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A B S T R A C T

Predicting the onset of farrowing in sows is critical for improving animal welfare and optimising farm man
agement. Methods driven by explainable artificial intelligence for detecting nest-building behaviour and pre
dicting time to farrowing using accelerometer data from ear tags are presented. These methods are evaluated on 
a dataset containing farm management data and accelerometer data of 179 sows. During data collection the 
animals were kept in three different pen types with the possibility of temporary crating. By combining accel
eration metrics with prepartum examinations and farm management data, a two-stage model was developed that 
first detects the onset of nest-building and subsequently predicted the remaining time until farrowing. Various 
methods, including cumulative sum (CUSUM), Bayesian estimation of abrupt change, seasonality, and trend 
(BEAST), and a custom model (NestDetect), were compared for nest-building detection, while symbolic regres
sion and deep learning were used to predict farrowing time. For 82.6 % of the sows, it was possible to detect the 
start of nest-building behaviour in a 48-h window before the onset of farrowing. When nest-building was 
detected correctly, symbolic regression was able to predict the remaining time to farrowing with a mean absolute 
error of 9.4 h and delivered interpretable results, while NNs achieved a mean absolute error of 9.6 h without 
being inherently interpretable. This work emphasises the importance of model interpretability and explainability 
in precision livestock farming, highlighting that transparent models can facilitate timely, data-driven in
terventions, while having the same prediction power as non-interpretable models.

1. Science4Impact statement (S4IS)

This study presents a novel method for detecting nest-building 
behaviour in sows and predicting farrowing time using accelera
tion data from ear tags, integrated with prepartum examination 
and stable management data. The findings provide actionable 
insights that can enhance decision-making processes in the live
stock industry, particularly for optimising farrowing management 
and improving animal welfare. In the future, the developed 
models can be applied in real-time on farms, facilitating timely 
interventions that reduce sow stress and piglet crushing events. 
This research supports farm staff by offering scientifically vali
dated, technology-based solutions for improving the efficiency 
and welfare outcomes in swine production systems, aligning with 

broader societal goals of sustainable and ethical livestock 
management.

Nomenclature table

ANN Artificial neural network
BEAST Bayesian estimator of abrupt change, seasonality, and trend
CUSUM Cumulative sum
DL Deep learning
GP Genetic programming
LIME Local interpretable model-agnostic explanations
M Magnitude of acceleration
MAE Mean absolute error
Milli-g Acceleration unit equal to 0.00981 m s− 2

MLP Multi-layer perceptron
MSE Mean squared error
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(continued )

R2 Coefficient of determination
PLF Precision livestock farming
SHAP Shapley additive explanations
SR Symbolic regression
XAI Explainable artificial intelligence

2. Introduction

In modern livestock production, ensuring the health and welfare of 
animals is paramount, not only for ethical reasons but also for opti
mising productivity, sustainability and economic returns (Larsen et al., 
2021; Neethirajan, 2023). Among the various critical aspects of live
stock management, monitoring the reproductive behaviour of sows is of 
significant importance (Morgan et al., 2021; Pastell et al., 2016; Van 
Erp-; van Der Kooij et al., 2023; Vargovic et al., 2022). The behaviour of 
sows during the prepartum period, particularly nest-building, serves as a 
crucial indicator of imminent farrowing (Oczak et al., 2015; Oczak, 
Maschat, & Baumgartner, 2019). Detecting the onset of nest-building 
behaviour and accurately predicting the time until farrowing can lead 
to better management practices, reducing stress for the animals and 
allowing for timely intervention by farm personnel.

When it comes to using artificial intelligence (AI) systems for pre
dicting behaviour, it is crucial for these systems to be trustworthy in 
order to be useful for farmers and veterinarians (Gardezi et al., 2024). 
Gardezi et al. (2024) identified key issues, such as model transparency, 
accountability, fairness, and data privacy, as being central to fostering 
trust between farmers and AI providers. Elliott and Werkheiser (2023)
highlighted the challenges posed by the complexity of precision live
stock farming (PLF) systems and the potential biases in machine learning 
algorithms, favouring strategies that included stakeholder involvement 
and the use of explainable artificial intelligence (XAI) to enhance 
transparency.

In the field of pig production, a lot of work has been done in the area 
of detecting the onset of farrowing in different environments (Thompson 
et al., 2019) in order to improve animal welfare, e.g. by enabling 
nest-building behaviour while preventing early crating of sows and 
avoiding piglet crushing events (Cornou & Lundbye-Christensen, 2012; 
Pastell et al., 2016, 2016; Traulsen et al., 2018; Van Erp-van Der Kooij 
et al., 2023). In order to do so, a variety of different technologies have 
been used, such as sound cameras (Van Erp-van Der Kooij et al., 2023), 
accelerometers (Cornou & Lundbye-Christensen, 2012; Oczak, Maschat, 
& Baumgartner, 2019; Oliviero et al., 2008; Pastell et al., 2016; Traulsen 
et al., 2018) and computer vision (Oczak et al., 2023).

Different approaches have been researched over time to predict the 
onset of farrowing. Using a photocell, Oliviero et al. (2008) were able to 
show that during the last 24 h before farrowing, sows stand significantly 
longer than before the onset of nest-building. The activity is also 
significantly higher in this last 24 h time window, compared to previous 
days, as measured by a force sensor on the floor of the pen.

The diurnal activity pattern was modelled in previous research on 
farrowing (Cornou & Lundbye-Christensen, 2012) using threshold based 
models such as dynamic generalised linear models and cumulative sum 
(CUSUM) of hourly differences of activity. This method achieved good 
performance on a small dataset and was used as groundwork for other 
activity based farrowing prediction models.

