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Abstract
Population growth, changing consumption preferences, technological advances, globalised trade and
environmental influences have all shaped global agriculture. An increasing demand for agricultural
commodities has led to greater production through land area expansion and/or intensification
(represented here as increasing yields). Yet, the interlinkages between global agricultural expansion
and intensification, remain unclear. Herewe (1) analyse the spatiotemporal patterns of global
cropland changes and crop yield changes at a spatial resolution of 1 kmduring six decades
(1960–2020) and (2) explore the relationship between yield increases and cropland expansion across
agroecological country zones by applying a temporal cross-correlation and aGranger causality test.
Wefind that high-income countries have followed a trajectory of yield increase and land contraction
on croplands, in accordancewith the concept of land sparing andmediated by policy. Conversely,
low-income countries have increased yields less but substantially expanded cropland area over time.
However, emerging countries in tropical regions (e.g. Brazil, Indonesia, Thailand, Colombia, and
Malaysia), had both the highest crop yield increases and cropland expansion rates. By analysing the
relationship of annual crop yield and cropland area changes, we see potential rebound effects of yield
increases in tropical lowlands of low- tomiddle-income countries. Our results suggest that high-profit
crops such as soybean, oil palm and sugar cane have triggered further agricultural expansion into
natural ecosystems. Increasing tree crops is the underlying cause ofmore than half of the global
deforestation for cropland expansion. Overall, the relationship between yield increases and expansion
on cropland differs by region and is likely affected to varying degrees by political intervention, global
trade, technology transfer and climate change.

1. Introduction

Agriculture covers over one third of the global land surface [1].With a risingworld population, technological
advances, changing consumption patterns and globalised trade, cropland and pasture areas have undergone
significant expansion and intensification in recent decades. The ‘GreenRevolution’marked a pivotal phase of
technology-driven productivity increases in agriculture, introducing high-yielding crop varieties alongside
fertilisers, irrigation, pesticides, andmechanisation to boost crop yields [2, 3]. Although agriculture produces
more than enough food for all people, its global distribution is unequal and almost one billion people suffer from
insecure food supply [4, 5]. Rising affluence has further shifted diets towards resource-intensive foods likemeat
and refined sugars, exacerbating pressures on agriculture tomeet future demands, [6]. To sustain projected
needs by 2050, agricultural productionwould have to roughly double [7, 8], but this comes at a significant
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environmental cost - agricultural expansion and accompanying intensivemanagement aremajor drivers of
climate change, biodiversity loss, land and freshwater degradation [7, 9–13]. Overall, agricultural land use has
steadily become an arena of conflicting interests, as the demand for food, fodder and energy is balanced against
climate changemitigation and biodiversity conservation [14, 15].

There are twomain strategies to increase agricultural production: (1) expanding the area of croplands and
pastures, concurrent with the loss of natural ecosystems, or (2) agricultural intensification targeted at increasing
the productivity (per unit area) of existing agricultural land [16, 17]. Agricultural intensification denotes an
increase in agricultural land use intensity, which ismultidimensional. It refers to the input intensity, including
land, capital (e.g. technology,mechanisation, agrochemicals applied) and labour, and targets the output
intensity, referring to the output per unit land, viz. yields [18, 19].

In addition to cropland changes such as cropland expansion and contraction, this study focuses on land use
intensity from an output perspective.We use increasing crop yields as an indicator of output intensification.
While previous work hasmainly focussed on crop type-specific analyses [20], we use an aggregated yield across
crop types as an indicator of the overall productivity of cropland. Aggregating yield changes across crop types
(average yieldweighted by cultivation area) provides a comprehensivemeasure of overall agricultural
productivity, capturing shifts in output intensity while accounting for regional crop diversity.

Increasing crop yields on existing agricultural land is often regarded as a sustainable solution, since it is
assumed to reduce pressure on land that can be returned to nature (land sparing) [16, 21]. However, increasing
agricultural productivity can also cause pollution through increasing use of inputs and lead to a knock-on (or
rebound) effect, where the adoption of intensification stimulates land use expansion by increasing the
profitability of agriculture [21].

