaller than the standard
deviation depicted by the red line, signifying that the errors generated
by the TSMixer are below the scale of the phenomenon.

Fig. 6 shows examples of the 60-day predictions generated by
SMixer for each feature, comparing them to their actual values. The
redictions captured the linear trend of the time series for all features.
n particular, TSMixer accurately captured the linear trends of protein,
s reflected in their high 𝑅2 values in Table 1. Indeed, high 𝑅2 values

are indicative of effective representation of linear trends by the predic-
tions. However, TSMixer appears to struggle in accurately representing
the fluctuations occurring at shorter time scales. This behavior might
e attributed to systematic measurement errors introduced by the AMS
r to processes that are not adequately captured on a daily scale.

Given the divergent behavior of primiparous and multiparous cows,
as depicted in the lactation curves of Fig. 3, we have conducted a
comparison of the absolute error distribution for each predicted vari-
able between the two groups, as illustrated in Fig. 7. For protein,
at, milk production, and milk-temperature a distinction was observed
etween the two distributions, with the primiparous group exhibiting
igher peaks for lower errors. This finding is further supported by the
pplication of a Mann–Whitney U statistical test (Mann and Whitney,

1947), yielding a 𝑃 -value < 0.01. This low 𝑃 -value rejects the null
ypothesis that the distribution of the absolute error for the test set for

multiparous cows is lower than that of primiparous cows. In summary,
these results lead us to the conclusion that the TSMixer performs better
in predicting future scenarios for primiparous cows. This could have
practical implications for dairy farmers, as accurate predictions for
primiparous cows are crucial for optimizing management strategies
such as breeding decisions. Primiparous cows, being in their first
lactation cycle, represent a critical stage in the herd’s productivity
and genetic potential. Predicting their future performance in terms of
milk production, fat content, and protein content enables farmers to
strategically retain cows with the highest production potential within
the herd.
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Fig. 5. Absolute distribution on test set. Absolute error distributions obtained for each predicted feature on the test set. For each figure, the 𝑋-axis represents the values of the
absolute error between the true features time-series and the ones predicted by the Time-Series Mixer, while the 𝑌 -axis represents the density of the histogram such as the area is
normalized to 1. The red line represents the standard deviation computed over the test set, which should indicates the scale of the phenomenon described by the feature.
Fig. 6. Time-Series Mixer prediction examples. Each row shows the predicted features time-series (red line), compared to their real values (black line), for a particular cow in a
particular lactation period. In each plot, the 𝑋-axis represents the 60 days of the prediction, while the 𝑌 -axis represents the predicted (or real) features values.
3.4. TSMixer test prediction ability compared to baseline models

We have compared the test results obtained from the TSMixer model
with three different baselines, described in the methods section, to
8 
further assess the prediction accuracy of the model. The first baseline
replicates the last day of the input data for 60 days. The second baseline
apply a linear polynomial fit to the last 60 days of the input data and
use the fitted function to make the prediction for the next 60 days.
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Fig. 7. Absolute distribution on test set comparison between multiparous and primiparous. For each figure, the 𝑋-axis represents the values of the absolute error between the true
features time-series and the ones predicted by the Time-Series Mixer, while the 𝑌 -axis represents the density of the histogram such as the area is normalized to 1. Primiparous
dairy cows are represented in blue and multiparous cows in red.
Table 2
Baseline models results. Mean Absolute Error (MAE) results on the test set for the two
baseline models.

Feature MAE last-day MAE polynomial fit MAE trend

Protein 0.094 g
L

0.115 g
L

0.163 g
L

Fat 0.332 g
L

0.315 g
L

0.617 g
L

Milk-production 3.981 k g 3.992 k g 7.725 k g
Milk temperature 0.666 ◦C 0.649 ◦C 0.290 ◦C

The third baseline models the yearly average variation. The results
are shown for each feature in Table 2. As it is possible to notice, the
predictions made by TSMixer outperform the baselines MAE.

Moreover, we have analyzed the average temporal variation of the
absolute error in predictions made by the TSMixer model in compar-
ison to the baseline models, as depicted in Fig. 8. For each model,
predictions spanning 60 days were juxtaposed with actual values, and
the absolute errors were averaged for each day within the prediction
period. This method results in a curve that illustrates the average error
for each day across the forecast horizon. Additionally, a bootstrap
approach was utilized in computing these averages, enabling the de-
termination of a 95% confidence interval for the averaged curve. Fig. 8
illustrates the absolute error averaged across all predictions in the test
set for each prediction model. Notably, the error associated with the
TSMixer model consistently registers significantly lower than that of the
other three curves, demonstrating its superior performance relative to
the baseline models. It is significant to observe that in the early stages
of the prediction period, the error trends for the TSMixer model and the
first baseline model exhibit similarities across the variables of protein,
fat, and milk production.