Pastell et al. (2016) used 3-dimensional accelerometers placed in 
neck collars of sows to monitor activity levels before farrowing. CUSUM 
charts were used to detect significant change in the activity levels of the 
sows related to the onset of farrowing. Similarly, Traulsen et al. (2018)
also used CUSUM charts to detect the onset of farrowing based on ac
celeration data but in their work the acceleration data was collected 
using SMARTBOW® ear tags (Smartbow/Zoetis LLC, Weibern, Austria).

The use of acceleration data to predict parturition has not only been 

investigated in pigs but also used to predict calving (Krieger et al., 
2019). Krieger et al. (2019) predicted calving on the basis of accelera
tion features, such as rumination time, activity, lying time of individual 
animals, in relation to other animals. Krieger et al. (2019) applied 
SMARTBOW® sensors to collect these acceleration-based features to 
predict calving with transfer function models.

Recent studies have also outlined the potential of deep learning (DL) 
applications in pig production (Bao et al., 2024), but one crucial point in 
every support system for humans is the need for explainability and 
trustworthiness (Elliott & Werkheiser, 2023; Gardezi et al., 2024).

Despite progress in farrowing prediction, existing approaches face 
two major limitations: (i) changepoint detection methods such as 
CUSUM often lack robustness across diverse housing conditions, and (ii) 
time-to-farrowing prediction models are typically based on black-box 
algorithms, which hinder trust and practical adoption in farm settings. 
Furthermore, no interpretable model currently exists that combines 
accelerometer data with health and management information to predict 
the remaining time until farrowing.

The research presented in this paper addresses these gaps by devel
oping a two-stage prediction framework that first detects the onset of 
nest-building behaviour and then estimates the remaining time to far
rowing. The hypothesis is that XAI methods, specifically symbolic 
regression (SR), can deliver predictive performance comparable to deep 
learning models while providing inherent interpretability. By inte
grating accelerometer data with prepartum examination and manage
ment features, the proposed approach aims to improve prediction 
accuracy and transparency, enabling timely interventions that enhance 
sow welfare and farm efficiency.

3. Materials and methods

The presented work is split into two main parts: (i) detection of nest- 
building behaviour and (ii) time to farrowing prediction. An online test 
setting simulating the real time processing of data on a farm, using 
sliding windows, is designed to evaluate the developed models (Fig. 1). 
Both steps, nest-building detection and farrowing prediction, are based 
on a sliding window approach. In the initial phase, nest-building 
detection is performed at 3-h intervals to efficiently monitor general 
activity patterns. Once nest-building is detected, the interval is reduced 
to 1.5 h, as this marks the onset of the critical pre-farrowing phase. From 
this point on, more frequent updates are desirable to support timely 
decision-making in a practical farm setting. These interval values (3 h 
and 1.5 h) are not fixed and can be easily adjusted by modifying the 
configuration of the test setup. All implementation steps, including data 
preprocessing, feature engineering, model development, and evaluation, 
are performed in a Python 3.12 environment using standard scientific 
libraries (e.g., NumPy, pandas, scikit-learn) and specialised packages for 
symbolic regression and hyperparameter optimisation (Ec-KiTy and 
Optuna, respectively).

3.1. Animals and housing

Data collection was carried out on a teaching and research farm in 
Lower Austria from June 2014 to May 2016 within project Pro-SAU (see 
Heidinger et al. (2022) for further details). The aim of this project is to 
investigate the effects of different confinement durations and pen types 
on piglet mortality, sow and piglet welfare, economic efficiency, and 
occupational safety.

Experimental animals are Large White (n = 148) and Landrace ×
Large White crossbred pigs (n = 31). The age of the sows ranges from 
first to seventh parity, with 28 gilts and 151 older sows included in the 
study. Batch farrowing with all-in/all-out management is applied. Sows 
are moved to the farrowing compartment approximately 5 days before 
parturition and confined temporarily according to an experimental 
protocol (Maschat et al., 2020). On average, sows are crated for 3.7 
(±2.5) days with the duration of peripartal confinement ranging from 
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0 to 8 days. Induction of farrowing is allowed only after 116 days of 
pregnancy. Cross-fostering is carried out 12–36 h postpartum. The 
weaning age of the piglets is four weeks. Sows are fed commercial feed 
according to a farm-specific feeding regime. Sows, as well as piglets, 
have ad libitum water access. Hay is offered as enrichment and nesting 
material in a rack and is available throughout the sows’ stay in the 
farrowing pens. Racks are half filled in the morning and whenever they 
are empty. The farrowing compartment is equipped with an automatic 
ventilation system and average room temperature is kept at 22 ◦C. 
Health-related measures of welfare are recorded when sows are intro
duced to the pens and in weeks 1, 3 and 4 after parturition.

To evaluate whether seasonal factors influence sow behaviour, we 
analyse the duration between the onset of nest-building and farrowing 
across four seasons (spring, summer, autumn, winter). A one-way 
ANOVA is performed using Python's scipy.stats library to test for dif
ferences among seasonal groups. Statistical significance was set at p <
0.05.

3.2. Accelerometer data

Each sow was equipped with a SMARTBOW® ear tag containing an 
accelerometer sensor, through which the sow's movements along three 
axes (x, y, and z) are captured. Acceleration data is recorded with a 
frequency of 10 Hz. To measure the overall activity of a sow the 
magnitude of acceleration (M) is calculated as the square root of the sum 
of squared values from each axis (M =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
x2 + y2 + z2

√
).

The data are split into a training and test sets with 143 sows (80 %) 
and 36 sows (20 %), respectively (Table 1). This ensured an even dis
tribution of data from different pen types (SWAP, trapezoid, and wing) 
across the test set. Evaluating the model's performance on the unseen 
test set allows to assess its generalisability to new data.

