Incorporating landscape patterns can improve global-scale models of land use and land cover change
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Abstract
Environmental and socioeconomic variables that are used to predict land use and land cover (LULC) change in most global-scale land use models miss some LULC change processes, including cropland expansion in frontier areas. We tested whether incorporating landscape metrics, which measure the spatial arrangement of landscapes and vary according to complex anthropogenic and environmental factors, in global- and continental-scale machine learning models of LULC change from 1992 to 2020 improved model performance when compared to socioeconomic and biophysical variables. Two types of LULC change were modelled: cropland expansion and forest loss. Including landscape metrics always improved the accuracy of cropland expansion models, but enhanced performance of forest loss models for only coarser resolution pixels of 80 x 80 km. Therefore, landscape metrics may provide additional insights for modelling LULC change beyond socioeconomic and biophysical variables, but further research is needed to assess the impact of spatial scale on their effectiveness.
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1 Introduction
Anthropogenic land use and land cover (LULC) change has wide-ranging impacts on the Earth system. LULC change is a major driver of biodiversity loss (Jaureguiberry et al., 2022; Newbold et al., 2015; Pereira et al., 2012) and contributes to climate change via shifts in vegetation structure (Forzieri et al., 2017) and greenhouse gas emissions (Foley et al., 2011; Jia et al., 2019). Land cover change has occurred over approximately one third of the Earth’s surface since 1960 (Winkler et al., 2021) and is expected to continue into the future (Foley et al., 2011; Rabin et al., 2020; Tilman et al., 2011). Anthropogenic actions also drive the fragmentation of natural ecosystems into smaller and more isolated patches (Jacobson et al., 2019; Ma et al., 2023), with over 70% of the Earth’s forests now less than 1 km away from a forest edge (Haddad et al., 2015). Fragmentation can have negative environmental impacts (Haddad et al., 2015; Mendes & Prevedello, 2020; Peralta et al., 2023), such as the estimated 0.34 Gt of carbon emitted annually due to tropical forest fragmentation (Brinck et al., 2017). Given the impacts of LULC change and fragmentation, realistic global LULC change projections are required to inform policies that will effectively address the negative impacts of change.
Models of future LULC need to incorporate information on the drivers of LULC change, which are complex and vary both temporally and spatially (Alexander et al., 2015; Noszczyk, 2019). For example, diet was more important as a global driver of LULC change in the period from 1994 to 2011 compared to between 1961 and 1994, although its effects differed between countries (Alexander et al., 2015). Global-scale drivers of LULC change include factors such as population growth, crop yields, and international trade (Alexander et al., 2015; Eigenbrod et al., 2020; Hertel et al., 2019; Meyfroidt et al., 2013), whereas at local-scales variables such as infrastructure, accessibility, and policies governing the allocation of land become important (Armenteras et al., 2006; Santos et al., 2019; P. H. Verburg et al., 2004). Furthermore, different types of LULC change are driven by diverse and sometimes distinct sets of factors. For example, cropland expansion and forest loss both have major environmental effects, such as biodiversity loss (Betts et al., 2017; Maxwell et al., 2016), and are driven by similar but distinct environmental and socioeconomic factors (Curtis et al., 2018; Eigenbrod et al., 2020). Key global drivers of forest loss from 2001 to 2015 included commodity-driven deforestation, large-scale forestry operations, and wildfire (Curtis et al., 2018), whereas market access, steepness of terrain, and population density were previously identified as drivers of cropland expansion (Eigenbrod et al., 2020). Therefore, spatial datasets of the major drivers and spatial determinants (variables that support the statistical explanation of the location of an event; Meyfroidt, 2016) of LULC change that show how they vary over time are required to make accurate projections of future LULC change.
Datasets of what can be thought of as ‘traditional’ drivers and spatial determinants of LULC change, such as population density, gross domestic product (GDP), and temperature, do not capture all the processes that drive LULC change. A study of historic LULC distributions in Belgium found that purely autoregressive models, which used a single variable of neighbourhood composition to predict LULC, performed better or as well at predicting LULC distributions compared to models that included more traditional explanatory variables such as slope, precipitation, and elevation (Dendoncker et al., 2007). The traditional variables were therefore unable to capture the processes that generated historic LULC distributions in Belgium sufficiently. Similarly, the rapid expansion of cropland in frontier regions was not captured using traditional independent variables in a global study of cropland expansion from 1992 to 2015 (Eigenbrod et al., 2020). Moreover, it can be difficult to collect local-scale socioeconomic data to generate high resolution datasets (Hertel et al., 2019), available datasets may contain uncertainties (Leyk et al., 2019), and they may not account for linkages between distant geographic regions, known as telecoupling (Hull & Liu, 2018). Our ability to model future LULC change might therefore be hindered where key drivers and determinants are missing from input datasets, either through lack of available data or uncertainty in existing datasets. While historic LULC change is sometimes used in combination with other variables for predicting future LULC change, such as in hybrid cellular automata-Markov models (e.g. Asif et al., 2023; Tahir et al., 2025), temporal changes in the key drivers of LULC change (Alexander et al., 2015; Eigenbrod et al., 2020) suggest that the use of historic LULC change alone as an independent variable will be insufficient for projecting future LULC change.
Landscape patterns are a possible novel data source for land use modelling. Landscape metrics are used to quantify landscape pattern, where pattern is the spatial composition and configuration of a landscape (Gustafson, 1998, 2019). A landscape is a geographic area characterised by its natural and human elements at a scale of hectares to multiple square kilometres (Simensen et al., 2018; Turner, 1989). Landscape patterns are driven by complex interactions between environmental and anthropogenic factors, such as climate, soil properties, species interactions, human land use, and landscape history (Turner & Gardner, 2015; Zhu et al., 2021), and these drivers vary across scales (Black et al., 2003; Cattarino et al., 2014). Therefore, landscape patterns combine a wealth of information that represent key LULC drivers and spatial determinants, and are likely relevant for land use modelling. Previous work has established the utility of landscape metrics for calibrating and validating land use models (Dezhkam et al., 2017; Lin et al., 2020; Sakieh & Salmanmahiny, 2016), and for modelling LULC change at local scales (Yang et al., 2014, 2016). There are also multiple studies that have calculated landscape metrics, in particular fragmentation metrics, at global-scale for different LULC classes, time points, and spatial resolutions (e.g. (Haddad et al., 2015; Jacobson et al., 2019; Ma et al., 2023; Nowosad et al., 2019; Nowosad & Stepinski, 2018; Riitters et al., 2000; Romanillos et al., 2024; Woodman et al., 2025a), but to our knowledge landscape metrics have not previously been used to model LULC change at a global scale.
