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Abstract

The aim of the current study was to investigate the relation between reticulorumen contrac-
tions and monitored cow behaviors. A purpose-built pressure measuring device was used
and shown to be capable of detecting the known contraction patterns in the reticulorumen of
four rumen-fistulated cows. Reticular pressure data was used to build a random forest algo-
rithm, a learning algorithm based on a combination of decision trees, to detect rumination
and other cow behaviors. In addition, we developed a peak-detection algorithm for rumina-
tion based on visual inspection of patterns in reticular pressure. Cow behaviors, differenti-
ated in ruminating, eating, drinking, sleeping and ‘other’, as scored from video observation,
were used to develop and test the algorithms. The results demonstrated that rumination of a
cow can be detected by measuring pressure differences in the reticulum using either the
random forest algorithm or the peak-detection algorithm. The random forest algorithm
showed very robust performances for detecting rumination with an accuracy of 0.98, a sen-
sitivity of 0.95 and a specificity of 0.99. The peak-detection algorithm could detect rumina-
tion robustly, with an accuracy of 0.92, a sensitivity of 0.97 and a specificity of 0.90. In
addition, we provide proof of principle that a random forest algorithm can also detect eating,
drinking and sleeping behavior from the same data with performances above 0.90 for all
measures. The measurement device used in this study needed rumen-fistulated cows, but
the results indicate that behavior detection using algorithms based on only measurements
in the reticulum is feasible. This is promising as it may allow future wireless sensor tech-
niques in the reticulum to continuously monitor a range of important behaviors of cows.

Introduction

A properly contracting reticulorumen is important for digestion of a ruminant, a prerequisite
for health and welfare of the animal [1]. The reticulorumen is responsible for mixing and
breaking down digesta and is the site of microbial digestion of plant fiber. Much of the func-
tion was discovered already nearly 100 years ago using direct observation, palpation and mea-
suring of pressure [2]. In the nineteen fifties and sixties, methods to measure pressure became
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more common, generally using rumen fistulated cows with balloons or fluid filled catheters
[2-6]. Measuring normal and abnormal contraction patterns is key to understanding the
digestive performance and important for possible future continuous monitoring of ruminant
health and welfare. Here, we improve on existing methods to show that these patterns can be
quantified with algorithms based on measurement of changing pressure in the reticulorumen
and that these patterns link to specific observed behavior in cows (eating, rumination, drink-
ing, sleeping).

As described in [2, 7, 8], the contraction pattern of the reticulorumen consists of primary
and secondary contraction cycles. The main function of the primary contraction cycle is to
mix and transport ingesta back and forth between reticulum and rumen. The primary contrac-
tion cycle (A-wave) starts with a biphasic contraction of the reticulum followed by contrac-
tions of the different parts of the rumen in cranio-caudal direction. A third reticulum
contraction occurs in the primary contraction cycle during rumination only (Fig 1). There is a
secondary contraction cycle (B-wave) of the forestomach complex that is important for the
eructation of gases without involvement of the reticulum and ruminal atrium [2, 7, 8]. We
focus in this research on measurements of the A-wave in the reticulum.

Previous research based on relatively few observations already showed potential associa-
tions between the contraction cycles and behavior of the cow. For example, eating behavior
has been linked with a shorter time interval between two contraction cycles [7-10], whereby
the higher frequency of contractions may play a major role in increased outflow rate [10]. In
contrast, stressed cows showed significantly longer intervals between contractions [8], while
during periods of apparent sleep an absence of rumen motility was reported [7]. Furthermore,
previous research showed contradictory results regarding the interval between contraction
cycles during resting compared to rumination [7, 8, 10]. Comparing studies may be difficult
because the state ‘resting’ is ambiguous. It is often defined as not-eating and not-ruminating
but can still encompass a large variety of different behaviors, including actual resting.

Machine learning techniques can be valuable to link sensor data to animal behavior [11].
Algorithms based on Random Forests and Neural Networks were applied earlier in behavioral
classification of cows fitted with sensors [12, 13]. A random forest (RF) is a learning algorithm
to solve classification or regression problems. It does so by considering a collection of decision
trees and combining different ‘trees’ into ‘forests’. An RF is defined as a combination of tree
predictors such that each tree depends on the values of a random vector sampled indepen-
dently and with the same distribution for all trees in the forest [14]. An RF performs well com-
pared to other algorithms and is easier to use and more forgiving with regard to overfitting
and outliers [1, 15]. Furthermore, RF are fast, flexible, and perform well even in the presence
of a large number of features and a small number of observations [16]. The application of RF
creates opportunities for the use of sensor data in behavior classification.