A descriptive analysis is performed on the available activity data. 
The activity values, originally recorded in g, were converted m s− 2, 
where 1 g corresponds to 9.81 m s− 2. These values represent 
acceleration-based measurements used as indicators of the animals' 
movement intensity over time.

To characterise general activity patterns, we calculate summary 

statistics for acceleration magnitude across the entire dataset, including 
mean, standard deviation, and maximum values. Additionally, activity 
is analysed separately for daytime and nighttime intervals to capture 
diurnal variation. These descriptive analyses are performed using Py
thon (NumPy and pandas) and serve to inform feature engineering and 
model development.

3.3. Data preprocessing and feature engineering

For the detection of nest-building behaviour only the accelerometer 
data are used. Since noise in the data impedes detection on the raw 
dataset, rolling averages (12 h and 24 h) are used for all three tested 
methods for nest-building detection. The 12 h rolling averages show the 
day and night cycle of a sow, while the 24 h rolling average can identify 
major changes in the activity level, e.g. those at the onset of nest- 
building behaviour. For the time to farrowing prediction, the acceler
ometer data is combined with the provided examination data.

Regarding the acceleration data for the farrowing prediction, six 
time-related features are extracted every hour in the last 48 h before the 
onset of farrowing. These six features can be found in Table 2 as the 
activity related features for farrowing prediction. This results in a total 
of 48 instances for every sow with a total of 80 features (examples can be 
found in Table 2). The resulting training dataset contains 6864 in
stances. For each instance, the remaining time to farrowing in minutes is 

Fig. 1. The first step is the detection of nest-building where a new detection is done every 3 h until nest-building behaviour is detected. After nest-building behaviour 
is detected, then a time to farrowing prediction is done every 1.5 h until the actual beginning of farrowing.

Table 1 
Number of sows for which the data is used for the training and test split based 
on pen types.

Pen type Training Test

Wing 47 12
SWAP 44 12
Trapezoid 52 12
Total 143 36

Table 2 
Features used for the detection of nest-building behaviour and farrowing pre
diction split by the data category.

Prediction target Data category Features

nest-building 
detection

activity average during last 24 h
average over 24 h without nest- 
building
average during last 12 h
average over 12 h without nest- 
building

farrowing prediction activity average during daytime
average during nighttime
average over 24 h without nest- 
building
average over 48 h without nest- 
building
average during last 12 h
average during last 48 h

farm 
management

pen type
time since start of crating
4 additional features

examination litter number
body condition score
lameness
65 additional features
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calculated and used as a target variable during model development. In 
previous studies only activity related features have been used for the 
prediction (Mayrhuber et al., 2024).

Since the time of interest is before the onset of farrowing, all ex
aminations done after the piglets are born are disregarded. All cate
gorical features that don't have natural ordering are one hot encoded, a 
method that converts each category into a separate binary column (0 or 
1) to avoid introducing artificial ordinal relationships. These features 
are the pen type and the sows' breed. After removing all columns where 
the majority of values are missing and removing all the features that are 
only available after the piglets are born, the dataset is mapped with the 
acceleration data.

3.4. Detection of nest-building behaviour

Three different methods are implemented and compared to detect 
the beginning of nest-building behaviour i.e. CUSUM, Bayesian esti
mator of abrupt change, seasonality, and trend (BEAST) and NestDetect, 
which is developed specifically for the research presented in this paper. 
The detection of nest-building behaviour is started two days after the 
sow is introduced to the farrowing pen, as activity levels are typically 
different immediately after introduction to a new pen due to environ
mental changes (Oczak, Maschat, & Baumgartner, 2019).

To assess the correctness of nest-building detection, predefined 
detection windows of 24 h and 48 h prior to the onset of farrowing are 
used. If an algorithm detects nest-building activity within one of these 
time windows, it is considered a correct detection. This approach is 
chosen due to the high variability and subjectivity in manually deter
mining the exact onset of nest-building behaviour. Consequently, no 
manually annotated ground-truth labels for nest-building are used. 
Instead, the detection is evaluated based on whether the algorithm 
identified activity within the relevant pre-farrowing timeframes (Oczak, 
Maschat, & Baumgartner, 2019).

3.4.1. CUSUM
The CUSUM method (Page, 1954) is a well-established technique for 

identifying shifts in the mean of a sequential dataset. It is particularly 
suited for online or real-time applications, where data are processed as it 
arrives, allowing for prompt detection of changes. In the current study, 
an existing CUSUM implementation (Khamesi, 2022) is used. The cu
mulative sum of deviations from a reference value, typically the mean of 
the process under consideration, is monitored. When the cumulative 
sum exceeds a predetermined threshold, a changepoint is detected, 
indicating a significant shift in the process mean. CUSUM uses two 
one-sided statistics to detect shifts in a certain trend. These statistics are 
upward CUSUM (S+

t , Eq. (1)) and downward CUSUM (S−
t , Eq. (2)). The 

initial value for S+
t and S+

t is 0. 

S+
t =max

(
0, S+

t− 1 +
xt − μ

σ − k
)

(1) 

S−
t =max

(
0, S−

t− 1 −
xt − μ

σ − k
)

(2) 

In Eqs. (1) and (2), St is the cumulative sum at time t and xt is the 
observed value at time t. For runtime improvements, μ and σ can be 
updated sequentially without storing all previous occurrences for xt. 
Equations (3) and (4) show the decision rules for CUSUM. 

