
Appendix

Table S1: Literature review 

The following table summarizes a limited literature review examining how mixed segments (of more than a single behavior) were treated in recent papers utilizing supervised machine learning to classify body-acceleration to behavioral modes. More specifically, we examined whether mixed segments were used in the machine learning training phase. The treatment column (first column) in the table reflects that. The list of papers was obtained through the ‘Web Of Science’ website (https://www.webofscience.com/wos) by conducting a search on the ‘core collection’ using the query: ‘(body acceleration) AND (behavior) AND (animal)’. The search was conducted on 20-Oct-2023, and the resulting list was then refined for the categories: ‘ecology’ and ‘zoology’, yielding a list of 180 papers. We scanned this list to extract only the relevant papers, that conducted classification of body-acceleration to behavioral modes via supervised machine learning models (n=16) and added another four relevant papers based on an anonymous reviewer's comment or our previous knowledge(these are: (Fehlmann et al. 2017, Chakravarty et al. 2019, Arkumarev et al. 2020, Giese et al. 2021)). 

	Mixed segments treatment
	Count
	Papers

	Not mentioned – probably ignored1
	15
	(Génin et al. 2015, Rotics et al. 2016, Fehlmann et al. 2017, Rotics et al. 2018, Arkumarev et al. 2020, Clarke et al. 2021, Dickinson et al. 2021a, Dickinson et al. 2021b, Giese et al. 2021, Rotics et al. 2021, VonBank et al. 2021, Menzies et al. 2022, Resheff et al. 2022, Hanscom et al. 2023, Soriano-Redondo et al. 2023)

	Stating that pure segments were used
	2
	(Weegman et al. 2017, Thiebault et al. 2021)

	Excluding mixed segments explicitly
	2
	(Chakravarty et al. 2019, Pagano et al. 2020)

	There were no mixed segments2
	1
	(Studd et al. 2021)

	Including mixed segments
	0
	


1 The most common case is not mentioning the mixed segments, and since it is unlikely that they do not occur at all, we consider this as ignoring them in the analysis. 2 Stating that there were no mixed segments owing to using very short time window in the analysis.


S2: The interaction between interaction percent mixed segments and segment length 

[bookmark: _Int_Yad8eE9p]In order to test the interaction between the percent mixed segments and segment length, we repeated the first set of simulations (see Methods) for a range of values of segment length, using the Meerkats dataset. Each combination was repeated 20 times. Results are presented as a heatmap of the effect of using mixed segments during training when they appear also during test (the mixed-mixed versus pure-mixed conditions). In addition, we show a heatmap of the p-values associated with these effects, using a one-tailed t-test for each combination of percent mixed and segment length, over the 20 simulation repetitions. 

Results (Figure S2-1) show substantial effects wherever percent mixed is 15% or above. This is also reflected in the statistical significance of the effects (Figure S2-2). These results are generally consistent with the main findings presented for the case of 2-second segments. 
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Supplementary Figure 1: Effect of the percent of mixed segments and segment length on classifier accuracy. Values indicate the average effect over the 20 repetitions. 
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Supplementary Figure 2: Statistical significance of the effect of the percent of mixed segments and segment length on classifier accuracy. Values indicate the p-value for the one-sided t-test with an alternative hypothesis of mixed training being beneficial. 
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