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Abstract 16 

 17 

Background: Animals respond to environmental variation by changing their movement in a 18 

multifaceted way. Recent advancements in biologging increasingly allow for detailed 19 

measurements of the multifaceted nature of movement, from descriptors of animal movement 20 

trajectories (e.g., using GPS) to descriptors of body part movements (e.g., using tri-axial 21 

accelerometers). Because this multivariate richness of movement data complicates inference 22 

on the environmental contribution to animal movement, studies generally use simplified 23 

movement descriptors in statistical analyses. However, doing so limits the inference on the 24 

environmental contribution to movement, as this requires that the multivariate richness of 25 

movement data can be fully considered in an analysis. 26 

Methods: We propose a data-driven analytic framework to quantify the environmental 27 

contribution to animal movement that can accommodate the multifaceted nature of animal 28 

movement. Instead of fitting the response of a simplified movement descriptor to a suite of 29 

environmental variables, our proposed framework centres on predicting an environmental 30 

variable from the full set of multivariate movement data, i.e., the reverse of the route of causal 31 

inference. The measure of fit of this prediction is taken to be the metric that quantifies how 32 

much of the environmental variation relates to the multivariate variation in animal movement. 33 

We demonstrate the usefulness of this framework through a case study about the contribution 34 

of grass availability and time since milking to cow movements using machine learning 35 

algorithms.  36 

Results: We show that on a one-hour timescale 37% of the variation in grass availability and 37 

33% of time since milking contributed to cow movements. Grass availability contributed 38 

mostly to the cows’ neck movement during grazing, while time since milking contributed 39 

mostly to the movement through the landscape and the shared variation of accelerometer and 40 
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GPS data (e.g., activity patterns). Furthermore, this framework proved to be insensitive to 41 

spurious correlations between environmental variables in quantifying the contribution to 42 

animal movement. 43 

Conclusions: Not only is our proposed framework well-suited to study the environmental 44 

contribution to animal movement; we argue that it can also be applied in any field that uses 45 

multivariate biologging data, e.g., animal physiology, to study the relationships between 46 

animals and their environment. 47 

 48 

Keywords: behaviour classification; collective movement; cows; foraging; group dynamics; 49 

lactation; machine learning; random forest regression; resource availability; support vector 50 

machine   51 
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Background 52 

 53 

Analysing animal movement is fundamental to ecology, because movement is arguably the 54 

most important way for animals to respond to their environment [1]. Quantifying the 55 

environmental influence on animal movement is therefore an important practice in ecology 56 

[2,3]. As animal movement is inherently multifaceted, with aspects related to the movement 57 

of the animal through the landscape and aspects related to the movement of body parts, the 58 

movement process cannot be described with simplified descriptors without loss of 59 

information. On the contrary, a plethora of emergent patterns can be identified through these 60 

multifaceted movement descriptors, e.g., activity types (such as walking, foraging or resting) 61 

and collective movement properties [4,5]. Technological advancements in the field of 62 

biologging currently allow for data on animal movement to be acquired at finer temporal and 63 

spatial scales and in increasing volumes, e.g., data on animal movement speed, movement 64 

path tortuosity, tri-axial acceleration of body parts, and heart rate patterns can now relatively 65 

easily be acquired [6–8]. These technological advancements provide opportunities to increase 66 

ecological understanding by analysing the full multivariate complexity of animal movement 67 

[7,8]. This multivariate complexity of movement is not fully used in recent studies to infer the 68 

environmental influence on animal movement. Instead, quantifying the environmental 69 

influence on animal movement is currently often done through relating simplified movement 70 

descriptors, e.g., animal distributions, net displacements, diffusion rates, or distributions of 71 

step lengths and turning angles, to a suite of environmental variables, e.g., through canonical 72 

analyses, linear mixed models, semivariance approaches, diffusion approximations, step-73 

selection functions, hidden Markov models, or state-space models [2,3,9–13]. Many of these 74 

approaches were not designed specifically for animal movement data, but are approaches that 75 

function generally well in quantifying the relationship of independent variables with one or 76 
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several dependent variables. Although the simplification of movement descriptors prior to 77 

analyses is a useful practice to acquire ecological understanding, it almost necessarily leads to 78 

a reduction in the quantified environmental influence on multivariate animal movement. Even 79 

more so considering that there are often multiple behavioural phenotypes that individuals of 80 

the same species can produce in a given set of environments [14], which can also be 81 

influenced by different internal states between individuals [1]. This consequently challenges 82 

the way that the analysis should be approached, as a multivariate analytic framework is 83 

required to quantify the overall influence of environmental variables on fine-scale multivariate 84 

animal movement data.  85 

 86 

Data-driven machine learning methods provide a toolset to be able to model multivariate 87 

animal movement data [15]. Machine learning methods have been adopted by many animal 88 

ecologists over the past years and have been mentioned as one of the most revolutionary 89 

emerging technologies to study animal movement [15,16]. These machine learning methods 90 

have been used to automatically detect and classify animal species in images [17], to track 91 

moving animals in videos [18], to follow animal body postures and track body parts in videos 92 

[15], to flag when animals become sick using animal-mounted biologging sensors and videos 93 

[19], and to classify animal activities from biologging sensors [16]. Although machine 94 

learning has proven to be useful for movement ecology, it is often only used as a tool to 95 

transform raw data (e.g., images, videos, accelerometer readings) into informative data (e.g., 96 

species labels, animal locations, animal activity labels) [15,16]. After these informative data 97 

have been generated, ecologists often use more traditional statistical methods to extract 98 

ecological understanding from these data [2,3,7]. However, we posit that the possible 99 

applications of machine learning methods extend beyond the ability to transform raw into 100 
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informative data, and that machine learning can also be used in analyses to acquire ecological 101 

understanding. 102 

 103 

Here we propose a machine learning-based analytic framework to quantify the overall 104 

influence of an environmental variable on multivariate animal movement. Instead of 105 

quantifying the environmental dependency of simplified movement descriptors (i.e., the 106 

variation in animal movement that is dependent on an environmental variable), as is generally 107 

done in movement ecology [2,3], our proposed framework centres on quantifying the 108 

environmental contribution to animal movement such that it quantifies the degree of variation 109 

in an environmental variable that is traceable in animal movement data. After introducing the 110 

general framework, we demonstrate the usefulness of this framework with a case study about 111 

the contribution of grass availability, time since milking, and wind speed to cow movements. 112 