S+
t > h (3) 

S−
t > h (4) 

The CUSUM control parameter k, which controls the sensitivity, is set 
to 2. Smaller values of k lead to a higher sensitivity towards smaller 
changes. Since nest-building behaviour is shown as a big change in ac
tivity, k is set to 2 to reduce false alarms. The threshold (th) for the 
decision rule is set to 150, since the change point is incorrectly detected 
with lower values. These parameters are identified by testing different 
variations on the training dataset. Therefore, k is tested with 0.1, 0.25, 
0.5, 1, 2 and 5 and th is tested with 50, 100, 150 and 200.

In previous studies, CUSUM is used to detect the beginning of far
rowing (Cornou & Lundbye-Christensen, 2012; Pastell et al., 2016; 
Traulsen et al., 2018). In the current study, changepoint detection is 
used to detect the beginning of nest-building behaviour and from there 
on to predict the remaining time until farrowing with XAI and DL 
methods.

3.4.2. BEAST
BEAST (Zhao et al., 2019) is a robust time-series decomposition al

gorithm designed to detect and analyse changes in satellite data, spe
cifically focusing on abrupt changes, seasonality, and trends. It utilises 
Bayesian model averaging (Fragoso et al., 2018) to combine multiple 
competing models, which allows it to account for model uncertainty and 
avoid the pitfalls of relying on a single "best" model. BEAST applies a 
general linear model framework, with trend components modelled as 
piecewise linear functions and seasonal components as harmonic func
tions. The algorithm uses Markov Chain Monte Carlo sampling (Van 
Ravenzwaaij et al., 2018) to estimate the posterior distribution of model 
parameters, enabling it to identify changepoints, detect nonlinear 
trends, and quantify uncertainties. It is primarily designed for batch 
processing rather than online or real-time settings. BEAST employs 
computationally intensive algorithms that typically require the entire 
dataset to be available before analysis can be performed. This makes it 
less suitable for online settings where data arrives sequentially, and 
decisions need to be made in real-time. However, it was decided to test it 
in the current study, as promising results were shown in the literature 
(Zhao et al., 2019).

The BEAST model is set up with a periodicity of one day. The sea
sonality is periodic and the maximum number of allowed changepoints 
is set to one since only one changepoint should be detected to detect the 
onset of nest-building behaviour. The implementation was done using 
the python package published by the authors of the original BEAST 
publication (Zhao, 2025 & 2025).

3.4.3. NestDetect
This study proposes the NestDetect model, which works by pro

cessing the accelerometer data with a sliding window and detects the 
onset of nest-building behaviour based on two conditions. A nest- 
building behaviour alarm is triggered if either of the two specified 
conditions (Eqs. (5) and (6)) are evaluated as TRUE. In these equations, 
at represents the acceleration at time t, and at− 12 corresponds to the 
acceleration 12 h prior to t. The base dataset for these calculations is the 
rolling averages over 12 h (Section 2.3). The constant values of 0.8 and 
1.75 were determined by using an evolution strategy, with these values 

Table 3 
Number of correct and incorrect nest-building detections for 24 h and 48 h 
before farrowing. The results are shown for each method and possible pen type. 
Throughout all pen types NestDetect achieves the best results (shown in bold).

Method Pen Type 24 h window 48 h window

Early On time Late Early On time Late

CUSUM Wing 25 32 2 22 35 2
SWAP 20 33 3 14 39 3
Trapezoid 23 41 3 15 46 3
All 68 103 8 51 120 8

BEAST Wing 22 19 18 12 26 21
SWAP 17 15 24 3 33 20
Trapezoid 24 19 21 10 29 25
All 63 53 63 25 88 66

NestDetect Wing 11 45 3 8 48 3
SWAP 9 42 5 4 47 5
Trapezoid 12 46 6 5 53 6
All 32 133 14 17 148 14
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yielding the best detection performance on the training dataset. Detec
tion performance is measured as number of detected nest-building be
haviours in the training set. The nest-building detection is correct if the 
alarm is triggered within 48 h before farrowing. 

mean([at− 24; at ]) ≥
(
mean

( [
at0 ; at− 24

])
+ std

( [
at0 ; at− 24

]))
∗ 0.8 (5) 

max ([at− 12; at ]) > max
( [

at0 ; at− 12
])

∗ 1.75 (6) 

3.5. Time to farrowing prediction

For the time to farrowing prediction, two methods are used, namely 
SR and a ANN, specifically a multi-layer perceptron (MLP) model. Both 
methods model the relationship between acceleration, examination data 
and farm management information (Table 2). Furthermore, these 
methods are evaluated in terms of predictive power and interpretability 
of the resulting models.

For both, SR and MLP a hyperparameter optimisation is conducted 
using Optuna (Akiba et al., 2019, pp. 2623–2631). For a fitness function, 
the mean squared error (MSE, Eq. (7)) is used. 

MSE=
1
n
∑n

i=1
(yi − pi)

2 (7) 

For the evaluation of the predictive power of both models, the mean 
absolute error (MAE, Eq. (8)) and the coefficient of determination (R2, 
Eq. (9)) are used. The MAE is used because it is easier to interpret than 
the MSE, but the MSE is more sensitive to high errors, which is why it is 
used during the model development. For Eqs. (7)–(9), yi is the real time 
to farrowing of the instance i and pi is the predicted value. 

MAE=
1
n
∑n

i=1
(yi − pi) (8) 

R2 =1 −

∑n

i=1
(yi − pi )

2

∑n

i=1
(pi − yi)

2
(9) 

To further ensure robust model training, a grouped 5-fold cross- 
validation is performed (Fig. 2). This is used to avoid one sow's data 
being split into different groups (Refaeilzadeh et al., 2009).

To evaluate the performance of the time to farrowing prediction 
models, the online test setting is used (Fig. 1). To eliminate the uncer
tainty of the nest-building detection for the time to farrowing prediction 

additional tests are conducted in order to assess the performance of the 
whole pipeline as well as the time to farrowing prediction alone. To 
assess the performance of the time to farrowing prediction alone the 
same dataset is used, but for individuals, where the NestDetect method 
can not detect nest-building behaviour, human annotations are used.