Furthermore, for the variables of protein, fat, and milk production,
the third baseline model under-performs in comparison to the others.
This observation can be attributed to the fact that each individual cow
displays unique patterns in the evolution of these variables, deviating
from the average behavior. This particularity allows the first two base-
line models to outperform the third, as they incorporate data specific
to each cow. Conversely, the trends observed for milk temperature
9 
predictions exhibit an opposite behavior. This divergence is likely due
to milk temperature being significantly influenced by the THI, which
demonstrates a strong correlation as illustrated in Fig. 4D. As a result,
the milk temperature of individual cows tends to align more closely
with the average, explaining the distinct performance observed in this
variable.

4. Conclusions

This study introduces a novel approach that aims to enhance the
comprehension of both present and past microclimate conditions, en-
abling more accurate predictions of future trends in milk-related data
obtained from AMS.

Firstly, we examined the trends of lactation curves for protein,
fat, and milk production in both primiparous and multiparous cows,
highlighting significant distinctions among these variables for the two
lactation groups. Secondly, we conducted cross-correlation analysis on
the time series of daily mean milk production, fat, and protein content
with daily mean THI. Our findings revealed that as the average THI
increases, there is a corresponding decrease in the protein and fat
contents of milk, with a time lag of 5 days for protein. This suggests that
the heat stress experienced by dairy cows can influence the composition
of their milk.

Finally, we have proposed the application of a recent deep learning
algorithm developed for long-horizon prediction of multivariate time
series, named TSMixer, to forecast the temporal evolution of protein,
fat, milk production, and milk temperature for the next two months.
TSMixer demonstrated promising capabilities, particularly in forecast-
ing the future linear trends of protein content. Furthermore, TSMixer
displayed superior predictive capabilities, especially for primiparous
cows. In terms of test prediction ability, it outperformed the base-
line models. Despite its light-weight architecture, the model can be
deployed and integrated into automatic systems to provide real-time
predictions, serving as a useful tool for proactive decision-making.
However, it is noteworthy that while TSMixer excels in predicting
these linear trends, it may struggle to comprehend fluctuations oc-
curring at daily time scales. This limitation is crucial for fast and
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Fig. 8. Temporal evolution of absolute error. The absolute error is averaged for all the test set predictions made by Time-Series Mixer and the two baseline models. The curve
corresponding to Time-Series Mixer is represented in light-blue, the last-day repetition baseline model’s curve is in orange, and the polynomial fit baseline model’s curve is in
green.
reactive decision-making processes. Therefore, the study and analysis of
sub-daily processes can be instrumental in detecting these fluctuations.

In comparison to existing studies (Fuentes et al., 2020; Gorczyca
and Gebremedhin, 2020), which primarily utilize traditional machine
learning algorithms for short-term predictions based on current climate
data, our study advances the field by employing the TSMixer deep
learning model for long-horizon predictions. While prior work (Bovo
et al., 2021) focuses on immediate conditions and short-term forecasts,
TSMixer offers enhanced capabilities for predicting protein, fat, and
milk production trends over a two-month horizon. Furthermore, Ji
et al. (2022) explored XGBoost for monthly predictions but did not
leverage the deep learning architecture that allows TSMixer to outper-
form baseline models, particularly for primiparous cows. This positions
TSMixer as a more robust tool for proactive decision-making in dairy
management, addressing both immediate needs and future planning. In
terms of practical benefits, the adoption of TSMixer predictions offers
two key advantages. Firstly, it provides farmers with advanced insights
into future trends, allowing for proactive planning and decision-making
in areas such as herd management and resource allocation. Secondly,
the real-time deployment of TSMixer in automatic systems enhances the
efficiency of decision-making processes, facilitating timely responses to
emerging situations. This would be a highly valuable tool to incorporate
into robot management programs to set alarms based on environmental
data acquisition, especially considering the 5-day reaction time that
would allow farmers to address issues promptly. Despite its limita-
tions in capturing daily fluctuations, TSMixer predictive capabilities
contribute positively to overall farm management strategies.
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