While extensive research has focused on spatial patterns of agricultural expansion and contraction—
particularly in the context of tropical deforestation [22, 23]—the spatiotemporal patterns of the interplay
between cropland intensification (as e.g.measured via productivity or yield increases) and area dynamics
remains poorly understood at a global scale. Existing studies often treat these dimensions in isolation: analyses of
land-use extent emphasise geographic shifts in cultivation [24–26], while assessments of agricultural
intensification typically focus on crop-specificmanagement factors or productivity trends [27–29]. This
disconnect stems partly fromdata limitations, as global-scale, long-term and spatially explicit datasets
simultaneously tracking cropland extent andmanagement practices remain scarce [19].

Theoretical frameworks posit a land-sparing effect, where yield gains reduce pressure for agricultural
expansion [20, 30]. Indeed, global crop production growth has been driven predominantly by yield
improvements, with estimates indicating that 89%of production increases stem from intensification, while only
11% result from cropland expansion [31]. Inmany cases, yield gains have offset population-driven demand,
lowering per capita cropland requirements for staple crops [32–34]. However, empirical outcomes vary
significantly across regions. In post-1990s Europe andNorth America, for example, agricultural intensification
coincidedwith cropland stabilization or contraction, supported by policy incentives andmarket-driven set-
aside programs [30, 35, 36]. In contrast, sub-SaharanAfrica and parts of Asia continue to experience agricultural
expansion despite low baseline yields—a trend tied to population growth, limited technological adoption, and
weakmarket access [20, 37]. Globally, the relationship between cropland area and production remains uneven:
temperate regions show strong intensification-driven land sparing, while, inmany tropical regions, a rebound
effect of increasing productivity,mediated throughmarket factors such as price elasticity,may lead to
agricultural expansion [38, 39]. These disparities cannot be accurately localised, highlighting the need for
simultaneous, integrated spatial and temporal analyses of both cropland extent and yield intensity to pinpoint
opportunities for sustainable land-use transitions.

While recognising that the causal links between agricultural productivity and area change have already been
addressed in a substantial and expanding body of literature, a notablemethodologicalmismatch persists
between spatial depth and statistical significance. On the one hand, global-scale studies primarily focus on cross-
country comparisons [20, 32, 33, 36] or decomposition analyses [31, 34] based on the Food andAgriculture
Organization (FAO) panel data, which has often been regarded the only consistent database for assessing yield-
area relationships.While these studies employ robust statisticalmethods (e.g. regressionmodels, cointegration
or decomposition analysis) or stylisedmodel experiments, they often rely on a-priori assumptions derived from
theoretical concepts and overlookwithin-country heterogeneity,masking localised dynamics. On the other
hand, research that uses spatially explicit data offers granular insights but often remains confined to particular
management contexts, specific crop types or individual countries [40–43], which limits its generalisability.

By using a spatially explicit data-driven approach ofmapping 1960–2020 cropland use and productivity
changes simultaneously at the global scale, this study addresses two gaps: (1) quantifying the spatiotemporal
patterns of global changes in cropland systems, particularly gross area expansion and contraction, yield increases
and decreases on croplands during the last six decades (1960–2020) and (2) examining country- and regional-
scale relationships between cropland productivity and expansion.
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By focusing on these integrated dimensions—rather than applying country-scale or context-specific
approaches—the study contributes novel insights into the complex interplay between intensification and land
use transitionswith a high resolution at the global scale. It builds upon existing frameworks and harmonises
available data while offeringmore spatial depth and data proximity than prior studies. This works illuminates
previously overlooked intra-country and cross-border dynamics that contribute to understanding the
relationship between intensification and land use expansion.

2.Method

2.1.Mapping cropland area changes
Wederived changes in agricultural areas from the land use/covermaps of theHistoric LandDynamics
Assessment+ (HILDA+) database, a data-driven reconstruction of global land use change from1960 to 2020 at
1 km spatial resolution [26].We used an updated version (version 2.0) ofHILDA+ (https://doi.pangaea.de/10.
1594/PANGAEA.974335) [44], which containsmore detailed subcategories of the cropland class. The
additional cropland-related land use categories tree crops, agroforestry and annual crops (definitions are
provided in Supplementary table S1)were derived from a combination of remote sensing-based spatial datasets
(see Supplementary table S2) and crop production statistics from the FAO [45]. Fractional coverage (area
fractions) of the new land use categories from spatial data was used for a potential reclassification ofHILDA+
version 1.0 land use categories cropland, pasture/rangeland, grass/shrubland or forests (notmatching ESACCI
forest categories). First, this involved a reclassification of the original spatial datasets (see Supplementary table
S2) into binarymaps for each of the new land use categories and subsequent resampling/reprojection to area
fractions on a 1 km-resolution target grid in Eckert IV projection. Second, the reclassificationwas carried out
using a likelihoodmap: For tree crops, the year-specific national-scale share of tree crop production on total
crop production fromFAO [45]wasmultipliedwith the area fraction of tree crops from the spatial datasets (the
closest reference year was used), resulting in a harmonised likelihoodmap of tree crop occurrence. Grid cells
with likelihood values of at least 0.5 (50% likelihood)were reclassified to tree crops. For agroforestry, only the
area fractions from the spatial datasets (Lesiv et al andZomer et al agroforestrymaps; see Supplementary table
S2)were used as likelihoodmaps, since there are no FAOproduction statistics available, applying the same
procedure as for tree crops, using a threshold of 0.5 for reclassification. All remaining formerHILDA+ cropland
areas that have not been reclassified to either tree crops or agroforestry are classified as annual cropland.