3.5.1. Symbolic regression by genetic programming
Symbolic regression is a form of regression analysis that searches for 

mathematical expressions that best fit a given dataset. Unlike traditional 
regression methods, which assume a specific model form (e.g., linear or 
polynomial), SR does not start with a predefined model structure. 
Instead, it explores a vast space of possible mathematical expressions to 
find the one that best describes the relationship between input variables 
and the output (Kronberger et al., 2024).

To perform this search, SR often employs genetic programming (GP), 
an evolutionary algorithm inspired by the process of natural selection 
(Hu, 2023). GP iteratively evolves a population of candidate solutions, 
mathematical expressions in this case, through processes analogous to 
biological reproduction, mutation, and selection (see Fig. 3).

SR has several advantages over traditional regression methods. 

• Model Flexibility: It does not require a predefined model structure, 
allowing it to discover novel and potentially more accurate repre
sentations of the data (Kronberger et al., 2024).

• Interpretability: The resulting models are often in the form of 
simple mathematical expressions, making them easier to interpret 
and analyse compared to complex machine learning models such as 
artificial neural networks (ANN) (Zhou & Hu, 2024).

In the context of predicting the time to farrowing in sows, SR by 
genetic programming is hypothesised to be particularly useful because it 
can uncover complex, nonlinear relationships between various input 
variables (e.g., acceleration data, prepartum examination data) and the 
target variable (time to farrowing). By evolving expressions that 
combine these inputs in meaningful ways, the model can generate ac
curate and interpretable predictions that can be directly applied to 
improve decision-making in livestock management.

A SR toolbox, named Ec-KiTy (Sipper et al., 2023) is used to train SR 
models. Based on the hyperparameter optimisation using Optuna, the 
following hyperparameters are applied to train the final models. The 
population size is set to 953 and the training is done in 184 generations 
with a crossover probability of 0.59 and a mutation probability of 0.41. 
The elitism rate is set to 0.027 and the full function set provided by 
Ec-KiTy is used except OR.

Fig. 2. Schematic illustrating the split of the data set using grouped 5-fold cross-validation for robust time to farrowing model development.
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3.5.2. Deep learning
Deep learning is a subset of machine learning that focuses on using 

ANN with multiple layers (hence "deep") to model complex patterns in 
data. It is particularly well-suited for tasks involving large datasets and 
high-dimensional data, where traditional machine learning methods 
may struggle to achieve similar performance (Goodfellow et al., 2023). 
DL has revolutionised many fields, including computer vision, natural 
language processing, and precision agriculture and livestock manage
ment (Bao et al., 2024).

ANNs are computational models inspired by the human brain and 
consist of layers of interconnected nodes (or "neurons"), where each 
connection has an associated weight. The network learns to perform 
tasks by adjusting these weights based on the data it is trained on. Due to 
the complex nature of neural networks, they are often called black-box, 
or closed box models (Fig. 5). This means that these models are not 
inherently interpretable and need post-hoc explainability methods to 
understand the models’ internals and the predictions done by those 
models.

Similarly to the SR method, Optuna is used for the hyperparameter 
optimisation. Since the time to farrowing prediction is a regression task, 
the model can be kept small. Therefore, only one hidden layer is used in 
the models (Fig. 4).

3.6. Interpretability versus explainability

In some discussions, the terms “explainability” and “interpretability” 
are often used interchangeably, as noted by Mei et al. (2023). However, 
in other works, including this one, these concepts are treated as distinct 
(Hu, 2023).

Interpretability refers to the ability to understand the inner work
ings of an open-box model by examining its structure, which allows a 
comprehension of why a model is making certain decisions. However, as 
the complexity of a model increases, this intrinsic interpretability can 
become limited. Some studies suggest that as model performance im
proves, there is often a trade-off with interpretability (Mei et al., 2023). 
To build trustworthy machine learning systems, it is essential to enhance 
model performance while simultaneously ensuring that model decisions 
are understandable (Petkovic, 2023).

Explainability, on the other hand, pertains to the ability to explain 
the decisions of closed-box models using techniques such as Shapley 
Additive exPlanations (SHAP; Lundberg & Lee, 2017) or Local Inter
pretable Model-Agnostic Explanations (LIME; Ribeiro et al., 2016). GP 

can also be employed to generate explanations for closed-box models. In 
this approach, GP approximates a model's decisions based on its outputs 
and then utilises the internal structure of the GP model to provide a 
global explanation for the closed-box model (Mei et al., 2023). The 

Fig. 3. Workflow of a typical genetic programming (GP) cycle.

Fig. 4. Model architecture after hyperparameter optimisation using Optuna. 
The resulting model has 3 layers where the hidden layer has a node size of 49.
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distinction between explainability and interpretability is illustrated in 
Fig. 5.

Explainability can be classified into two types. 

• Global post-hoc explainability: Involves explaining the structure 
of a closed-box model after training. This can include training 
transparent surrogate models on the closed-box model outputs 
(Evans et al., 2019; Mei et al., 2023). In order to more easily un
derstand such surrogate models, partial dependence plots, that show 
feature importances using partial effects, can be used (Aldeia & De 
França, 2021).

• Local post-hoc explainability: Focuses on explaining individual 
predictions rather than the entire model. Beyond common methods, 
such as SHAP and LIME, evolutionary computation approaches and 
large language models (LLMs) are used to generate human-readable 
explanations. For example, GP4NLDR, which is an XAI dashboard, 
uses a combination of state-of-the-art GP and an LLM-powered 
chatbot to provide user-centred explanations for GP-based non- 
linear dimensionality reduction processes, enhancing model 
explainability (Maddigan et al., 2024).