The aim of the current study was to investigate the relation between reticulorumen contrac-
tions, as measured by pressure differences in the reticulum, and specific monitored cow behav-
ior (eating, rumination, drinking, sleeping). RF algorithms for detecting rumination and other

S

Fig 1. Reticular contractions during eating and rumination. Relative pressure differences illustrating two minutes of
primary biphasic reticular contractions during eating (a), with a third contraction during rumination (b).

https://doi.org/10.1371/journal.pone.0254410.9001
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behaviors was developed and evaluated. In addition, we developed a peak-detection algorithm
for rumination based on visually inspection of differences in reticular pressure time series. We
show that the RF algorithm based only on pressure differences in the reticulum can be used to
detect several cow behaviors.

Materials and methods
Animals and animal observations

The study was performed from February 5, 2019 until April 15, 2019 in four rumen-fistulated
Holstein Friesian cows at the Department of Farm Animal Health, Faculty of Veterinary Medi-
cine, Utrecht University, Utrecht, the Netherlands. Animal procedures were approved by and
in accordance with the guidelines of the Dutch Committee of Animal Experiments. The cows
belonged to the same herd and had free-stall housing. Cows used for measurements were
housed in a tie-stall barn, together with an accompanying cow, the evening before the day of
data collection, to allow adaptation to the experimental environment. All rumen-fistulated
cows were used to tie-stall housing. Before the start of each measurement period the health of
the cow was clinically examined by a veterinarian. The animals were 7 to 9 years old; three
were lactating and one was a dry cow. For further cow characteristics see Table 1. All animals
were used to being handled by the animal observer.

During the experimental observation days, the cows were fed the same diet as they were
used to in the free-stall housing and were milked twice daily. The diet consisted of 4 kg DM/day
maize silage after morning and afternoon milking. Cows were fed according to Dutch standards
[17]. A protein-rich supplement was supplied on top of the maize silage. Cows were provided
with concentrates depending on milk production level. Dried-off cows received 2.5 kg DM/day
maize silage in the evening. Fresh water and wilted grass silage were supplied ad libitum to all
animals. See Table 1 for more details.

A video camera system recorded the cows during all measurements. The video data were
analyzed by the same observer and cow behavior was scored every second to be either rumina-
tion, eating, drinking, sleeping or other (defined as none of the other behaviors). Sleeping was
defined as lying immobile in a sleeping position, in a ventral recumbency with the head retro-
flexed to the flank. The video data analyzed by one human observer were used as the gold stan-
dard and were blindly scored independent of the pressure data, but there is always the chance
of human error. In the process of data cleaning a second person checked a large part of the
video data (JS) and did not observe any misinterpretations.

Table 1. Characteristics of the four rumen-fistulated Holstein Friesian cows.

Animal 1 2 3 4
Days in milk 309 189 dried off before calving 320
Lactation no. 5 4 3 3
Milk yield (kg/d)* 19 32 - 24
Milk fat (%)* 5.00 5.01 - 4.52
Milk protein (%)* 3.73 3.35 - 3.41
Concentrate (kg DM) 0.9 4.5 0 1.8
Corn silage (kg DM) 4.0 4.0 2.5 4.0
Soya bean expeller (kg DM) 0.77 0.77 0 0.77
Formaldehyde treated soya bean expeller (kg DM) 0.61 0.61 0 0.61
Wilted grass silage (kg DM) 12.2 12.2 13.5 12.2

# Milk yield, milk fat and milk protein based on the most recent test day before the start of the experiment.

https://doi.org/10.1371/journal.pone.0254410.t001

PLOS ONE | https://doi.org/10.1371/journal.pone.0254410  July 22, 2021 3/13


https://doi.org/10.1371/journal.pone.0254410.t001
https://doi.org/10.1371/journal.pone.0254410

