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Data Summary
In our analyses, we did not test for differences in site/tree characteristics for actual and potential nesting sites/trees but examined site/tree selection as a function of site/tree characteristics instead. In the Site Level analysis, we used as explanatory variables the aggregated mean and standard deviation of the tree characteristics within the site (Table SI). In addition to these explanatory variables, we also added the number of trees in each plot as a possible explanatory variable. Because we had only 30 plots total, the 2.5% and 97.5% quantiles are highly similar to the minimum and maximum and are thus omitted. The data distribution for tree selection versus the relevant explanatory variables are shown in Fig. 3 in the main text.

Table SI Summary statistics for the potential explanatory variables in the Site Level analysis of a study of nesting selection by chimpanzees at Issa, Tanzania, October 2001–June 2003. The values for DBH are negative because most DBH values (including all site and standard deviations) are below 1 meter.
	Variable
	Minimum
	5%
	25%
	Median
	Mean
	75%
	95%
	Maximum
	Standard deviation

	Mean log DBH (m)
	−2.1
	−2.1
	−1.9
	−1.7
	−1.7
	−1.4
	−1.3
	−1.1
	0.3

	Standard deviation of log DBH (m)
	0.4
	0.4
	0.6
	0.6
	0.6
	0.7
	0.9
	1.0
	0.1

	Mean log tree height (m)
	1.9
	1.9
	2.0
	2.2
	2.2
	2.5
	2.7
	2.7
	0.3

	Standard deviation of log tree height (m)
	0.4
	0.4
	0.4
	0.5
	0.5
	0.6
	0.8
	0.8
	0.1

	Mean log lowest branch height (m)
	0.7
	0.8
	1.1
	1.3
	1.3
	1.5
	1.8
	1.9
	0.3

	Standard deviation of log  lowest branch height (m)
	0.4
	0.4
	0.6
	0.7
	0.7
	0.7
	1.0
	1.1
	0.2

	Mean number of branches
	3.8
	4.2
	6.3
	7.7
	8.4
	8.6
	19.0
	19.3
	3.6

	Standard deviation of number of branches
	2.2
	2.4
	5.0
	5.7
	6.8
	8.0
	15.8
	17.0
	3.5

	Mean number of horizontal branches
	0.1
	0.2
	0.7
	1.0
	1.2
	1.4
	3.2
	3.2
	0.8

	Standard deviation of number of horizontal branches
	0.4
	0.5
	1.3
	1.7
	2.0
	2.1
	5.0
	5.1
	1.2

	Mean number of vertical branches
	0.3
	0.3
	0.6
	0.9
	1.1
	1.4
	2.5
	2.7
	0.6

	Standard deviation of number of vertical branches
	0.6
	0.7
	1.0
	1.1
	1.3
	1.6
	2.6
	2.9
	0.6

	Mean number of inclined branches
	1.5
	2.0
	4.2
	5.8
	6.2
	6.6
	15.9
	16.3
	3.4

	Standard deviation of number of inclined branches
	1.9
	2.0
	3.8
	5.1
	5.6
	6.9
	12.5
	15.4
	3.1

	Mean number of 5 cm diameter branches
	0.0
	0.0
	0.7
	1.4
	1.4
	2.1
	3.0
	3.6
	1.0

	Standard deviation of number of 5 cm diameter branches
	0.0
	0.0
	1.1
	1.7
	1.8
	2.3
	3.4
	4.6
	0.9

	Mean number of 5–10 cm diameter branches
	1.5
	1.6
	3.1
	5.0
	5.6
	7.0
	16.6
	16.7
	3.7

	Standard deviation of number of 5–10 cm diameter branches
	1.4
	1.6
	2.7
	4.8
	5.5
	7.4
	12.8
	16.7
	3.4

	Mean number of 10–20 cm diameter branches
	0.1
	0.1
	0.5
	0.9
	1.0
	1.2
	2.3
	2.7
	0.6

	Standard deviation of number of 10–20 cm diameter branches
	0.3
	0.5
	1.1
	1.4
	1.4
	1.7
	2.8
	3.5
	0.6

	Mean number of >20 cm diameter branches
	0.0
	0.0
	0.1
	0.2
	0.4
	0.7
	1.3
	1.4
	0.4

	Standard deviation of number of >20 cm diameter branches
	0.0
	0.1
	0.4
	0.7
	0.8
	1.0
	1.8
	2.1
	0.5