In this research SHAP was utilised to visualize the internals of closed- 
box as well as open-box models with a high complexity. Although the 
internals of open-box models naturally do not need post-hoc explain
ability methods, since these models are inherently transparent, it was 
used in the current study to compare the differences between SR and 
ANN in predicting the remaining time to farrowing.

4. Results

The following section describes the results for both the detection of 
nest-building behaviour and the time to farrowing prediction. These 
results were obtained using the online test setting shown in Fig. 1.

Across the entire dataset, a mean activity of 0.415 m s− 2 was 
observed, with a standard deviation of 0.077 m s− 2. The maximum 
recorded activity reached 5.383 m s− 2, while the corresponding stan
dard deviation during peak activity episodes was found to be 1.188 m 
s− 2, indicating considerable variability in high-movement periods.

For a more detailed analysis, the data was divided into daytime and 
nighttime intervals. During daytime periods, a higher mean activity of 
0.562 m s− 2 was recorded (SD = 0.130 m s− 2), whereas during night
time, the mean activity dropped to 0.268 m s− 2 (SD = 0.047 m s− 2). This 
diurnal variation is consistent with typical circadian behaviour patterns 
in sows and highlights the importance of considering temporal structure 
in the modelling process.

To assess whether seasonal factors influence sow behaviour, we 
compare the duration between the onset of nest-building and farrowing 

across four seasons using a one-way ANOVA. No statistically significant 
differences was found (p > 0.05), indicating that moderate seasonal 
variation did not affect nest-building behaviour or farrowing timing. 
These findings support the robustness of the prediction models under 
typical on-farm conditions.

4.1. Detection of nest-building behaviour

The detection of nest-building behaviour was a true positive, if nest- 
building was detected within 48 h before the beginning of farrowing. 
The NestDetect model had the best detection performance with 82.68 % 
correctly detected instances followed by the CUSUM method with 67.04 
%. The BEAST model achieved the worst performance with 49.16 % of 
correctly detected nest-building behaviours (Fig. 6).

An example for the nest-building detection based on changepoint 
detection with all three methods is shown in Fig. 7. The first subplot 
shows the nest-building detection with CUSUM. The red, vertical line 
shows the detected changepoint which was interpreted as the onset of 
nest-building. This detection with the CUSUM methods shows that the 
alarm was triggered rather late, shortly before the onset of farrowing. 
The changepoint detection performed by BEAST seemed similar to the 
one performed by the NestDetect model. Since BEAST is 

Fig. 5. When using closed-box models (left) explainability methods are needed to explain the model internals and results (explainability). On the other hand, open- 
box models (right) can be understood by looking at the internals of the model (interpretability).

Fig. 6. Detection of nest-building behaviour in a 48-h window for the three 
methods (CUSUM, BEAST and NestDetect) using different farrowing pen types. 
Bars show the ratio of falsely and correctly detected nest-building behaviours as 
a percentage (the absolute numbers can be found in Table 3). Blue shows the 
ratio of too early detected nest-building behaviours for all used methods, while 
orange shows the ratio of correctly detected nest-building behaviour. The green 
bars show the ratio that is either detected too late or not at all, which is highest 
for BEAST. NestDetect shows the highest ratios of correctly detected nest- 
building behaviours. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the Web version of this article.)
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nondeterministic, the result for this detection can change with every 
run. In contrast, CUSUM and NestDetect are fully deterministic. There
fore, the results for the same individual were always the same and the 
interpretation was more straightforward and reliable. NestDetect 
detected the onset of nest-building behaviour the earliest. The highest 
runtime of all three methods of changepoint detection was found for 
BEAST, highlighting the computational complexity of this method. This 
resulted from the more complex algorithm behind the method. Nest
Detect performed best in detecting nest-building behaviour for a 48-h 
tolerance window, as well as for a 24-h tolerance window (Table 3). 
The ratio of correctly detected samples is shown in Fig. 6. For the sows 
where the NestDetect model did not detect nest-building behaviour 
correctly, an unusual change in the day-night cycle was detected which 
caused the alarm to be triggered too early.

4.2. Time to farrowing prediction

To predict the time to farrowing, the two methods, ANN and SR, are 
compared in terms of model performance and explainability. The per
formance indicators were calculated by running the test setting five 
times, both on the training and the test set. The ANN achieved an MAE of 

9.6, and a R2 of 0.77 over all pen types on the test dataset, where SR 
achieved a MAE of 9.42, and a R2 of 0.64 (Table 4). The models have a 
similar R2 and MAE on the test set and the ANN achieved the best results 
on the Wing pens.

The models perform better on the test set than on the training set 
when using the online test setting (Fig. 1).

The results for one sow for the time to farrowing prediction can differ 
a lot between the SR results and the ANN (Fig. 8). For the two examples 
displayed in Fig. 8, SR (8a) worked better on the sow from the training 
set in terms of the MAE. This was different for the sow in the test data set. 
Here both methods, SR and the ANN seemed to fit the 1:1 line similarly, 
but SR had a higher MAE in this example. Fig. 8b shows a more constant 
prediction trend across the observation period compared to Fig. 8a; 
however, it exhibits a higher error shortly before farrowing. In contrast, 
Fig. 8a does not display this pattern and maintains lower error values 
near the onset of farrowing. Since accurate predictions in the final hours 
before farrowing are critical for practical application, the model repre
sented in Fig. 8a is considered more suitable for real-world use. This 
highlights the importance of evaluating not only overall fit but also 
performance during the most time-sensitive phase.