Here, we aim to establish how the inclusion of landscape pattern variables influences the performance of land use models in explaining forest loss and cropland expansion from 1992 to 2020 (Woodman et al., 2025a, 2025b). Random forest models were used to test whether including landscape metrics as independent variables can improve the performance of land use models compared to using traditional socioeconomic and biophysical variables alone. We quantified the relative importance of landscape metrics and alternative variables to the fit of the machine learning models, especially as we hypothesised that different landscape metrics would be useful for modelling cropland expansion versus forest loss. The drivers of LULC change and landscape patterns vary across scales (Alexander et al., 2015; Cattarino et al., 2014), so we also assessed the effectiveness of landscape metrics for modelling LULC change at two spatial resolutions (10 x 10 km and 80 x 80 km). Landscape metrics can be easily generated from LULC datasets and may represent key processes underlying LULC change, so our results could have important implications for current methods of land use modelling.
2 Methods
To investigate whether landscape metrics can improve models of LULC change beyond traditional socioeconomic and biophysical variables, we used random forest classifiers to fit models of forest loss and cropland expansion from 1992 to 2020. Random forests are a form of supervised machine learning based on collections of decision trees (Breiman, 2001). A single decision tree is built by repeatedly splitting observations into sets with similar values for the dependent variable (Strobl et al., 2009), while a random forest consists of an ensemble of decision trees where each tree is built using a subset of the training data in a process known as bagging (Breiman, 2001). Predictions are made from a random forest by using every tree in the collection to vote for the most likely category for each observation (Breiman, 2001; Strobl et al., 2009), which also generates the probability that an observation belongs to each category (Strobl et al., 2009). Random forests were selected to model LULC change because they can handle nonlinear relationships between multiple variables (Strobl et al., 2009), make no assumptions as to the distribution of the input data (Rothacher & Strobl, 2024), and allow for the calculation of importance scores that show the contribution of each variable to a model (Breiman, 2001). Moreover, random forests have been applied previously to identify drivers of LULC change (Santos et al., 2019; Wu et al., 2021) and to classify LULC maps (Badshah et al., 2024; Tamiminia et al., 2020). The process for fitting random forest models is shown in Figure 1 and described in detail in the sections below.
2.1 Dependent variable
2.1.1 Global models
We fitted random forests to model the spatial allocation of forest loss or cropland expansion between 1992 and 2020 for six combinations of spatial resolution and net change threshold. The dependent variable in each model was binary with two categories: ‘change’ (1) or ‘stable’ (0) in a LULC class in pixels between 1992 and 2020. For forest LULC, the ‘change’ category consisted of pixels that underwent net forest loss from 1992 to 2020. Comparatively, for cropland the ‘change’ category contained pixels that experienced net cropland expansion over the study period.
To derive the dependent variables, we first obtained global maps of forest and cropland area in 1992 and 2020 at two spatial resolutions (10 x 10 km and 80 x 80 km, referred to from here as 10 km and 80 km resolution, respectively) from an existing dataset (Woodman et al., 2025a, 2025b). The 10 km resolution was chosen because it is the finest spatial resolution for which a dataset of landscape metrics with global extent that includes multiple LULC classes is available (Woodman et al., 2025a). Moreover, the finest spatial resolution of a global land use model that generates future LULC projections without downscaling was 9.25 km  in a previous model intercomparison study (Alexander et al., 2017), hence the 10 km resolution represents the finest resolution of existing global land use models. Most global land use models typically generate projections at coarser resolutions (for example, in regions or 0.5° grids, which is approximately 55 x 55 km at the equator; Alexander et al., 2017), so 80 km was chosen to approximate these resolutions. There was a total of 1,391,753 pixels globally at 10 km spatial resolution compared to 25,143 pixels at 80 km resolution. For both spatial resolutions, we calculated net change in the area of forest and cropland LULC between 1992 and 2020 for every pixel. The LULC data underpinning both the 10 km and the 80 km resolution maps used here is the HILDA+ 1 x 1 km resolution dataset (Winkler et al., 2021, 2025; Woodman et al., 2025a), so 1 km2 (1% or 0.016% of a 10 km or 80 km pixel, respectively) was the smallest area of change that could occur in pixels of both resolutions. Before calculating net change in area, any missing values for forest and cropland cover, which represented pixels without forest or cropland area (Woodman et al., 2025a), were replaced by zeros because a value of zero for the area of a LULC class is equivalent to that class not being present in a pixel.
Next, three thresholds were used to hard classify pixels as to whether they underwent net change (change) or not (stable) between 1992 and 2020, similar to Eigenbrod et al. (2020). Hence, three methods were used to generate the dependent variable. The three thresholds selected to define net change were >0.5%, >5%, and >15%, representing minor, major and extreme change, respectively. For example, if a 10 km resolution pixel lost 2 km2 of forest area from 1992 to 2020 it would be classified as ‘change’ when using a threshold of >0.5% and as ‘stable’ when using thresholds of >5% and >15%. A 10 km resolution pixel where 20 km2 of the area was converted to cropland between 1992 to 2020 would be classified as ‘change’ for all three thresholds. Note that the minor, major, and extreme thresholds used in Eigenbrod et al. (2020) were >0.5%, >10%, and >50%, but we found that applying these thresholds to 80 km resolution pixels led to as few as 10 out of 25,413 pixels classified in the >50% change category at global extent for the cropland expansion category. We therefore reduced the major and extreme thresholds to >5% and >15%, respectively, to increase the number of pixels above each threshold and reduce the imbalance between the ‘stable’ and ‘change’ categories for random forest modelling. The use of highly imbalanced data when fitting random forest models can lead to low performance when predicting the less frequent category (Van Hulse et al., 2007).