The areas of cropland as well as the areas of cropland expansion and contractionweremapped globally for
the period of 1960–2020 at decadal time steps. For croplands, theHILDA+ land use categories annual crops, tree
crops and agroforestry weremerged. From these data, we calculated the global and per-country net area changes
in croplands.

2.2.Mapping crop yield changes
Formapping and analysing changes in cropland productivity, we used the average crop yield (tonnes per ha) as
an indicator of output intensity.With a data-driven approach, we generated a time series of globalmaps ofmean
crop yield at 1× 1 km spatial resolution from1960 to 2020. The crop yieldmapswere developed froma base
map drawing onfive spatial datasets, national crop yield statistics from the FAOand the annual trends in crop
yields derived from four spatial datasets.

2.3. Basemap of crop yields 2000
Wefirst generated a harmonised basemap ofmean crop yield in the reference year 2000 based onfive global
datasets containing yield as a variable (EarthstatM, Earthstat-R, GAEZ,GDHY, SPAM; see table 1).

To derive this basemap, we calculated theweighted-average crop yield of all available crop types in the
respective datasets at the pixel level, using the formula:
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with ̅yw as theweighted average crop yield, yi as the yield and ai as the harvested area for one crop type at a
specific location (pixel). Thismethod accounts for the proportion of harvested area per crop typewithin each
pixel.

For datasets lacking harvested area data, an unweighted average yieldwas used. The resultingmapswere
resampled and reprojected to a 1× 1 kmgrid in Eckert IV equal-area projection and a pixelwise average was
calculated, with non-cropland pixelsmasked out (according toHILDA+). The harmonisedmapwas calibrated
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to FAOnational crop yield statistics (FAO, 2022) by adjusting pixel yields tomatch national weighted-average
yields, ensuring consistency.We excluded all crop types within a country that were not covered as complete time
series in the FAO statistics in order to avoid sharp yieldfluctuations due to data gaps, abandoning or introducing
certain crop types. Thefinal FAO-calibratedmap provides globalmean crop yields at a 1 km resolution for 2000.
For a detailed description of themethodological steps, please refer to the Supplementary Information S1.

2.4.Data-derived reconstruction of crop yields 1960–2020
We reconstructed global crop yields from1960 to 2020 using FAOdata (FAO, 2022) and various spatial datasets
(see table 1). Country-specific yield values were adjusted for changes in country boundaries using trends from
predecessor countries.We extended FAOdata (covering 1961–2020) back to 1960 via linear extrapolation.
Trendmaps from the Earthstat-R, GAEZ,GDHY and SPAMdatasets were used to derive relative yield changes.
Starting from a basemap in 2000, we iterativelymapped yields at five-year intervals, calibrating changes to
national FAO trends. This process was applied to theHILDA+ cropland areas, resulting in global yieldmaps at a
1 km spatial resolution. For detailedmethods, see Supplementary Information S2.

2.5. Analysis of relation between crop yield and area changes
The relation between crop yield changes and crop area changes was analysed by country and agroecological zone.

For a country-by-country comparison, we used a commonly used classification of countries adopted by the
FAOand based on theWorld Bank income group. It categorises countries by their gross national income (GNI)
per capita into four different groups (low-income, lower-middle-income, upper-middle-income, high-
income). For this analysis, the country grouping from the year 2023was used [52]. Preceding changes in the
income group of the countries were neglected.

