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Abstract. Land systems are increasingly influenced not only by land-use change but also by land management intensity.
However, there limitations exist in data and in systematic understanding of management intensity and how it is shaped by
socioeconomic, biophysical and human behaviour. We develop a global dataset of land management intensity for 2020 at
0.01 ° spatial resolution, distinguishing unmanaged, very extensive, extensive, and intensive management across cropland,
pasture, and forest systems. Intensive management occupies about 22 % of global managed land, while extensive and very
extensive management dominate (78 %). Intensive cropland management accounts for around 44 % of cropland area, but
intensive pasture is limited to 10 % of pasture area, and intensive forest systems to only 5 % of forest area, revealing distinct
sectoral contrasts. Management intensity is highly heterogeneous, with intensive cropland concentrated in North America,
Europe, and South and East Asia, while extensive management dominates in Africa and Latin America. Five countries
account for nearly half of global intensive cropland. Income, market access, population density, and aridity influences
cropland management intensity, whereas pastures and forests show more complex relationships. Comparison with global
land decision-making types shows spatial consistency (68 %), suggesting that land management intensity is influenced by
land-user behaviour.

Keywords: Global land-use and land cover, Land management intensity, human-behaviour

1 Introduction

Human use of land is a major driving force in the functioning of the Earth system, influencing food production, biodiversity,
biogeochemical cycles, and climate regulation (IPCC, 2022). Agriculture and forestry together occupy nearly 70 % of the
planet’s ice-free surface, contribute roughly one quarter of global greenhouse-gas emissions, and account for more than 70 %
of freshwater withdrawals (Foley et al., 2011; FAO, 2020). Over recent decades, research on land-use and land-cover change
has substantially improved understanding of processes such as agricultural expansion, deforestation, and urban growth (e.g.

Winkler et al., 2021, 2025). However, much less attention has been given to land management intensity, despite its major
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influence on productivity, resource use and environmental impacts (Kehoe et al., 2015, Matez et al., 2025). Between 2000
and 2020, global cropland area expanded by less than 10 %, while agricultural output increased by more than 45 %,
indicating a widespread shift from land expansion toward intensification of production (FAOSTAT, 2022). Similarly, the
human appropriation of net primary production (HANPP) has more than doubled since 1900 and now exceeds one quarter of
potential terrestrial productivity (Kastner et al., 2022). These dynamics indicate that analysing land-cover and land-use
transitions alone is insufficient for a comprehensive understanding of land system change and its implications for humans
and the environment (Arneth et al., 2025; Bayer et al., 2023; Zabel et al., 2019).

Land management intensity reflects the level and combination of inputs applied to land, including irrigation, fertilisers, and
other management interventions, which together determine resource use, and influence productivity and the environment
(Erb et al., 2017; Haberl et al., 2014). Existing global studies have typically focussed on agronomic or climatic outcomes of
management intensity without characterising intensity itself (Alexander et al., 2015). Widely used state of the art land-use
and land-cover datasets such as HILDA+ (Winkler et al., 2021), HANPP (Kastner et al., 2022), HYDE (Goldewijk et al.,
2017), EarthStat (http://www.earthstat.org) and Global Pasture Watch (https://developers.google.com/earth-

engine/datasets/publisher/global-pasture-watch) provide valuable insights into land-use or land-cover change, biomass

appropriation, crop production, and specific management components, but lack a harmonised representation of land
management intensity across cropland, pasture and forest systems. However, recent years have seen substantial progress in
developing spatially-explicit global datasets that captured specific components of land management. These include high-
resolution maps of fertiliser application (e.g., Tian et al., 2022; Adalibieke et al., 2023), irrigation extent and intensity in
cropland systems (Liu et al., 2021; Nagaraj et al., 2021; Mehta et al., 2024; Kebede et al., 2024), and livestock densities and
grazing pressure in pasture systems (e.g., Global Pasture Watch). Notwithstanding their value, these datasets are largely
based on sector-specific indicators, making it difficult to assess land management intensity consistently across land systems
and world regions.

Beyond management practices themselves, land management intensity is inherently linked to socioeconomic and behavioural
processes (Rounsevell and Arneth, 2011). Economic growth, infrastructure, market access, population density and inequality
determine the incentives and abilities of land users to intensify or extensify land management (Stehfest et al., 2019; Ma et al.,
2024). At the same time, land management decisions are mediated by human behaviours such as values, aspirations, risk
perceptions, and local constraints (Lambin and Meyfroidt, 2011; Rounsevell et al., 2021; Vortkamp and Hilker, 2023).
Previous studies incorporating human decision-making into global land-use analyses highlighted regional diversity in land-
use strategies (Malek et al., 2019; Malek & Verburg, 2020). However, these behavioural and socioeconomic dimensions
have not been examined in relation to spatial patterns of land management intensity using spatially-explicit and globally
consistent datasets.

Overall, two key knowledge gaps remain. First, there is no harmonised global representation of land management intensity
that consistently distinguishes management intensity levels across cropland, pasture and forest systems. Second, the extent to

which observed patterns of management intensity align with underlying socioeconomic drivers and land-use decision-
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making behaviour remain largely unexplored. To address these gaps, we make three key contributions. First, we develop a
harmonised, spatially-explicit global dataset of land management with distinct levels of management intensity across
cropland, pasture, and forest systems. Second, we integrate multiple variables in a unified framework, enabling a consistent
comparison of management intensity across land systems and regions. Third, we link spatial patterns of land management
intensity with socioeconomic and biophysical variables and with land-use decision making types. We then develop new
insights into the behavioural and socioeconomic dimensions of land systems which have not previously been analysed using

a globally consistent and spatially-explicit framework.

To analyse global land management intensity and its association with explanatory variables we pose the following research

questions;

1. How is land management intensity spatially distributed across cropland, pasture, and forest systems globally, and how
does this distribution vary between regions, income groups, and countries?

2. To what extent are observed patterns of land management intensity associated with socioeconomic drivers such as
economic development, inequality, market access, and population density, and biophysical variables (aridity index and
elevation), and do these relationships differ across land-use sectors?

3. Do spatial patterns of land management intensity align with land-use decision-making types?

We address these questions by developing a harmonised, spatially-explicit global dataset of land management intensity for

the year 2020 at 0.01° spatial resolution. The dataset captures cropland, pasture, and forest systems, each classified into

management intensity categories of unmanaged, very extensive, extensive, and intensive, derived from multiple biophysical
and management indicators. Using this dataset, we (i) analyse the global spatial distribution of land management intensity
across regions, income groups and countries; (i) quantify relationships between management intensity and important
socioeconomic drivers including GDP per capita, income inequality (GINI), market access, population density, aridity index
and elevation using multinomial logistic regression; and (iii) assess the correspondence between management intensity
patterns and independently derived global land-use decision-making types (Malek and Verburg, 2020). These analyses
provide an understanding of the drivers and behavioural influences of land management intensity at the global scale and

provide a basis for integrating management intensity into a global land system analysis.

2 Methods

We develop a global gridded land management intensity dataset at 0.01 ° spatial resolution for 2020 (Saxena et al., 2026).
Agricultural crops, forests, and pasture land are usually managed through species-selection, the application of fertilisers (and
agro-chemicals more broadly) and irrigation, among other inputs. The level of management intensity reflects these inputs,
which influence yields and the production of various commodities. Here we define four levels of management intensity
(intensive, extensive, very extensive and unmanaged) in agricultural, pastoral, and forestry systems, and combine the spatial

datasets with urban, agroforestry, photovoltaics, unmanaged (sparse/ no vegetation/natural unmanaged), and water classes. In
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this study, intensive management refers to a system with high input use and strong human intervention (high fertiliser
application rates, irrigation, and active management practices). Extensive management represents practices of moderate input
use with a greater reliance on natural processes such as rainfall. Very extensive management refers to a low-input system
relying on minimal intervention and natural conditions. An additional “‘unmanaged’ category was used to represent forests,
shrublands and pastures with no signs of active human intervention. Furthermore, we categorised cropland based on its
primary purpose (e.g., food, feed, or bioenergy), the data were spatially distributed by country using statistics from the Food
and Agriculture Organization of the United Nations (2024). We then analysed the spatial distribution of land management
intensity globally and by world income groups, and its correlation with socioeconomic and biophysical indicators (see
below). We finally assessed the correlation between land management intensities and the land decision-making types from
Malek and Verburg (2020). To harmonise different datasets of varying spatial characteristics, we performed all the necessary
preprocessing to bring the data to a consistent level that we later integrated. All input layers were aligned to a common grid
of 0.01 ° resolution (Fig. 1). The datasets available at coarser resolution (e.g., 5-arcminutes) were resampled using a nearest-
neighbour approach which is standard in large-scale studies.

The individual datasets and the methods used are discussed in detail in the following sub-sections.

2.1 Data used

The identities and spatial extents of land-use and land-cover classes were drawn from the global HILDA+ dataset (Winkler
et al., 2021) at 0.01 ° (Table 1). The cropland areas were refined into specific crop categories by integrating the
CROPGRIDS v1.08 dataset (Tang et al., 2024), which provided primary crop data for maize, wheat, soy, rice, and starchy
roots at 5-arcminutes resolution for the year 2020. To determine management intensity for these crops we utilised a crop-
specific N fertiliser dataset (Adalibieke et al., 2023). Pasture land management intensity was derived from total N fertilizer
datasets (Tg N yr-1) (Tian et al., 2022) at 5-arcminutes. The HILDA+ forest management (managed/unmanaged) dataset
(Winkler et al., 2021) was combined with a 100 m resolution forest management dataset (Lesiv et al., 2022) to determine
forest management intensity. To account for large-scale photovoltaic (PV) deployment worldwide, we integrated a global PV
panels dataset at 20 m spatial resolution (Li et al., 2025), ensuring that solar energy installations were spatially represented in
the land-use dataset. We utilised some input datasets corresponding to different reference years than 2020, particularly
irrigation and forest management data from 2015. These datasets were considered as they provide the most consistent and
currently available spatially-explicit information. To harmonise these inputs, we assumed that large-scale spatial patterns of
irrigation and forest management remained relatively stable over short periods of time at the global scale. Thus, the final
dataset represented an approximation for the year 2020.

