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This appendix provides greater detail on the methods used in the study that could be helpful in replicating this study precisely, but are not necessary to understand this study and would unnecessarily lengthen the manuscript to an extent that would diminish its readability. 

Study System
A taxa-focused approach is common in similar scale of effect meta-analyses (Thornton and Fletcher 2014). We focused on mammals because there is extensive evidence describing the mechanisms by which the landscape mediates mammal demographic processes (Presley et al. 2019). Also, because this taxa is well-studied there are many published datasets available for meta-analysis. Finally, mammals vary widely in several species traits (e.g., body mass, volant, home range size), facilitating the analysis of how these traits mediate scales of effect. We considered a species to be forest associated if forest habitat was listed as suitable and the study location matrix (e.g., grassland, agriculture, urban) was not listed as suitable in the IUCN Redlist (iucnredlist.org).
Migratory behavior was initially determined from the IUCN Redlist, followed by a review of migratory behavior from the literature. We retained species for which a portion of individuals in a population do not migrate because there is a reasonable chance its distribution is still mediated by the landscape surrounding the study sample locations. This was the case for only three species (Lasiurus cinereus, Lasionycteris noctivagans, and Myotis lucifugus).
Metric Calculation
All calculations were performed in in R version 3.5.1 (R Core Team, 2018).
We calculated flux for each species in a dataset as 
 ,
,
where  represents species home range diameter and  the distance between patches  and . The ‘*’ indicates that probability of dispersal between habitat patches i and j () could be based on a path that includes intervening stepping stones rather than Euclidean distance, if the probability of a stepping stone path would be greater. We used the shortest.paths function of the “igraph” package (Csárdi 2020) to calculate the probabilities of stepping stone and Euclidean paths, and then select the highest probability path. This is a common approach for many widely used graph theoretic metrics of habitat configuration (Saura and Pascual-Hortal 2007). Dispersal information type and quality varied substantially among the species in our study and was unavailable for many species. Therefore, we used species’ home range diameter to calculate flux in place of dispersal. Home range diameter and dispersal are correlated for mammals (Bowman, Jaeger, and Fahrig 2002), and other studies use long-distance homerange movements as a proxy for dispersal (Maiorano et al. 2017).  Furthermore, other studies have used home range diameter in place of dispersal to calculate graph theoretic metrics of habitat configuration similar to flux (Andersson and Bodin 2009; Tournant et al. 2013; Vergara et al. 2010). To reduce the correlation between patch density and flux, we divided flux by the number of patches in a landscape to generate an average flux per patch. While these two measures remained moderately correlated (mean r2  = 0.64) (SI, Appendix C), we retained both metrics given that each possess unique qualities (e.g., flux’s incorporation of movement information, and patch density’s computational efficiency).
We calculated patch density (PD) as

where NP is the number of forest patches and A is the focal landscape area in km. We calculated PD using the lsm_c_np function from the “landscapemetrics” package (Hesselbarth et al. 2019).
We calculated mean Eucliden nearest neighbor (MeanENN) as

where  represents the average shortest edge-to-edge distance between patches i and j. We calculated mean ENN with the lsm_c_enn_mn function.
We calculated cohesion (CH) as 
,
where  is the perimeter of patch  (in 25-m pixel surfaces corresponding the map resolution),  is the area of patch  (in number of pixels), and  is the total number of pixels in the landscape. Cohesion approaches 0 as forest cover becomes increasingly subdivided, and approaches 100 as it aggregates (i.e., obtains a low perimeter to area ratio). We calculated CH with lsm_c_cohesion function.
We calculated percent forest cover (PFC) as
,
where f is the number of forest pixels and A is the total number of pixels. We calculated PFC with the lsm_c_pland function. Other metrics of habitat composition quantify habitat diversity and evenness (Mcgarigal 2015). Such metrics can be useful in landscapes with three or more habitat types. However, when only two habitat types exist metrics of habitat diversity and evenness do not differ from proportion of habitat type (e.g., percent forest cover).

Scale of Effect Calculation
We configured Multifit to select the buffer size that produced the model with the lowest AIC for the generalized linear model: 
,
where  is the naïve probability of occurrence,  is the landscape metric at buffer size k, and  are model parameters. We used a Bernoulli distribution to model p based on presence/absence data. Because all models had the same number of parameters, by selecting the model with the lowest AIC we are essentially selecting the model with the lowest negative log-likelihood. Thus, we compared 63 models for each metric for each sample.
In order to calculate Hedge’s g, we produced a measure of variability for each scale of effect estimate by bootstrapping sample locations. Specifically, we repeated the Multifit scale of effect estimation process 1,000 times for each metric for each species in each dataset. For each iteration, we first randomly selected sample locations for the dataset with replacement until we had as many sample locations as the original dataset (i.e., some locations were repeated and some were left out) (Efron and Gong 1983). For example, if a given dataset had sample locations A, B, C, D, and E, one iteration of random sample of locations might contain A, A, D, E, and E while another might contain B, C, C, D, and D. We then used whatever sites were selected to generate a scale of effect estimate with Multifit (i.e., select the buffer size producing a model with the lowest AIC among the 63 buffer sizes). This process was repeated 1,000 times, each time the scale of effect estimate was recorded. 
To avoid including random sample location combinations for which a given landscape metric did not significantly influence species presence/absence, we only considered buffer sizes with p-values <0.05. If an iteration did not produce any buffer sizes with a p-value <0.05, that iteration was skipped and another run until a total of 1,000 statistically significant scales of effect were produced. Other scale of effect studies have incorporated p-values into their assessments scales of effect (Amiot et al. 2021; Boscolo and Metzger 2009; Calle-Rendón et al. 2020; Ordóñez-Gómez et al. 2015). We recorded the mean and standard deviation of these 1,000 bootstrapped scales of effect for each of the five metrics for a given species in a dataset (Supplementary Info, Appendix A). 

Hedge’s g
We calculated Hedge’s g as the difference between two means divided by their pooled standard deviation such that: 
  ,
,
  ,
 , 

where,  is the average scale of effect across the 1,000 bootstrapped iterations for a given metric of configuration (e.g., flux), and  is the average scale of effect for the metric of composition (i.e., percent forest cover). Therefore, g is positive when the metric of configuration has a wider scale of effect than composition and vice versa. are the standard deviations of the 1,000 bootstrapped scales of effect.  and  are both equal to 1,000 (number of bootstrapped iterations).  is a commonly used correction term for small sample size; however, because  and  are each 1,000 it was ~ 1. We used the esc_mean_sd function from the “esc” package to generate g and associated variance. 

Three level meta-analysis
Three-level meta-analysis models are an approach for analyzing effect sizes when there are multiple effect sizes in one or more datasets (studies). They can be described with the following equations: 
Level 1:  ,
where  is effect size i of cluster j (e.g., dataset),  is the “true” effect size and  is the sampling error.
Level 2:  ,
where  is the average effect in the jth cluster (e.g., dataset) and  is the associated within cluster heterogeneity.
Level 3: ,
where  is the average population effect and  is the associated between cluster heterogeneity (Cheung 2014). These levels can be combined to one equation:
.
We used the rma.mv function from the “metafor” package (Viechtbauer 2010) to fit three-level meta-analysis models. The models use restricted maximum-likelihood estimation, and apply the Knapp and Hartung adjustment to base test statistics on the t-distribution (Assink and Wibbelink 2016). We verified the use of these three-level models by comparing AIC scores of a three-level and a two-level meta-analysis model (also fit with the rma.mv function) (Assink and Wibbelink 2016).


