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Information on accelerometers, collar attachment and behaviour classification
The main reason animal behaviours have not been subject to closer inspection arises from the difficulties inherent in quantifying the behaviours of free-ranging animals. Historically, it has been impossible to constantly observe wildlife, especially over longer time periods and during the night. Modern GPS telemetry with integrated biologging devices, such as tri-axial accelerometers, provide the opportunity to continuously observe the behaviour of free-ranging animals (Shepard et al. 2008; Wilson et al. 2008, 2016; Resheff et al. 2014; Scharf et al. 2016).  The most important advantage of accelerometers is that movement information can be sampled on a regular basis, supplying almost continuous observations of the animals’ activities. 
We attached the collars with the internal accelerometer to the animals’ neck, taking care that all collars were attached in such a way that one finger fit easily (but not loosely) between the hares’ neck and the collar (Dickinson et al. 2020). We furthermore positioned the sensor unit so that the position on the animal was comparable between individuals. The collar could move around the neck, but as it was balanced by the heavier battery it usually stayed in the starting position after e.g. scratching and moving the collar around the neck.
For behaviour classification we first coalesced the 110 raw acceleration values for each of the three perpendicular axes (x, y and z) into one predictor value per axis. Therefore, we calculated the following predictors: standard deviation, mean, range (maximum value minus minimum value), the mean of the burst before the current burst, weighted mean, min and max values, variance, amplitude, frequency, intercept points between axes, mean ODBA and median ODBA and the sum of all axes. The predictors are used to train a random forest on test data (i.e. we feed the random forest with data of which we know the outcome), afterwards the random forest receives data points of which the outcome is known, but withheld. We then check how well the machine learning algorithm performed by comparing the prediction with the known outcome. We ran the random forest with all of the predictors and with subsets of them. The most parsimonious random forest retained the following preditors: standard deviation, mean, range (maximum value minus minimum value) and the mean of the burst before the current burst. Those were eventually used for the analyses in this paper. 
Number of observed behaviours
Table S4.1 The number of observed behaviours within each behavioural mode (resting, moving, foraging, grooming and vigilance behaviour) per hare that were matched to the according acceleration burst and used to train (and test, in case of hare 4) the random forest.
	Individual
	# Resting
	# Moving
	# Foraging
	# Grooming
	# Vigilance

	Hare 1 - enclosure
	730
	379
	190
	96
	138

	Hare 2 - enclosure
	16
	80
	88
	1
	15

	Hare 3 - free-ranging
	455
	25
	4
	107
	0

	Hare 4 - free-ranging
	1444
	88
	405
	74
	16



Cross validation
We checked the potential of the random forest algorithm to correctly predict the behavioural modes by using two enclosure hares (hare 1 and 2) and one free-ranging hare (hare 3) to train the random forest. We used the second free-ranging hare (hare 4) as a test data set to calculate a confusion matrix and extract precision, recall and F1 (R package caret by Kuhn (2008)) to receive measures on the performance of the random forest in predicting the behavioural modes of hare 4. These measures are calculated with the following formulas: 
Precision = True Positive / (True Positive + False Positive), 
Recall = True Positive / (True Positive + False Negative) and 
F1 = 2 * Precision * Recall / ((Precision) + Recall).
After using the behaviours of three hares for training and the fourth hare as independent test data set, the random forest algorithm showed an overall accuracy of 80%. The standard deviation of the acceleration per axis was the most important predictor in the random forest, followed by the mean. Resting and moving were classified most successfully, followed by foraging, while grooming and vigilance behaviour (standing upright) were not classified well (Tables S3.2 and S3.3). 
Table S4.2 Confusion matrix derived after training the random forest with data from hare 1, 2 and 3 for testing with hare 4. Summing up the numbers in each column will return the number of bursts for hare 4 in each class. Numbers to the right of the diagonal show “False Positive” results, while numbers to the left show “False Negative” classifications
	
	
	Reference

	
	
