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PUBLIC SUMMARY

m Powerful soil-vegetation satellite proxies generated 90-m soil-property maps.
m 64% of the world's topsoil is sandy and highly degradable.

m Global topsoil stores 900 Gt of carbon, of which 54% is in natural vegetation.
m Tillage positively affects fertility by making nutrients available.

m Tillage negatively affects soil health by depleting carbon.

m The top 10 largest countries collectively store 75% of the global carbon stock.
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Soil has garnered global attention for its role in food security and climate
change. Fine-scale soil-mapping techniques are urgently needed to sup-
port food, water, and biodiversity services. A global soil dataset integrated
into an Earth observation system and supported by cloud computing en-
abled the development of the first global soil grid of six key properties at
a 90-m spatial resolution. Assessing them from environmental and socio-
economic perspectives, we demonstrated that 64% of the world's topsoils
are primarily sandy, with low fertility and high susceptibility to degradation.
These conditions limit crop productivity and highlight potential risks to
food security. Results reveal that approximately 900 Gt of soil organic car-
bon (SOC) is stored up to 20 cm deep. Arid biomes store three times more
SOC than mangroves based on total areas. SOC content in agricultural soils
is reduced by at least 60% compared to soils under natural vegetation.
Most agricultural areas are being fertilized while simultaneously experienc-
ing a depletion of the carbon pool. By integrating soil capacity with eco-
nomic and social factors, we highlight the critical role of soil in supporting
societal prosperity. The top 10 largest countries in area per continent store
75% of the global SOC stock. However, the poorest countries face rapid or-
ganic matter degradation. We indicate an interconnection between societal
growth and spatially explicit mapping of soil properties. This soil-human

nexus establishes a geographically based link between soil health and hu-
man development. It underscores the importance of soil management in
enhancing agricultural productivity and promotes sustainable-land-use
planning.

INTRODUCTION

Environmental, agricultural, and climate-change research has historically fo-
cused on above-ground factors,' although soil plays a vital role in the function-
ing and maintenance of global ecosystems. However, it has been marginalized
in conservation and protection strategies”* and hotspots of biodiversity stud-
ies.* Until the early 2000s, soil was largely overlooked. Since then, soil has re-
ceived attention because of growing environmental concerns, becoming a
prominent topic in international agreements. As soil is one of the largest car-
bon sinks on Earth,® " its management is critical in carbon sequestration.® Soil
addresses societal needs for food and energy®; connects with smart climate
initiatives'%; and influences global water, energy, and biogeochemical cycles.'
The recognition of the essential nature of the soil has led to an increase in re-
search assessing soil functions, such as water storage and erosion control,'?
carbon storage and sequestration potential,'® ' surface temperature effects
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Table 1. Set of environmental covariates used for spatial predictions of soil properties worldwide

Factor Predictor name Resolution (m) Source Reference

Soil, parent material, age, and organisms soil-vegetation image (six Landsat bands) 30° GEOS3 Dematté et al.>®

Climate annual temperature 1,000° CHELSA® Karger et al.*
annual precipitation 1,0007

Relief elevation 90 MERIT® Safanelli et al.*°
slope 90 Theobald et al.*'
multiscale topographic position Index 90 Yamazaki et al.*?

Spatial position Euclidean distance to rivers 90 Behrens et al.*®

2The native resolution was resampled to 90 m.

bDatabase: CHELSA (Climatologies at High Resolution for the Earth’s Land Surface Areas, https://chelsa-climate.org/)
°Database: MERIT DEM (Multi-Error-Removed Improved-Terrain Digital Elevation Model, http://hydro.iis.u-tokyo.ac.jp/~yamadai/MERIT_DEM/)

on biodiversity,'® the provision of ecosystem services,'” and soil health
assessment.'®