For random forest models where the dependent variable was forest loss, we excluded pixels with no forest cover in 1992 because it was not possible for these pixels to lose further forest area. Hence, when modelling forest loss, the extent of the models was all pixels on the globe that contained forest in 1992. Similarly, for random forests with cropland expansion as the dependent variable, we excluded pixels where the bioclimatic suitability for agriculture for the period 1961-1990 (according to the sum of the standardised agroclimatic potential yield of five global crops; Fischer et al., 2021) was equal to zero, on the assumption that cropland would not be able to expand in these pixels. Therefore, the extent of the random forest models of cropland expansion was all pixels on the global map with bioclimatic suitability for agriculture.
Overall, global random forest models were fitted for twelve combinations of the type of LULC change (forest loss or cropland expansion), spatial resolution (10 km or 80 km), and net change threshold used to classify pixels (>0.5%, >5%, and >15%). The dependent variable for each model was whether or not a pixel underwent net forest loss or cropland expansion above a given threshold between 1992 and 2020.
2.1.2 Continental models
We also fitted random forest models for each continent to test whether the effect of incorporating landscape metrics as independent variables differed across spatial extents. The dependent variables were generated in the same way as for the global models and the extent of each model was limited to the continent of interest. We fitted models of the spatial allocation of cropland expansion or forest loss for six continents (Africa, Asia, Europe, North America, Oceania, and South America) and two spatial resolutions. To minimise the number of models trained, we used a single threshold of >0.5% to classify pixels that underwent net change between 1992 and 2020.
2.2 Independent variables
2.2.1 Landscape metrics
Six class-level landscape metrics were used as independent variables for modelling the spatial allocation of LULC change: class area (CA), Landscape Shape Index (LSI), number of disjunct core area patches (NDCA), number of patches (NP), total core area (TCA), and total edge length (TE). These six landscape metrics have previously been shown to behave consistently as the spatial resolution on which they were calculated was increased at global scale (Woodman et al., 2025a). Therefore, we selected these metrics as their capacity to model LULC change at different spatial resolutions should not be affected by scale-sensitive behaviour of the metrics themselves. Moreover, the six landscape metrics include measures of both the area (e.g. CA) and configuration (e.g. number of patches and Landscape Shape Index) of LULC classes. The six landscape metrics were obtained for seven LULC classes (urban, cropland, pasture/rangeland, forest, unmanaged grass/shrubland, sparse/no vegetation, and water) in 1992 from the same set of global maps that was used to generate the dependent variables (Woodman et al., 2025b, 2025a). Hence, the landscape metrics were at the same spatial resolutions (10 km and 80 km) as the dependent variables for the random forest models. Each pixel in the maps of landscape metrics had a value for every landscape metric and LULC class, although there were missing values for metrics where LULC classes were not present in a pixel (Woodman et al., 2025a). For example, 57.3% of 80 km pixels did not contain the urban LULC class and therefore had missing values for the six landscape metrics for this class. The ‘ranger’ and ‘tidymodels’ R packages that we used to fit random forest models did not allow for missing values in the independent variables (Kuhn & Wickham, 2020; Wright & Ziegler, 2017). Given that the missing values represented the absence of a LULC class from a landscape, which is useful information for modelling LULC change, we replaced all missing values for landscape metrics with zero rather than removing the pixels with missing values and reducing the number of pixels available for modelling.
2.2.2 Socioeconomic and biophysical variables
Global maps of biophysical and socioeconomic variables at 5 x 5 arcminute resolution (approximately 9.3 x 9.3 km at the equator) were selected for use as independent variables in models of LULC change, to enable us to compare how well landscape metrics versus traditionally-used biophysical and socioeconomic variables were able to model forest loss and cropland expansion. Five socioeconomic and biophysical datasets from Eigenbrod et al. (2020) were chosen as independent variables because they were previously identified as being related to classical theories of agricultural expansion. Moreover, these datasets were all generated independently of LULC, which avoids circularity in our conceptual models of LULC change (Eigenbrod et al., 2020). The five selected datasets were: 1) bioclimatic suitability for agriculture, which was the sum of the standardised agroclimatic potential yield of five global crops (soy, rice, maize, wheat, and oil palm) for the period 1961-1990 (Fischer et al., 2021); 2) steepness, defined as the percentage of grid cells with slope above 15% (Fischer et al., 2021); 3) market accessibility in terms of the distance to markets (P. Verburg et al., 2024), which was calculated by P. H. Verburg et al. (2011) using a range of datasets from between 1979 and 2010; 4) GDP in 1992 (Kummu et al., 2024, 2025), and 5) population density in 1990 (Center For International Earth Science Information Network - CIESIN - Columbia University & Centro Internacional De Agricultura Tropical - CIAT, 2005). Datasets from 1992 and 1990 were chosen for GDP and population density, respectively, as these were the nearest years available to the first year of the study period (1992).
These five socioeconomic and biophysical datasets relate to the drivers and spatial determinants of forest loss in addition to cropland expansion. For example, deforestation for agriculture is a major driver of forest loss (Curtis et al., 2018; Geist & Lambin, 2002), while here we use the bioclimatic suitability of land for agriculture as a spatial determinant of forest loss. Infrastructure extension and urbanisation also drive deforestation at local scales (Curtis et al., 2018; Geist & Lambin, 2002) and are captured here by the market accessibility and population density datasets. Underlying causes of deforestation include demographic and economic factors (Geist & Lambin, 2002), which are represented here by the population density and GDP datasets. Wood extraction is a further major driver of forest loss and degradation, but was not included in this study due to the lack of high resolution forest management maps for the early 1990s (Lesiv et al., 2022; Schulze et al., 2019). Similarly, wildfire is a known driver of forest loss but was omitted as an independent variable here because of the deficiency of wildfire risk maps for 1992 (Bowman, 2018; Meng et al., 2015).