To account for spatial heterogeneities within countries, we analysed crop yield and crop area changes for
each country and agroecological zone. For this, theGAEZ v4, a simplified classification of 33 agroecological
zones was used [49, 53]. Its underlying climate information is based on historical data for the time period
1981–2010. The agroecological zones were combinedwith the country areas to combined agroecological
country zones for further regional time series analyses.

To analyse the relationship between crop yield and area changes, wefirst conducted a cross-correlation
analysis. Thismethod allows for the examination of the temporal relationship between two time series,
accounting for potential time lags.We applied this analysis to the combined agroecological country zones from
1961 to 2020, using crop yield changes (t/ha) and cropland area net changes (km2) as variables. The cross-
correlation functionwas computed for lags up to 5 years to capture both immediate and delayed effects. Key
metrics derived from this analysis include:

• Correlation coefficient: Indicates the strength and direction of the relationship between yield and area
changes.

Table 1. Spatial datasets used for crop yieldmapping.

Dataset Variable Crop types Spatial resolution Temporal resolution References

Earthstat-M •Harvested area 175 crops 5 arc

min (�10 km)
2000 [46]

•Yield

Earthstat-R •Harvested area 4 crops:maize, soybean,

rice, wheat

5 arc

min (�10 km)
1995, 2000, 2005 [47] based on [46]

•Yield

Earthstat-R-

trend

•Rate of yield

change

4 crops:maize, soybean,

rice, wheat

5 arc

min (�10 km)
1961–2006 [48]

GAEZ •Harvested area 26 crops 5 arc

min (�10 km)
2000, 2010 (v4);

2015 (v5)
[49, 50]

•Yield

•Production

GDHY •Yield 4 crops:maize, soybean,

rice, wheat

0.5 deg annual 1981–2016 [28]

SPAM •Harvested area 42 crops (20 crops
in 2000)

5 arc

min (�10 km)
2000, 2005, 2010 [51]

•Physical area

•Yield

•Production
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• P-value: Represents the statistical significance of the correlation.

• Optimal time lag: Identifies the time delay at which the correlation is strongest.

We categorized the relationships based on the direction (positive or negative) and significance (p< 0.05) of
the correlations. This initial analysis provided insights into the overall patterns of association between yield
increases and cropland expansion across different regions.

Building upon thesefindings, we employed theGranger causality test to further investigate potential causal
relationships between crop yield increases and cropland expansion. This statistical approach allows for the
examination of whether changes in one variable (e.g., crop yield change) can predict future changes in another
variable (e.g., cropland area change). The test was applied to the same dataset used in the cross-correlation
analysis.We utilized amaximum lag of 5 years to account for potential delayed effects. The analysis yielded
several keymetrics:

• F-statistics: These values indicate the strength of the causal relationship, with higher values suggesting stronger
causality.

• P-values: These represent the statistical significance of the causal relationship, with values below 0.05
considered significant.

• Optimal lag times: These indicate the time delay (in years) at which the causal relationship is strongest.

• Covariance coefficients: These determine the direction (positive or negative) of the relationships.

Based on thesemetrics, we categorised the causality types as bidirectional (significant in both directions),
unidirectional (yield to area or area to yield)with positive or negative relationships, or no causality. This
approach provided insights into land sparing dynamics and potential rebound effects across different regions.
For instance, a significant unidirectional causality from yield to areawith a negative coefficientmight suggest
land sparing, while a positive coefficient could indicate a rebound effect.

The combination of cross-correlation andGranger causality analyses allowed for a comprehensive
examination of the complex relationships between cropland intensification and land use change over six
decades.

3. Results

3.1. Cropland area changes
By aggregating all areas of cropland expansion (with cropland comprising annual crops, tree crops and
agroforestry) during the last six decades, we find that global cropland has expanded by a total of 4.09million km2

(ca.+27%), an area that ismore than twice the size ofMexico.
Of this gross expansion area, about 30% (1.25million km2) is the result of deforestation. Another 30%

(1.22million km2)was at the expense of other natural vegetation areas. Globally, the largest areas of cropland
expansion can be found in tropical regions, particularly inWest Africa, the Amazon basin and Indonesia (see
figures 1(a)–(c), (e)). Cropland classes with the strongest expansion extent were annual crops (2.91million km2;
71%of the expansion area), followed by tree crops (1.04million km2; 25%of the expansion area). The expansion
of agroforestry at 0.14million km2was comparatively small (only 3%of the expansion area). It is striking that
around 63%of the increasing tree crop areas have expanded into natural forests (0.66million km2). This implies
thatmore than half of the global deforestation for cropland (52%)was due to the expansion of tree crops (e.g. oil
palm, cocoa, or rubber). Hence, this suggests that tree crops have been the largest driver of global deforestation
for cropland in the last 60 years.