Country-wise FAO crop use data were applied to categorise land-use into food-feed-bioenergy uses using random
distribution ensuring spatially-explicit classification at the national level. To characterise socioeconomic contexts, we used
the global gridded socio-economic dataset of Perkins et al. (2025) at 1 km resolution. Some of the input variables used to

construct the land management intensity dataset included socioeconomic and accessibility related variables in their
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underlying methodologies, which however differed from the variables used in this study in terms of spatial resolution,
temporal reference and role. The passive variables of the inputs of the management intensity dataset relied largely on
country-level or coarse-resolution inputs and earlier reference years, whereas the analysis presented here utilised the
spatially-explicit and harmonised socioeconomic datasets specifically for the year 2020 (Perkins et al., 2025). These
variables were explicitly used as explanatory factors in a separate regression framework, and were not used as direct inputs
into the construction of the management intensity dataset. We utilised four globally available socioeconomic indicators
representing complementary dimensions of development and accessibility and two biophysical variables — aridity index and
elevation. Gross domestic product (GDP) per capita was used as a proxy for financial capital, reflecting economic capacity.
Population density captures aspects of human capital and demographic pressure on land systems, influencing labour
availability and land management intensity. Market accessibility represents infrastructural and manufactured capital,
approximating access to markets and services that facilitate intensive land management. Income inequality, measured using
the GINI coefficient, was included as an indicator of social structure and distributional inequality. GINI may influence
decisions related to the adoption of land management practices as it is determined by the ability to access to the land, capital,
and agricultural inputs Together, these variables provided a parsimonious representation of socioeconomic conditions. In
addition, we included aridity index and elevation to account for important biophysical constraints on land management. The
aridity index represented long-term moisture availability, where lower values indicate more arid conditions and higher values
indicate more humid environments. This is important for understanding the feasibility of intensive and irrigated land
management. Elevation was included as a proxy for terrain-related constraints such as climate limitations, which influence
the intensity of land management practices. Finally, we compared the land management intensity dataset with a land-use
decision-making dataset (Malek and Verburg 2020) to assess the correlation with the management practices and land-use
decision-making types. More details on the datasets used are provided in Table 1.

Table 1: Salient details on the data used in the creation of land management intensity dataset.

Data Categories Spatial Year source
resolution
Land-use and land cover — urban, 0.01° 2020 HILDA+
— annual crops, (Winkler et al.,
—  tree crops, 2020, 2021)
— agroforestry,
— pasture/rangeland,

—  forest (unknown/other),

—  forest (evergreen,

— needle leaf),

— forest (evergreen, broad leaf),
—  forest (deciduous, needle leaf),
—  forest (deciduous, broad leaf),
—  forest (mixed),

— unmanaged grass/shrubland,

—  sparse/no vegetation,
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—  water
Crops —  wheat, 5-arcminutes 2020 CROPGRIDS
—  maize, v1.08 (Tang et
—  Trice, al., 2024)
- soy,
—  starchy-roots
Irrigation —  Irrigation/non-irrigation 5-arcminutes 2015 Mehta et al,
2024
N-fertiliser by crops —  N-fertilizer rates in crops S-arcminutes 2020 Adalibieke et al.,
2023
N-fertiliser in pasture —  N-fertilizer in pasture S-arcminutes 2020 Tian et al., 2022
e No3 fertilizer
o NH4 fertilizer
e N manure application
e N manure deposition
Forest — Forest managed/unmanaged | 0.01° 2020 HILDA+
managed/unmanaged map (Winkler et al,
2021)
Forest management —  Forest management map 100 m 2015 Lesiv et al,
2022
Ground-mounted PV | — PV areas 20 m 2020 Lietal., 2025
areas
Socio-economic dataset —  GDP/capita 1 km 2020 Perkins et al,
- Gini index 2025
—  Market access
—  Working age population
Biophysical dataset — Aridity index 30 arc-seconds 1970-2000 Zomer et al,
— Digital  Elevation = Model | 1 arc-second 2022
(DEM) ASTER GDEM
Land use decision making | — Professional intensifier 10 km 2020 Malek and
—  Professional commercialist Verburg 2020
— Market-oriented smallholder
—  Subsistence-oriented
smallholder
—  Eco-agriculturalist
—  The survivalist
Crop use distribution FAO statistics for crops used for | Country-wise 2020 Our World in

food-feed-bioenergy

Data

2.2 Mapping crop types and management intensity onto agriculture land

To map the primary crop types — wheat, maize, rice, oil-N-fixing crops (soy), and starchy-roots (potatoes and tubers) — we

used the overall cropland extent from the HILDA+ dataset and then integrated crop specific datasets from CROPGRIDS

v1.08 (Tang et al., 2024) to spatially allocate each crop type. The crop-specific harvested area layers were extracted and
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harmonised to a common spatial grid, with strict enforcement of identical resolution, extent, and coordinate and projection
systems across all crop types. Cropland cells with non-zero harvested area for at least one crop were treated as cropland grid
cells. A binary presence-absence map was created for each crop type, indicating whether a specific crop was present in a
given grid cell. These binary maps were then aggregated into a single dataset to represent the distribution of all crop types.
Missing or negative values were assigned as zero. To address overlapping crop types within a grid cell, we allocated the crop
type with the highest harvested area as the dominant crop, ensuring one-cell one-crop representation. To ensure consistency
across the dataset, we reprojected the data onto the 0.01 ° resolution by aggregating neighbouring cells and assigning the
majority crop type within each aggregation unit.

To assess the management intensity associated with each crop type, we utilised a crop-specific N fertiliser, manuring, and
irrigation dataset (Table 1, Adalibieke et al., 2023, Mehta et al., 2024). Fertiliser application rates (kg N/ha per year) were
derived for wheat, maize, rice, soybean, and starchy roots. For each crop, we considered various N fertiliser types including
Urea, nitrate fertilizers (ammonium nitrate (AN) and calcium ammonium nitrate (CAN)), compound fertilizers (ammonium
phosphate (AP), N K compounds (NK), N P K compounds (NPK), other NP (ONP)), AA&NS (anhydrous ammonia (AA)
and N solutions (NS)), other synthetic fertilizers (other N straight (ONS) and ammonium sulphate (AS)) and MA&CR
(manure (MA) and crop residues (CR)). These fertiliser components were aggregated at the grid cell level to obtain total N
application rates for each crop type. Prior to aggregation, values were screened to remove implausible negatives and extreme
outliers. The total crop-wise N fertiliser rates (originally at 5-arcmin resolution) were resampled to the 0.01 ° grid using the
nearest-neighbour resampling approach, and thus all finer resolution cells within each coarse grid cell inherit the averaged
value. To determine the management intensity, we classified the crop-specific N fertiliser rates dataset based on absolute N
fertiliser thresholds applied to the dominant crop in each cell. Three intensity classes were defined: very extensive (< 50 kg
N ha! yr!), extensive (50-100 kg N ha! yr'!), and intensive (> 100 kg N ha! yr'!) (Kleijn et., 2009, Overmars et al., 2014,
Dou et al., 2021). Missing fertiliser values were conservatively treated as zero application and classified as very extensive
management. The absolute thresholds were applied consistently across all regions and crop types to ensure comparability of
management intensity classes at the global scale. We did not include other chemical inputs such as pesticides because
pesticide use is often associated with agricultural intensification and tends to co-vary with fertiliser application rates (Pergner
et al., 2023). Including both variables would therefore introduce redundancy. The irrigation dataset at 0.05° resolution

(Mehta et al., 2024) was also used to distinguish intensive management with and without irrigation.

2.3 Mapping Pasture Management Intensity

The spatial extent of pasture land was derived from the HILDA+ dataset, ensuring consistency with the broader land-use and
land cover classification (though note that the underlying data is lower-resolution for pasture than for other land use types).
To create the management intensity dataset, we combined data for synthetic (NO3-, NH4+) fertiliser and manure (organic
N), giving total N fertiliser for pastures (Table 1). To convert the total N data into application rates, the fraction of managed

pasture within each grid cell was calculated by spatially aggregating the managed pasture mask.
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190
Grid-cell areas were computed as a function of latitude and total N fertilisers were converted to application rates per unit
pasture area (kg N ha-1 yr-1). Cells without pasture were excluded from the calculation. Pasture management intensity was
classified into three intensity categories based on the N application rates: very extensive (< 50 kg N ha-1 yr-1), extensive
(50-100 kg N ha-1 yr-1), and intensive (> 100 kg N ha-1 yr-1). The absolute thresholds were applied consistently across all
195 regions and pastures to ensure comparability of management intensity classes at the global scale. Similar to cropland, the

pasture fertiliser inputs (5-arcmin) were resampled to map onto a 0.01 ° grid.

2.4 Mapping Forest types and management intensity

The forest categories considered in this study included needle leaf evergreen, broad leaf evergreen, needle leaf deciduous,
broad leaf deciduous, and mixed forest. Forest management intensity was determined by combining the HILDA+ forest
200 management dataset with additional information from Lesiv et al.’s (2022) forest management dataset, both of which were
projected at 0.01 ° resolution using a majority method. Forest areas were classified into intensive, extensive and unmanaged
based on the level of human intervention and management practices. Planted forests were considered as intensively-
managed, naturally regenerating forests with signs of management, such as selective logging, or other forestry interventions,
were considered as extensively-managed (Lesiv et al., 2022) and forests with no substantial signs of active human
205 intervention (i.e., no or minimal direct management inputs) were considered as natural forests with minimal or no active

management.