We prepared the maps of biophysical and socioeconomic variables as described by Eigenbrod et al. (2020). Next, we converted each map from 5 arcminute spatial resolution in the WGS 84 projection to 10 km spatial resolution in the equal area Eckert IV projection, to match the projection and resolution of the dependent variables with 10 km resolution. Additionally, to match the coarser resolution of the dependent variables we resampled the maps from 10 to 80 km resolution using the ‘resample’ function from the ‘terra’ R package with the bilinear interpolation method (Hijmans, 2022). All socioeconomic and biophysical datasets were processed in R version 4.1.3 (R Core Team, 2022) using the ‘terra’ package version 1.7-23 (Hijmans, 2022) for handling raster data.
2.3 Fitting random forest models
2.3.1 [bookmark: _jm6cu2lxgm3r]Data processing for random forest models
For each combination of geographic location (the globe or an individual continent), LULC class, spatial resolution, and net change threshold, three random forest models were fitted: one with landscape metrics as independent variables only, one with traditional independent variables only, and a third with both landscape metrics and traditional independent variables. The datasets of landscape metrics and traditional variables in 1992 were combined and processed in the same way prior to fitting each of the three models, to ensure that model results were comparable and enable us to test whether including landscape metrics improved models of LULC change. Firstly, pixels were removed if they had a missing value for at least one of the traditional variables, or if they were entirely labelled as ocean. Independent variables were removed prior to model fitting if they had the same value for all pixels because they provided no variation for splitting observations in a decision tree. 
Next, highly correlated independent variables were removed because using them in combination in a random forest does not necessarily improve the accuracy of the model (Breiman, 2001), and importance scores can be distorted in cases where two variables are highly correlated but only one is actually related to the dependent variable (Rothacher & Strobl, 2024). The ‘step_corr’ function from the ‘recipes’ R package (Kuhn, Wickham, et al., 2023) version 1.0.6 was used to remove independent variables with a Pearson correlation coefficient of less than -0.8 or greater than 0.8 from the dataset. Independent variables were removed from the dataset at random until no correlations with an absolute value greater than 0.8 remained. Independent variables were removed at random for each combination of geographic location, LULC class, spatial resolution, and net change threshold because the correlation between landscape metrics differed according to location and spatial resolution. However, note that all traditional variables had low correlations with other variables and were therefore always retained as independent variables for random forest modelling. We also chose to keep the class area (CA) landscape metric for every LULC class as an independent variable in every random forest model because previous studies have found that the proximity to specific LULC classes can influence the occurrence of LULC change (Dendoncker et al., 2007; P. H. Verburg et al., 2004).
2.3.2 Training random forest models
After processing the input dataset, we trained random forest models to classify pixels into the two categories of the dependent variable (change and stable). Random forest models were trained for each of the three sets of independent variables using stratified -fold cross validation with  = 10 (Yates et al., 2023). The input dataset was split into  subsets during -fold cross validation, which created  distinct testing datasets. In this study the splits were stratified by the dependent variable to ensure that the balance of the ‘change’ and ‘stable’ categories was the same in each of the ten subsets. A corresponding training dataset was generated for each test set by removing the test set from the entire dataset (Yates et al., 2023), giving ten pairs of training and testing data. Cross validation was performed using the ‘rsample’ package version 1.1.1 (Frick et al., 2022). The use of cross validation allowed us to evaluate model performance for multiple subsets of the dataset and assess the variation in accuracy. The aim of this study was to explain whether landscape metrics are useful in land use models, and if so, which metrics are most important, rather than to develop a model to predict future LULC change with high accuracy (Shmueli, 2010; Yarkoni & Westfall, 2017). Hence, we did not test the performance of the random forest models at predicting LULC change for a different time period.
The dependent variable in the random forest models was highly imbalanced because only a small proportion of pixels experienced forest loss or cropland expansion during the study period, which is a common problem when studying LULC change (Eigenbrod et al., 2020; Hatna & Bakker, 2011; Levers et al., 2018). Using imbalanced training data can cause random forests to perform poorly at predicting the minority category (Van Hulse et al., 2007), which in our case is the category of interest (LULC change). There are a range of methods available for handling imbalanced data when training machine learning models, such as sampling methods which aim to balance the proportions of each category by adding or removing observations from the dataset (More & Rana, 2017). Undersampling methods address data imbalance by removing observations of the more common category, whereas oversampling methods create new observations of the less common category (More & Rana, 2017; Van Hulse et al., 2007). Given the high maximum size of our input datasets (903,723 observations after processing), we decided to use random undersampling to balance the frequency of the ‘change’ and ‘stable’ categories prior to random forest modelling. Moreover, random undersampling has previously been found to outperform other sampling methods when used with random forests (Van Hulse et al., 2007). Random undersampling was applied to the training dataset in each of the ten folds, and implemented using the ‘step_downsample’ function from the ‘themis’ R package version 1.0.2 (Hvitfeldt, 2023). Pixels in the ‘stable’ category were removed from a dataset until the number of pixels in the ’stable’ class was equal to the number in the ‘change’ class. 
Three random forest models were evaluated using -fold cross validation for each of the combinations of location, LULC class, spatial resolution, and change threshold: one where all landscape metrics were used as independent variables, one with just traditional variables as independent variables, and a third which used all landscape metrics and traditional variables as independent variables. The number of trees in each random forest was set to 1000, as using a high number of trees usually leads to more reliable predictions (Strobl et al., 2009). The number of independent variables randomly selected to split the data at each node in decision trees was set to three, which is the default for a random forest model with five independent variables (the fewest number of independent variables used in any of our models; Hastie et al., 2009). The minimum size of terminal nodes in each tree was set to one, which is the default for random forest classifiers (Wright & Ziegler, 2017). All random forests were trained and assessed in R version 4.0.0 (R Core Team, 2020) using the ‘ranger’ R package version 0.13.1 via the ‘tidymodels’ framework version 1.1.0 and associated packages (Kuhn & Wickham, 2020).