PLOS ONE

Pressure measurement in the reticulum to detect cow behaviors

Measurement device

A purpose-built device to measure pressure differences in the reticulo-rumen was available.
This device was originally developed for teaching (co-author AS) and is similar to approaches
used in the literature that have previously been shown to measure pressure in the reticuloru-
men [4, 6, 18]. In this device, four water-filled open-tipped catheters are used to measure pres-
sure differences in four different compartments of the reticulorumen, namely the reticulum,
the cranial, the dorsal and the ventral sac of the rumen. Each catheter is connected to a pres-
sure transducer. The transducer converts the water pressure to an electronic signal and sends
it to an amplifier. The amplifier is connected to a computer to store and edit the data. A water-
filled pressure bottle is connected to the transducer and a constant pressure from the bottle in
the direction of the open tip of the catheter ensured that the catheter was continuously water-
filled. To minimize fluctuations in the baseline pressure of the compartments, the position of
the transducer can be adjusted to approximate the height of the catheter inside the reticulum
at all times. It was possible to flush the catheter if clogged. See Fig 2 for a schematic overview
of the device. The sensors measure pressure expressed in mV every 0.5 seconds. Using this
device, data was collected during four hours at each measurement session between AM milk-
ing and PM milking. The proceedings did not visibly influence the rumen-fistulated cows in
their normal behavior.

Data analysis

Cow behavior, differentiated in ruminating, eating, drinking, sleeping and other, was scored
from the video data and these observations were used to develop and test the algorithms based
on reticulum pressure data. The pressure data were measured every 0.5 sec and matched to the
behavior data based on the time in seconds, resulting in a dataset per 0.5 sec.

Random forest algorithm. In short, we first normalized the pressure data, after which the
data was partitioned in windows of 120 sec with an overlap of 119.5 sec. The video data was

Fig 2. Schematic overview of the measurement device. (1) Reticulum (2) cranial sac of the rumen (3) ventral sac of
the rumen (4) dorsal sac of the rumen (5) pressure transducers (6) amplifier (7) computer.

https://doi.org/10.1371/journal.pone.0254410.g002
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matched with each 0.5 sec window. For each sliding window containing 240 pressure time-
points, features based on frequency were computed using three different methods. Fourier
transform, power spectral density and autocorrelation were used to generate 30 low-dimen-
sional features [19-21]. Based on these features, an RF classification model was developed to
predict each behavior separately. The full code can be found at (https://doi.org/10.5281/
zeno0do.4538933).

Each separate behavior was predicted against a single class of all other behaviors, called the
one-vs.-all technique [12]. The behaviors sleeping and drinking were not observed frequently
during the study period, resulting in relatively few datapoints where a cow was either sleeping
or drinking. When training the RF on these very unbalanced datasets (i.e., 5% in the positive
class against 95% in the negative class), the one-vs.-all-algorithm is mainly trained to predict
the majority class well and not the minority class. To achieve a better balance in the data for
sleeping and drinking behavior, these minority classes were up-sampled three times in the
data set with concomitant down-sampling of the majority class [16]. Through visual inspection
of the AUC-curves numbers of parameters were chosen for each RF to limit overfitting. The
RF model was trained with 70% of the data and tested using the remaining 30% (70/30 RF).
For rumination, two additional approaches were conducted to validate the RF [22]:

1. The N-fold Stratified Cross Validation (SCV) approach. Data from all experimental days
and different animals were combined and randomly split into five subsets. After that, one
subset became a test set, and the remaining subsets were combined to become the training
set. The process was repeated for each subset.

2. Leave-Out-One-Animal (LOOA) validation approach. Data from one animal became the
test set and data from the remaining animals were combined to become the training set.
Each animal became a test animal in turn.

Peak-detection algorithm. A peak-detection algorithm was developed based on patterns
detected by visual inspection of the reticular time series data during rumination (Fig 1). The
full algorithm can be found at (https://doi.org/10.5281/zenodo.4538933). The algorithm is
aimed at detecting sharp peaks in the pressure landscape and then characterizes patterns in
terms of sets of consecutive peaks that determine a contraction cycle, specifically assessing the
duration of such sets and the timing between them. The peak-detection algorithm identifies
sharp peaks in the pressure signal by determining for each increase and decrease whether, the
change surpasses a pre-set threshold value within a certain timespan. To detect the distinct
three-peak pattern of pressure differences during rumination, specific intermediate signal fea-
tures such as highest peak, peak value, baseline and contraction interval were calculated using
a sliding window of 75 seconds. The algorithm based on these features was used to characterize
whether a cow was ruminating per 0.5s. Occasionally, only two peaks were observed in a con-
traction cycle. However, in those cases the time period between the two peaks had the same
length as that of a regular three-peak pattern.