However, croplands have also contracted in some regions, particularly in Europe (see figures 1(a),d).
Globally, 2.55million km2 (ca. 17%) of cropland areaswere abandoned from1960 to 2020.Of this gross
cropland contraction area, around 29% (0.75million km2) transitioned into forests, and another 29%
(0.74million km2) transitioned into other natural vegetation.

Considering both gross expansion and contraction areas, wefind that the global cropland changewas a net
expansion of 1.53million km2 (+10%).

Countries with the largest gross cropland expansion are Indonesia (ca. 420,000 km2), India (257,000 km2),
Brazil (228,000 km2), China (223,000 km2) and theU.S. (215,000 km2). It ismainly tropical regions that have the
largest deforested areas for crop production. Indonesia has the largest such change, with a deforestation area for
cropland of ca. 327,000 km2. Indonesia is followed by Brazil (�90,000 km2), China (�70,000 km2), Nigeria
(�60,000 km2) andMalaysia (�50,000 km2). In all of these countries except Brazil, tree crops are by far themost
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important cause of deforestation. In Indonesia, tree crops account for 89%of the total deforestation for
cropland, inChina for 76%, inNigeria for 89% and inMalaysia asmuch as 97% (see figure 1).

In contrast, the largest cropland contraction can be found in the E.U. (ca. 430,000 km2), theU.S.
(270,000 km2), India (250,000 km2), Russia (220,000 km2) andChina (140,000 km2). Apart from India, these are
high-income or uppermiddle-income countries located in theGlobalNorth.

In terms of the overall net change in cropland area from1960 to 2020, the highest cropland increases are
found in emerging countries of theGlobal South, particularly in tropical regions (see Supplementary figure S1).
Again, Indonesia has the largest increase with a net cropland increase of around 410,000 km2, followed by Brazil
(150,000 km2), Thailand andArgentina (130,000 km2 each) aswell asMalaysia (100,000 km2).Wefind that the
share of tree crops on deforestation areas is remarkably high in countries of Southeast Asia (e.g. Indonesia 89%,
Thailand 99%,Malaysia 97%) and Sub-SaharanAfrica (e.g. Nigeria 91%,Côte d’Ivoire 53%,Uganda 73%), but
comparably low in Latin America (e.g. Brazil 0%,Argentina 0%,Colombia 20%). The largest net cropland
decreases aremainly found for annual crops in the E.U. (ca. 320,000 km2) - particularly in Poland (60,000 km2),

Figure 1.Mapof cropland area change from1960 to 2020 including areas of stable cropland, expansion, and abandonment. Expansion
areas are further subdivided into the expansion of agroforestry, tree crops and annual crops. Themaps have global (a) and regional (b):
West Africa, (c): Indonesia (d): Europe, (e): Brazil) extent. The bar chart shows the global areas under the different cropland change
categories. This figurewas adapted from [54].
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Italy (50,000 km2) and Spain (40,000 km2) - in Russia (160,000 km2), theU.S. (60,000 km2) aswell as in Australia
(40,000 km2). It is striking that countries of theGlobalNorth,mostly high-income countries, are exclusively
among the top net cropland contracting countries (see Supplementary figure S1).

3.2. Crop yield changes
By reconstructing the changes inmean crop yield for the last six decades (1960–2020) as an output-based
measure of cropland intensity, wefind that global crop yields have increased by around 3.74 t/ha to a total
average of 6.27 t/ha, which is an increase of around+2.5%per year.

Regionswith the highest absolute increases inmean crop yield from1960 to 2020 are located in the Arab
region (Kuwait+64 t/ha, Jordan+11 t/ha), in Central America (Costa Rica+23 t/ha, Guatemala+16 t/ha,
Puerto Rico+12 t/ha), theNetherlands (+24 t/ha), Belgium (+16 t/ha) as well as Swaziland (+39 t/ha; see
Supplementary figure S2). Apart from theArabian Peninsula andCentral America, we alsofind high relative
yield improvements inNorthernAfrica. In contrast, the greatest declines in crop yield from1960 to 2020 can be
found in countries located at the Caribbean Sea, e.g. Barbados (� 39 t/ha) orGuyana (� 14 t/ha). Also, some
countries in sub-SaharanAfrica—Sudan (� 0.9 t/ha) andNamibia (� 0.8 t/ha)—show yield declines. In Europe,
overall crop yield decreases can only be observed inNorway (� 1.1 t/ha) andMoldova (� 0.7 t/ha; see
Supplementary figure S4).