2.4 Assessing model performance
We calculated accuracy metrics and importance scores to compare the random forest models trained with different sets of independent variables. The random forest models classified pixels as to whether or not forest loss or cropland expansion occurred between 1992 and 2020, and hence modelled the occurrence rather than the quantity of LULC change. Therefore, we selected accuracy metrics for evaluating the performance of classification models. While undersampling was employed to address class imbalance in the training datasets, the testing datasets were not sampled so that they better represented model performance on the actual distribution of pixels that underwent LULC change. Some commonly used accuracy performance measures, such as overall accuracy and the Receiver Operating Characteristic (ROC) curve, are not suitable for evaluating the performance of models with imbalanced testing datasets because they can overestimate model performance in this situation (Davis & Goadrich, 2006; Van Hulse et al., 2007). Therefore, we calculated two metrics that are preferable for estimating performance using imbalanced testing datasets because they focus more on whether the minority class is correctly identified: precision-recall (PR) curves and the F1-measure (Gaudreault & Branco, 2024). PR curves are a ranking-based accuracy measure that plot precision against recall for a range of detection thresholds, where a detection threshold is the probability that splits observations into the two categories (change and stable). Precision is defined as the proportion of predicted positives which are true positives, while recall is the proportion of reference positives that are detected by the classifier (Davis & Goadrich, 2006):

( 1 )

( 2 )
Where TP is the number of true positives, FP is the number of false positives, and FN is the number of false negatives. In our study, a positive example is a pixel that experienced net LULC change from 1992 to 2020 (forest loss when modelling forest cover and cropland expansion when examining cropland), whereas a negative example would be a pixel that did not undergo net LULC change.
PR curves are better at testing whether a classifier can distinguish positive observations (the minority class) than the more common ROC curve due to their incorporation of precision. A perfect model would have both precision and recall equal to one, so the best-performing models are those that have both precision and recall close to one. The PR curve for a perfect model would go across the top of the PR space and then down the right side. The baseline of a PR curve was the proportion of pixels that experienced net LULC change, as this is the expected precision if a model was to allocate change to randomly selected pixels. Note that PR curves are not comparable across models with different levels of imbalance due to their differing baselines (Saito & Rehmsmeier, 2015), but here we were only concerned with comparing performance across random forest models trained on the same input datasets with different independent variables. 
F1 is defined as a harmonic mean of precision and recall (Saito & Rehmsmeier, 2015). The F1 measure is a threshold-based metric of model performance. Higher F1 values indicate better performing models. The F1 measure combines precision and recall, and is calculated as (Saito & Rehmsmeier, 2015):

( 3 )
Where  is the number of true positives,  is the number of false positives, and  is the number of false negatives. All accuracy metrics were calculated using the ‘yardstick’ R package version 1.2.0 (Kuhn, Vaughan, et al., 2023).
The importance of each independent variable was calculated using permutation, where each variable was permuted in turn before predicting the data using each tree to calculate how many observations were misclassified compared to the original model. A higher misclassification rate indicates that a variable is more important to the model (Breiman, 2001; Hastie et al., 2009; Strobl et al., 2009). Importance was scaled by standard deviation (Strobl et al., 2009). Note that importance scores are not comparable across different models (Strobl et al., 2009), so we ranked each variable according to its importance in each random forest and compared these rankings instead. Importance was generated via the ‘ranger’ R package version 0.13.1 (Wright & Ziegler, 2017) and extracted using the ‘vip’ R package version 0.3.2 (Greenwell & Boehmke, 2020).
Partial dependence profiles show how the expected prediction from a model varies as a function of a given independent variable (Biecek & Burzykowski, 2021). We generated partial dependence profiles for the two best-fitting global models with landscape metrics in the top five most important independent variables, to examine how the probability of LULC change varies with landscape patterns. To generate partial dependence profiles, we first fitted a final random forest model to the entire input dataset for the model of interest. The ‘DALEXtra’ version 2.3.0 and ‘DALEX’ version 2.4.3 R packages (Biecek, 2018; Maksymiuk et al., 2020) were then used to produce partial dependence profiles using 1000 observations sampled from the input data.
All model performance and importance results were processed in R version 4.0.0 (R Core Team, 2020) using the ‘tidyr’ version 1.3.0 (Wickham, Vaughan, et al., 2023) and ‘dplyr’ version 1.1.2 (Wickham, François, et al., 2023) packages, and plotted using ‘ggplot2’ version 3.5.1 (Wickham, 2016) and ‘patchwork’ version 1.2.0 (Thomas, 2024).
3 Results
3.1 Model performance
Including landscape metrics in 1992 as independent variables in random forest models of LULC change improved the performance of most, but not all, models (Figure 2). Random forest models that included both traditional and landscape metric independent variables (traditional + landscape metrics) usually performed better than models that had only traditional or landscape metric independent variables based on F1 scores, although differences in performance were small. For example, when modelling cropland expansion in pixels of 10 km resolution with a >0.5% threshold the highest F1 score was for the traditional + landscape metrics model (M = 0.57, SE = 8.3 x 10-4; M gives the mean and SE the standard error across ten cross-validation folds), and slightly lower for the traditional (M = 0.54, SE = 7.4 x 10-4) and landscape metrics models (M = 0.53, SE = 7.1 x 10-4). However, for modelling forest loss at 10 km resolution the traditional models performed best; for the >0.5% threshold of change the traditional model had the highest F1 measure (M = 0.67, SE = 6.8 x 10-4), followed by traditional + landscape metrics (M = 0.65, SE = 9.2 x 10-4) and then landscape metrics only (M = 0.56, SE = 4.9 x 10-4). Incorporating landscape metrics into land use models with global extent improved model performance at spatial resolutions of 10 and 80 km when modelling cropland expansion, but increased model performance at 80 km resolution only when modelling forest loss.
The precision-recall (PR) curves gave the same results as the F1 scores in terms of the best-performing models. However, the variability in precision-recall curves was much higher for 80 km pixels than for 10 km pixels (Figure 3), suggesting that the magnitude of the difference in model performance across the three sets of independent variables was lower for the coarser resolution of 80 km. The higher variability in performance for 80 km pixels may have been caused by the smaller number of pixels in the globe at a resolution of 80 km compared to 10 km. Every random forest model we trained performed better than the baseline precision (Figure 3), demonstrating that modelling LULC change based on landscape metrics alone was able to identify pixels which undergo change better than random selection. Model performance was always highest for the >0.5% threshold for defining LULC change and lowest for the >15% threshold (Figure 3), so both traditional and landscape metric independent variables were worse at categorizing pixels when a higher threshold was used to distinguish between pixels that experienced change and those that did not.