To eliminate the uncertainty of the nest-building behaviour detec
tion for the assessment of the time to farrowing prediction performance, 
human annotations are added to the original dataset, where the Nest
Detect model cannot detect nest-building behaviour correctly. On this 
annotated dataset, a significantly improved performance for the SR 
model was observed, with a MAE of 7.49 h on the training set and 7.89 h 
on the test set. However, the predictions were found to be strongly 
biased toward overestimation, with 1416 overestimations and only 382 
underestimations across 1798 total estimations. To address this imbal
ance, a series of tests was performed to introduce constant correction 
factors to the SR model predictions. The constant correction factors were 
added to the originally trained models (without retraining). The best 
results were achieved with a correction factor of 5 h, reducing the MAE 
to 5.89 h on the training set and 6.13 h on the test set. Moreover, this 
adjustment led to a more balanced prediction distribution with 834 
underestimations and 955 overestimations, suggesting that such a 

Fig. 7. Results for the nest-building detection with CUSUM (a), BEAST (b) and NestDetect (c) for one animal. The red lines in every subgraph show the detected 
changepoint for each method and the grey area shows the time of farrowing. For the shown animal all three methods detect the onset of nest-building correctly 
(within 24 h before the onset of farrowing), but CUMSUM detects the nest-building behaviour significantly later than BEAST and NestDetect. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Table 4 
Comparison of model performance for time to farrowing prediction for all pet 
types. The bold numbers show the pen type where each method works best.

Method Pen Type MAE [h] R2

Training 
Data

Test 
Data

Training 
Data

Test 
Data

Neural Network Wing 18.94 3.66 0.77 0.90
SWAP 13.25 12.84 0.85 0.77
Trapezoid 15.02 9.99 0.76 0.62
All 16.03 9.64 0.79 0.76

Symbolic 
Regression

Wing 21.40 8.3 0.69 0.88
SWAP 15.58 10.84 0.76 0.58
Trapezoid 16.54 7.85 0.71 0.50
All 18.12 9.47 0.72 0.64
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correction could enhance both accuracy and practical applicability. A 
detailed comparison of different correction factors is provided in 
Table 5.

4.3. Evaluation of interpretability and explainability

The difference between open-box and closed-box models is that 
open-box models are inherently interpretable while closed-box models 
need an explainability method to explain the internals of a model (Fig. 5) 
(see Table 6). The ANN is a closed-box model, while SR is a an open-box 
model. This means that the resulting SR model was inherently inter
pretable and can be displayed as a formula.

The ANN consisted of 3969 coefficients spread across three layers 
and used all 80 features (Table 6). The SR model had a size of 559, which 
is the number of nodes in the resulting tree representation of the 
resulting symbolic expression. This resulting tree had a depth of 19 and 
used 18 of the available 80 features for the prediction. Although the 
ANN was kept very small (only one hidden layer) it was still seven times 
more complex than the SR model.

Fig. 9 shows the influence of the features on the model output of the 
SR model. It shows that “mean activity during last 24 h” and “confine
ment period”, had the highest impact on the prediction result. These two 
were closely followed by the activity trend of the last 12 and 24 h. If the 
trend values were low, they had a high positive contribution on the 
prediction and if the values were high, they had a high negative impact 
in the model output. This meant that if sow activity changed a lot in the 
last 24 h then a lower time to farrowing was predicted.

Fig. 8. Model performance on the training and test set for symbolic regression and a neural network with the online test setting. Subplot a) shows the results for the 
symbolic regression model on an individual from the training set (MAE 1.4 h). The same individual presented in b) with the results for the neural network (MAE 1.8 
h). Subplots c) and d) show the results for an individual of the test set, where c) is the symbolic regression result (MAE 4.1 h) and d) is the neural network result (MAE 
6.3 h).

Table 5 
Impact of a constant correction factor on the prediction result. The correction is 
subtracted from every prediction in the test scenario. Furthermore, the number 
of big errors (>10 h) are shown below for a total number of 1798 observations. 
These tests were performed on a nest-building ground truth and therefore do not 
include the error for the first part of the prototype.

Correction 
Factor [h]

MAE [h] Number of 
Over- 
estimations

Number of 
Under- 
estimations

Number of 
Errors 
>10 hTraining 

Data
Test 
Data

0 7.49 7.89 1416 382 516
2 6.55 6.97 1231 567 405
4 6.01 6.32 1059 739 337
5 5.89 6.13 955 843 319
6 5.89 6.14 856 942 309
8 6.22 6.38 650 1148 343

Table 6 
Model performance and interpretability, where for the deep learning model the 
size is the total number of coefficients in the network and depth is the number of 
layers. For the symbolic regression the size is the number of nodes in the tree 
representation of the formula and the depth is the maximum tree depth. For both 
models the number of features describe the number of different features that are 
used by the model.

Model Performance Interpretability

R2 MAE Size* Depth* Features

Neural Networks 0.76 9.64 3969 3 80
Symbolic Regression 0.64 9.47 559 19 18
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In contrast to the SR model, the feature with the highest impact on 
the result for the ANN was “crated since”, which expresses the amount of 
time the sow was already crated in minutes (Fig. 10). Similar to the SR 
model, the mean activity during the last 24h was also a very important 
feature for the ANN where a high feature value had a high negative 
impact on the result. When looking at the general impacts of the features 
in the ANN, the impact that certain values had on the prediction result 
were more distinct for the SR model.

5. Discussion

The prediction models achieved a mean absolute error (MAE) of 
approximately 9 h on the test set. While this may initially seem high, it 
represents a substantial improvement over current farm practices, where 
farrowing time is typically estimated based on gestation length and vi
sual observation, both of which can vary by more than a day. Impor
tantly, the system provides continuous updates, and errors decrease as 
farrowing approaches. This is critical because accurate predictions close 
to the actual farrowing time are most valuable for farmers, enabling 
timely interventions to reduce sow stress and prevent piglet mortality. 
Compared to manual monitoring, the proposed approach offers a data- 
driven, automated solution that reduces labour and improves decision- 
making.