2.5 Photovoltaic (PV) Farm Mapping

Spatial information on PV farms for the year 2020 was aggregated from high resolution raster data (20 m) to the harmonised
land management intensity dataset at 0.01° resolution (Li et al., 2025). Individual PV tiles were processed sequentially and

210 reprojected onto the 0.01 ° grid using average resampling. The PV fraction of underlying high-resolution cells covered by
PV installations, resulted in a continuous PV coverage fraction between 0 and 1. We calculated the total PV land area as
8432 km? (Li et al., 2025). PV cell allocation was restricted to non-water, non-urban, and non-forest areas and allocated by
ranking candidate cells by descending PV fraction and allocating PV cells until the total PV area was achieved using
latitude-adjusted cell areas.

215 Finally, the land management intensity dataset for year 2020 was produced at 0.01 ° global grid using a deterministic, rule-
based mapping scheme designed to preserve broad land-use and land cover classes from HILDA+ while adding finer details
on the management intensity. The land management intensity dataset relies on some low-resolution input datasets (e.g., crop
and pasture fertiliser and irrigation), while some of the input datasets were at finer resolutions (e.g., forest management,
forest types, etc.). Therefore, the final dataset represented a harmonised integration of varying underlying input data. Water

220 and urban were mapped directly from HILDA+, while cropland, pasture and forest classes were assigned with the
management intensity levels derived from respective land management layers. Conservative management intensity was
applied where management information was missing or invalid. The cropland cells were assigned to an ‘other crops’ class
unless defined crop types and management intensity levels were available. Managed pastures were assigned as very
extensive management unless classified otherwise. Forest cells were assigned to extensive management for the respective

225  forest type, when the management intensity information was not present.

2.6 Sensitivity analysis of a range of thresholds for the management intensity classification

We performed a systematic sensitivity analysis by varying the thresholds used to define the management intensity classes
(baseline case: 50 kg N ha™! yr! and 100 kg N ha™' yr!') for a range of possible threshold combinations i.e., by varying the
lower threshold between 40 kg N ha! yr'! and 60 kg N ha™! yr'! and the upper threshold between 80 kg N ha™! yr'! and 120 kg

suoIssnoasiq
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230 N ha'! yr! resulting in nine combined scenarios. For each combination, the spatial distribution of management intensity was
quantified (i) the global share of cropland under each management class and (ii) spatial agreement with the baseline
thresholds (50 kg N ha™! yr! and 100 kg N ha! yr!"). The spatial agreement was computed as the percentage of grid cells for
which assigned management intensity class remained unchanged relative to the baseline classification. The sensitivity
analysis showed that the management intensity classification remained broadly stable across alternative threshold

235 combinations (Fig. A4; Tables S1-S2). For cropland systems, spatial agreement with the baseline classification ranged
between 89.7 % and 96.5 %, while pasture systems showed even higher agreement ranging from 97.7 % to 99 %. Although
changes in thresholds altered the relative shares of very extensive, extensive, and intensive classes, the overall spatial

patterns remained largely consistent.

2.7 Relationship between land management intensity and socioeconomic and biophysical indicators

240 To examine the association between socioeconomic and biophysical conditions and land management intensity, we
employed multinomial logistic regression model at the grid cell level. To evaluate that the socioeconomic variables do not
inculcate multicollinearity, a pairwise correlation coefficient and the variance inflation factor (VIF) were computed for all
the variables and the land-use types. Separate models were developed for cropland, pasture and forest systems, with
management intensity (very extensive, extensive, and intensive) as the dependent variables. Very extensive management was

245 used as the reference category in the model. Independent variables comprised GDP per capita, Gini index (income
inequality), market accessibility and working age population, giving indicators of the primary socioeconomic capital groups
(financial, social, manufactured and human; Perkins et al., 2025). All these datasets were harmonised to the same spatial
resolution of 0.01 ° and for the year 2020 as the land management intensity dataset. These predictors were standardised prior
to the use in the regression model to allow a direct comparison across the variables. The individual regression models were

250 developed to analyse the variations both globally and in the World Bank income groups (lower-middle income, upper-
middle income, high-income and low-income). We also computed the average marginal effects, which quantify the change
in the predicted probability of each management intensity category associated with a unit change in each variable. Marginal
effects were computed for all explanatory variables and management intensity classes across the land systems and income
groups. In addition, to assess where socioeconomic drivers explain land management intensity well, and where they do not,

255 we computed spatial residuals between observed land management intensity and predicted class probabilities derived from
the multinomial logistic regression models. For each land sector and management intensity class, residuals were calculated
as the difference between the observed binary management class membership and the model-predicted probability at each
grid cell. Positive residuals indicate locations where a management intensity class occurs more frequently than predicted by
socioeconomic variables alone, while negative residuals indicate under prediction.

260 We performed a robustness check by using a spatial thinning method to evaluate whether spatial clustering has a role in the
regression relationships. We performed an analysis using progressively coarser resolution samples such as 0.10 °, 0.25 °, and
0.50 ° to compute the regression for an individual set-up. The direction and magnitude of marginal effects were compared
against the original resolution model (0.01 °). The outcome indicated that marginal-effect relationships retained their
direction across progressively coarser spatial samples (Fig. A8—A10; Table A6). In particular, GDP, market access, aridity

265 index, and elevation effects remained largely stable across cropland, pasture, and forest systems, although effect magnitudes
varied under coarser thinning. Mixed responses occurred mainly for selected pasture and forest relationships, indicating that
some associations are more sensitive to spatial aggregation. However, such influences were very limited. Overall, the results

suggest that the main regression patterns are not solely driven by spatial clustering of neighbouring grid cells.
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2.8 Relationship between land management intensity and the land decision-making types

270 To assess the consistency between land management intensity and land-use decision-making behaviour, we harmonised
management intensity classes with decision-making types derived by Malek and Verburg (2020). The mapping was based on
the conceptual correspondence between decision-making strategies, which reflected actors’ objectives, capacities, and
constraints, and observable land management outcomes. Decision-making types associated with market orientation, capital
access, and production optimisation including professional intensifiers and professional commercialists were mapped to

275 intensive or extensive management classes (Table 2). These decision-making types corresponded to active engagement in
land-use markets and adaptive management strategies, which were inferred as either high-input intensive systems or input-
efficient extensive systems depending on biophysical and economic conditions. Decision-making types emphasising
environmental concerns or multifunctionality, such as eco-agriculturalists, were mapped primarily to extensive management,
reflecting lower input use and greater reliance on ecosystem processes. In contrast, decision-making types constrained by

280 limited resources or risk tolerance such as subsistence-oriented smallholders and survivalists were mapped to very extensive
management (Table 2). Several decision-making categories represented co-presence or hybrid strategies, where multiple
behavioural types coexist within the same spatial unit. For these cases, we applied multiple management intensity classes
(e.g. intensive, extensive, and very extensive). Decision-making classes with low classification confidence or insufficient
information were excluded from the comparison. Spatial comparisons were then conducted at the grid-cell level. A match

285 was defined when the observed land management intensity at a given grid cell fell within the set of possible management
intensity classes associated with the corresponding decision-making type. This flexible matching approach allows for one-to-
many relationships between behaviour and management outcomes, reflecting the fact that similar decision-making strategies
may lead to different management intensities depending on local environmental, and institutional conditions. To evaluate the
spatial consistency between the land decision-making types and the land management intensity, pixel-wise comparison

290 metrics were computed including total matched (hit) cells, mismatches, and overall accuracy. Additionally, confusion
metrics summaries were computed. It is to note that the decision-making dataset is derived using proxy variables such as
GDP, irrigation and accessibility from earlier datasets and at a coarser spatial resolution. Similar variables were used in this
study to perform the regression analysis which differed in terms of their role, spatial representation, and time coverage. The
comparison between the newly developed land management intensity dataset and the decision-making types should therefore

295  be interpreted as broad consistency between behavioural patterns and management intensity.

Table 2. Mapping of land-use decision making types mapping onto land management intensities classes based on Malek and

Verburg (2020)
Decision-making type Mapped management | Rationale
intensity
Professional intensifier high-input intensive systems and input-
intensive or extensive efficient extensive systems depending on
biophysical conditions
Professional commercialist . . . profit-oriented with flexibility in input
intensive or extensive . . . . .
intensity based on biophysical conditions
Co-presence  of commercialist and Mixed professional land-use within the

professional intensifier same spatial unit depending upon the

intensive or extensive . . .
market  situation and  biophysical

conditions
Copresence of professional Behavioural ~ heterogeneity  spanning
commercialist, professional intensifier intensive or extensive or very production-oriented and environmentally
and eco-agriculturalist extensive oriented

Eco-agriculturalist Emphasis on environmental stewardship
and reduced input use

Subsistence oriented smallholder . Small-scale production with limited input
very extensive Lse

extensive
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Survivalist . Minimal intervention and resource
vey extensive .
constrained
Co- presence of professional intensifier | ) ) Hybrid decision-making strategies
and eco-agriculturalist 1nten51ye or extensive or very | reflecting both production and
extensive conservation
Market-Oriented Smallholder . . . Market oriented small-scale production
intensive or extensive e
with limited input use
Co-presence of professional | ) ) Coexistence of  commercial and
commercialist and eco-agriculturalist Intensive or extensive or Very | environmental land-use strategies
extensive
Low Confidence / Unclassified ignored in analysis

3 Results
3.1 Global distribution of land management intensity

300 The global land management intensity dataset (Fig. 2) revealed spatial heterogeneity in cropland, pasture and forest
management intensity at 0.01 ° resolution, enabling a spatially consistent global assessment of land management patterns
(figures below are expressed as percentages of the entire global terrestrial surface, unless otherwise indicated) (Saxena et al.,
2026). Approximately 79 % of the Earth’s land area was found to be managed to some degree, ranging from very extensive
to intensive management across cropland, pasture and forest systems. The remaining 21 % of the total land area is

305 predominantly unmanaged and consists largely of sparsely- and non-vegetated areas, and ice/snow covered areas with
minimal human intervention. Intensive management occupies about 22 % of the global managed land area (i.e., cropland,
pasture, and forestry), while extensive and very extensive management together accounted for 78 % (Table A3). Despite
perceptions of widespread intensive management, most managed land globally remains under extensive or very extensive
management (Table A3). Although, management intensity varied substantially across land-use and land-cover sectors.