Human-accelerated soil degradation underscores the urgent need for com-
prehensive and global monitoring of soil conditions. Although significant pro-
gress has been made in mapping soil properties worldwide,'®?° further re-
search is necessary to unravel the ecosystem processes influencing soil
health and to assess how these processes vary across different regions. A ma-
jor challenge is the limited availability of ground soil observation data. As a re-
sult, the finest resolution in global soil-property maps is currently limited to
250 x 250 m,?° which may impact prediction uncertainties, reducing the ability
to detect short-range spatial variability and hampering the interpretation of soil
properties.”! Furthermore, many global assessments of soil properties focused
predominantly on soil organic carbon (SOC)'*'%?? and were related to the global
carbon cycle.”® However, carbon dynamics in soils are influenced by numerous
factors, particularly mineralogy.>* In addition to SOC, other properties, such as
pH, cation exchange capacity (CEC), and clay content, are key ones in soil pro-
ductivity’® and health."®

In this study, we elaborated global-extent maps of topsoil properties reflect-
ing various soil processes across biological, chemical, and physical dimen-
sions.>?® SOC stocks (SOCSs) are a key biological indicator with significant en-
vironmental and economic implications, serving as a proxy for crop productivity,
climate-change mitigation, and carbon market valuation. Within the chemical
group, CEC supports nutrient retention and storage, while soil pH influences
its availability. In the physical category, clay content influences mineralogy, mi-
crobiology, and water retention, while bulk density (BD) directly impacts soil
health and plant growth.

To achieve this, we employed a fine grid resolution, utilizing remote sensing
(RS) data and machine-learning (ML) techniques. Specifically, we introduce
Earth observation bare-soil and vegetation proxies to address gaps around
the globe. These are fundamentally rooted in the well-documented intrinsic
physical relationship between spectral reflectance and soil in proximal studies””
and for RS studies.'®?® % Vegetation impacts soil composition, particularly
data from natural forests.”'

We can consider from the current literature some key gaps in digital soil
mapping (DSM) at a global scale,>” which are the need to (1) obtain more
soil observation points, filling the gaps in the current datasets and also
covariates more strongly correlated with soil properties; (2) obtain finer
spatial resolution products; (3) connect soils with ecological and socio-
economic domains through integrated analyses that consider multiple
critical soil properties across diverse climates, ecoregions, countries,
and other topics; and (4) validate the products directly in the field, despite
the statistical parameters.

Thus, this work contributes to filling these gaps by mapping six key soil
properties (SOC content and SOCS, clay, pH, CEC, and BD) at a fine spatial
resolution with an innovative system. We also discuss in depth the rela-
tionship between these properties with land use, climate, soil manage-
ment, soil health, economic factors, and other topics across the globe.
In collaboration with expert partners worldwide, we pooled together a
novel global database consisting of public and private. We bring to light
the comparison and discussion between data from different science do-

mains.®® Our research provides compelling insights on soil properties
with current global socio-economic challenges, in particular the role of
soil in addressing existential issues of climate-change mitigation, water
and food security, and biodiversity protection.

MATERIALS AND METHODS
Soil data

We selected key indicators relevant to sustaining healthy and functional soils.”® We
leveraged global open soil databases and reached out to multidisciplinary researchers
and organizations worldwide to gather over 150,000 georeferenced soil observations
from countries around the world (Figure S1, Supplemental Note 1; Tables S1-S3, Supple-
mental Note 2). However, some had data access restricted due to institutional policies. The
data were harmonized, quality checked, and then merged into a unified database for inter-
polation to a depth interval of 0—20 cm using an equal-area spline to preserve mass.** We
specifically focused on the soil properties with high data availability for spanning the soil
pillars: biological, SOC (g kg~") and SOCS (Gt); chemical, CEC (mmolskg~"),and pH in water
(unitless); and physical, clay content, and BD, g cm™). The BD was estimated using an im-
proved pedotransfer function.*®

Environmental covariates

We carefully selected a (parsimonious) set of environmental covariates (Table 1) to rep-
resent key soil formation factors, adopting the SCORPAN (soil, climate, organisms, relief,
parent material, age, and spatial position) model framework.*® We used Google Earth En-
gine (GEE)”’ to retrieve these covariates from RS data, where their pixel sizes were re-
sampled to a target size of 90 m to provide comprehensive spatial predictions. The soil-veg-
etation image represented the factors related to soil, parent material, age, and organisms. It
was derived from the Landsat series imagery between 1985 and 2022, processed to re-
trieve cloud-free surface reflectance of bare surfaces,*® where remaining gaps due to per-
sistent land cover across time were filled with the reflectance of potential natural (perma-
nent) vegetation using the Geospatial Soil Sensing System (GE0S3).%° This consists of
continuously validating the spectral information acquired by the system, with fieldwork, un-
til reaching the best of its performance. In conclusion, the new GEOS3 passed through 5
years of constant improvement until reaching the final bare-soil image.