Apart from quantifying the degree of coupling between the environment and cow movements, 113 

this case study shows that applying this framework can yield ecological insights. Finally, we 114 

discuss possible usages and constraints of this analytic framework. We contend that this 115 

framework contributes to the toolbox of ecologists studying the relationship between the 116 

environment and animal movement, behaviour, and physiology. 117 

 118 

Methods 119 

 120 

Our analytic framework quantifies the contribution of an environmental variable to animal 121 

movement by utilizing the multivariate richness of movement data. Instead of building a 122 

model to predict a simplified animal movement descriptor from a set of environmental 123 

predictors, i.e., the route of causal inference, we turn this around and build a model to predict 124 

an environmental variable from a large number of animal movement variables. By using 125 
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animal movement variables, the model of this framework predicts a perceived environmental 126 

variable by the animal [6,20]. Although predicting an environmental variable from movement 127 

data is the goal of the model, it is an intermediate step of the framework in order to quantify 128 

environmental contribution to animal movement. In this framework it is key to use as many 129 

informative movement variables as possible, which could be meaningful human-constructed 130 

ecological (e.g., variables related to multiple classified animal activities), mathematical and/or 131 

physical variables, or abstract variables from an automated (deep learning) feature extraction 132 

algorithm. When effort is made to extract as many informative variables as possible from the 133 

animal movement data, chances are maximized that most of the variation of the environmental 134 

variable under scrutiny that is present in the data is captured. Furthermore, instead of creating 135 

the model as the end product during the analysis, the environmental variable should be 136 

predicted on a separate test dataset as the final step of the analysis. This follows from a data-137 

driven and machine learning philosophy, in which complex multivariate models can be built 138 

that are not overfitted and therefore generalize better to new datasets. When distinguishing the 139 

train and test dataset, the test set used in the prediction of the environmental variable needs to 140 

be from a different temporal range than the train set that is used in the model building phase, 141 

due to autocorrelation in animal movement data that can otherwise cause the model to overfit 142 

[21]. The range of values in the test set of environmental variables (whether or not these are 143 

under scrutiny) should be comparable to the range of values in the train set, to prevent 144 

incorrect extrapolation. After generating model predictions on the test set, the coefficient of 145 

determination (R
2
) quantifies the fit of this predicted environmental variable from animal 146 

movement data to the measured environmental variable on a known scale and can thus be 147 

considered a metric on how much of the variation in the environmental variable contributed to 148 

animal movement in a multivariate fashion (see Additional file 1) [22]. This is in contrast to 149 

approaches where the correlation between a set of environmental variables and one or several 150 
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simplified animal movement variables are studied [2,3,9], because here the environmental 151 

dependency of (instead of the contribution to) movement is often quantified, i.e., the variation 152 

in animal movement that is dependent on environmental variables. The measure of fit of the 153 

null model (i.e., no environmental contribution) should be chosen depending on the algorithm 154 

that is used, which is R
2
 = 0 for algorithms that are able to always predict the mean of the 155 

response variable (e.g., Support Vector Regression and Random Forest Regression), even 156 

when the input variables are white noise. The measure of fit of this null model will then form 157 

the baseline value for which there is a 0% environmental contribution and an R
2
 of 1 can 158 

always be interpreted as 100% environmental contribution. Of course R
2
 should only be used 159 

as the measure of fit when modelling a continuous environmental response variable. With a 160 

discrete environmental variable, a classification approach should be undertaken, which is 161 

outside the scope of this study. 162 

 163 

In order to demonstrate the usefulness of the proposed analytic framework, we applied this 164 

framework to a case study about the contribution of resource availability (here grass biomass), 165 

time since milking, and wind speed to the movement of eight dairy cows in a pasture. When 166 

animals are facing resource depletion, movement characteristics (through the landscape and of 167 

body parts), and emergent patterns like group (herd) characteristics, and time allocated to 168 

specific activities (e.g., foraging) often change, because animals need to invest more time 169 

and/or energy in searching for and acquiring resources [23,24]. Cows in a pasture are a good 170 

model for such a case study, because this provides a relatively homogenous foraging arena. 171 

Time since milking is another variable that could substantially influences the movement of 172 

dairy cows, because it has been shown that the lactation stage of cows (a variable that is 173 

intuitively linked to time since milking regarding its effect on cow behaviour) influences the 174 

relative distribution of their activity patterns [25,26]. Wind speed provided a good test case 175 
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for our framework, because it was moderately correlated (r = 0.37) with grass biomass. We 176 

expected this correlation to be spurious and the effect of wind speed on cow movement to be 177 

negligible, because conditions were mild during the experiment (0-9 m s
-1

). 178 

 179 

The exact methodological approach that we describe for this case study is one possible 180 

implementation of our proposed analytical framework. However, there are numerous possible 181 

implementations of this framework for other studies, which may be influenced by the problem 182 

statement, experimental setup, animal movement sensors, environmental data types, data 183 

quantity, etc. However, the property that all implementations should have in common is that 184 

environmental contribution to animal movement is quantified by predicting environmental 185 

variables from movement descriptors in a data-driven (viz., machine learning) approach, 186 

which uses the coefficient of determination as a measure to quantify this contribution. 187 

 188 

Data collection 189 

 190 

For this case study eight adult female Holstein-Friesian dairy cows were kept in controlled 191 

pastures that were small enough so that foraging lead to resource depletion over the course of 192 

several days. The experiment ran from 25 April until 11 May 2017. During the experiment, 193 

the cows’ movements were recorded continuously with e-Track neck collars (Noldus 194 

InnovationWorks, Wageningen, Netherlands), containing an EGNOS-augmented GPS 195 

receiver and a tri-axial accelerometer sensor. The cows were continuously kept on pasture at 196 

Carus animal facility in Wageningen, Netherlands (51°59’8’’ N, 5°39’11’’ E), and could 197 

move freely around as a single group during the experiment. Over the course of this period, 198 

we relocated the cows between three 0.32 ha pasture plots (sequentially five, six and six 199 

consecutive days in each plot). At every pasture switch the cows were housed inside the Carus 200 
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facility for one night where they were offered fodder, so that they were not hungry at the start 201 

of a new pasture plot session. Furthermore, the cows were taken inside for milking and 202 

feeding every morning between 7:30 and 8:30 CEST and solely for milking every afternoon 203 

between 16:30 and 17:00 CEST. The time the cows spent on pasture was short enough to 204 

assume that the pasture did not increase in grass quality because of re-growth after grazing 205 

and only decreased in grass availability [27]. The short duration of the pasture sessions 206 

(approximately one day longer than when a commercial farmer would have moved the cows, 207 

as judged by the farm manager) ensured that the cows were not hungry, but only had to put 208 

more effort into foraging when time progressed. Furthermore, the collaring process did not 209 

put the cows under noticeable stress, more so because they were accustomed to continuously 210 

wearing a neck collar. 211 

 212 

The sensors in the cows’ neck collars recorded GPS and accelerometer data during the 213 

experiment. The data were stored with a millisecond-accurate timestamp on a local SD 214 

memory card, which was replaced every one to five days together with the battery. GPS data 215 

were stored on the SD card with a one second interval. The accelerometer data were sampled 216 

with a variable frequency of 25-500 Hz, which were later down-sampled and linearly 217 

interpolated to a constant 32 Hz signal. Both the GPS and the accelerometer did not record 218 

data during some hardcoded multi-hour periods of inactivity to save battery power. However, 219 

the time between GPS fixes was exactly 1 second in more than 99% of the cases. The 220 

precision of the GPS fixes was high, with 98% of the fixes having a Horizontal Dilution of 221 