310 Croplands accounted for around 10.5 % of the global terrestrial surface, yet contained the highest share of intensive
management among all land-use and land-cover sectors (Fig. 3). Of global cropland, 44 % was managed intensively
comprising around 30 % irrigated management and 14% rainfed management (Fig. Al). Intensive and extensive croplands
were concentrated in densely populated and highly industrialised regions, where infrastructure, fertiliser use, and irrigation

were widely available (Fig. A2).
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Figure 2: Global land management intensity distribution in 2020 at 0.01° spatial resolution. Here, I — intensive, E — extensive, Ve —
very extensive ir — irrigated, rf — rainfed, ndl — needleleaf, bdl — broadleaf, mxdF — mixed forest, PV — photovoltaics, AF —
Agroforestry, U — unmanaged, and O — other. Enlarged panels show example regions of Europe and East Asia with dense and
heterogeneous land management patterns.
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The results revealed a sectoral contrast, where intensive management remained concentrated in cropland
systems, while pasture and forest systems remained predominantly extensive or very extensive despite their large
spatial extent. At the aggregate level, pasture and forest land dominated managed land areas, and together
accounted for more than two-thirds of the terrestrial surface. Pasture land occupied around 36 % of the global
terrestrial surface, but was predominantly managed at low intensity, with only 10 % under intensive
management, 44 % under extensive management, and 46 % under very extensive or minimal management (Fig.
Al & AS5). Forests covered around 31.3 % of the global land surface, of which only around 5 % was managed
intensively, 40 % managed extensively and 55 % remained unmanaged (mainly in boreal and tropical regions)
(Fig. Al). The mapped global distributions of land management intensity aligned closely with independent
reference datasets (Fig. A5, Table A3), with deviations (on an area-basis) generally within +3 percentage points

of FAO and IPCC estimates, supporting the robustness of the mapped dataset.

3.2 Economic, regional and country-level patterns in land management intensity

Land management intensity revealed distinct and non-uniform relationships with world income groups, world

regions, and countries across land-use sectors (Fig. 4-5 & Fig. Al).

3.2.1 Land management in different income groups

Our analysis indicated that economic development does not uniformly align with intensive management, but has
relationship that vary with land-use type and regional characteristics. In cropland systems, economic
development and intensive management are strongly linked, but more complex effects are found in pasture and
forest systems. In all income groups, management intensity varied substantially across land-use sectors (Fig. 4),
indicating that the influence of economic development may vary between cropland, pasture, and forest systems.
In cropland, intensive management (rainfed and irrigated combined) accounted for nearly half (49 % and 48 %)
of cropland area in high-income and upper-middle income countries respectively, compared to smaller shares in
lower-middle income (36 %) and low-income countries (28 %). Conversely, very extensive cropland dominated
in low- and lower-middle income countries, where it accounted for approximately 55 % and 50 % of cropland,
compared to 35 % globally. Pasture systems were predominantly managed at low intensity across all income
groups. Globally, unmanaged and very extensive pastures together accounted for approximately 90 % of pasture
area, with intensive pasture representing only about 10 % (Fig. 4). Intensive pasture management was most
prevalent in upper-middle and lower-middle income countries (17 % and 22 % respectively) and least common
in high-income countries (3 %). Forest management revealed a contrasting pattern, with unmanaged forests
dominating globally (55 %) and particularly in high- and low-income countries (61 % and 52 % respectively).
Intensive forest management was comparatively rare but occurred disproportionately in upper-middle income (7

%) and high-income countries (5 %).

3.2.2 Land management in different world regions

Regional patterns indicate that land management intensity may not only be driven by economic development
(i.e., income), but also by regional conditions, and institutional contexts, leading to diverse management
intensities across the globe (Fig. Al). Intensive cropland management was concentrated in North America (56%
of the cropland area) and East Asia & Pacific (55 %), followed by Europe & Central Asia (47 %) and South Asia
(41 %).
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In contrast, very extensive cropland dominated in Latin America & Caribbean (62 %), Sub-Saharan Africa (56
%) and the Middle East & North Africa (53 %), revealing an uneven distribution of management intensity across
regions. Pasture systems were largely unmanaged or very extensively managed across all regions, but showed
greater variability in Latin America & Caribbean (i.e., very extensive — 42 %, intensive — 18 %), and South Asia
(i.e., very extensive — 46 %, intensive — 23 %). Forest management also exhibited regional differences: intensive
forest management was most pronounced in East Asia & Pacific (13 %), followed by Europe & Central Asia (6
%) and North America (4 %). Unmanaged forests dominated in Europe & Central Asia (63 %), while extensive
forest management was most prevalent in South Asia (80 %), the Middle East & North Africa (76 %), and Sub-
Saharan Africa (57 %).

3.2.3 Concentration of intensive management at the country level

Global patterns of land management intensity were found to be disproportionately driven by a small number of
countries, perhaps indicating a role of national-level policies, and land-use practices in determining management
intensity decisions. The United States, China, India, Canada and Ukraine together accounted for nearly half of
global intensive cropland area (49.8 %), with individual contributions of 13.1 %, 12.4 %, 8.7 %, 7.7 % and 6.7 %
respectively. A similar concentration pattern was observed in pasture systems, where China (21.4 %), Brazil (8.2
%), Madagascar (4.4 %), Mozambique (3.3 %), and the United States (2.8 %), together accounted for around 40
% of global intensive pasture area (Fig. 5). Intensive forest management was even more concentrated, with China
(26.5 %), the United States (13.4 %), Russia (8.6 %), Sweden (6.6 %), and Japan (5 %) together representing

around 60 % of intensively managed forest worldwide (Fig. 5).
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3.3 Socioeconomic and biophysical drivers of land management intensity

Multinomial logistic regression models were used to quantify the relationship of socioeconomic (economic development i.e.,
GDP per capita, inequality i.e., GINI, infrastructure accessibility i.e., market access, and population density) and biophysical
variables (elevation and aridity index — higher values are more humid and lower values more arid) with the probability of
different land management intensity classes across cropland, pasture and forest systems. A pairwise correlation and the
variance inflation factor (VIF) for all the variables and land-use types were computed to check for multicollinearity. A weak
to moderate correlation (-0.09 to +0.37) and low VIF (+1.1 to +3.0) values were found to indicate the absence of
multicollinearity (Fig. A6). Non-linear relationships were identified between socioeconomic variables and land management
intensity, with differences in direction and magnitude across land-use and land-cover classes and world income groups
(Table A4, Fig. A7-A9). Marginal effects were computed to quantify the changes in predicted class probabilities associated

with a one-standard deviation increase in each socioeconomic variable (Fig. 6).

3.3.1 Relationship between socioeconomic and biophysical variables, and land management intensity

Socioeconomic and biophysical variables were correlated with land management intensity with the direction and magnitude
of these relationships varying across land-use sectors and income groups (Fig. 6, Fig. A7-S9). Cropland management
intensity showed a positive association with economic development and market connectivity (Fig. A7 & Fig. 6). Higher GDP
per capita and improved market access were correlated with higher probabilities of intensive (with irrigated) cropland
management, while extensive and very extensive cropland systems declined. For example, a one standard deviation increase
in GDP was associated with increases of up to 17 percentage points in the probability of intensive cropland management.
Population density was also positively associated with intensive cropland management, especially in upper- and lower-
middle income regions. In contrast, higher income inequality (GINI) and increasing aridity index were correlated with
greater probabilities of extensive or very extensive cropland management. Elevation showed more heterogenous
relationships across regions (Fig. A7). The details related to marginal effects are summarised in Table AS.

Pasture management showed associations with market access and climate conditions than with economic development.
Increased market accessibility and higher aridity index were corelated with greater probabilities of intensive pasture
management across several regions, with aridity index showing a higher association (up to 22 percentage points in some
regions) (Fig. A8 & Fig. 6). Population density and inequality showed weaker but positive relationships with intensive
pasture management, whereas GDP per capita exhibited relatively limited and region-specific correlations.

Forest management intensity was found the most heterogeneous among the three sectors. Market accessibility was correlated
with higher probabilities of intensive and extensive forest management, accompanied by substantial declines in unmanaged
forest probability across regions (Fig. A9). In high- and upper-middle-income regions, greater inequality was associated with

increased probabilities of extensive forest management and lower probabilities of unmanaged forest.
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Figure 6: Marginal effects of socioeconomic variables on land management intensities. Individual plot shows an average marginal
effect of socioeconomic variables on the predicted probability of land management intensity (very extensive, extensive, and
intensive) for cropland, pasture and forest across global and world economic group. Bars represent average marginal effects
calculated from multinomial logistic regression method with 95% confidence interval. Positive (negative) values indicate an
increase (decrease) in the probability of a given management intensity class associated with a one unit change in the corresponding

socioeconomic variable.
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Aridity was associated with higher probabilities of unmanaged forest, while GDP per capita showed positive associations
with intensive forest management primarily in low-income regions. Population density exhibited mixed relationships, with
denser populations associated with more intensive forest management in high-income regions but with greater probabilities
of extensive or unmanaged forests in several middle- and low-income regions. Detailed regional marginal effects are

reported in Table AS.