Focussing on the countries with the largest crop production, we identify high crop yield increases in
countries of Southeast Asia, such asMalaysia (+10.5 t/ha or+610%), Thailand (+5.7 t/ha or+255%), and
Indonesia (+6.0 t/ha or+200%), but also inChina (+8.2 t/ha or+412%) and Pakistan (+5.7 t/ha or+304%;
seemaps infigure 2 for relative and Supplementary figure S4 for absolute changes).

Eastern Europe as well as countries in the Sahel Zone show comparably lower yield increases than other
countries with large cropland areas (see figures 2(a), (b), d). This is due to largefluctuations in crop yields over
time (see Supplementary figure S5).

3.3. Yield increase versus cropland expansion
By comparing the crop yield increases with cropland expansion during the period 1960–2020, we find that high-
income countries,mostly in temperate zones ofNorthernAmerica, EasternAsia and Europe, have tended to
increase their yields while reducing their cropland areas, whereas low-income countries in tropical zones of
Africa, Latin America and South-eastern Asia have improved yields less but substantially increased cropland
area. (See figure 3 andfigure 4 for a regional-scale and Supplementary figure S6 for a country-scale comparison
of changes in yields and area). It is striking thatmiddle-income countries belonging to the group of emerging
markets, which are characterised by high rates of economic growth andmainly located in the tropics (e.g. Brazil,
Indonesia, Thailand, Colombia, andMalaysia), showboth high crop yield increases and cropland expansion
rates from1960 to 2020.

However, the relationship between yield increase and cropland expansion has not always been the same
everywhere over time. Supplementary figures S7 and S8 show the pathways of decadal cropland yield and area
change for different countries during 1960–2020. Croplands in Indonesia, for example, went through a period of
yield increase withoutmajor expansion during 1960–1990, whichwas followed by a 10-year expansion phase
and,finally from2000 onwards, by bothmassive crop yield increases and expansion. Brazil experienced sharp
crop yield increases with high but declining cropland expansion rates since the 1980s.However, a decline in
yields and cropland area is noticeable during the last decade (2010–2020). Nigeria has a highly dynamic
trajectory, with 30 years of yield increase and net cropland contraction followed by an enormous cropland
expansionwith low rates of yield increase and even decrease during 2010–2020. China underwent a phase of
cropland abandonment during 1960–1980, followed by high yield increases with cropland expansion.
Interestingly, theU.S. shows a shift from30 years of cropland expansion to 30 years of contraction, particularly
during 1990–2010, while crop yield increases have been consistently high. The trajectories of yield increase and
cropland expansion in Russia, Ukraine andKazakhstan during 1960–2020 are characterised by largefluctuations
in crop yield changes and large-scale cropland contraction.We find that the E.U. has followed a long- time
trajectory of large net cropland contractionwith constant yield increases, interrupted by a phase of stagnating
yields during 1990–2010.

Cross-correlating the annual crop yield change and gross cropland expansion at the regional level
(agroecological country zones) resulted inweak tomoderate positive and negative correlations (seefigure 5)with
average values of significant positive correlation coefficients of ca. 0.34 (min: 0.25,max: 0.67) and significant
negative correlation coefficients of ca. � 0.33. (min: � 0.61,max: � 0.26).We identified areas of significant
moderate positive correlations (correlation coefficients between 0.5 and 0.7) on irrigated croplands, such as in
northernChile andTunisia, in the tropical highlands of Tanzania, Colombia and Ecuador. The tropical
lowlands ofWesternAfrica (Guinea,Mali, Sierra Leone, Togo), South-eastern Africa (Zimbabwe, Zambia and

7

Environ. Res. Commun. 7 (2025) 055013 KWinkler et al



Malawi) and South-eastern Asia (Indonesia andVietnam) also show significant positive but slightly lower
correlations (correlation coefficients between 0.3 and 0.5). In contrast, significantmoderate negative
correlations between crop yield and cropland area changes (correlation coefficients between � 0.5 and � 0.7) can
be found in the tropical lowlands of EasternAfrica (Tanzania andBurundi) and theCaribbean (Nicaragua,Haiti,