Precision (HDOP) of less than two (a dimensionless unit; two is considered “excellent” 222 

precision). All GPS fixes with an HDOP of more than five, which were 0.5% of all fixes, 223 

were considered to be untrustworthy and filtered out of the final dataset. We also tested the 224 

accelerometer data for precision by placing the sensor on a stable, non-moving surface while 225 
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it recorded for several minutes. The fluctuations in the recorded signal of all three 226 

accelerometer axes were small, 0.06 m s
-2

 between the lowest and highest value, and were 227 

considered negligible and thus ignored. 228 

 229 

Activity (or behaviour) observations were conducted on work days from 25 April to 9 May 230 

2017. A single person visually classified the activities using focal-animal sampling with a pre-231 

defined ethogram (Table 1). All activity types in the ethogram (grazing, walking, standing, 232 

standing while ruminating, lying, lying while ruminating) were mutually exclusive. Each 233 

individual cow was observed continuously for ten minutes in the morning (10:00-13:00 234 

CEST) and ten minutes in the afternoon (13:00-17:00 CEST), in random order, resulting in a 235 

total observation time of 1760 minutes. During the observations, the start and end times of 236 

each displayed activity type from the ethogram were recorded. We conducted these 237 

observations to acquire annotations for an activity classification model. 238 

 239 

Table 1: Ethogram. Descriptions of the recorded, mutually exclusive activity types. 240 

Activity Description 

Grazing 

Foraging behaviour by chewing grass from the pasture whilst 

standing still or slowly moving with the head down 

Walking 

Taking at least two steps without grazing, either with the head up or 

down 

Standing without 

ruminating 

Standing on all four legs with head erect, without swinging its head 

from side to side and without ruminating 

Lying down 

without ruminating 

All four legs tucked underneath the torso or lying down on one side 

of its body without ruminating 
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Ruminating while 

standing 

Masticating regurgitated feed, swallowing masticated feed or 

regurgitating feed while standing with head erect 

Ruminating while 

lying down 

Masticating regurgitated feed, swallowing masticated feed or 

regurgitating feed while lying down 

 241 

We measured resource availability as dry matter grass biomass in kilograms per hectare, 242 

excluding stubble biomass. We determined time-varying biomass levels using a combination 243 

of field-measured biomass levels at specific time points, satellite-based biomass estimates 244 

derived from the Normalized Difference Vegetation Index (NDVI), and modelling of grass 245 

dynamics (see Additional file 2). Wind speed (m s
-1

, mean speed 10 m above ground) were 246 

recorded at 10 minute resolution during the experiments with a weather station on a grass 247 

pasture at the Veenkampen, Wageningen, Netherlands. This weather station is located one 248 

kilometre west of the pasture plots used for the experiments. 249 

 250 

Data processing 251 

 252 

We used the pre-processed 32 Hz, tri-axial accelerometer signal as input for the accelerometer 253 

feature extraction. First, we converted all the records in the three-dimensional accelerometer 254 

dataset to 21 dimensions using multiple geometric transformations, i.e., resultant vectors, 255 

angles, solid angles, volumes and areas (Table 2). These dimensions constitute all geometric 256 

transformations of angles and distances in one, two and three dimensions. Considering that 257 

tri-axial accelerometer readings describe the movement forces in three dimensions, geometric 258 

transformations make sense from a physics perspective. More transformations could be 259 

considered, but these may lack to provide additional information to the feature set. Second, we 260 

divided the resulting dataset into non-overlapping time windows. We tried all window sizes in 261 
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the range of 1 until 30 seconds and optimized this window size as a hyperparameter regarding 262 

the activity classification performance. For every time window we computed multiple 263 

statistics per accelerometer dimension per cow, e.g., mean, standard deviation, quantiles and 264 

Fast Discrete Fourier Transform (FFT) parameters (Fig. 1). These statistics were chosen to 265 

provide summary statistics about both the time-invariant and sequential aspects of the data, 266 

given that accelerometer data also includes patterns in the frequency domain regarding animal 267 

activity (e.g., head movement of cows during grazing has a strong cyclic behaviour). We 268 

computed the FFT with the base R stats package [28], of which we used the maximum FFT 269 

value as the dominant amplitude, the corresponding period of the dominant amplitude as the 270 

dominant period, and finally the sum of all squared FFT values as the spectral energy. Our list 271 

of computed statistics is not all-encompassing and more statistics can be thought of to 272 

describe patterns in the data. However, as these statistics were mainly used in the activity 273 

classification part of the analysis, we deemed the computed statistics sufficient when it 274 

resulted in a high performance during activity classification. Overall, computing all statistics 275 

for each dimension resulted in 210 accelerometer features per time window per cow. 276 

 277 

Table 2: Dimensions extracted from the accelerometer data. 278 

Name Formula Description 

x 𝑥 raw accelerometer reading in the x axis 

y 𝑦 raw accelerometer reading in the y axis 

z 𝑧 raw accelerometer reading in the z axis 

rxyz ‖𝑥𝑦𝑧‖ magnitude of resultant vector 

rxy ‖𝑥𝑦‖ magnitude of resultant vector in x,y plane 
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rxz ‖𝑥𝑧‖ magnitude of resultant vector in x,z plane 

ryz ‖𝑦𝑧‖ magnitude of resultant vector in y,z plane 

ϑxy arctan (𝑦𝑥) angle of resultant vector in x,y plane 

ϑxz arctan (𝑧𝑥) angle of resultant vector in x,z plane 

ϑyz arctan (𝑧𝑦) angle of resultant vector in y,z plane 

ϑz arctan ( 𝑧‖𝑥𝑦‖) 
angle of resultant vector with x,y plane collapsed to 1 line 

ϑy arctan ( 𝑦‖𝑥𝑧‖) angle of resultant vector with x,z plane collapsed to 1 line 

ϑx arctan ( 𝑥‖𝑦𝑧‖) angle of resultant vector with y,z plane collapsed to 1 line 

Ωx 
arcsin( 𝑦𝑧‖𝑥𝑦0 ‖‖𝑥0𝑧‖)

 

solid angle of resultant pyramid base projected along x axis 

Ωy 
arcsin( 𝑥𝑧‖𝑥𝑦0 ‖‖ 0𝑦𝑧‖)

 

solid angle of resultant pyramid base projected along y axis 

Ωz 
arcsin( 𝑥𝑦‖𝑥0𝑧 ‖‖ 0𝑦𝑧‖)

 

solid angle of resultant pyramid base projected along z axis 

Vxyz 𝑥𝑦𝑧 volume of resultant cuboid 

Ax 𝑦𝑧 area of resultant pyramid base projected along x axis 

Ay 𝑥𝑧 area of resultant pyramid base projected along y axis 
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Az 𝑥𝑦 area of resultant pyramid base projected along z axis 