	Mean leaf size
	1.4
	1.5
	1.8
	2.1
	2.1
	2.2
	3.0
	3.1
	0.4

	Standard deviation of leaf size
	0.2
	0.3
	0.5
	0.7
	0.7
	0.9
	1.1
	1.1
	0.2

	Mean leaf density
	3.0
	3.0
	3.2
	3.4
	3.4
	3.5
	3.8
	3.8
	0.2

	Standard deviation of leaf density
	0.4
	0.4
	0.6
	0.7
	0.7
	0.7
	0.9
	1.0
	0.1

	Number of trees in the plot
	8.0
	10.2
	21.0
	25.5
	25.4
	29.8
	43.2
	57.0
	9.4



There was a lower number of tree species used for nesting than those available in the nesting plots (Table SII). We classified vegetation types into two categories: closed- and open-canopy (see Methods section in the main text). A total of 123 trees from 3 plots were in closed-canopy and 640 trees from 27 plots were in open-canopy vegetation types.

Table SII Number of trees of the most common species in the nesting plots in a study of nesting selection by chimpanzees at Issa, Tanzania, October 2001–June 2003. Only tree species with ≥5 trees are included. Please see Hernandez-Aguilar et al. (2013) for a full list of nesting species.
	Tree species
	Number of all trees
	Number of actual nesting trees
	Number of potential nesting trees

	Brachystegia sp.
	63
	31
	32

	Julbernardia globiflora
	43
	29
	14

	Diplorhynchus condylocarpon
	30
	0
	30

	Brachystegia longifolia
	29
	17
	12

	Pterocarpus tinctorius
	28
	16
	12

	Pericopsis angolensis
	23
	6
	17

	Julbernardia unijugata
	17
	8
	9

	Isoberlinia tomentosa
	16
	13
	3

	Markhamia obtusifolia
	13
	1
	12

	Combretum molle
	9
	3
	6

	Lannea schimperi
	8
	4
	4

	Terminalia mollis
	7
	0
	7

	Pseudolachnostylis maprouneifolia
	6
	0
	6

	Annona senegalensis
	5
	0
	5

	Other (46 different species)
	77
	4
	73




General Inference and Model Selection
In both, Site Level and Tree Level analyses, our aim was to determine whether some set of site/tree characteristics affected chimpanzee nesting selection. The standard way of modeling how the probability of a presence/absence (nest or no nest) response variable depends on explanatory variables, , by logistic regression is                                                                                                                ,                                                                            (S1)       where  are the regression coefficients.

When there was no cause for modifications (as in the Tree Level analysis), we used standard statistical packages (such as R) to perform classic logistic regression. When modifications were needed (as in the Site Level analysis, where we conditioned on paired samples, one with and one without nests, resulting in one-to-one matched case-control analysis), we started with Eq. (S1), condition on the 1-to-1 matched case control scenario (see Site Level methodology below). 

As there were a great number of explanatory variables to contemplate, there were an even greater number of combinations of such explanatory variables. These models will not all be nested, that is, not all combinations of two models to be compared can be expressed either as zero-hypothesis and alternative hypothesis. A stepwise up or stepwise down approach to model choice avoids such comparisons, but at the danger of converging toward suboptimal models. As it was possible to traverse all models in the Tree Level analysis, we did that, but for the Site Level, a stepwise up approach had to be made. As we had many possible models, we decided to use BIC (Bayesian information criterion) as the general classic model selection tool, as BIC is a conservative model comparison tool. The resulting model could then be further analyzed by classic tests on each regression term, to see how well the BIC choice worked compared to classic testing. As it has a Bayesian background, it makes it easier to compare with Bayesian results as well.
For Bayesian (rather than classic) model choice, the log-transformed marginal Bayesian model likelihood (BML) was used as a model criterion. Because Bayesian analysis has Occam’s razor built into it (Jefferys and Berger 1991), over-complicated models were to be rejected. BMLs were estimated using an importance sampling method developed by Reitan and Petersen-Øverleir (2008).