Figure 2.Relative crop yield change (in%) on croplands from1960 to 2020: Global (a) and regionalmaps (b)–(e), bar chart (bottom)
displaying the averages for the top 20 crop producing countries (incl. EU27 as country group). This figurewas adapted from [54].
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Venezuela). Lower negative correlations (correlation coefficients between � 0.3 and � 0.5) are also evident
around irrigated cropland areas, such as in Sri Lanka, the sub-tropicalMediterranean (Italy, southern France)
and South-eastern Europe (Romania, Ukraine), as well as in temperate cool regions of Central Europe (Czechia,
Germany) and the tropical lowlands of Central America (Mexico, El Salvador, Costa Rica).

Figure 3.Relation ofmean crop yield change (in t/ha) and cropland net area change (in 103 km2) for all global agroecological zones
and countries during 1960–2020.Dots are coloured based on (a)different world regions based on FAOand (b) country-specific
income groups based on FAO.
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By applying aGranger causality test to explore whether changes in crop yield can predict changes in cropland
area or vice versa, wefind significant causal relationships between annual crop yield and area change on only
32%of the agroecological country zones (n= 1464). Those regions show average F-statistics of ca. 5.6 (min: 2.4,
max: 27.9), indicatingmoderate to strong predictive causal relationships between annual crop yield and area
changes in the significant agroecological country zones, with varying strengths across different regions. In 68%
of the regions, no causal relationship is recognised.We identify differentGranger causality types for the
relationship of crop yield and area changes: unidirectional causality from yield to area on 14%, unidirectional
causality from area to yield on 13%and bidirectional causality between both yield and area on 6%of the analysed
agroecological country zones.

Ca. 7%of the agroecological country zones showed a unidirectional causality from yield to areawith
negative covariance coefficients. This significant ‘yield � area’ causality with a negative relationship of yield and
area changes indicates that yield increases lead to reduced cropland area, supporting the land sparing hypothesis.
Strikingly, the agroecological zonemost associatedwith such a land sparing causality type is characterised by
extensive irrigation (14%of cases), followed by landwith terrain limitations (10%), dominantly built up land
(7%), dominantly hydromorphic soils (7%) andwater (7%). Land sparing can be attributed to larger regions in
Europe,WesternAfrica, Argentina, Central America,Western and South-eastern Asia (see blue areas in
figure 6).Wefind the highest ‘land sparing’ causality in humidwarm (mean F-statistics of 12.8) and sub-humid,
moderately cool subtropics (F-statistics of 9.1), zones with steep terrain (F-statistics of 12.5) and sub-humid
tropical high- and lowlands (F-statistics of 7.5, 6.3).World regions inwhich the land sparing causality is
strongest are South-eastern Asia (F-statistics of 7.2), SouthAmerica (F-statistics of 7.0), andWesternAfrica (F-
statistics of 6.0).

Wefind a significant unidirectional Granger causality from crop yield to area with positive covariance
coefficients on another ca. 7%of the agroecological country zones. Significant ‘yield � area’ causalities with a
positive relationship of yield and area changes suggest that yield increases lead to increased cropland expansion,
indicating a rebound effect where efficiency gains paradoxically increase land as a resource use. Again, landwith
terrain limitations (15%of the cases), dominantly hydromorphic soils (9%) and ample irrigation (9%) are the
agroecological zones inwhichmost ‘rebound effect’ causality types are present.Wefind the strongest Granger-
causalities for the rebound effect in semi-arid, sub-humid and humid lowlands of the tropics (mean F-statistics
of 12.5, 10.2, 7.7), most notably in Eastern (Tanzania,Malawi Zambia), Southern (Botswana) andWestern
Africa (Ghana, Côte d’Ivoire, Guinea), Eastern and South-eastern Asia (China, Vietnam; see red areas in
figure 6).

Further, unidirectional Granger causalities from cropland area to yield changes with positive correlation
coefficients are evident in Southern Europe, Indonesia, Colombia andWesternAfrica. (see green areas in
figure 6). This suggests that increases in cropland area are driving or coincidingwith subsequent increases in
crop yields. Strongest Granger-causalities for this area-induced intensification can be found in cold, wet
agroecological zones aswell as wet and dry, cool temperate regions (mean F-statistics of 15.2, 8.1, 7.8). Once
again, land scarcity, in the formof terrain limitations and dominantly steep terrain, plays an important role.
They represent 27%of the agroecological country zones with a causality type of area-induced intensification.