Axyz 

12‖[𝑥𝑦0] × [𝑥0𝑧]‖ area of resultant triangle 

 279 

 280 

Figure 1: Statistics calculated per time window, cow and accelerometer dimension. FFT 281 

stands for Fast Fourier Transform. 282 

 283 

We used the filtered 1 Hz GPS data as input for the GPS feature extraction. First, we 284 

transformed all the latitude, longitude coordinates to Cartesian coordinates by projecting them 285 

to zone 31N of the UTM system (EPSG 32631). Second, we extracted a number of individual 286 

GPS features from the projected GPS coordinates per time window per cow, related to speed, 287 

turning angle, tangential velocity, mean squared displacement, and first passage time (Table 288 

3). The time windows were exactly the same as the time windows used in the extraction of the 289 

accelerometer features. Third, we extracted a number of group GPS features from the 290 

projected GPS data per time window per cow, related to group shape, group area, and 291 
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distances and directions to other cows (Table 4). We determined which individual and group 292 

GPS features to compute by drawing dummy GPS trajectories and dummy animal clusters, 293 

after which we discussed which geometrical properties (e.g., tangential velocity) could be 294 

extracted from these patterns. Furthermore, we computed ecological properties of animal 295 

trajectories that were known to us (e.g., Mean Squared Displacement) and searched the 296 

literature and animal movement related R packages for other ecological properties (e.g., First 297 

Passage Time). We do not suggest that the provided list of computed features is all-298 

encompassing, but we do suggest that spending time and effort in the engineering of features 299 

(or optimizing the architecture of a neural network in a deep learning approach) is an 300 

important part of our suggested framework. The more informative variation that is extracted 301 

from the raw data, the better the model could potentially perform and thus the better the 302 

quantified environmental contribution to animal movement matches reality. Overall, 303 

computing both the individual and group GPS features resulted in 37 GPS features per time 304 

window per cow. 305 

 306 

Table 3: Individual GPS features extracted per time window and cow. 307 

Dimension Statistic Description 

Distance Net gross ratio  

Speed 

Mean  

Standard deviation  

Median  

Minimum  

Maximum  

First quartile  
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Third quartile  

Autocorrelation function index Autocorrelation value at a lag of 1 second 

Brownian motion scaling 

parameter 

See Equation 1 

Turning 

angle 

ρ Length of the mean resultant vector 

Autocorrelation function index 

of the absolute turning angles 

Autocorrelation value at a lag of 1 second 

Absolute 

tangential 

velocity 

Mean  

Standard deviation  

Median  

Minimum  

Maximum  

First quartile  

Third quartile  

Autocorrelation function index Autocorrelation value at a lag of 1 second 

Mean 

Squared 

Displacement 

Diffusion coefficient 

The value of a in the fitted model 𝑀𝑆𝐷 = 𝑎𝜏𝑏 on MSD values for τ from 1 

to 6 

Diffusion power coefficient 

The value of b in the fitted model 𝑀𝑆𝐷 = 𝑎𝜏𝑏 on MSD values for τ from 1 

to 6 

First Passage 

Time 

Mean, 5m radius  

Variance of log, 5m radius  
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Autocorrelation function index, 

5m radius 

Autocorrelation value at a lag of 1 second 

Radius with maximum 

variance of log (integers from 1 

to 10m) 

 

Linear regression coefficient 

log radius vs. log mean FPT 

 

 308 Brownian motion scaling parameter = 

√    
      
      
     

∑( 
    
  

( 
    
 
[  
   
 (∆𝑥(𝑡 = 1)√∆𝑡 − ∑∆𝑥∆𝑡𝑛 ) ⋯ (∆𝑥(𝑡 = 𝑛)√∆𝑡 − ∑∆𝑥∆𝑡𝑛 )
(∆𝑦(𝑡 = 1)√∆𝑡 − ∑∆𝑦∆𝑡𝑛 ) ⋯ (∆𝑦(𝑡 = 𝑛)√∆𝑡 − ∑∆𝑦∆𝑡𝑛 )]  

   
 
[  
   
  (∆𝑥(𝑡 = 1)√∆𝑡 − ∑∆𝑥∆𝑡𝑛 ) (∆𝑦(𝑡 = 1)√∆𝑡 − ∑∆𝑦∆𝑡𝑛 )⋮ ⋮(∆𝑥(𝑡 = 𝑛)√∆𝑡 − ∑∆𝑥∆𝑡𝑛 ) (∆𝑦(𝑡 = 𝑛)√∆𝑡 − ∑∆𝑦∆𝑡𝑛 )]  

   
  

𝑛 ) 
    
 
[1 00 1]) 

    
  

2  

; in which n is the number of records (Equation 1) 309 

 310 

Table 4: Group GPS features extracted per time window and cow. 311 

Dimension Statistic Description 

Net 

distances to 

other cows 

Mean  

Median  

Minimum  

# cows within 2m radius  

# cows within 4m radius  

# cows within 8m radius  

# cows within 16m radius  
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All mean 

cow 

coordinates 

Group elongation index, φ 

Variance explained by the first principal 

component through all cow coordinates, minus 

0.5 and times 2 

Group area proxy 

𝜋𝜎2(1 − 𝜑); where σ is the standard deviation 

of the first principal component values 

Directions 

to other 

cows 

ρ Length of the mean resultant vector 

Periphery index 

Maximum difference between consecutive 

directions, minus 
2𝜋#𝑐𝑜𝑤𝑠−1 and divided by 2𝜋 

 312 

Data analysis 313 

 314 

We used the accelerometer features and individual GPS features per time window per cow for 315 

which activity observations were undertaken as input data for the activity classification 316 

models, which we first converted to principal components (Fig. 1, Table 3). We linked the 317 

time-matched activity observations to these input data and used the activity type as output 318 

variable for the classification models. We trained a multi-class classification model for the 319 

activity types: grazing, walking, standing and lying down. As a second step after the main 320 

activity classification we also trained a binary classification model for ruminating, with an 321 

extra input variable that indicated standing versus lying down. We tried for both classification 322 

models a Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel and a 323 

one-against-one approach, implemented in the e1071 package for R [28,29], and a Random 324 

Forest (RF) with 500 trees, implemented in the randomForest package [30]. To prevent 325 

overfitting due to autocorrelation in the data we randomly assigned each hour of the dataset 326 

into a train (80%) or test set (20%) and performed 5-fold cross-validation on the train set, 327 

which was also split per hour at each of the 5 cross-validation iterations [21]. To find the 328 
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optimal hyperparameters for the models (number of principal components and time window 329 

size for both SVM and RF; cost, gamma and class weights for SVM; and mtry, sample size 330 

and node size for RF), we used an extensive grid search on a High Performance Cluster of 331 