Site Level Methodology
The aim of the Site Level analysis was to examine how site characteristics can affect the selection to nest in a particular site. A logistic regression may seem in order. However, a logistic regression would not accurately capture the sampling method. The sampling method was such that for any given area, there were exactly two paired plots, a nesting plot and a potential nesting plot. A binomial model would allow each plot to have an outcome independent from the rest, while the sampling method has more structure than that. The sampling method allows for comparisons between actual and potential nesting plots but does not allow for an estimation of overall plot nesting probability. Thus, a modification of the logistic model known as one-to-one matched case-control analysis was used.
Starting with the logistic model applied to two plots in the same area, having explanatory variable values  and  for two plots labeled X and Y respectively, we can calculate the probability that exactly one of the two will be a nesting plot using Eq. (S1):                                                                               (S2)
where we introduced the shorthand notation  for the linear dependency to explanatory variables. If X is the nesting plot and Y the potential nesting plot, we can then calculate the probability that this would be the outcome conditioned on there being exactly one nesting selection among the two plots:                                                                                                                                                                                  (S3)                 
where  is the difference in explanatory variable values between plot X and plot Y. This formula is also discussed in Hosmer and Lemeshow (2000) in a more general setting. Regression coefficient , which determines the overall nesting probability per plot, has disappeared from Eq. (S3). Thus, by taking advantage of the sampling strategy, we get fewer parameters and with a simple model we can expect that it would be easier to detect effects. Eq. (S3) is then used for expressing the likelihood, making it possible to do both maximum likelihood estimation and Bayesian analyses.
However, when performing multiple explanatory variable analysis, numerical problems appeared because there were combinations of explanatory variables where all nesting plots could be assigned probability 1 for nests and all potential nesting plots would consequently be assigned probability 0. This was achieved in the numerical optimization by letting the regression parameters go to infinity in such a manner that hard borders between nesting plots and potential nesting plots were erected in the space of explanatory variable values. Such hard borders between getting and not getting selected as nesting plots cannot be defended as a practical way of selecting plots, as such a model could switch between the usage of two plots by an infinitesimal change in explanatory variable values (such as tree height). 
Considerations of how sensitive selection can be were incorporated using a Bayesian analysis on the same model (see Eq. S3). For each possible explanatory variable, a prior for the regression coefficient was made by assigning a normal distribution to it in such a fashion that there was 95% probability that an increase from median explanatory variable value to the upper quartile (the 75% quantile), entailed at most a fivefold increase or decrease in selection probability. That is,   with 95% probability where site X′ has the same explanatory variable values as X except for the particular explanatory variable in question. Here  denotes the change in nesting selection probability when using explanatory variable values X′ rather than X, where  is the difference between the upper quartile and the median value, so that . By using quartiles, the prior could be elicited once, instead of doing this for each explanatory variable separately. We also tested two other priors, assigning a normal distribution to each coefficient so that either   or  . This was done to check the robustness of the results.

Site Level Results: Robustness to Choice of Prior
As mentioned above, three prior distributions were used in the analysis to cope with the issue of Bayesian analysis robustness. These distributions were equal in distributional form but different in the width (prior uncertainty) of the distribution, so that  for , and . Because we used three different priors to account for robustness, we obtained three results.
For the stepwise model selection results, each step included the same explanatory variables for all choices of the prior (Table SIII). The initial support (as seen from the Bayes factor) for the inclusion of the first explanatory variable, mean log tree height, is overwhelming for all the priors. The reason the Bayes factor is less for the step 3 model (the model that included mean log tree height, mean number of 5–10 cm diameter branches and mean log lowest branch height) is that there is strong correlation between mean log tree height and mean log lowest branch height,  = 0.86. This means that a model without one of these variables will still be able to describe the model well by letting the correlated variable explain most of the effect of the removed variable also. Mean log tree height had the most evidence, so if one of the variables were to be excluded, it would be mean log lowest branch height. However, even when correcting for mean log tree height, mean log lowest branch height still had some (albeit little) evidential support, which is why it is included. For all priors, three explanatory variables had support, while the more complicated models had evidence going against them. If strong evidence is wanted, only mean log tree height is included (as this model vs. the null model has a Bayes factor of 122). The prior does affect the parameter estimates, and also the evidence (the Bayes factor) (Table SIV). This is reasonable, as the data can provide only a little information about the parameter values.