	Foraging
	Grooming
	Moving
	Resting
	Vigilance

	Predicted
	Foraging
	247
	32
	1
	89
	3

	
	Grooming
	28
	17
	7
	25
	1

	
	Moving
	54
	6
	80
	21
	5

	
	Resting
	70
	6
	0
	1270
	6

	
	Vigilance
	6
	13
	0
	39
	1



Table S4.3 The results for precision, recall and F1 for each of the random forest classes. The higher the number the better the classification for the according class (here behavioural modes) was done by the random forest algorithm 
	
	Foraging
	Grooming
	Moving
	Resting
	Vigilance

	Precision
	0.664
	0.217
	0.482
	0.939
	0.016

	Recall
	0.609
	0.229
	0.909
	0.879
	0.062

	F1
	0.635
	0.223
	0.629
	0.908
	0.026



As these two behaviours decreased the overall accuracy substantially and showed values for precision, recall and F1 that were below 0.6, they were excluded from the analysis. One reason for the low reproducibility of “grooming” and “vigilance behaviour” may be the lower number of training bursts for those two categories (Lush et al. 2016). That grooming behaviour is difficult to identify was also the case in other studies (Wang et al. 2015, Lush et al. 2016), hence future studies and further technological development are needed to better distinguish grooming behaviour. Foraging was most often confused with resting and moving (Table S3.2), which is not surprising, as foraging movements can be very subtle and therefore confused with resting, or on the other hand involve movement and therefore be confused with moving. 
Our behavioural classification model's accuracy of 80% is lower than some other ACC analyses within the literature (Nuijten et al. 2020, Yu, H., & Klaassen 2021). After we removed grooming and vigilance behaviour from the final statistical model, the largest source of error stems from foraging, which was wrongly classified as resting or moving behaviour. We are confident that this source of error within the model is unlikely to dramatically change the results of our analysis. We would expect that the error occurred over the entire range of the independent variables (i.e. average field size, Simpson diversity index and month), which would result in a slight upwards or downwards shift (depending on the focal behaviour) of the curve, with none or minimal changes to the corresponding slope. Thus, the statistical significance of our results and the biological effect size are practically unaffected. Moreover, the algorithm mis-classified resting wrongly as foraging to about the same extent as it classified foraging wrongly as resting. Hence, these two mis-classifications almost cancelled each other out.
We re-ran all our models to test the assumptions of slight down/upward shifts and changes in slopes. First, we “corrected” the potential mis-classified behaviours. We used the results of the cross-validation study for the correction: foraging was classified as resting in 17% of the cases and as moving in 13 % of the cases, while resting was classified as foraging in 6% of the cases. Therefore, we randomly assigned 17% of all resting data points and 13% of all moving data points to the classification “foraging”. Additionally, we turned 6% of all foraging data points into the classification “resting”. Then we ran the models again and visually compared the fitted values and confidence intervals of the original data set and the “corrected” data set. In most cases both fitted value curves fell within each others 95% confidence intervals (as example see Fig. S4.1) and the resulting graphs were similar to each other (Fig. S4.2). 

[image: ]
Figure S4.1 Visual comparison between slopes and intercepts (upward and downward shift) of the original data set (green) and the “corrected” data set (red). Displayed is the number of hours per day female and male hares spent foraging and resting in relationship to the average agricultural field size in the hares’ monthly utilization range. 
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[bookmark: _Hlk140588859]Figure S4.2 Based on the “corrected” data set: The average hours hares spent resting, moving and foraging per day and season in relation to habitat diversity (measured as Simpson diversity index of landscape elements within 99% Kernel utilization ranges of each month). Both animal sexes and both study areas are pooled together in this graph. Light coloured bands display 95% confidence intervals. Please be aware of the different scales on the y axis and the data distribution for each month on the x-axis.
One reason for the mis-classification of foraging as resting and/or moving, might be slight differences in foraging movements between enclosure hares (composing the main part of the test data set for the classification model) and free-ranging hares (being the test data set for the cross-validation). But as the test data set of the cross-validation study (the free-ranging hare) was included in the trainings data set for all unobserved hares, all unobserved hares should have a lower confusion rate between foraging and moving (and other behaviours) than in the cross-validation. Hence, for our final models we expect the upwards and downwards shifts of the curves and the already minuscule changes in slopes to be even smaller. 
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