3.4 Comparison between land management intensity and land decision-making types

A comparison between the land management intensity dataset presented in this study and the decision-making types of
Malek & Verburg (2020) (Table A3) provided insights into the behavioural dimensions of land management. The decision-
making categories represented diverse farmer and land manager behaviours, ranging from survivalist and subsistence
smallholders to professional intensifiers and eco-agriculturalists (Malek & Verburg 2020). Fig. 7 shows the global spatial
distribution of consistency with one or more plausible management intensity classes and mismatch between land
management intensity and land-use decision-making types (more details in Methods). Across all land systems, a total of
319,045 valid grid cells were compared of which, 215,263 grid-cells (68 %) showed spatial consistency with one or more
plausible management intensity classes, while 32 % showed divergence. This level of consistency indicated that, despite
conceptual differences, land management intensity captures important aspects of underlying land-use behaviour at the global
scale. Large regions of consistency were observed in intensively managed cropland systems, including parts of North
America, Europe, East Asia, and South Asia, where high-input management aligns with decision-making types characterised
by commercialisation and intensive management. Consistency was also evident in regions dominated by very extensive or
extensive land systems, such as parts of boreal Eurasia, central Africa, and arid and semi-arid regions where low-input
management corresponds to decision-making types characterised by limited intervention. In contrast, spatial mismatches
were concentrated in heterogenous landscapes, where land-use decisions and management intensity vary over small spatial
extents. These included regions with mixed land-use systems, transitional management regimes, or overlapping decision-
making strategies. In such cases, similar decision-making types may correspond to multiple management intensities or

management outcomes may diverge from dominant behavioural classifications.
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Figure 7: Comparing land management intensities and land-use decision-making types (given by Malek and Verburg (2020))
showing spatial consistency between the decision-making types and management intensities.

4 Discussion

This study integrates land-use and land-cover thematic information with land management intensity using multiple datasets,
providing a harmonised and spatially-explicit representation of global land management at 0.01-degrees. The relationships of

management intensity with socioeconomic and biophysical conditions, and with land-decision making types, deepens
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understanding of land-system management globally, reflecting its varied dependencies and manifestations. The results reveal
that management intensity is unevenly represented across land-use and land-cover categories and across world regions,
indicating that land-use and land-cover datasets alone are insufficient to characterise levels of intensity (Erb et al., 2017;
Kuemmerle et al., 2013; Meyfroidt et al., 2022). Globally, intensive management accounted for around 22 % of land areas
across cropland, pasture and forest systems, while extensive and very extensive together dominated, covering about 33 %
and 45 % respectively. Intensive management represented around 44 % of global cropland area, but only about 10 % of
pasture and 5 % of forest area. Despite widespread narratives of intensive management, most land, especially pasture and
forest, remains under extensive to very extensive management (see also Erb et al., 2016; Turner et al., 2022).

Heterogenous management patterns occur even within broadly similar landscapes, showing strong regional differences in
biophysical and socioeconomic conditions. Intensive pasture management is relatively limited and appears to be determined
more by biophysical conditions and accessibility than by economic development. Similar relationships were found by
Herrero et al. (2013 and Jayne et al. (2019). Forest management intensity is greater in Northern and Central Europe and parts
of East Asia, while unmanaged forests dominate large areas of the Amazon basin, Central Africa and Northern Eurasia.

A relatively small number of countries were accounted for a large share of globally intensive land management. We found
that the United States, China, India, Canada, and Ukraine together account for nearly half (49.8 %) of intensive cropland
globally. Similarly, China, Brazil, Madagascar, Mozambique, and United States account for 40.2 % of intensive pasture,
while China, the United States, Russia, Sweden, and Japan together represent around 60 % of the intensive forest
management. These patterns are not wholly attributable to economics; high-income regions tend to exhibit higher shares of
intensive management in cropland and forest sectors, but extensive and very extensive management remain prevalent,
particularly in pasture. Conversely, some low and lower-middle income regions show pockets of intensive, often irrigated
cropland, indicating that management intensity emerges from interactions between biophysical and socioeconomic
conditions rather than from the economy alone.

The relationships between management intensity and socioeconomic and biophysical variables are sector dependent and also
non-linear. Higher GDP and improved market access are generally correlated with increased probabilities of intensive
(especially irrigated) cropland management. This pattern reflects the capital and infrastructure intensive nature of high-input
cropping (Foley et al., 2011). Similarly, population density correlates with the management intensity indicating a higher land
pressure, which appears to provide incentives to intensify production (Zabel et al., 2019). In contrast, income inequality
appears to play a comparatively minor and often dampening role suggesting that uneven access to resources can limit
transitions toward high-input management even where aggregate economic conditions are favourable (Ostrom, 2009;
Lambin & Meyfroidt, 2011).

Pasture management follows a slightly different pattern compared to cropland. Pasture is dominated by very extensive and
extensive management with intensive systems occupying only a small area across income groups. Socioeconomic factors
show weaker relationships, with market access primarily associated with a transition from very extensive to extensive

management rather a shift towards intensive pasture management. This response reflects that grazing systems are often
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constrained by biophysical conditions (e.g., cold or aridity), and relatively low returns on capital intensive inputs. Unlike
cropland, pasture management is therefore less directly linked to economic growth and more to market accessibility among
other factors. Pasture (and rangeland) is also a difficult land use class to identify, especially at lower management intensities,
making firm conclusions difficult to draw at global extent (Harrison et al., 2025). Forest management intensity shows a
heterogeneous response to socioeconomic variables. Increased market access is associated with a decline in less-intensively
managed forests and a corresponding increase in predominantly extensive forest management, suggesting that accessibility
facilitates forest management. However, this does not relate to widespread intensive forest management, probably because of
constraints from government regulation and environment policies (Rudel et al., 2010). Economic development is therefore
insufficient to explain intensive forest management, and in some contexts higher income coincides with reduced intensive
management due to conservation policies or land-use zoning.

The comparison between management intensity and land-use decision making types reveals conceptual consistency at the
global scale (Malek & Verburg, 2020). Approximately two-thirds of valid grid cells show consistency between the two
datasets, despite their different conceptual foundations. The consistency indicates that management intensity aligns with core
aspects of land-use decision-making and the behaviours that underpin it. The regions with greatest consistency have clearly
defined land-use strategies, such as intensively managed cropland systems in major agricultural regions and very extensive
and unmanaged land systems in remote or environmentally constrained areas. Areas of mismatch, in contrast, tend to occur
in heterogeneous landscapes with multiple decision-making strategies or where similar strategies lead to different
management outcomes. These mismatches imply either mixed land management practices or environmental constraints that
were not assessed in this study, and which may reduce the influence of behavioural drivers. Linking management intensity
with a behavioral dimension provided a broader understanding of land management decisions which helps to understand

these decisions in addition to economics.

5 Limitations and uncertainties

The dataset developed here represents a spatially harmonised approximation of global land management conditions around
2020 and may not fully capture all locally relevant management practices. For example, the absolute thresholds used to
classify management intensity may not capture regional differences in agricultural practices. Using this approach does,
however, enable a consistent global comparison of management intensity patters, essential for assessing patterns and
relationships. The dataset integrates multiple sourced inputs with different spatial resolutions, temporal coverage, and
methodological assumptions. Several crop and pasture management indicators originally available at coarse resolutions were
resampled to the 0.01° grid. This approach preserves finer land-use classes, but inevitably propagates underlying
uncertainties associated with the coarse data. These are particularly pertinent to pasture classes, where data are not only of
coarse spatial and temporal resolution but also more uncertain than equivalent datasets for other land cover classes (Harrison

et al., 2025). Some datasets were derived from slightly earlier time periods than 2020 and may therefore not fully represent
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recent changes. Missing fertiliser values were conservatively treated as absence of fertiliser input and therefore assigned to
the very extensive management class. This approach avoids artificially inflating intensive management for relatively small
number of grid-cells, although it may lead to some underestimation of management intensity where fertiliser information
was unavailable. However, this limitation reflects a broader challenge in global land system science, where key processes
cannot be directly measured but instead need to be approximated using best-available data.

In addition, some of the input datasets used to derive newly developed land management intensity and decision-making types
incorporate socioeconomic and accessibility-related variables in their construction. Although these differ in scale, time
period, and purpose from the predictors used in this study, some level of partial dependence cannot be fully excluded. The
relationships have therefore been interpreted as correlations. Since the mapping of decision-making types onto management
intensity was purposefully based on a one-to-many relationship between land-decision-making types and management
intensity classes to consider behavioural heterogeneity and adaptive responses to local conditions, a perfect spatial
consistency would neither be expected nor conceptually appropriate.

These considerations mean that our findings should be interpreted carefully, as broad global indications of patterns rather
than specific explanations of them. Going further towards explanatory analysis would require significantly improved data
sources describing land system management. Nevertheless, the results of this study show that such advances would likely be
highly informative and reveal genuine relationships between biophysical conditions, human behaviour, socio-economics and
land management. The dataset developed in this study already provides a robust baseline of current global land management
patterns. It can support the initialisation, parameterisation and validation of land-use models, enabling a better representation
of spatial heterogeneity in management practices. In addition, the study can be useful in the assessment of policy-oriented
analyses for example land-based climate mitigation strategies — assessing trade-offs between ecosystem service provision

and environmental impacts.

Appendix A
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Figure Al: Proportion of cropland, pasture, and forest area under different management intensities by World Bank regions in
2020. Cropland management categories included very extensive, extensive rainfed, extensive irrigated, intensive rainfed, intensive
irrigated. Pasture management included unmanaged, very extensive, extensive and intensive pasture. Forest management included
unmanaged, extensive and intensive forest. Regions include: EAP — East Asia & Pacific, ECA — Europe & Central Asia, LAC —
Latin America & Caribbean, MENA — Middle East & North Africa, NA — North America, SA — South Asia, SSA — Sub-Saharan
Africa.
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Figure A2: Global cropland management intensity. Cropland management categories included very extensive (Ve), extensive
rainfed (Erf), extensive irrigated (Eir), intensive rainfed (Irf), intensive irrigated (Iir). Roots include tubers and potatoes, and ‘O’

refers to ‘other crops’.
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Figure A3: Global Land-use and land cover distribution. The map shows broader land-use and land cover classes.
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Sensitivity of management intensity classification to threshold choices
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Figure A4: Sensitivity analysis of cropland and pasture management intensity classifications to different thresholds values. The x-
axis represents the lower and upper thresholds used for the management intensity classes, while the y-axis indicates changes in the

spatial agreement with respect to the baseline in percentage points.
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Table Al: Sensitivity analysis of cropland management intensity classification for different thresholds. The table includes shares of
very extensive, extensive, and intensive land and spatial agreement with the baseline threshold.