Wageningen University, Netherlands. We started the grid search with a coarse resolution 332 

search that covered a large range of all hyperparameters, to make sure that the global optimum 333 

was covered and to get a feel for the performance landscape. We zoomed in with a finer 334 

resolution during a second grid search and finished with an even more zoomed in and finer 335 

resolution during a final grid search. We determined the optimal classification model and 336 

hyperparameters by selecting for the highest mean balanced accuracy during cross-validation 337 

(Equation 2). After that we evaluated the performance of those classification models with the 338 

highest performance by using the test dataset. Finally, we used the models to predict the 339 

displayed activity type (grazing, walking, standing or lying down) and whether or not the 340 

cows were ruminating, for all the time windows and cows with available sensor data. 341 

 342 

mean balanced accuracy = ∑ (12(𝑇𝑃𝑥𝑃𝑥 +𝑇𝑁𝑥𝑁𝑥 ))𝑛𝑥=1 𝑛  (Equation 2), 343 

where x is a class; n is the number of classes; TP is the number of true positives; P is the 344 

number of positives; TN is the number of true negatives; and N is the number of negatives. 345 

 346 

We calculated the dataset for the environmental variable predictions per cow over one-hour 347 

time windows. The window size that is chosen has of course an influence on the results, as the 348 

effect of an environmental variable on animal movement data varies with temporal scales 349 

[31]. The choice of this temporal scale should therefore be chosen in line with the study’s aim 350 

and based upon ecological considerations, which are different for every study. We chose a 351 

window size of one hour for semi-illustrative purposed and because it struck a good balance 352 

between the number of resulting data records and the convergence of variables; meaning that 353 
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the resulting dataset consists of hundreds of records (thereby being enough for a data-driven 354 

machine learning approach) and each record was based on 1200 underlying records or more 355 

(thereby making sure that the inherent heterogeneity of animal movement is taken into 356 

account by averaging it out over a large enough period). The calculated variables consisted of 357 

multiple variable sets, based on the source of the data (GPS or accelerometer), organizational 358 

level (group or individual), transformation type, and variables conditional on foraging (Table 359 

5). This resulted in a total of 548 variables per cow per one-hour time window. We 360 

standardized these variables (to zero mean and unit variance) per combination of day/night 361 

and cow ID to account for differences in nocturnal and diurnal activities of cows and 362 

individual differences in movement characteristics, group characteristics, and activities. The 363 

standardized variables were then one by one visually checked for symmetric unimodality by 364 

inspecting the histograms and normal Q-Q plots. Two of the 548 variables displayed signs of 365 

bimodality and eight variables appeared to be somewhat heavy-tailed. Due to the low number 366 

of variables that showed these deviations and due to the small severity of these deviations, we 367 

decided not to correct these ten variables and thus left all standardized variables 368 

untransformed. Moreover, symmetric unimodality is not an actual requirement of a principal 369 

component analysis, but it does result in a better centring and scaling of the principal 370 

components. After that we converted the standardized variables to principal components 371 

separately for the GPS and accelerometer variables and linked these principal components to 372 

the mean grass biomass, time since milking, and wind speed values per hour. To prevent 373 

overfitting of the model due to autocorrelation of the time series, we trained the model on the 374 

data of all cows from two of the three pasture plot sessions (n = 600) and tested the model on 375 

the data of all cows from the other pasture plot session (n = 259). We used the second pasture 376 

plot session as our test set, because its range of biomass values fell within the range of 377 

biomass values of the first and third pasture plot session. 378 
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 379 

Table 5: Calculated variable sets per cow over one-hour time windows. 380 

Variable set Transformation Transformed data 

Individual GPS All statistics from Table 3 1 Hz GPS data 

Proportion activity Proportion Predicted activity per three-seconds 

window (Table 1) 

Individual GPS 

distribution parameters 

while grazing 

Mean and standard 

deviation of log-

transformed data 

Median speed and median absolute 

tangential velocity per three-seconds 

window while grazing (Table 3) 

Median group GPS Median Group GPS features per three-

seconds window (Table 4) 

SD group GPS Standard deviation Group GPS features per three-

seconds window (Table 4) 

Median individual GPS 

while grazing 

Median Individual GPS features per three-

seconds window while grazing 

(Table 3) 

SD individual GPS 

while grazing 

Standard deviation Individual GPS features per three-

seconds window while grazing 

(Table 3) 

Median group GPS 

while grazing 

Median Group GPS features per three-

seconds window while grazing 

(Table 4) 

SD group GPS while 

grazing 

Standard deviation Group GPS features per three-

seconds window while grazing 

(Table 4) 
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Median accelerometer 

while grazing 

Median Accelerometer features per three-

seconds window while grazing (Fig. 

1) 

SD accelerometer 

while grazing 

Standard deviation Accelerometer features per three-

seconds window while grazing (Fig. 

1) 

 381 

To predict the environmental variables we built a Support Vector Regression (SVR) model 382 

with a RBF kernel and a Random Forest Regression (RFR) with 1000 trees on the train set 383 

with both GPS and accelerometer principal components, with only GPS components, and with 384 

only accelerometer components. These models are time-invariant, as they assume 385 

independence between the data records, and are particularly well-suited to model complex 386 

interactions between a large number of variables. To find the optimal hyperparameters for the 387 

models (number of principal components for both SVR and RFR; and cost, gamma and 388 

epsilon for SVR), we used a grid search (following the same procedure as during the grid 389 

search of the activity classification) on a High Performance Cluster of Wageningen 390 

University, Netherlands. We did not optimize any other RFR hyperparameter, because the 391 

performance improved barely compared to the default values during a trial analysis. We 392 

determined the optimal hyperparameters by selecting for the highest R
2
 on the test set 393 

(Equation 3). Ideally, (cross-)validation is performed before a test set evaluation to prevent 394 

overfitting in hyperparameter space, but the limited quantity of data records in our case study 395 

prevented us from setting aside more data from the train set. However, we prevented 396 

overfitting in hyperparameter space by not optimizing the hyperparameters of the RFR and by 397 

limiting the amount of hyperparameter values that were tested for the SVR. 398 

 399 
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𝑅2 = 1 − ∑ (𝑦𝑖−𝑓𝑖)2𝑖∑ (𝑦𝑖−�̅�)2𝑖  (Equation 3), 400 

where y is the vector of actual values and f is the vector of predicted values. 401 

 402 

Results 403 

 404 

The general cline of grass biomass is predicted by both models, but the steepness is not 405 

entirely captured (Fig. 2). The time since milking cline is quite accurately matched from 0.5 to 406 

6.5 hours, but after 6.5 hours it levels off for both models (Fig. 2). For wind speed both 407 

models were not able to make accurate predictions (Fig. 2). Overall the SVR models 408 

outperformed RFR in predicting the environmental variables from cow movement data (see 409 