Adding landscape metrics as independent variables to continental-scale random forest models of cropland expansion and forest loss with a change threshold of >0.5% generally improved model performance (Figure 4). Models including both traditional and landscape metric independent variables had the highest F1 values in all cases, except for the 10 km resolution model of cropland expansion in Oceania, and the 10 km resolution forest loss models for Africa, Asia, and Oceania. Therefore, the inclusion of landscape metrics as independent variables in models of LULC change appears to improve model performance depending on both geographic location and spatial resolution; this spatial variation in model performance could be due to spatial variability in the drivers of LULC change. The best-performing model overall was the forest loss model for South America with spatial resolution of 80 km (M = 0.83, SE = 0.011), followed by the 80 km resolution forest loss model for Africa (M = 0.79, SE = 8.1 x 10-3). These two models had particularly high percentages of pixels that experienced forest loss from 1992 to 2020 (46.9% and 43.5% in South America and Africa, respectively), which may explain their high performance. Models of cropland expansion in Europe and North America often performed poorly; for instance, the models for Europe had the lowest F1 values (M = 0.48, SE = 8.9 x 10-3 for 80 km pixels; M = 0.53, SE = 2.1 x 10-3 for 10 km pixels). Random forest models trained with landscape metrics alone often performed almost as well as or better than those trained with traditional socioeconomic and biophysical variables, except for 10 km resolution models of forest loss. Landscape metrics performed particularly poorly at modelling forest loss and cropland expansion at 10 km resolution for Oceania. Overall, including landscape metrics in continental-scale models of LULC change almost always improved model performance, suggesting that landscape metrics might contain more information for LULC change modelling beyond traditional variables.
The PR curves for continental-scale models were much more variable for models at 80 km spatial resolution compared to those at 10 km (Supplementary Figure 1), as observed for global-scale random forest models. Given that the curves were most variable for Oceania, which had the smallest number of pixels, it is likely that lack of pixels was the cause of higher variability in model performance at 80 km resolution.
3.2 Importance of landscape metrics versus socioeconomic and biophysical variables
We selected the best performing random forest model for each LULC class, spatial resolution, and change threshold based on the model with the highest F1 measure, then examined the five most important independent variables for each of the best models. For models at 10 km resolution, the five socioeconomic and biophysical variables (GDP, market access, population density, steepness, and bioclimatic suitability for agriculture) were always the five most important independent variables (Figure 5). Comparatively, landscape metrics were listed consistently amongst the five most important independent variables for the best random forest models with spatial resolution of 80 km. For instance, for the 80 km cropland expansion model with a change threshold of >0.5%, cropland class area (CA) had a mean importance ranking of 3.1 across ten cross-validation folds (standard deviation, termed SD, of 1.5) and number of patches (NP) of cropland had a mean ranking of 4.6 (SD = 0.7). The highest ranked independent variable in the cropland expansion models at 80 km resolution with change thresholds of >5% and >15% was cropland NP. For the 80 km forest loss model with a change threshold of >0.5%, unmanaged grass/shrubland CA in a pixel had a mean ranking of 3.0 (SD = 0), while forest CA and pasture/rangeland CA were also within the five most important variables (M = 5.5, SD = 1.4 and M = 5.5, SD = 1.2, respectively). Therefore, CA of different LULC classes was highly important for modelling LULC change in pixels of 80 km resolution. Only landscape metrics of cropland were within the five most important variables for cropland expansion models, whereas forest, pasture/rangeland and unmanaged grass/shrubland metrics were amongst the five most important variables for forest loss models.  Overall, the most important independent variables for modelling forest loss and cropland expansion varied across spatial resolution and type of LULC change being modelled.
As for the global-scale random forest models of LULC change, the five traditional independent variables were always the five most important in the 10 km resolution models of cropland expansion at continental scale (Supplementary Figure 2). Area (CA) of forest cover in a pixel was the fifth most important variable on average in the models of forest loss for Europe and North America with spatial resolution of 10 km (Supplementary Figure 2b; M = 5.0 and SD = 0 for both continents). For the random forest models with 80 km resolution, at least two landscape metrics were always amongst the five most important variables in each model. For example, in the best performing continental-scale model (80 km resolution forest loss model for South America) the most important independent variable on average was forest total core area (TCA), with a mean ranking of 1.4 (SD = 0.52), followed by forest CA (M = 1.6, SD = 0.52). Forest TCA was within the top five most important independent variables in all six continental-scale random forest models of forest loss with 80 km resolution; TCA is a measure of the area of a LULC class which is not adjacent to a different class, suggesting that fragmentation of forest cover might be important in identifying which pixels underwent forest loss. Forest CA was also within the top five highest ranked independent variables for five out of six of the continental-scale models with 80 km resolution. Moreover, both the area and number of patches of cropland were always in the top five most important independent variables of the 80 km resolution cropland expansion models, which suggests that metrics of area and fragmentation of LULC may be useful for modelling LULC change within larger pixels.
3.3 [bookmark: _88gqtrkz1db1]Partial dependence plots
The performance of all random forest models with landscape metrics amongst the top five most important independent variables was compared and partial dependence plots were generated for the two best performing global-scale models, which were the cropland expansion and forest loss models at 80 km spatial resolution with a threshold of >0.5% for detecting change (M = 0.65, SE = 2.8 x 10-3 and M = 0.80, SE = 3.3 x 10-3, respectively; M gives the mean and SE the standard error across ten cross-validation folds). The partial dependence plots for these two models demonstrated how the predicted probability of LULC change can vary with landscape patterns (Figure 6). For instance, the predicted probability of cropland expansion was highest in pixels with no cropland cover and decreased to a minimum in pixels with approximately 20,000 hectares of cropland. Similarly, the probability of a pixel gaining cropland was lowest at an intermediate number of cropland patches, and highest at zero or very few patches. For the forest loss model, predicted probability of forest loss was highest in pixels with no unmanaged grass/shrubland and lowest in pixels with intermediate unmanaged grass/shrubland cover. In comparison, the predicted probability of forest loss increased with increasing pasture/rangeland area up to approximately 450,000 ha of pasture/rangeland, suggesting that forest loss was more likely in pixels with intermediate to high pasture/rangeland cover in 1992. Predicted probability of forest loss was highest when pixels had very little forest cover in 1992, and then decreased with increasing forest cover up to approximately 400,000 ha of forest. There was a small increase in predicted probability of forest loss when forest area reached its maximum. Overall, whilst the number of patches of cropland was highly important for modelling cropland expansion in pixels of 80 km resolution, the area of LULC classes appeared to be the most important landscape metrics for modelling LULC change.