Visual inspection of pressure data time series did not show typical peak patterns for the
other behaviors when compared to the video data, precluding the similar development of algo-
rithms for behavior other than ruminating.

Random forest algorithm. In short, we first normalized the pressure data, after which the
data was partitioned in windows of 120 sec with an overlap of 119.5 sec. The video data was
matched with each 0.5 sec window. For each sliding window containing 240 pressure time-
points, features based on frequency were computed using three different methods. Fourier
transform, power spectral density and autocorrelation were used to generate 30 low-

PLOS ONE | https://doi.org/10.1371/journal.pone.0254410  July 22, 2021 5/13


https://doi.org/10.5281/zenodo.4538933
https://doi.org/10.5281/zenodo.4538933
https://doi.org/10.5281/zenodo.4538933
https://doi.org/10.1371/journal.pone.0254410

PLOS ONE

Pressure measurement in the reticulum to detect cow behaviors

dimensional features [19-21]. Based on these features, an RF classification model was devel-
oped to predict each behavior separately. The full code can be found at (https://doi.org/10.
5281/zenodo.4538933).

Each separate behavior was predicted against a single class of all other behaviors, called the
one-vs.-all technique [12]. The behaviors sleeping and drinking were not observed frequently
during the study period, resulting in relatively few datapoints where a cow was either sleeping
or drinking. When training the RF on these very unbalanced datasets (i.e., 5% in the positive
class against 95% in the negative class), the one-vs.-all-algorithm is mainly trained to predict
the majority class well and not the minority class. To achieve a better balance in the data for
sleeping and drinking behavior, these minority classes were up-sampled three times in the
data set with concomitant down-sampling of the majority class [16]. Through visual inspection
of the AUC-curves numbers of parameters were chosen for each RF to limit overfitting. The
RF model was trained with 70% of the data and tested using the remaining 30% (70/30 RF).
For rumination, two additional approaches were conducted to validate the RF [22]:

3. The N-fold Stratified Cross Validation (SCV) approach. Data from all experimental days
and different animals were combined and randomly split into five subsets. After that, one
subset became a test set and the remaining subsets were combined to become the training
set. The process was repeated for each subset.

4. Leave-Out-One-Animal (LOOA) validation approach. Data from one animal became the
test set and data from the remaining animals were combined to become the training set.
Each animal became a test animal in turn.

Analysis of algorithms. The performance of the RF algorithm and the peak-detection algo-
rithm was evaluated using the video scores. Each datapoint of 0.5 seconds was scored by the
algorithms to be positive or negative for a specific type of behavior. The video scores were used
as the true behavior scores. A confusion matrix was constructed for each behavior type, count-
ing true positives (TP), true negatives (TN), false positives (FP) and false negatives (FN) for all
predictions by the algorithms. Based on this, the following standard metrics were calculated
for each behavior:

Sensitivity (Se), is the fraction of video scores classified correctly by the algorithm as posi-
tive:

TP
Se = ——= 1
‘TTP+EN )
Specificity (Sp), is the fraction of video scores classified correctly by the algorithm as nega-
tive:

TN

= TP (2)
TN + FP

Sp

Positive predictive value (PPV), is the fraction of algorithm scores classified as positive that
are actually positive:

TP

PPV = ——
TP + FP

(3)
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Negative predictive value (NPV), is the fraction of algorithm scores classified as negative
that are actually negative:

TN

NPV = —
TN + FN

(4)
The F1-score combines sensitivity and PPV, and provides a single fraction reflecting the
‘goodness’ of a classifier in the presence of rare classes:

PPV x Se

Fl=2%——-
PPV + Se

(5)

Accuracy (Acc) is the fraction of samples correctly classified by the algorithm:

TP + TN
TP+ TN + FP + FN

Acc =

We used the above formula to compute the classification performances of the classifiers for
the different cow behaviors.

Results
Detection of contraction pattern

The contractions in four different compartments of the reticulorumen were detected and we were
able to follow the A-wave over the reticulorumen (Fig 3). Each A-wave cycle could be detected in
the reticulum first, followed by the cranial sac, the dorsal blind sac and finally the ventral sac of
the rumen. A small pressure change was noted in the ventral ruminal sac at the moment of the
contraction in the dorsal blind sac. This was likely due to noise caused by the measuring method.