Table SIII Model selection results for different priors for the Site Level Bayesian stepwise model selection in a study of nesting selection by chimpanzees at Issa, Tanzania, October 2001–June 2003. Each step for each prior shows the variables included in that step as well as the Bayes factor for that model compared to the best model from the previous step (in parentheses). A Bayes factor <1 will be evidence for the previous model rather than the model in question. The “step 0” model is one without explanatory variables, which thus gives probability ½ for all each outcome in all cases. There is a notable increase in the estimate of the coefficient for each explanatory variable when the prior widens. The evidence for mean log tree height does not change by much. However, the evidence for the last detected variables, mean log lowest branch height, is reduced quite a bit when the prior widens.
	Prior
Steps
	
	
	

	Step 1
	Mean log tree height (122)
	Mean log tree height (31,000)
	Mean log tree height (49,000)

	Step 2
	Mean log tree height, mean number of 5–10 cm diameter branches (2.67)
	Mean log tree height, mean number of 5–10 cm diameter branches (3.65)
	Mean log tree height, mean number of 5–10 cm diameter branches (4.32)

	Step 3
	Mean log tree height, mean number of 5–10 cm diameter branches, mean log lowest branch height (1.31)
	Mean log tree height, mean number of 5–10 cm diameter branches, mean log lowest branch height (1.14)
	Mean log tree height, mean number of 5–10 cm diameter branches, mean log lowest branch height (1.09)

	Step 4
	Mean log tree height, mean number of 5–10 cm diameter branches, mean log lowest branch height, MLDBH (0.90)
	Mean log tree height, mean number of 5–10 cm diameter branches, mean log lowest branch height, mean log DBH (0.83)
	Mean log tree height, mean number of 5–10 cm diameter branches, mean log lowest branch height, mean log DBH (0.82)

	Step 5
	Mean log tree height, mean number of 5–10 cm diameter branches, mean log lowest branch height, mean log DBH, standard deviation for log tree height (0.91)
	Mean log tree height, mean number of 5–10 cm diameter branches, mean log lowest branch height, mean log DBH, standard deviation for log tree height (0.84)
	Mean log tree height, mean number of 5–10 cm diameter branches, mean log lowest branch height, mean log DBH, standard deviation for log tree height (0.79)



Table SIV Parameter estimates (median) and evidence in parentheses for the three significant explanatory variables and for the three priors for the best model in Site Level analysis in a study of nesting selection by chimpanzees at Issa, Tanzania, October 2001–June 2003. Bayes factor for the stepwise model that included that variable vs. a model without it (but including the two other explanatory variables). Variables are listed in the order they were included in the stepwise search.
	Prior
parameter
	
	
	

	
	4.81 (4.12)
	6.42 (4.10)
	7.40 (4.08)

	
	−0.36 (2.71)
	−0.51 (3.93)
	−0.59 (4.90)

	
	2.78 (1.30)
	3.31 (1.14)
	4.34 (1.11)




Tree Level Methodology
Because the objective of the Tree Level analysis was to examine how tree characteristics affected chimpanzee nesting selection in the nesting plots, we used as a response the nesting selection per tree (yes or no) and the tree characteristics as the explanatory variables (predictors) in our regression analysis. The number of explanatory variable combinations was relatively low and thus it was feasible to transverse all models. For each combination of explanatory variables to include, a logistic regression was performed, and a BIC score was extracted to compare that model to models made by using other combinations of explanatory variables.
Plots could be associated with different base probabilities for nesting in a tree with a given set of tree characteristics, due for instance to there being different types of trees in different plots. We thus included a plotwise random effect in the list of possible explanatory variables that were tested using BIC. We examined models that included the random factor using the glmer function in the R package lme4. 

Level 1 Results
The model uncertainty for the fixed effects is shown in Table VI in the main text, which lists the explanatory variables involved in each of the 10 best models and the BIC weights. Leaf density was the most uncertain explanatory variable, as it had a total BIC weight of only 55.4% among the top 10 models. Number of vertical branches or number of 10–20 cm diameter branches seemed to have some support though these variables were not in the best model, having a total BIC weight of 30.1% when counting models that include either variable. Models containing vegetation as an explanatory variable had a total BIC weight of 20.5%. All top 10 models included tree height as a variable, while DBH was excluded in models 9 and 10, having a total BIC weight of 93.8%. Table V in the main text also shows BIC weights relative to a model that leaves out each explanatory variable, thus a BIC-based approximation to a Bayes factor (see Jeffreys 1991 and Kass and Rafterty 1995), and also shows large support for including DBH and tree height but very slight support for including leaf density. We used this approximate Bayes factor for the Tree Level to compare the density of evidence in the Tree Level and the Site Level. The overall picture seems to be that there is little doubt about the effect of tree height and DBH, but that it is uncertain whether leaf density is necessary or not. Number of vertical branches, number of 10–20 cm diameter branches, and vegetation type are possible additions or replacements for leaf density, though there is insufficient evidence for including these variables now.
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