Scenario Very Intensive Very Extensive Intensive Agreement
extensive threshold extensive managed managed with  baseline
threshold managed crops (%) crops (%) (%)

crops (%)

40_80 40 80 46.62 13.55 39.83 92.5

40 100 40 100 46.62 17.58 35.8 96.53

40 120 40 120 46.62 24.07 29.31 90.04

50_80 50 80 50.09 10.08 39.83 95.97

50_100 50 100 50.09 14.11 35.8 100

50_120 50 120 50.09 20.6 29.31 93.51

60_80 60 80 53.91 6.26 39.83 92.15

60_100 60 100 53.91 10.29 35.8 96.18

60 120 60 120 5391 16.78 29.31 89.68

595 Table A2: Sensitivity analysis of pasture management intensity classification for different thresholds. The table includes shares of
very extensive, extensive, and intensive land and spatial agreement with the baseline threshold.

Scenario Very Intensive Very Extensive Intensive Agreement
extensive threshold extensive managed managed with baseline
threshold managed pasture (%) | pasture (%) | (% managed

pasture (%) pasture)

40 80 40 80 92.12 3.81 4.07 97.72

40 100 40 100 92.12 4.78 3.10 98.68

40 120 40 120 92.12 5.45 243 98.01

50_80 50 80 93.44 2.49 4.07 99.04

50_100 50 100 93.44 3.46 3.10 100.00

50120 50 120 93.44 4.13 243 99.33

60_80 60 80 94.47 1.46 4.07 98.01

60_100 60 100 94.47 243 3.10 98.97

60 120 60 120 94.47 3.10 243 98.30
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A) Land-use and land cover distribution (2020)
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600 Figure A5: Land-use and land cover distribution and a comparison of modelled and reference global land-use shares. Land-use
distribution by (b) groups, (c) types, and (d) management intensities. Land-use groups are the broader land-use and cover sectors,
Land-use types are finer land-use types, while Land-use management intensity is further classification of the land-use types in
various management intensities. Blue bars denote modelled estimates from this study, and red bars indicate reference data.
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Table A3: Global land-use, land cover, and management intensity comparison. Modelled values are derived from this study (2020
baseline). Reference values are derived from global datasets and various studies, where sources do not explicitly report global
percentages, values are interpreted following the published methods.

Land-use / land | Modelled | Reference | Sources Interpretation of reference value
cover (%) (%)
Cropland 10.5 12-14 Taylor and Rising (2023), | Derived from cropland area (ca.1.55-1.6
FAO UN (2024), HYDE 3.3 | billion ha) divided by global ice-free
(Goldewijk et al.) land area
Forest 314 30-32 FAO FRA (2020), Directly reported global forest share
Kay et al., 2022 around 31.1% of land area
Agroforestry 0.7 0.3-1.0 IPCC SRCCL (2019) IPCC SRCCL highlights agroforestry as
widespread but poorly mapped
Pasture 36 25-35 FAO (2022); Kay et al., 2022 | Range synthesised from global pasture
and rangeland estimates
Unmanaged land 18.6 20-25 IPCC SRCCL (2019) Inferred from land cover classes and
IPCC definitions of unmanaged or
minimally managed ecosystems
Urban 0.74 0.5-0.8 FAO UN 2025 Urban land share inferred by combining
urban population data with global urban
land expansion estimates
Photovoltaics 0.01 <0.05 IRENA (2023); Fraunhofer | Estimated by converting installed global
(PV) ISE PV capacity to land area using reported
values
Water 1.8 2.0-2.5 FAO AQUASTAT Directly reported global inland water
surface fraction
Land-use/ land- | Modelled | Reference | Sources Interpretation of reference value
cover subtype (%) (%)
C3 cereals 4.48 4-6 FAO UN 2025 Derived from global harvested area
fractions reported by FAO UN 2025 i.e.,
731.9 Mha for cereals
C4 cereals 2.77 2-2.5 FAO UN 2025 Derived from crop-specific global area
estimates i.e., 275 Mha for C4 cereals
Rice 1.3 ~1.1% FAO UN 2025 Derived from global harvested area
fractions reported by FAO UN 2025 164
Mha for rice
Oil & N-fix crops | 1.4 1-1.5 FAO UN 2025 Synthesised ~ from  soybean  and
(soy) oil/nitrogen-fixing crop area statistics
i.e., 135 Mha
Starchy roots 0.18 0.1-0.3 FAO UN 2025 Derived from FAO crop category totals
ie., 17Mha
Other crops 0.3 - - Residual crop category other than major
crop types
Broadleaf 4.96 4-6 HILDA+ (Winkler et al., | Derived from the percentage share of the
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deciduous forest 2021), Ma et al., 2023 forest cover

Broadleaf 8.56 8-14 HILDA+ (Winkler et al., | Derived from the percentage share of the

evergreen forest 2021), Ma et al., 2023 forest cover

Needleleaf 4.42 3-5 HILDA+ (Winkler et al., | Derived from the percentage share of the

deciduous forest 2021), Ma et al., 2023 forest cover

Needleleaf 5.67 6-8 HILDA+ (Winkler et al., | Derived from the percentage share of the

evergreen forest 2021), Ma et al., 2023 forest cover

Land Modelled | Reference | Sources Interpretation of reference value

management (%) (%)

intensity

Very  extensive | 3.8 1-3 IPCC SRCCL (2019) Inferred from low-input cropland

crops systems described in [IPCC SRCCL

Extensive crops 1.9 1-2 IPCC SRCCL (2019); FAO Synthesised from sources

Intensive crops 43 3-5 IPCC SRCCL (2019) Derived from high input intensity and

irrigated cropping

Very  extensive | 16.9 1820 Bahar et al., 2020 Derived from the mentioned source

pasture

Extensive pasture | 0.01 - Bahar et al., 2020 Based on extensive grazing systems and

low stocking densities

Intensive pasture 43 5-8 Bahar et al., 2020 Derived from the mentioned source

Intensive forest 1.58 2-3 FAO FRA (2020), Forest | Derived from roughly 290-300 million
Extent Indicator (2024) hectares

Extensive forest 13.5 20-22% FAO FRA (2020), Forest | Derived from the mentioned source
Extent Indicator (2024)

Unmanaged forest | 16.2 14-18 FAO FRA (2020), Forest | Primary and minimally disturbed forest
Extent Indicator (2024) areas

Unmanaged 14.8 14-18 FAO (2022); IPCC SRCCL Low-input grazing and semi-natural

pasture rangelands

Intensive 8% The percentages are with respect to the total managed land area excluding snow/ice,

Extensive 19% water and natural unmanaged land

Very extensive 69%

Other land-use 4%

Intensive 22% The percentages are with respect to the total managed land covering cropland, pasture,

Extensive 33% and forestry only

Very extensive 45%
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Pearson correlation for the socioeconomic variables
Crops Pasture Forest
GbP 1.00 -0.16 -0.05 -0.20 GDP -] -0.25 -0.16 -0.09 GDP 1.00 -0.06 0.11 -0.04
GINI- -0.16 1.00 -0.06 0.03 GINI - -0.25 1.00 0.37 0.13 GINI- -0.06 1.00 0.41 0.15
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Variable Crops_VIF Pasture_VIF Forest_VIF
GDP 1.88 1.44 1.68
GINI 2.85 2.16 222

MarketAccess 3.02 1.81 1.87
Population 1.38 1.14 1.16

Figure A6: Multicollinearity check using pair-wise regression analysis and the variance inflation factor (VIF) methods for the
610 socioeconomic variables
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Figure A7: Predicted relationships between crop management intensity and socioeconomic drivers across global income groups.
The x-axes of each plot show the standardised predictor value (z-score) for various variables (GDP, GINI, market access, and
population), and the y-axes indicates the predicted probability of each management intensity (very extensive, extensive, and

intensive).
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640 Figure A8: Predicted relationships between pasture management intensity and socioeconomic drivers across global income groups.
The x-axes of each plot show the standardised predictor value (z-score) for various variables (GDP, GINI, market access, and
population), and the y-axes indicates the predicted probability of each management intensity (very extensive, extensive, and
intensive).
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Figure A9: Predicted relationships between forest management intensity and socioeconomic drivers across global income groups.
The x-axes of each plot show the standardised predictor value (z-score) for various variables (GDP, GINI, market access, and
population), and the y-axes indicates the predicted probability of each management intensity (very extensive, extensive, and
intensive)
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Table A4: Multinomial logistic regression. Multinomial logistic regression results showing the association between socioeconomic
variables and land-use management intensity levels (Extensive, Intensive) for cropland, pasture, and forest land-use types.
Coefficients reported are alongside 95% confidence intervals. All models use the very extensive (VExt or unmanaged) category as
the reference level. The asterisks (*) indicate significance levels: *** p <(0.001.

Land type Region Intensity Variable Coefficient 95% CI p-value | Signif.