Descriptive aspects

In this experiment 57.5 hours of cow behavior data were analyzed resulting in 413,957 data-
points for the RF algorithm and 414,484 datapoints for the peak-detection algorithm. Four
cows were used in this experiment. See Tables 2 and 3 for a summary of the number of obser-
vations per animal and per behavior type, respectively.

The average time between two contraction cycles per behavior type is given in Table 4; a dif-
ference in average time was found, with a wide overlap across behaviors. There was a signifi-
cant difference (P < 0.001) of the average time between two contractions during rumination
(48 sec) and eating (34 sec), as tested in a GLM model corrected for cow effect. However, even
rumination and eating showed too much overlap to distinguish the two behaviors based on a
cut-off value (Fig 4).

a p
AS
T
A\

10:12:59  10:13:14  10:12:20  10:13:44  10:13:59  10:14:14 10:14:29 10:14:44 10:14:59  10:15:14  10:15:29 10:14:44

Fig 3. Pressure measured at four locations of the forestomach of a cow during rumination. (a) reticulum; (b)
cranial ruminal sac; (c) dorsal blind sac; (d) ventral ruminal sac. The A-wave is highlighted in this figure and moves
chronologically over the different compartments.

https://doi.org/10.1371/journal.pone.0254410.9003
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Table 2. Number of observations per cow.

Cow ID Observations *
2 109,288

13 72,564

21 97,337

84 135,295

# Number of datapoints measured per 0.5sec.

https://doi.org/10.1371/journal.pone.0254410.t002

Table 3. Number of observations per behavior.

Behavior Observations *
Rumination 132,828

Eating 106,915
Drinking 1,570

Sleeping 13,294

Other 159,877

# Number of datapoints measured per 0.5sec.

https://doi.org/10.1371/journal.pone.0254410.t003

Table 4. Time in seconds between two contraction cycles during different cow behaviors.

Behavior Mean (SD) Median (IQR)
Rumination 48 (12.1) 48 (12.5)
Eating 34 (12.7) 34(13.0)
Drinking 35(12.9) 34 (14.4)
Sleeping 41 (11.4) 39 (6.5)
Other 40 (23.1) 37 (14.5)
https://doi.org/10.1371/journal.pone.0254410.t004
@ 70 A
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Fig 4. Boxplot of the time between two contraction cycles during the different behaviors. Time between two

contraction cycles in seconds, during different behaviors: (1) Rumination; (2) Eating; (3) Drinking; (4) Sleeping; (5)
Other. Boxplots depict the median and the upper and lower quartiles; whiskers depict quartiles + 1.5 x the interquartile

range (IQR); outliers not shown.

https://doi.org/10.1371/journal.pone.0254410.9004
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Table 5. Performance of algorithms for rumination.

Algorithm Se
Peak-detection 0.97

RF 70/30 0.94
RESCV ? 0.95 (0.002)
RF LOOA" 0.73 (0.105)

Sp PPV NPV F1 Acc
0.90 0.82 0.98 0.89 0.92
0.99 0.98 0.97 0.96 0.98
0.99 (0.000) 0.99 (0.001) 0.98 (0.001) 0.97 (0.002) 0.98 (0.001)
0.96 (0.019) 0.89 (0.067) 0.88 (0.076) 0.80 (0.057) 0.88 (0.049)

RF, Random Forest; SCV, Five-fold Stratified Cross Validation; LOOA, Leave-out-one-animal based on four cows.

* Average and standard variation over 5 folds.

® Average and standard deviation over four cows.

https://doi.org/10.1371/journal.pone.0254410.t005

Detection of rumination

Rumination could also be detected with an RF algorithm trained on 70% of the dataset and
tested on the other 30%. The RF algorithms showed very robust performances for detecting
rumination, and also when repeated five times with a 5-fold stratified cross validation tech-
nique. All five RFs for rumination showed the same accuracy of 0.98, sensitivity of 0.95 and
specificity of 0.99. In contrast, when the RF was trained on data of three cows and tested on
the data of the other cow, in the LOOA validation the sensitivity and accuracy were lower and
also the other metrics were more variable (see Table 5), possibly due to one aberrant animal
with extreme low sensitivity of 0.56. The peak-detection algorithm could detect rumination
with an accuracy of 0.92 a sensitivity of 0.97 and a specificity of 0.90. For other extracted met-
rics see Table 5.

