City-specific or generalisable resistances? An urban animal connectivity model performs better when parametrised from two cities
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1. Supplementary Methods
1. 1. Parameterisation of resource locations
To identify resource locations (Fig. 2, Step 2; main manuscipt) and produce the resource map for the connectivity model runs as part of the parameterisation, we employed the approach by Pundsack et al. (2026), which builds on Merkens et al. (2026) and uses Classification and Regression Trees (CARTs) with a prior Principal Component Analysis (PCA). The approach allows us to identify the composition of vegetation types that support the presence of the target species in the urban landscape. The integration of PCA ensures that no resource type is obscured by collinearity among the potential resource types within the landscape (Pundsack et al. 2026). Based on this, we can exclude certain areas from our analysis that generally cannot support the target species even if resource patches are present. Only resources that are within areas where overall vegetation composition is sufficient and suitable for blackbird presence are considered to be resource locations and thus become nodes of the landscape graph in the further analysis. We extended this approach to simultaneously analyse two cities, namely Angers and Munich (Fig. S1). This was done to assess whether pooling the data from both cities leads to different predictions than the single-city approaches. 
First, we selected three potential resource types for the common blackbird based on species-specific literature and previous connectivity modelling studies: trees, shrubs, and grass (Schlindwein et al., 2024; Merkens et al., 2026). Secondly, we ran a raster PCA based on the extracted overall vegetation cover for these resource types in Munich and Angers. The combined PCA and the corresponding three principal components (PC1- PC3) thus captured gradients in vegetation composition across Munich and Angers. 
In the next step, we extracted PCs from our blackbird observation points in both cities (Angers, n = 68; Munich, n = 104; see Table 2 in the main manuscript). To identify which vegetation compositions (PC1-PC3) best predict blackbird presence/absence (our target variable), we ran CARTs that indicate which thresholds of these vegetation compositions lead to which of the two states (here, presence = 1, absence = 0) (Breiman et al., 1984; Steinberg, 2009). We selected the best decision tree and the corresponding thresholds based on the highest sensitivity, accuracy, and parsimony following Pundsack et al. (2026). 
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Fig. S1. Resource parameterisation workflow using PCA and CARTs based on Pundsack et al. (2026), extended to two cities, Munich and Angers. Hyperparameters to compute CARTs: lossw (cost matrix penalizing misclassifications, we test for stronger penalization of false negatives i.e. falsely omitted presences), cp (= complexity parameter; determines how much the tree is pruned, higher values = lower complexity), minsplit (minimum number of observations that must exist in a node to consider further splitting, higher value = lower complexity), minbc (= minbucket, minimum number of observations that must exist in a final leaf for it to exist, higher value = lower complexity).
To ensure that our identified vegetation thresholds predicting blackbird occurrences were robust, we conducted a sensitivity analysis (Cariboni et al., 2007). Here, we tested eight spatial scales (radii) ranging from 51 to 170 m to extract vegetation composition for PCA and CARTs and compared the corresponding trees (Pundsack et al., 2026). As part of the sensitivity analysis, we also tested different hyperparameters (Fig S1). Here, we followed Zohman et al. (2014) and equally prioritised sensitivity, the ability to correctly predict presences, over complexity. This was done to prevent the false exclusion of resources that are important for the presence of the common blackbird. 
Subsequently, the thresholds from the best tree were then applied to both cities and buffered by 170 m (the maximum home range size of a common blackbird) (Ottaviani et al., 2006) into a binary map depicting areas where blackbird presence is generally possible or not, according to our analysis. Resources of sufficient size within these areas were excluded from the resource map and thus the further connectivity modelling.
For all analyses, we used the following package in R v. 4.4.3 (R Core Team, 2020): rpart (CART construction) (Therneau et al., 2015), rpart.plot (tree visualisation) (Milborrow, 2026), and caret (model evaluation) (Kuhn et al., 2024).

2. Supplementary Results
2. 1. Resource parameterisation
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Fig. S2. Results from resource parameterisation for single-city Munich (a.), Angers (b.), and Joint (c.) blackbird presence/absence occurrence data: PCA loadings and selected CARTS decision tree based on highest sensitivity and parsimony. Blackbird presence is predicted with different certainty depending on the resource abundance (indicated by dark green = certain; to light blue = less certain). 

2. 2 Resistance parameterisation
Running the resistance parameterisation procedure across the three datasets produced a large number of statistical models and their indicators, which cannot be presented here in detail. However, they are provided within the additional Excel file SupplementaryMaterialS3_ParameterisationResults. For each statistical model obtained per resistance scenario and tested maximum movement distance, we retrieved the coefficients and their standard errors for the predictor variables (connectivity and number of pedestrians for the Angers and Munich datasets, and connectivity, number of pedestrians, and city for the joint datasets). Moreover, we obtained the p-values for each predictor, as well as the AIC and R2 values for the overall statistical model. By ranking all of the statistical models of one dataset within one Monte Carlo repetition, we could identify the resistance maps that best predicted the movement-proxy data (Supplementary Material S3).
This is also how the statistical results are presented in Supplementary Material S3: Each sheet of the Excel file presents the statistical models ordered by AIC-value for one repetition of the parameterisation for one dataset. For Angers, due to data limitations, there is only one sheet, as the dataset could not be split. The repetition and the dataset are indicated in the name of the respective Excel sheet. The rows correspond to different resistance scenarios and movement distances, as indicated in the first two columns. The following columns present the statistical outputs, including the DHARMa tests, for each statistical model based on the respective connectivity map. The best-performing parameter values are summarised in the main manuscript.
Since some authors suggest that the relative order of resistance values is more important for the connectivity result than the absolute resistance values (Beier et al. 2008), we also investigated how the order of resistance values differed between parameterisation from different datasets (Fig. S3). Overall, there was no support for a resistance scenario, suggesting that streets have a higher resistance than buildings. In Angers, the selection tended towards an equal resistance between low buildings and streets, while in the other two datasets, there was some evidence for higher resistance of low buildings (Fig. S3). For Angers and the joint dataset, it was also strongly supported that high buildings have higher resistance than medium buildings, which in turn have a higher resistance than low buildings. In Munich, there was stronger evidence for similar resistance between intermediate and high buildings (Fig. S3). 
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Fig. S3. Evidence for resistance levels relative order for buildings (according to their height) and streets based on the proportion of the relative order of resistance values selected across all 10 folds for the Joint dataset, Munich datasets, and the full Angers dataset (no folds, see Fig. 3). The displayed proportions are normalised within each dataset, totalling 100 % across all three datasets. 

2. 3 Validation
The validation also yielded a substantial number of statistical models and indicators, which, for handling reasons, are provided in the Excel file SupplementaryMaterialS4_ValidationResults. Here, for each Monte Carlo repetition, each parameterisation dataset, and each validation dataset, one statistical model was created. Again, for each statistical model, we retrieved the coefficients for all predictor variables, their standard errors, and their p-values. Also, for each model, we extracted R2 values and reported the results of the DHARMa tests for the respective statistical model. Again, in Angers, data splitting was not possible, so the results are based on a single statistical model, with no repetition.
The Excel file is structured along different sheets. In every sheet, the statistical models from all repetitions are shown for one parameterisation dataset and one validation dataset. The datasets are indicated by the sheet names. Their names follow the convention: first the parameterisation dataset, followed by “param”; then the validation dataset, followed by “valid”. For example, the Excel sheet named “joint_param_Munich_valid” presents the validation of the parameters from the joint datasets in Munich.
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