The evaluation of prediction performance in this study was based on 
the best-fit regression line rather than a fixed 1:1 line. The 1:1 line 
provides a direct assessment of systematic bias and shift between pre
dicted and observed values, whereas the best-fit line reflects the actual 

relationship between predictions and observations under the given 
model assumptions. This approach allows for an intuitive interpretation 
of the coefficient of determination (R2), which quantifies how well the 
model explains variance in the data.

However, using the best-fit line can mask potential bias and sys
tematic error. Readers should interpret the reported R2 values with this 
limitation in mind. The choice of the best-fit line was motivated by the 
primary goal of comparing relative performance between models 
(symbolic regression vs. neural network) rather than assessing absolute 
agreement. Future work should incorporate additional evaluation met
rics, including deviation from the 1:1 line, to provide a more compre
hensive assessment of model bias.

“Mean activity during the last 24h” was the variable with the highest 
impact on the prediction of “time to farrowing” in the SR model and the 
one with the second highest impact in the ANN model. This can be 
explained by the fact that nest-building starts 24 h before parturition 
and reaches its peak 6–12 h prepartum before decreasing as parturition 
gets closer (Castrén et al., 1993). “Confinement period” was also iden
tified as a feature with a high impact on the SR model. While 74 out of 79 
of the sows included in the dataset were not crated before parturition, 
the majority were confined one day before expected due date (on group 
level). This is most probably the reason why confinement before 
parturition led to a higher SHAP value. In the DL model, “crated since” 
was determined as one of the features with the highest effect on the 
prediction outcome. Confinement during the last few days before actual 
parturition and especially during nest-building phase can negatively 
affect the expression of nest-building behaviour (Hansen et al., 2017), 

Fig. 9. Global explanation generated using SHAP for the symbolic regression model, showing the features with the highest impact on the prediction. Blue values 
indicate a low feature value and red values show the impact of a high feature value in the result. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the Web version of this article.)
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which might explain why high values of the variable “crated since” were 
associated with low predicted values.

In comparison with other studies (Manteuffel et al., 2015; Oczak, 
Maschat, & Baumgartner, 2019), this works utilised interpretable 
regression models to predict the remaining time until farrowing in mi
nutes. Manteuffel et al. (2015) also used activity data based on light 
barriers of 34 sows to predict the time until farrowing and detect 
nest-building behaviour. Differently to the approach presented here, 
Manteuffel et al. (2015) used a classification approach to provide alarms 
for practitioners. They showed that body-mounted accelerometer sen
sors provided a higher accuracy. Oczak, Maschat, and Baumgartner 
(2019) implemented a two-staged system that triggered alarms before 
the onset of farrowing, but no time to farrowing prediction was devel
oped. The accuracy of their alarms was 69.23 % for the first-stage alarm 
and 65.38 % for the second-stage alarm, with a tolerance window of 48 h 
before farrowing. In contrast, the presented NestDetect model achieved 
82.68 % accuracy for the nest-building behaviour detection.

The extraction of sow activity levels from video data has already 
been proven possible (Oczak et al., 2023), and the utilisation of com
puter vision holds potential to further improve farrowing prediction 
models. This could be done by extracting features from video data such 
as pain or specific nest-building behaviours. Incorporating these 
behavioural changes could improve the prediction performance and also 
the interpretability of the models, which is crucial for them to be useful 
to domain experts, such as farmers and veterinarians.

Although the complexity of the SR model that resulted from this 
work was quite high with a tree depth of 19 and 559 nodes (Table 4) it 
was still more inherently interpretable than the ANN. Therefore, another 
aspect of further development are new presentation methods to make 
the SR result more intuitively interpretable. This can be done either by 
textual explanations of the models and predictions or by graphics that 

outline the key factors that lead to certain predictions (Lee et al., 2023). 
Such enhanced explanations will improve the usability of these systems 
for farmer and veterinarians, especially for large production systems.

Within this study all models were developed and tested within the 
same production system. Cross-validation and test set evaluation suggest 
good generalisation, external validation on different farms and housing 
conditions is necessary to confirm robustness and is. If substantial 
variability exists across production systems, retraining or adaptation 
may be required, which could limit scalability. Future work should 
therefore focus on multi-farm datasets and domain adaptation tech
niques to improve general applicability.

6. Conclusion

The developed approach of a two-stage farrowing prediction enables 
a farmer or veterinarian to be notified when the onset of nest-building 
behaviour is detected and from then on receive regular predictions on 
how much time is left until the onset of farrowing. Nest-building 
behaviour was detected with an accuracy of 82.68 % and the inter
pretable time to farrowing prediction achieved a PPC of 0.8 and a MAE 
of 9.48 h.

By using transparent models, it was possible to interpret why the 
resulting models give certain predictions, which is crucial in PLF systems 
using artificial intelligence. The comparison of ANN and SR results 
showed that similar results can be achieved, but that the SR results were 
inherently interpretable and there was no trade-off between perfor
mance and interpretability, as is often described in literature (Petkovic, 
2023). The detection of the onset of farrowing has been previously 
researched before but no time to farrowing prediction has previously 
been developed. A new method for detecting the start of nest-building 
was proposed which is simpler but better performing, than previously 

Fig. 10. Global explanation generated using SHAP for the neural network, showing the features with the highest impact on the prediction. Blue values indicate a low 
feature value and red values show the impact of a high feature value in the result. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.)
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researched methods and shown to be effective in one particular pro
duction system.
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