Extensive | GDP 0.502 | [0.500, 0.504] <0.001 | ***

Extensive | GINI 0.202 | [0.201, 0.204] <0.001 | ***

Extensive | MarketAccess 0.181 | [0.179, 0.183] <0.001 | ***

Extensive | Population 0.646 | [0.641, 0.650] <0.001 | ***

Global Extensive | const 1.095 | [1.093, 1.097] <0.001 | ***
Intensive GDP 0.968 | [0.966, 0.970] <0.001 | ***

Intensive GINI 0.381 | [0.380, 0.383] <0.001 | ***

Intensive MarketAccess 0.615 | [0.613, 0.617] <0.001 | ***

Intensive Population 0.834 | [0.830, 0.839] <0.001 | ***

Intensive const 0.896 | [0.895, 0.898] <0.001 | ***

Extensive | GDP 0.454 | [0.452,0.457] <0.001 | ***

Extensive | GINI 0.175 | [0.172, 0.177] <0.001 | ***

Extensive | MarketAccess 0.273 | [0.270, 0.276] <0.001 | ***

Extensive | Population -0.048 | [-0.050, -0.046] <0.001 | ***

Crops High Income Extensive | const 1.243 | [1.240, 1.246] <0.001 | ***
Intensive GDP 0.763 | [0.760, 0.766] <0.001 | ***

Intensive GINI 0.271 | [0.268, 0.274] <0.001 | ***

Intensive MarketAccess 0.615 | [0.611, 0.618] <0.001 | ***

Intensive Population -0.214 | [-0.217,-0.210] <0.001 | ***

Intensive const 1.312 | [1.309, 1.315] <0.001 | ***

Extensive | GDP 0.022 | [0.016, 0.028] <0.001 | ***

Extensive | GINI 0.088 | [0.083, 0.093] <0.001 | ***

Extensive | MarketAccess 0.127 | [0.120, 0.133] <0.001 | ***

Extensive | Population 0.431 | [0.419, 0.444] <0.001 | ***

Low Income

Extensive | const 0.506 | [0.501, 0.511] <0.001 | ***

Intensive GDP -0.083 | [-0.091, -0.076] <0.001 | ***

Intensive GINI 0.12 | [0.113,0.128] <0.001 | ***

Intensive MarketAccess 0.607 | [0.599, 0.615] <0.001 | ***
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Intensive Population 0.482 | [0.469, 0.496] <0.001 | ***
Intensive const -0.828 | [-0.835, -0.821] <0.001 | ***
Extensive | GDP 0.149 | [0.146, 0.153] <0.001 | ***
Extensive | GINI 0.006 | [0.003, 0.009] <0.001 | ***
Extensive | MarketAccess 0.153 | [0.149, 0.157] <0.001 | ***
Extensive | Population 1.485 | [1.474, 1.497] <0.001 | ***
Lower
Extensive | const 1.297 | [1.292, 1.302] <0.001 | ***
Middle
Intensive GDP -0.166 | [-0.170, -0.163] <0.001 | ***
Income
Intensive GINI 0.086 | [0.082, 0.090] <0.001 | ***
Intensive MarketAccess 0.971 | [0.966, 0.976] <0.001 | ***
Intensive Population 1.708 | [1.697, 1.720] <0.001 | ***
Intensive const 0.666 | [0.661, 0.671] <0.001 | ***
Extensive | GDP 0.107 | [0.103, 0.110] <0.001 | ***
Extensive | GINI 0.53 | [0.528, 0.533] <0.001 | ***
Extensive | MarketAccess 0.025 | [0.022, 0.028] <0.001 | ***
Extensive | Population 1.158 | [1.145,1.172] <0.001 | ***
Upper .
Extensive | const 1.143 | [1.139, 1.147] <0.001 | ***
Middle
Intensive GDP 0.483 | [0.480, 0.487] <0.001 | ***
Income
Intensive GINI 0.794 | [0.791, 0.798] <0.001 | ***
Intensive MarketAccess 0.527 | [0.523, 0.531] <0.001 | ***
Intensive Population 1.562 | [1.549, 1.576] <0.001 | ***
Intensive const 1.001 | [0.996, 1.005] <0.001 | ***
Extensive | GDP 0.044 | [0.044, 0.045] <0.001 | ***
Extensive | GINI 0.509 | [0.509, 0.510] <0.001 | ***
Extensive | MarketAccess 1.052 | [1.051, 1.053] <0.001 | **=*
Extensive | Population -0.418 | [-0.419, -0.417] <0.001 | ***
Extensive | const -0.41 | [-0.411, -0.410] <0.001 | **=*
Forest Global
Intensive GDP 0.18 | [0.179, 0.182] <0.001 | ***
Intensive GINI 0.432 | [0.430, 0.433] <0.001 | ***
Intensive MarketAccess 1.636 | [1.635, 1.638] <0.001 | **=*
Intensive Population -0.409 | [-0.411, -0.407] <0.001 | ***
Intensive const -2.932 | [-2.934, -2.930] <0.001 | ***
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Extensive | GDP -0.135 | [-0.136, -0.134] <0.001 | ***
Extensive | GINI 0.977 | [0.976, 0.978] <0.001 | ***
Extensive | MarketAccess 1.41 | [1.408, 1.412] <0.001 | ***
Extensive | Population -0.343 | [-0.345, -0.341] <0.001 | ***
High Income Extensive | const -0.505 | [-0.506, -0.503] <0.001 | ***
Intensive GDP -0.284 | [-0.287,-0.282] <0.001 | ***
Intensive GINI 1.001 | [0.999, 1.004] <0.001 | ***
Intensive MarketAccess 2.017 | [2.015, 2.020] <0.001 | ***
Intensive Population -0.436 | [-0.438, -0.434] <0.001 | ***
Intensive const -2.996 | [-2.999, -2.993] <0.001 | ***
Extensive | GDP 0.644 | [0.640, 0.648] <0.001 | ***
Extensive | GINI 0.174 | [0.171, 0.176] <0.001 | ***
Extensive | MarketAccess 0.207 | [0.204, 0.211] <0.001 | ***
Extensive | Population -0.377 | [-0.383, -0.372] <0.001 | ***
Extensive | const -0.25 | [-0.252, -0.247] <0.001 | ***
Low Income
Intensive GDP -0.068 | [-0.123,-0.011] 0.018 | *
Intensive GINI -0.109 | [-0.150, -0.068] <0.001 | ***
Intensive MarketAccess 0.922 | [0.896, 0.947] <0.001 | ***
Intensive Population -0.273 | [-0.310, -0.236] <0.001 | ***
Intensive const -6.456 | [-6.502, -6.410] <0.001 | ***
Extensive | GDP -0.337 | [-0.339, -0.335] <0.001 | ***
Extensive | GINI 0.039 | [0.037, 0.041] <0.001 | ***
Extensive | MarketAccess 0.298 | [0.295, 0.300] <0.001 | ***
Extensive | Population -0.236 | [-0.239, -0.233] <0.001 | ***
;{?Z;Z Extensive | const 0.168 | [0.166, 0.170] <0.001 | **=*
Income Intensive GDP -0.154 | [-0.162, -0.146] <0.001 | ***
Intensive GINI 0.091 | [0.080, 0.102] <0.001 | ***
Intensive MarketAccess 1.585 | [1.576, 1.595] <0.001 | ***
Intensive Population -1.141 | [-1.162,-1.119] <0.001 | **=*
Intensive const -4.678 | [-4.693, -4.662] <0.001 | **=*
Upper Extensive | GDP 0.164 | [0.162, 0.165] <0.001 | ***
Middle Extensive | GINI 0.418 | [0.416, 0.419] <0.001 | ***
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Income Extensive | MarketAccess 0.941 | [0.939, 0.943] <0.001 | ***