4 [bookmark: _e3c9a015v1jy]Discussion
Random forest models that included landscape metrics and traditional variables as independent variables were usually the most accurate at modelling cropland expansion at both global- and continental-scales, although the differences in accuracy were small. The traditional variables that we used to model LULC change were found previously to perform poorly when modelling cropland expansion events from 1992 to 2015 (Eigenbrod et al., 2020), so including landscape metrics may add further spatial context or data on cropland expansion drivers compared to traditional variables alone. However, increasing the threshold used to identify net change led to considerable declines in model accuracy, suggesting that our random forest models were poor at modelling extreme change events. New LULC areas often occur adjacent to patches of the same LULC class (Dendoncker et al., 2007; van Vliet et al., 2013), so using landscape metrics such as class area and number of patches to model LULC change might account for the neighbourhood effect and enable the placement of LULC change near existing LULC patches of the same class. Indeed, existing land use models frequently use the area of or proximity to different LULC classes to represent the neighbourhood effect (Eigenbrod et al., 2020; Millington et al., 2021).
Landscape metrics did not improve the accuracy of random forest models when modelling the occurrence of forest loss at global extent and 10 km resolution. Moreover, traditional variables performed better in terms of F1 scores at modelling forest loss compared to cropland expansion across all models, despite missing drivers of forest loss such as wildfire and wood extraction (Curtis et al., 2018; Geist & Lambin, 2002). Therefore, the traditional variables employed here may be highly related to forest loss within 10 km resolution pixels, and including landscape metrics did not provide further information to the random forest models.
Although the trends in the best-performing random forest models of LULC change were generally the same at continental- and global-scales, there were a few exceptions. For instance, including landscape metrics improved model accuracy for modelling forest loss in 10 km resolution pixels in Europe and North America only. Thus, the drivers and spatial determinants of forest loss in Europe and North America may be different to those in other continents. For example, Curtis et al. (2018), found that large-scale forestry operations and wildfire (which were not included in our random forest models) were the major drivers of forest loss in North America from 2001 to 2015, whereas commodity-driven deforestation, such as for agriculture, was a key driver in Latin America and Southeast Asia and might be better captured by the traditional variables used here. Landscape metrics performed very poorly compared to traditional variables at modelling both cropland expansion and forest loss in 10 km resolution pixels in Oceania. Australia, in particular, has very large farm and field sizes (Lesiv et al., 2019; Lowder et al., 2016), hence landscape metrics calculated within 10 km resolution pixels may not be relevant to the scale on which LULC decisions are made in Oceania.
At a spatial resolution of 80 km, the use of landscape metrics as independent variables alone almost always generated more accurate model performance compared to using traditional variables only, suggesting that metrics may be more useful for modelling LULC change at coarser resolutions (Figure 2 and Figure 4). Moreover, landscape metrics were usually amongst the five most important independent variables in models of LULC change with a spatial resolution of 80 km, but not in those with a resolution of 10 km (Figure 5 and Supplementary Figure 2). Variation in the drivers and spatial determinants of LULC change across scales might explain the increased importance of landscape metrics in modelling LULC change in 80 km resolution pixels. For instance, anthropogenic factors represented by traditional variables might be key in driving LULC change at fine scales, while other drivers such as topography, which also shape landscape patterns, could be more important at coarse scales (Veldkamp & Lambin, 2001). Alternatively, the process of aggregating the traditional variables to 80 km resolution for use in random forest models may have caused the loss of relevant information for modelling LULC change (Lloyd, 2014; Wiens, 1989). Overall, the higher performance of the 80 km resolution random forests with landscape metrics versus traditional variables highlights the potential of landscape metrics for improving land use models where traditional variables lack information on LULC drivers or are not available at the same resolution as the model.
Furthermore, low variation in landscape patterns within 10 km compared to 80 km resolution pixels might explain the decreased importance of landscape metrics in random forest models with spatial resolutions of 10 km versus 80 km. Both spatial resolutions of landscape metrics used in this study were calculated using underlying LULC data with the same resolution (1 x 1 km), hence the 10 km resolution pixels contained less data and had lower spatial heterogeneity compared to the larger 80 km resolution pixels (Turner et al., 1989; Wiens, 1989; Woodman et al., 2025a). The lower variation in landscape metrics in the 10 km resolution pixels suggests that they may have provided less information to the random forest models than the 80 km resolution pixels. Increasing the resolution of the underlying LULC data used to calculate landscape metrics might increase variation in metrics within 10 km resolution pixels (Wiens, 1989), and therefore improve their usefulness for modelling LULC change at fine resolutions.
Cropland class area (CA) and number of patches (NP), and forest CA plus total core area (TCA), were almost always within the five most important independent variables in LULC change models with a spatial resolution of 80 km and threshold of >0.5% for cropland expansion and forest loss, respectively (Figure 5 and Supplementary Figure 2). The neighbourhood effect likely explains the high importance of CA in modelling LULC change (Dendoncker et al., 2007; van Vliet et al., 2013). NP and TCA provide information on the spatial configuration of a LULC class, suggesting that measures of landscape structure in addition to area may be useful for modelling LULC change. Probability of cropland expansion had a U-shaped relationship with both cropland CA and NP in partial dependence plots (Figure 6), indicating that cropland was most likely to expand into areas with low cover and number of patches at a global scale. The high probability of cropland expansion into pixels with little or no existing cropland might represent the spread of cropland from neighbouring pixels, although further investigation would be required to test whether this is the case or if there is another mechanism driving cropland expansion into new regions.