Proof of principle for detection of multiple behaviors

Four mutually exclusive behavior classes were scored during the experiment: Rumination, Eat-
ing, Drinking and Sleeping. Table 6 illustrates the performance metrics of the one-vs.-all RF
algorithms (RF 70/30) of these behaviors. Sleeping and Drinking had a small representation,
resulting in unbalanced datasets that were resampled. Our data suggest that also these cow
behaviors can be detected by measuring pressure differences in the reticulum.

Discussion

The measuring device used in this study indeed detected the expected contraction pattern in
the reticulorumen of the rumen-fistulated cows [2, 7, 8]. The results demonstrate that rumina-
tion activity of a cow can be detected by measuring pressure differences in the reticulum using
either an RF algorithm or an algorithm based on visual inspection of reticulorumen pressure
time series. A proof of principle is presented indicating that an RF algorithm can in addition
detect eating, drinking and sleeping from the same data. These results are promising as they

Table 6. Random forest algorithms (RF 70/30) for different behaviors.

Behavior TP FP
Rumination 37,410 570
Eating 29,231 903
Drinking * 467 17
Sleeping * 3,947 240

TN FN Se Sp PPV NPV F1 Acc
83,940 2,196 0.94 0.99 0.98 0.97 0.96 0.98
91,006 2,976 0.91 0.99 0.97 0.97 0.94 0.97
454 4 0.99 0.96 0.96 0.99 0.98 0.98
3,749 42 0.99 0.94 0.94 0.99 0.97 0.96

* Numbers reflect the resampled dataset to balance the data.

https://doi.org/10.1371/journal.pone.0254410.t006
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may allow future wireless pressure sensors in the reticulum to continuously monitor a range of
important behaviors of cows.

Most previous studies that differentiated eating, rumination and resting based detection on
the mean time interval between contraction cycles. We found that the time between two con-
traction cycles is shortest during eating, similar to other studies [7-10], but that the large varia-
tion around the means precluded setting a clear threshold to separate eating from other
behavior. In our study, the time interval between two contractions was defined as the time
with no peaks. This is in contrast to the other studies where the time interval was the time
between the last peak top of one contraction and the top of the first peak of the next contrac-
tion. Therefore, the exact time intervals in seconds were not comparable across studies. Fur-
thermore, we did not find an absence of rumen motility during periods of apparent sleep as
detected by others [7]. However, in our data there is no certainty of sleep because we scored
sleeping based on direct observation and not on brain activity [23].

The RF algorithm was able to differentiate between peaks and noise when trained to detect
rumination, shown by a high specificity (99%). Likewise, the RF for eating had a high specific-
ity (99%), indicating that the RF approach is also able to distinguish eating from other behav-
iors. Inspection of the features used by the RF for rumination and the RF for eating showed a
clear difference in which features were important (https://doi.org/10.5281/zenodo.4538933).
The different features used in the two RF’s demonstrate that both behaviors have their own
distinguishable pressure pattern. Studying the feature sets could provide additional insight
into the differences in contraction pattern. The Stratified Cross Validation showed minimal
variance in the performances, suggesting that the RF algorithm is robust. The weaker perfor-
mance of the Leave-Out-One-Animal approach is possibly caused by the data of one of the
four cows. This particular cow was the only dry cow in this experiment. Whether the dry
period of the cow contributed to the difference needs more investigation. Potential causes that
may account for the observed differences in reticulum contraction patterns compared to lac-
tating cows, may be the diet and consequently the content of the reticulorumen, volume, or
abdominal pressure by a pregnancy. Another reason could be that the reticular contraction
patterns show important variability between individual cows and that the RF algorithm should
be developed on more than three animals, or that more finetuning and filtering of the sensor
data is necessary to allow comparison of different animals.

The peak detection algorithm showed that it was possible to distinguish between ruminat-
ing or not-ruminating with one algorithm independent of the specific animal. The algorithm
functioned well to detect rumination for the complete dataset including data of all four tested
animals. Other behaviors could not be detected by an algorithm based on visual inspection of
patterns in the data. The specificity of the peak-detection algorithm for rumination was only
90% compared to a sensitivity of 97%. The reason for the relatively low specificity could be
that the data was not normalized, resulting in noise being classified falsely as rumination
peaks.