Additional file 3). When analysing the explained variation of the models with only 410 

accelerometer or GPS datasets, the qualitative differences between the explained variation of 411 

the different response variables for both algorithms are comparable (Fig. 3). However, SVRs 412 

are apparently better capable of using the interaction between variables in the mixed-sensor 413 

dataset to increase the explained variation, while RFRs are hardly able to do so with our data 414 

(Fig. 3 and 4). Both models indicate that grass biomass contributes substantially more to 415 

accelerometer data than to GPS data, while the reverse is true for time since milking (Fig. 3 416 

and 4). Furthermore, for time since milking the explained variation by accelerometer data is 417 

largely shared with GPS data (Fig. 4). Finally, the optimization of the hyperparameters was 418 

also done on datasets of each cow separately, which resulted into approximately the same 419 

hyperparameters and performance when compared to the model for all cows combined. 420 

Therefore, we concluded that cows responded to changes in resource availability and time 421 

since milking in approximately the same manner and we thus decided to use the models for all 422 

cows combined. 423 

 424 
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 425 

Figure 2: Left to right: measured versus predicted grass biomass, time since milking and wind 426 

speed using GPS and accelerometer data. Top: Support Vector Regression predictions. 427 

Bottom: Random Forest Regression predictions. 428 

 429 
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 430 

Figure 3: Explained grass biomass and time since milking variation using Support Vector 431 

Regression models (SVR) and Random Forest Regression Models (RFR) with a GPS, 432 

accelerometer (ACC) and combined dataset. 433 

 434 

 435 
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Figure 4: Variation partitioning of accelerometer (ACC) and GPS data with Support Vector 436 

Regression models (SVR) and Random Forest Regression models (RFR) for grass biomass 437 

and time since milking. 438 

 439 

Some of the variables used in our model were based on the automated activity classifications 440 

of the cows’ sensor data and visual observations. SVMs outperformed RFs for all these 441 

activity classification tasks with our data, so we only used the predictions of the SVMs. The 442 

best performing SVM classification model of the main activity types achieved 91.7% mean 443 

balanced accuracy on the test set and the best performing SVM model of rumination 90.9% 444 

(see Additional file 4). While we maximized the mean balanced accuracy during cross-445 

validation, also kappa, Matthews Correlation Coefficient, mean F1 and mean True Skill 446 

Statistic were maximized at the same time (Table 6). Moreover, the confusion matrices of 447 

both models show that, in addition to a high accuracy, the relative frequency of 448 

misclassification of each activity type was approximately equal (see Additional file 5). This 449 

means that the models were not overclassifying a specific activity type over another. 450 

Furthermore, we have found no substantial inter- or intra-cow activity classification 451 

performance differences. We thus considered the SVM activity classification models good 452 

enough to reliable predict the activity types based on the movement sensor data, even more so 453 

because the classification performance was higher or comparable to other cow activity 454 

classification studies [4,32,33]. 455 

 456 

Table 6: Performance measures on the test set of the best performing SVM activity 457 

classification models (g = grazing; w = walking; s = standing; l = lying). 458 

 Main activity types Rumination 

Balanced accuracy µ = 91.7% (g=94.2%; 90.9% 
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w=84.5%; s=90.2%; 

l=97.9%) 

Accuracy 94.2% 90.9% 

Kappa 88.0% 79.8% 

MCC 88.0% 80.0% 

TSS 

µ = 83.4% (g=88.3%; 

w=69.0%; s=80.4%; 

l=95.8%) 

81.8% 

F1 

µ = 88.0% (g=96.6%; 

w=76.6%; s=83.4%; 

l=95.6%) 

86.6% 

Precision 

µ = 90.0% (g=95.9%; 

w=84.9%; s=85.1%; 

l=94.2%) 

82.8% 

Recall 

µ = 86.5% (g=97.3%; 

w=69.8%; s=81.7%; 

l=97.0%) 

90.9% 

Negative predictive value 

µ = 97.4% (g=93.9%; 

w=98.0%; s=98.3%; 

l=99.4%) 

95.4% 

True negative rate 

µ = 96.9% (g=91.0%; 

w=99.2%; s=98.6%; 

l=98.8%) 

90.9% 

 459 

Discussion 460 
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 461 

In the case study we quantified that on a one-hour resolution resource availability contributed 462 

for 37% to cow movements (consisting of movement through the landscape, body part 463 

movement, and emergent patterns like group characteristics, and displayed activities) and time 464 

since milking contributed for 33%, while wind speed did not contribute noticeably. These 465 

results do not contradict our expectations that both resource availability and time since 466 

milking are important in shaping the movement of cows, but that wind speed (during 467 

relatively mild conditions) is not. Furthermore, it seems that the moderate correlation between 468 

resource availability and wind speed was indeed spurious. This framework proved to be 469 

insensitive to this spurious correlation, as it did quantify the contribution of wind speed to 470 

cow movement to be 0%. Furthermore, the Support Vector Regression (SVR) models 471 

performed overall better than the Random Forest Regression (RFR), especially when 472 

confronted with a dataset with both GPS and accelerometer variables, but the qualitative 473 

patterns when comparing the three different environmental contributions to single-sensor 474 

movement datasets were the same for both algorithms. Due to the SVRs higher performance, 475 

we do consider it to be the better alternative over RFR for this analytical framework when 476 

dealing with hyperdimensional datasets, especially when variables from multiple sensors are 477 

mixed. Moreover, we found that resource availability contributed more to accelerometer 478 

variables (29%) than to GPS variables (8%), but this contribution to GPS variables still was 479 

largely independent from accelerometer variables (less than 1% of the total variation was 480 

shared). This indicates that, at this temporal scale and with these computed movement 481 

variables, the individual movement of cows through the landscape and the spatial group 482 

characteristics hardly contained any signature of resource availability and that almost all of 483 

the contribution of resource availability to cow movements became apparent from the 484 

accelerometer variables of the cows’ neck during grazing. The accelerometer variables of the 485 
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cows’ neck during grazing, being descriptive for bite frequency and bite force (Table 2, Fig. 1 486 

and Table 5), probably link more explicitly to grazing behaviour than GPS variables do. These 487 

accelerometer variables are probably influenced more by resource availability than GPS 488 

variables, because grazing behaviour in cows is closely linked to resource availability [34]. 489 

The opposite was found for time since milking, which contributed more to GPS variables 490 

(29%) than to accelerometer variables (21%), with a lot of their explained variation being 491 

shared (17% of the total variation). This links well to our previous argument about that the 492 

accelerometer variables are shaped for a large part by the cows’ neck movement during 493 

grazing, which is intuitively more heavily influenced by grass biomass than by time since 494 

milking. Previous studies also found that the lactation stage, a variable that we expected to be 495 

linked to time since milking regarding its effect on cow behaviour, influences the relative 496 

distribution of cow activity patterns and cow movement through the landscape [25,26]. This 497 

supports our finding about a higher contribution to GPS variables with a large shared 498 

contribution with accelerometer variables, because the movement through the landscape is 499 

measured by GPS variables and the activity patterns are measured by both GPS and 500 

accelerometer variables. Finally, the estimated model parameters were similar for all cows, 501 

indicating that the cows responded to changes in resource availability and time since milking 502 

in the same way. However, it should be noted that all the results that are presented above are 503 

of course context dependent. With a different experimental setup, e.g., indoor instead of 504 

pasture housing or different ranges of environmental variable values, the quantified 505 

contributions can change. As is the case with nearly all modelling efforts, this framework is 506 

also only able to provide sensible results about the system for which data is available. 507 