Extensive | Population -0.329 | [-0.331, -0.326] <0.001 | ***

Extensive | const -0.321 | [-0.322, -0.320] <0.001 | ***

Intensive GDP 0.238 | [0.236, 0.241] <0.001 | ***

Intensive GINI 0.015 | [0.012, 0.017] <0.001 | ***

Intensive MarketAccess 1.513 | [1.510, 1.515] <0.001 | ***

Intensive Population -0.112 | [-0.114,-0.110] <0.001 | ***

Intensive const -2.337 | [-2.340, -2.334] <0.001 | ***

Extensive | GDP -0.396 | [-0.398, -0.394] <0.001 | ***

Extensive | GINI 0.295 | [0.294, 0.297] <0.001 | ***

Extensive | MarketAccess 0.91 | [0.909, 0.912] <0.001 | ***

Extensive | Population 0.061 | [0.060, 0.062] <0.001 | ***

Extensive | const -2.546 | [-2.547, -2.544] <0.001 | ***

Global

Intensive GDP -0.009 | [-0.012, -0.007] <0.001 | ***

Intensive GINI 0.392 | [0.390, 0.394] <0.001 | ***

Intensive MarketAccess 1.075 | [1.073, 1.076] <0.001 | ***

Intensive Population 0.071 | [0.070, 0.072] <0.001 | ***

Intensive const -3.595 | [-3.598, -3.592] <0.001 | ***

Extensive | GDP -0.476 | [-0.479, -0.472] <0.001 | ***

Extensive | GINI 0.444 | [0.441, 0.447] <0.001 | ***

Pasture

Extensive | MarketAccess 1.245 | [1.242, 1.247] <0.001 | ***

Extensive | Population -0.036 | [-0.038, -0.034] <0.001 | ***

Extensive | const -3.711 | [-3.716, -3.706] <0.001 | ***

High Income

Intensive GDP -0.405 | [-0.409, -0.400] <0.001 | ***

Intensive GINI 0.414 | [0.410, 0.418] <0.001 | ***

Intensive MarketAccess 1.38 | [1.377, 1.383] <0.001 | ***

Intensive Population -0.078 | [-0.081, -0.075] <0.001 | **=*

Intensive const -4.391 | [-4.398, -4.384] <0.001 | ***

Extensive | GDP -0.4 | [-0.406, -0.395] <0.001 | ***

Extensive | GINI 0.275 | [0.272, 0.278] <0.001 | ***

Low Income
Extensive | MarketAccess 0.211 | [0.208, 0.215] <0.001 | ***
Extensive | Population 0.171 | [0.165, 0.176] <0.001 | ***
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Extensive | const -2.194 | [-2.198, -2.190] <0.001 | ***
Intensive GDP -0.331 | [-0.343, -0.318] <0.001 | ***
Intensive GINI 0.407 | [0.400, 0.414] <0.001 | ***
Intensive MarketAccess 0.28 | [0.272, 0.287] <0.001 | ***
Intensive Population 0.207 | [0.201, 0.213] <0.001 | ***
Intensive const -4.101 | [-4.110, -4.092] <0.001 | ***
Extensive | GDP -0.217 | [-0.220, -0.213] <0.001 | ***
Extensive | GINI 0.189 | [0.185, 0.192] <0.001 | ***
Extensive | MarketAccess 0.536 | [0.533,0.539] <0.001 | ***
Extensive | Population 0.136 | [0.132, 0.140] <0.001 | ***
Lower
Extensive | const -1.781 | [-1.785, -1.778] <0.001 | ***
Middle
Intensive GDP -0.234 | [-0.241, -0.227] <0.001 | ***
Income
Intensive GINI 0.221 | [0.215, 0.228] <0.001 | ***
Intensive MarketAccess 0.643 | [0.638, 0.649] <0.001 | ***
Intensive Population 0.158 | [0.153, 0.163] <0.001 | ***
Intensive const -3.431 | [-3.439, -3.423] <0.001 | ***
Extensive | GDP -0.246 | [-0.248, -0.243] <0.001 | ***
Extensive | GINI 0.354 | [0.352, 0.356] <0.001 | ***
Extensive | MarketAccess 0.915 | [0.913, 0.917] <0.001 | ***
Extensive | Population 0.232 | [0.229, 0.235] <0.001 | ***
Upper
bp Extensive | const -2.25 | [-2.252, -2.248] <0.001 | ***
Middle
Intensive GDP -0.057 | [-0.060, -0.053] <0.001 | ***
Income
Intensive GINI 0.432 | [0.429, 0.435] <0.001 | ***
Intensive MarketAccess 1.05 | [1.047, 1.052] <0.001 | ***
Intensive Population 0.249 | [0.246, 0.252] <0.001 | **=*
Intensive const -3.217 | [-3.221,-3.214] <0.001 | ***
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Land Variable Main Dominant Direction | Marginal Strongest
sector relationship | management effect range | regions/groups
response (percentage
points)
Cropland | GDP  per | Positive Intensive  irrigated | 1 +10 to +17 High-income,
capita cropland upper-middle-
income
Cropland | Market Positive Intensive cropland i +8 to +14 /| Most regions
access Very extensive ! -18
Cropland | Population | Positive Intensive cropland i +5to +10 Upper-/lower-
density middle income
Cropland | GINI Negative for | Extensive cropland 1 -3 to—8 Several regions
intensive
Cropland | Aridity Positive for | Very extensive | 1 +7to +14 Multiple regions
index low-intensity | cropland
systems
Cropland | Elevation Region Mixed responses 11 —10to +15 Region specific
dependent
Pasture Market Positive Intensive pasture 1 +1 to +6 High-, upper-,
access lower-middle
income
Pasture Aridity Strong Intensive pasture il up to +22 Most regions
index positive
Pasture Population | Slight Intensive pasture 1 +2 to +6 Multiple regions
density positive
Pasture GDP  per | Weak Intensive pasture 1 —2to +8 Low-income
capita positive
Forest Market Positive Intensive/extensive il up to +40 Multiple regions
access forest
Forest GINI Positive for | Extensive forest il +5 to +22 High-,  upper-
extensive middle income
Forest Aridity Positive for | Unmanaged forest 1 variable Multiple regions
index unmanaged
Forest Population | Mixed Region-dependent - variable Region specific
density
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Figure A10: Spatial thinning robustness analysis of marginal effects for cropland management intensity classes.

660 Marginal effects were recalculated using progressively coarser spatial samples (0.10°, 0.25°, and 0.50°). Lines show
marginal effects for each thinning level relative to the full-resolution model (0.01°), while shaded areas indicate
confidence intervals.
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Figure All: Spatial thinning robustness analysis of marginal effects for pasture management intensity classes.

665 Marginal effects were recalculated using progressively coarser spatial samples (0.10°, 0.25°, and 0.50°). Lines show
marginal effects for each thinning level relative to the full-resolution model (0.01°), while shaded areas indicate
confidence intervals.

45

Earth System
Science

Data

suoIssnoasiq



https://doi.org/10.5194/essd-2026-482

Preprint. Discussion started: 2 July 2026
(© Author(s) 2026. CC BY 4.0 License.

670

Marginal effects for Forest

=
=
H
=
=
e S
-
b
=
=
=
=
£
-
= P <=
=
2
=
=
]
2
5
[
e =+« =)
-
Z
g
]
g
=
<
=
=
=
=
= = =
= F
-
]
= o o o
1
o
=
(&)

=t o3
(as 1 1ad dd)
123))2 [emBae)y
padvuenun

0.0

N

—0.5
-1.0
-1.5

-

-5
-10

30
20
]
0

o7
{as 1 1d ddy
19349 [ewmBaegy
BATSUNXG

EE =
= =1 = f=1
= =
=1 ’-T> —_—
-+ ol =1
hal = Lal =
o~ - o =3
=] = < =3

~ =

< =]
(@s 1 12d dd)
129)J2 |RUISI B

ATISUI)UT

0.10° 025 0.50°

Full

0.50°

o
i
o1

0.

0.10°

Full
0.01°

0.10°  025°  0.50° Full 010  025°  0.50% Full 0100 025 0.50°

Full

0100 025°  0.50°

Full

0.01°

0.01°

0.01°

0.01°

0.01°

== Intensive

== [xtensive

Unmanaged

Open Access

Figure A12: Spatial thinning robustness analysis of marginal effects for cropland management intensity classes.
Marginal effects were recalculated using progressively coarser spatial samples (0.10°, 0.25°, and 0.50°). Lines show
marginal effects for each thinning level relative to the full-resolution model (0.01°), while shaded areas indicate

confidence intervals.
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Table A6: spatial thinning based robustness check for various coarser spatial samples such as 0.10°, 0.25°, and 0.50°

Land MgmtClass Variable full | thin OplOdeg | thin Op25deg | thin Op50deg | Direction_stability
crops Ext_IRR Aridity_index | - - - - stable
crops Ext IRR Elevation - - - - stable
crops Ext IRR GDP - - - - stable
crops Ext IRR GINI + + + + stable
crops Ext IRR MarketAccess | - - + + mixed
crops Ext IRR Population - - - - stable
crops Ext RF Aridity_index | - - - - stable
crops Ext RF Elevation - - - - stable
crops Ext RF GDP - - - - stable
crops Ext RF GINI + + + - mixed
crops Ext RF MarketAccess | - - - - stable
crops Ext RF Population - - - - stable
crops Int IRR Aridity_index | - - - - stable
crops Int IRR Elevation + + + + stable
crops Int_IRR GDP + + + + stable
crops Int IRR GINI + + + + stable
crops Int IRR MarketAccess | + + + + stable
crops Int IRR Population + + + + stable
crops Int_RF Aridity_index | + + + + stable
crops Int RF Elevation + + + + stable
crops Int RF GDP - + + + mixed
crops Int RF GINI - - - - stable
crops Int_RF MarketAccess | - - - - stable
crops Int RF Population - - - - stable
crops VExt Aridity index | + + + + stable
crops VExt Elevation - - - - stable
crops VExt GDP - - - - stable
crops VExt GINI + + + + stable
crops VExt MarketAccess | - - - - stable
crops VExt Population + + + + stable
forest Ext Aridity_index | - - - - stable
forest Ext Elevation - - - - stable
forest Ext GDP - - - - stable
forest Ext GINI + + + + stable
forest Ext MarketAccess | + + + + stable
forest Ext Population - - - - stable
forest Int Aridity_index | - + + + mixed
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forest Int Elevation stable
forest Int GDP mixed
forest Int GINI stable
forest Int MarketAccess stable
forest Int Population stable
forest UNM Aridity_index stable
forest UNM Elevation stable
forest UNM GDP stable
forest UNM GINI stable
forest UNM MarketAccess stable
forest UNM Population stable
pasture | Ext Aridity _index stable
pasture | Ext Elevation stable
pasture | Ext GDP stable
pasture | Ext GINI mixed
pasture | Ext MarketAccess stable
pasture | Ext Population mixed
pasture | Int Aridity index stable
pasture | Int Elevation mixed
pasture | Int GDP stable
pasture | Int GINI stable
pasture | Int MarketAccess stable
pasture | Int Population mixed
pasture | VExt Aridity_index stable
pasture | VExt Elevation mixed
pasture | VExt GDP stable
pasture | VExt GINI stable
pasture | VExt MarketAccess stable
pasture | VExt Population mixed
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Figure A13: Distribution of predicted probabilities for land management intensity. The distributions for predicted
probabilities are shown for cropland, pasture and forest systems across global and world income groups. Violins
represent full distribution across grid cells, while embedded boxplots indicate the interquartile range (25th- 75th
percentiles), median, and dispersion within each group.
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Data availability

We provide a global land management intensity dataset explorer (https://ee-

ankitasaxena(3as.projects.earthengine.app/view/global-land-use-management), and these data are available at

https://doi.org/10.5281/zenodo.18249970 (Saxena et al., 2026) for research purposes. Input data for socioeconomic variables

(GDP, GINI, market access and working age population) can be accessed through https://doi.org/10.5281/zenodo.17580780

(Perkins et al., 2025) and world region boundaries can be found at https://datacatalog.worldbank.org/. Any other data that

support the findings of this study are included within the article, online methods and supplementary materials.

Conclusions

Overall, the study shows that management intensity cannot be treated as a homogeneous response to socioeconomic or
biophysical change, since it emerges from complex, sector-specific and non-linear interactions between socioeconomic,
biophysical, and behavioural factors. These findings challenge the simplified assumptions that are commonly embedded in
global land-use and integrated assessment models, where economic growth is often assumed to drive land-use change
uniformly (e.g., Popp et al., 2017; Stehfest et al., 2019; Ma et al., 2024). Instead, the results show distinct relationships with
socioeconomic variables across cropland, pasture and forest management. At the same time, broad consistency between land
management intensity classes and land-use decision-making types indicates that management intensity can serve as a useful
proxy if partial for land-use behaviour at large scales (Brown et al., 2017; Rounsevell et al., 2021). While the observed
mismatches further indicate that decision-making strategies do not translate into a single management outcome, particularly

in heterogenous landscapes.
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