The relationship between crop yield and cropland changes demonstrates not only temporal differences but
also substantial spatial variations. Different agroecological zones within the same country have diverging yield
and cropland change relations. Opposing trends in neighbouring regions can be seen inArgentina, with
indications for land sparing in the Pampas and a rebound effect in the Espinal (see figure 6(a)). Regional
disparities on sub-national level can also be observed in subtropical southernChina and inVietnam (see
figure 6(c)), in Colombia andVenezuela (seefigure 6(e)), southern and eastern Europe (see figure 6(d)).

While tropical agroecological zones experienced an increase in yields and an expansion of cropland between
1960 and 2020, temperate regions tended to increase their yields and decrease their cropland area over the same
period. In subtropical zones, deserts and regionswith terrain limitations, yields tended to increase less and
sometimes even decrease, while cropland often contracted between 1960 and 2020 (see figure 4).

4.Discussion

4.1. Regional heterogeneity across the globe
An added value of this study is the integration of both global coverage and high spatial resolution. As land use
and yield dynamics are simultaneouslymapped in a spatially explicit way at a 1 km2 resolution, the presented
database allows for analysing spatiotemporal patterns from local to regional as well as from country to global
scales. The analysis at the agroecological country level (as demonstrated here) serves as a sample of such a global
assessment at the sub-national level.
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The spatial heterogeneity identified in crop yield-area dynamics provides critical nuance to existing
frameworks by revealing how subnational agroecological conditionsmediate intensification outcomes.While
García et al (2020) [33] andGoulart et al (2023) [39] emphasise regional-scale land-sparing or rebound effects,
this study demonstrates that opposing trends (e.g., Argentina’s Pampas vs. Espinal) can coexist evenwithin
single countries, highlighting the importance of localised drivers. By contrasting tropical cropland expansion
with temperate land sparing and subtropical cropland contraction, the findings advance beyondRudel et al
(2009) [55] andVilloria (2019) [33], which primarily attribute global patterns to broad economic forces, by
illustrating divergent pathways likely shaped by terrain, climate, and institutional factors at subnational scales.
This granular spatial perspective offers amore actionable framework for tailoring interventions, such as
prioritizing yield gains in ecologically sensitive zones whilemanaging rebound risks in high-demand regions.

Our approach extends the existing body of scientific research in this field, which predominantly relies on
FAOdata alone, thereby neglecting cross-border and sub-national variations.Our spatially explicit analysis
reveals a gross cropland expansion of approximately 4million km2 globally, nearly double the FAO’s reported
net expansion of 2.3million km2 between 1960 and 2020 [56]. This significant disparity underscores the
limitations of relying solely on net changes, whichmask substantial underlying gross dynamics occurringwithin
national boundaries. Specifically, FAO statistics reflect aggregate outcomeswhere concurrent cropland
expansion and contraction offset each other, obscuring the true scale of land conversion processes. By capturing
these detailed spatial patterns, our approach highlights the essential value of high-resolutionmethodologies in

Figure 4.Relation of crop yield and cropland area changes across agroecological zones (a)Relation ofmean crop yield change (in t/ha)
and cropland net area change (in 103 km2) for all global agroecological zones and countries during 1960–2020.Dots are coloured
based global agroecological zones (GAEZv4). The top 30 crop producing countries (2020)were outlined in black and labelled
according to their ISO3 codes: CHN:China; IND: India; BRA: Brazil; USA:United States of America; IDN: Indonesia; RUS: Russia;
NGA:Nigeria; THA: Thailand; ARG: Argentina; PAK: Pakistan;MEX:Mexico; TUR: Turkey; UKR:Ukraine; FRA: France; CAN:
Canada; VNM:Vietnam;MYS:Malaysia; PHL: Philippines; DEU:Germany; BGD: Bangladesh, EGY: Egypt; ESP: Spain; POL: Poland;
AUS: Australia; COL: Colombia; IRN: Iran; COD:DRCongo;MMR:Myanmar; ITA: Italy; GHA:Ghana. Note that not all labels are
displayed due to overlapping content.
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