 508 

Our case study illustrates how the proposed analytic framework can quantify the contribution 509 

of an ecological variable to animal movement. Having this quantification as the goal of the 510 
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analytic framework, human interpretation and understanding of the correlative relationships 511 

within the model is initially of lesser importance. The goal of the framework is to build a 512 

model that can explain as much of the variation of the measured environmental variable as 513 

possible, without doing concessions to the model’s complexity to facilitate human 514 

interpretation. Only then the overall contribution of the environmental variable to animal 515 

movement is under scrutiny to be quantified. This analysis could be followed by a stage where 516 

the researcher is selective in the choice of movement variables, to study which movement 517 

variables are mainly influenced by the environmental variable. Due to the way the framework 518 

is set up, the environmental contribution to multivariate animal movement will by definition 519 

always be higher or equal to the environmental contribution to a subset of the animal 520 

movement variables. Thus, using this framework to first determine the environmental 521 

contribution to multivariate animal movement and afterwards determine the contribution to 522 

specific subsets of movement variables, allows for an analysis that shows in which movement 523 

variables the environmental contribution is most or least visible. This is demonstrated in our 524 

case study, where resource availability mainly contributed to accelerometer variables and 525 

much less to GPS variables, indicating that resource availability was more tightly linked to the 526 

cows’ movement of body parts than to their movement through the landscape. The opposite 527 

was true for time since milking, where also the explained variation by the accelerometer data 528 

was largely shared with GPS data. Furthermore, this framework allows for a comparison 529 

between the contributions of multiple environmental variables to animal movement whilst 530 

being insensitive to moderate spurious correlations between environmental variables, which is 531 

also shown in our case study with regards to the contribution of wind speed. Therefore, this 532 

framework could be well suited for exploratory analyses of the link between environment and 533 

animal movement. However, it should be noted that the environmental contribution to animal 534 

movement (i.e., the variation in an environmental variable that is traceable in animal 535 
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movement data) is not the same as the environmental dependency of animal movement (i.e., 536 

the variation in animal movement that is dependent on an environmental variable), where 537 

potentially the environmental contribution can be large but the dependency small or vice 538 

versa. To accommodate for a multivariate analysis of animal movement we determine 539 

environmental contribution instead of using the route of causal inference. In movement 540 

ecology usually the environmental dependency of animal movement is the focus of analyses, 541 

as this allows for the determination of the direction and strength of the environmental 542 

influence on an animal movement variable. Therefore, post hoc analyses that link 543 

environmental variables to a simplified animal movement descriptor can supplement our 544 

proposed multivariate analytic framework in order to study the route of causal inference [2,3].  545 

 546 

Various factors in the relationship between the environment and animal movement influence 547 

the quantification of the environmental contribution to animal movement (Fig. 5). First, many 548 

environmental variables are correlated and interact with each other in their influence on the 549 

animal’s decision making and, thus, movement [1]. When the contribution of a single 550 

environmental variable to animal movement is under scrutiny, these correlations and 551 

interactions with other environmental variables need to be taken into consideration. In the 552 

proposed analytic framework we do not distinguish between the independent, shared, and 553 

interaction contributions environmental variables to animal movement [9], which is different 554 

from the independent and shared contribution to multiple subsets of the movement variables 555 

as described in our case study. As a consequence, both the direct and indirect contributions of 556 

an environmental variable to animal movement are combined into a single metric. Future 557 

research could potentially be aimed at the distinction between these contribution types of 558 

multiple environmental variables on multivariate animal movement, e.g. by using multi-target 559 

(Support Vector) regression and variation partitioning procedures [35,36]. Furthermore, when 560 
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the contribution of an environmental variable to animal movement is quantified, it is 561 

important that the movement itself does not influence the environmental variable directly at 562 

that point in space and time as well. Social proximity is for example an important variable in 563 

the shaping of individual animal movement, but individual movement parameters also directly 564 

shape collective movement patterns [37]. The fit of a model with social proximity as response 565 

variable and individual movement variables as input data would then not be solely the 566 

contribution of an environmental variable anymore. This could consequently yield 567 

unrealistically large values of the explained variance, which should be prevented. 568 

 569 

In the relationship between the environment and animal movement, the animal’s internal state 570 

(“why move?”), motion capacity (“how to move?”), and navigation capacity (“where to 571 

move?”) are also involved [1]. The animal’s internal state is composed of many different 572 

factors, e.g., physiological “need” (hunger, fear, etc.), physical characteristics (age, sex, body 573 

condition, etc.), and personality differences (laziness, level of sociality, etc.), that combined 574 

result in a certain response by the animal when confronted with a set of environmental 575 

variables at certain moment in time [1]. We translate this combined net effect of the internal 576 

state factors into the willingness of the animal to respond to the environment (Fig. 5). The 577 

motion and navigation capacity can be translated into the ability of the animal to respond. 578 

Another factor that is involved, even before the animal can decide whether it is willing and 579 

able to respond, is the animal’s perception of the environment [20]. Only when an animal can 580 

observe changes or differences in an environmental variable can it decide to respond in a 581 

certain way. Because of the aforementioned latent variables – perception, willingness, and 582 

ability – the movement of the animal is not purely a deterministic function of a fixed set of 583 

environmental variables [1]. These latent variables can thus cause a partial environmental 584 

contribution to animal movement. Furthermore, these latent variables are in part individual-585 
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specific [1], which is why differences between individuals should be taken into consideration 586 

by standardizing the movement variables per individual and/or adding individual identifiers as 587 

variables to the model. 588 

 589 

Other factors, which are more data-related, also influence the quantification of the 590 

environmental contribution to animal movement (Fig. 5). First, environment and animal 591 

movement are linked through sensor measurements, which influence the outcome of the 592 

analysis through varying sensor types, resolution, extent, and precision. Second, the 593 

movement variables that are computed from the animal movement data to describe the 594 

movement process determine how much of the environmental contribution to animal 595 

movement is traceable in the data. Therefore it is key to extract as many informative 596 

movement variables from the animal movement data as possible in this proposed framework 597 