Drinking and sleeping could be detected with an RF algorithm with more than 90% sensi-
tivity and specificity. Without the use of EEG techniques, the posture of the cow currently
appears to be the most reliable way to score sleeping behavior. Sufficient sleep time is impor-
tant for the welfare of cows and essential for both an adequate metabolic system and the
immune function. However, little is known about sleep in cattle [23]. Even though the datasets
for sleeping and drinking were only small it still suggests that reticulum pressure could proba-
bly be used with an RF algorithm to detect other cow behaviors than rumination and eating.

In this study we presented a proof of principle for detecting different behaviors of cows by
measuring pressure in the reticulum. The results suggest that with even standard default RF
methods important behaviors could be detected. The behavioral types in this study were
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chosen because they have no overlap in the sense that no two of these behaviors are generally
observed in the same individual simultaneously. For this proof of principle, the aim was to
explore the relation between reticular pressure patterns and different cow behaviors, not to be
able to predict what a cow was doing based on pressure patterns in the reticulum. If in further
studies the multiple behaviors need to be classified at a particular moment, the corresponding
set of binary classifiers can be combined by either ensemble methods or a multiclass algorithm.
In addition, the behavior types in this study were chosen because they can be scored as approx-
imately binary (presence/absence) and are therefore well-suited for the approach. Because
behavior is generally not binary, future algorithms might improve by utilizing multiclass
algorithms.

In this study the peak-detection algorithm was developed based on visually observed pat-
terns of pressure differences, while, machine learning RF’s are based on automatic extraction
of features. With machine learning techniques like RF, patterns not apparent by visual inspec-
tion can be detected using higher order features. For example, the pressure data is transformed
from a time domain to a frequency domain by Fourier Transformation. While this allows for
the detection of more subtle and higher-order patterns, the abstract RF-approach complicates
mechanistic interpretation of the patterns that are discovered.

It was not our aim to draw conclusions on the behavior of healthy cows or on biological
mechanisms underlying different types of behavior. The aim was proof of principle for the
monitoring of behavior. There are limitations to the study and caution should therefore be
taken before interpreting our results in a wider context beyond this proof of principle. First,
the number of animals in our study was small. Second, it is unclear in what way pressure pat-
terns of the rumen-fistulated cows, even if these animals are in all other aspects ‘healthy’, can
be taken as representative of a normally functioning cow. Furthermore, the fistula can also
influence measurements in our set-up. The method itself may therefore limit biological inter-
pretation of the patterns we were able to quantify. In addition, the algorithms, whether RF or
informed by visual inspection do not immediately allow mechanistic interpretation of the pat-
terns that are observed in terms of biological processes involved in different types of behavior.
This is less of a problem for monitoring when one has such high specificity and sensitivity as
in our study, but clues to understanding the underlying biology are a more difficult challenge.

The future perspective is that behavior detection based on measurement of only the A-wave
in the reticulum is feasible and would therefore be relevant for wireless sensor techniques.
Wireless ruminal sensors are available in commercial dairy farms and particularly in animal
research [24-26]. Most orally applied sensors migrate towards the reticulum and can measure
temperature or pH in the reticulum continuously [26]. Measuring rumen motility by three-
axis acceleration data using a sensor bolus has also been explored [9]. In another study, actual
pressure differences are measured by a bolus every 10 sec [27], which may not yet be frequent
enough to monitor reticulorumen contraction waves sufficiently accurately for the identifica-
tion of cow behavior.

Measuring reticulorumen contractions is not only interesting for detection of different cow
behaviors, but also for identifying cows with welfare problems or at risk for disease [1, 9]. For
example, until now there is no valid method to score sleeping behavior, which is important for
cow welfare. The use of reticular pressure differences may be an important parameter as the
basis for an index of sleeping behavior in the near future. In addition, the frequency and ampli-
tude of reticulorumen contractions are negatively influenced by many factors including meta-
bolic diseases, anorexia and other diseases that cause pain or fever [9]. The pH in the
reticulorumen can also influence the reticulorumen contractions and acidosis has been shown
to reduce the frequency of ruminal contractions, resulting in reticulorumen stasis [4]. Reticu-
lorumen stasis may lead to diseases such as displaced abomasum and ruminal tympany [9].
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Therefore, reticulorumen motility is an important measurable characteristic to identify cows
at risk for disease [1].

Conclusions

Our results strongly suggest that measurements of pressure differences in the reticulum can be
utilized to detect various behaviors of cows based on RF algorithms. Our data provided a proof
of principle for future automatic monitoring of ruminating, eating, drinking and sleeping
behavior of cows.
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