Similarly, the probability of forest loss generally decreased as forest CA increased, hence new deforestation was more likely to occur in pixels that already had reduced forest cover, possibly because improved access for activities such as logging and conversion for agriculture results in greater vulnerability of smaller tropical forest fragments to further loss (Hansen et al., 2020). The increased probability of forest loss in pixels with low forest cover suggests that we should prioritise conservation and restoration efforts in these areas. On the other hand, preventing forest loss within entirely forested pixels will also be important to prevent negative cycles where access, such as through road building, drives forest loss (Engert et al., 2024) and thereby increased likelihood of further deforestation. In some forest loss models, other LULC classes were also important for modelling LULC change. Pasture/rangeland CA, for instance, was one of the most important independent variables for fitting models of forest loss globally and within South America and Oceania, with the highest probability of forest loss occurring in pixels with high pasture/rangeland cover at global scale (Figure 6). The expansion of pasture is known to be a major driver of forest loss in South America (Armenteras et al., 2017; De Sy et al., 2015), which likely explains the high importance of pasture/rangeland area as an independent variable in the global and South America forest loss models.
Although this study demonstrates the potential utility of landscape metrics for land use modelling, there are some limitations that should be considered. First, our models did not test whether landscape metrics are effective at modelling the amount of LULC change in a pixel, and we focused on only two types of change (forest loss and cropland expansion). Next, we did not evaluate the use of landscape metrics as independent variables outside the time period of the training datasets. Finally, we modelled LULC change for a single time step only (1992-2020) using landscape metrics in 1992 as independent variables and therefore did not explore the possibility of feedback loops between landscape metrics and LULC change in our models. Further research is required to better understand the range of circumstances in which landscape metrics may improve land use models. For example, future studies could explore whether landscape metrics are useful in land use modelling across different time periods, spatial resolutions, LULC maps, and types of LULC change. Subsequent studies could aim to assess the effectiveness of landscape metrics for generating highly accurate projections of future LULC change, and test whether the incorporation of landscape metrics in land use models with multiple time steps (e.g. yearly) leads to unexpected feedback loops between LULC change and landscape patterns. Using landscape metrics as independent variables was less effective at improving model performance in fine-resolution models, and metrics were also less important than traditional variables at fine resolutions. Further work could therefore assess whether the spatial resolution of LULC maps used to generate landscape metrics affects their usefulness in land use modelling, or whether landscape metrics are less relevant for LULC change processes at fine scales. 
5 Conclusion
This study demonstrates that incorporating landscape metrics can enhance global- and continental-scale models of LULC change, especially in cases where traditional variables are not available at the same resolution as land use models or are missing information on key drivers of LULC change. Landscape metrics were always able to predict the spatial allocation of LULC change better than randomly selected pixels, and generally performed better than traditional variables alone in models with coarser spatial resolutions. Metrics of both the area and spatial configuration of LULC classes were important in models of cropland expansion and forest loss, suggesting that measures of landscape structure should be included in land use models in addition to LULC areas. Overall, these findings suggest that landscape metrics could offer a novel source of input data for global land use models, and particularly for coarser resolution global-scale models. We expect that this study will provide a foundation for the development of global land use models that utilise both the amount and configuration of LULC for modelling future change.
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Figure captions
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Figure 1. Workflow for fitting random forest models with different sets of independent variables. Independent variables include landscape metrics (pink) and socioeconomic and biophysical variables that are traditionally used to predict land use and land cover (LULC) change (green). Input data are processed to obtain dependent and independent variables for a combination of geographic location (global- or continental-scale), spatial resolution (10 km or 80 km), LULC change type (forest loss or cropland expansion) and net LULC change threshold (>0.5%, >5%, or >15%). Filtering of pixels includes removing pixels with no data for a socioeconomic or biophysical variable and removing independent variables with variation equal to zero. Three random forest models are then fitted to model net LULC change with different sets of independent variables. 
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Figure 2. Performance of random forest models for modelling LULC change at a global scale. F1 measure for models of a) cropland expansion and b) forest loss. Points give the mean F1 value and lines the standard error across ten cross-validation folds. Standard errors were small (4.7 x 10-4 to 0.012) and may not be visible on the plot. Point and line colour indicate the independent variables used in each model: green = traditional socioeconomic and biophysical variables, pink = landscape metrics, purple = both traditional variables and landscape metrics. Models were fitted for two spatial resolutions (10 and 80 km) and three thresholds for classifying net LULC change. 
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Figure 3. Precision-recall curves for global-scale random forest models of LULC change. Random forest models were used to model a) cropland expansion and b) forest loss. Solid lines give the precision-recall curve for each of ten folds created during cross-validation. Grey dotted lines are the baseline precision expected if a model was to classify pixels at random. See Figure 2 for information about line colours and the models fitted. 
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Figure 4. Performance of continental-scale random forest models of LULC change. F1 measure for models of a) cropland expansion b) and forest loss. Points give the mean F1 value and lines the standard error across ten cross-validation folds. Standard errors were small (9.7 x 10-4 to 0.021) and may not show on the plot. Point colours are described in Figure 2. 
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Figure 5. Importance rankings for the five most important variables in the best-performing global-scale models for a) cropland expansion and b) forest loss. Points give the mean ranking and lines the standard deviation across the ten folds used in cross-validation, hence the x-axes show rankings greater than five. Six rankings are shown for the forest loss model with spatial resolution of 80 km and a threshold of >0.5% because two variables had the same mean rank. GDP = Gross Domestic Product, CA = class area, NDCA = number of disjunct core area patches, NP = number of patches, and TCA = total core area. ‘Grass/shrubland’ in b) refers to unmanaged grass/shrubland. Point colours indicate whether a variable was a traditional variable (green) or a landscape metric (pink). 
[image: ]
Figure 6. Partial dependence plots for the most important independent variables in two global-scale models of LULC change. Top five independent variables for a) cropland expansion and b) forest loss in 80 km resolution pixels with >0.5% threshold for defining net change. Six independent variables are shown in b) because pasture/rangeland CA and forest CA were tied as the fifth most important independent variable on average in the model. Independent variables are shown in order of increasing importance along each row, with the most important independent variables in the top left panel and least important in the bottom right panel. GDP = Gross Domestic Product, CA = class area in hectares, NP = number of patches.
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