(or optimize the architecture of a neural network in a deep learning approach), because ideally 598 

all inherent variation needs to be extracted from the movement data to quantify the total 599 

environmental contribution and to compare the contribution of different environmental 600 

variables fairly. In our case study, the best performing models had a selected number of 601 

principal components with a relatively low cumulative proportion of variance, especially for 602 

the GPS variables (see Additional file 3), which suggests that enough variation had been 603 

extracted from the raw data to make a good prediction about the environmental contribution to 604 

animal movement. Although the best performing model does not necessarily equates a good 605 

model, so it could theoretically also be that we missed to extract some extra informative 606 

variables from the raw data, which could otherwise have resulted in an even better performing 607 

model. Third, the temporal scale at which these variables are computed determine the 608 

temporal scale for which the contribution of the environmental variable to animal movement 609 

is quantified. As the effect of an environmental variable on animal movement data varies with 610 
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temporal scales, the choice of the temporal scale of the variables is relevant [31]. Finally, the 611 

algorithm that is used to predict an environmental variable from animal movement data 612 

influences the level of fit that can be attained, which is demonstrated in our case study with 613 

SVR outperforming RFR on all occasions. Algorithms that can model complex interactions 614 

between variables are often able to make better predictions of the response variable, e.g. RFR, 615 

SVR, and Neural Network Regression, likewise are algorithms that take into account the 616 

sequence of time series data, e.g. Recurrent Neural Network. Quantitative comparisons 617 

between the contributions of different environmental variables to animal movement can thus 618 

only be done reliably when the same algorithm is used on the same underlying animal 619 

movement dataset. 620 

 621 

 622 

Figure 5: Conceptual model of the relationship between an environmental variable, animal 623 

movement and a predictive model to determine the contribution of an environmental variable 624 
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to multivariate animal movement. Dotted blocks are latent variables, rounded blocks are 625 

measurable variables, greyed out blocks are unmeasured variables, and straight blocks are 626 

known variables, values, or objects. The dotted arrows display the predictive analysis 627 

following up on the model building phase. 628 

 629 

Apart from only using the R
2
 of the model predictions to acquire ecological insights, the 630 

patterns of the observed vs. predicted plots can also potentially generate insight. For an 631 

environmental variable to influence animal movement, the animal’s perception, willingness, 632 

and ability are conditionalities (Fig. 5). Therefore, certain parts of the environmental 633 

variable’s range might be better predicted by the model than other parts. It could be argued 634 

that this could be an explanation for the better SVR predictions during intermediate grass 635 

biomass compared to low and high biomass levels, thereby creating a lower overall slope of 636 

the predictions compared to the observations (Fig. 2). However, apart from animal perception, 637 

willingness, and ability, other factors might also influence patterns of the observed vs. 638 

predicted plot (Fig. 5). In this case the algorithm might be the underlying cause for the lower 639 

overall slope of the SVR biomass predictions, due to a “regression toward the mean” 640 

characteristic (see Additional file 6). Furthermore, the overall gradient of the time since 641 

milking predictions follows the measurements quite accurately for both models from 0.5 to 642 

6.5 hours, but after 6.5 hours it levels off (Fig. 2). This suggests that until 6.5 hours cows 643 

continue to change their movement in response to the time since they were last milked, but 644 

after 6.5 hours there is no noticeable change in movement anymore. Besides a potential 645 

behavioural ecological cause for this pattern, it could also be (partially) caused by correlations 646 

with other time variables due to our experimental setup where the cows were milked two 647 

times a day around the same time of day. Follow-up studies could focus on these predicted 648 

time since milking patterns, where the experimental setup should alternate the time of the day 649 
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when the cows are milked. Finally, apart from concluding that wind speed probably has no 650 

noticeable effect on cow movement in this study (Fig. 2), it becomes clear that the model 651 

performance suffered from some higher wind speed values in the test set compared to the train 652 

set (thereby generating an R
2
 lower than 0). 653 

 654 

Conclusions 655 

 656 

We developed an analytical framework that can quantify the environmental contribution to 657 

animal movement while preserving the multifaceted nature of the movement process. The 658 

most important aspect of this framework is that it quantifies the degree of variation in an 659 

environmental variable that contributes to multivariate animal movement, compared to 660 

prevailing methods that quantify how much of the variation of a simplified animal movement 661 

descriptor is dependent on environmental variables [2,3]. Apart from providing a measure of 662 

the tightness of coupling between an environmental variable and animal movement, the 663 

prediction of an environmental variable from animal movement data can be a useful 664 

application in itself as the unique property of this predicted variable is that it represents the 665 

perceived environmental variable by the animals. This framework demonstrates that the 666 

possible applications of machine learning methods extend beyond the ability to transform raw 667 

into informative data, and that machine learning can also be used in analyses to acquire 668 

ecological understanding. 669 

 670 

The applicability of our multivariate analytic framework extends beyond animal movement. 671 

With the recent increase in biologging practices, more and more variables of animal data are 672 

acquired [6–8]. These data do not only encompass animal movement, but for example also 673 

animal physiology, which can be related to environmental variables as well using the same 674 
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framework as presented in this study [6–8], e.g., by relating heart rate patterns to terrain 675 

characteristics or physical fitness metrics to climate conditions. Apart from using this analytic 676 

framework to quantify environmental contribution to animal biologging data, the computation 677 

of perceived environmental variables can allow researchers and managers to monitor the 678 

perceived habitat of animal species [6,20]. This way, the habitat quality in natural areas, e.g., 679 

in terms of resources, can be assessed more precisely regarding the needs of specific, sensor-680 

equipped, focal animals [6,38]. Furthermore, with the results presented here, the management 681 

of pasture-fed cattle can be optimized by detecting the appropriate time to move cattle to a 682 

more resource-rich area or towards a milking machine, without measuring resource 683 

availability or milk content in the udder directly. Finally, we argue that our proposed data-684 

driven analytic framework to quantify environmental contribution to animal biologging data is 685 

a valuable tool for explorative and comparative analyses on the relationship between the 686 

environment and animal movement, behaviour, and physiology. 687 
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Figures

Figure 1

Statistics calculated per time window, cow and accelerometer dimension. FFT stands for Fast Fourier
Transform.



Figure 2

Left to right: measured versus predicted grass biomass, time since milking and wind speed using GPS
and accelerometer data. Top: Support Vector Regression predictions. Bottom: Random Forest Regression
predictions.

Figure 3

Explained grass biomass and time since milking variation using Support Vector Regression models (SVR)
and Random Forest Regression Models (RFR) with a GPS, accelerometer (ACC) and combined dataset.



Figure 4

Variation partitioning of accelerometer (ACC) and GPS data with Support Vector Regression models
(SVR) and Random Forest Regression models (RFR) for grass biomass and time since milking.

Figure 5



Conceptual model of the relationship between an environmental variable, animal movement and a
predictive model to determine the contribution of an environmental variable to multivariate animal
movement. Dotted blocks are latent variables, rounded blocks are measurable variables, greyed out
blocks are unmeasured variables, and straight blocks are known variables, values, or objects. The dotted
arrows display the predictive analysis following up on the model building phase.
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