Annual mean temperature and precipitation were derived from the CHELSA Bioclimatic
dataset™ to represent climatic influences on soil properties. Topographic factors, including
elevation, slope*® and multiscale topographic position index,*’ were derived from the
MERIT Digital Elevation Model.*? The factor related to the spatial position was represented
by the Euclidean distance from sites to rivers equal to or greater than the third level of Strah-
ler's ordination system.*

Soil-property mapping

We processed soil data to match the target spatial resolution by averaging values
within a 90 x 90-m area, thus ensuring a single soil-property value per pixel. At each aver-
aged soil data site, covariates were sampled to create a comprehensive dataset for mod-
eling. The approach followed the geospatial mapping pipeline™* using a fully Python-based
workflow implemented on Google Colab. The cloud infrastructure, including Google Cloud
Storage and GEE, supports data-storage, processing, and computational needs. This
framework enabled streamlined handling of our large geospatial datasets, facilitating
the integration and analysis of soil data and environmental covariates for mapping of
soil properties worldwide.
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Table 2. List of global data crossed with our soil-property maps
Category Description References
Climate zones updated Koppen-Geiger climate zones Beck et al.*®
Terrestrial ecoregions ecoregions focusing on vegetation types within Olson et al.*’

the 14 major world ecoregions

Countries 196 political subdivisions across the world N/A
Continents six densely populated regions of the planet N/A
World all mapped Earth area N/A
Land use and land cover different land uses and land cover, considering Zanaga et al.*®

stratification by largest countries by area, continents,

climate zones, and biomes

GDP

total and per capita mean values from 2021-2028

International Monetary Fund*®

projections for the 20 wealthiest, intermediate,

and poorest countries

Gross product of agriculture

Share of the population in extreme poverty

total mean value reported from 2022 to 2022 for
20 countries with higher, intermediate, and lower
production values countries

share of population living in extreme poverty mean

Food and Agriculture Organization
of the United Nations®®

World Bank®'

value from 2015 to 2024 (living with less than US$2.15 per day)

Model building and optimization

The SCORPAN modeling paradigm® predicts individual soil properties (SOC, SOCS, clay,
CEC, pH, and BD) using stacked environmental variables as inputs. The model training proc-
ess involved hyperparameter tuning of a random forest (RF) algorithm,*° focusing on three
key parameters: variables per split, defined as ranges from 4 to the total number of cova-
riates stepped by 4, controlling the number of covariates considered at each tree split; mini-
mum leaf population, tested values of 3, 6, and 9, setting the minimum sample size for each
tree leaf; and maximum nodes, set at 500, 1,000, and 1,500, determining the maximum
complexity of each tree.

A grid search across these parameters yielded 27 model combinations. Each model was
evaluated using 10-fold cross-validation, stratified by biome to ensure representative per-
formance across ecological regions. Performance metrics, including the coefficient of de-
termination (R?), root-mean-square error (RMSE), and ratio of performance to interquartile
range (RPIQ), were calculated. Models were ranked based on the highest mean R? scores
across all folds, and the top-performing model was selected for final predictions.

Spatial prediction

Bootstrap sampling was used to assess prediction uncertainty and generate ensemble
soil maps. The site-specific soil data were resampled 100 times, with each iteration ensur-
ing representative sampling across different biomes. For every bootstrap iteration, a new
RF model was trained and applied to classify the study area, resulting in a series of predic-
tive maps. These maps were aggregated to calculate the mean prediction; the ensemble
mean of all bootstrap predictions, forming the final soil map; and the uncertainty map, cal-
culated by the difference between the 2.5th and 97.5th percentiles across bootstrap predic-
tions, highlighting areas with higher predictive uncertainty.

Data interpretation

To assess the mapped soil properties across multiple global perspectives, we inter-
sected vector polygon data from diverse sources (Table 2) with our soil-property maps.
For each polygon, we computed zonal statistics (including mean and sum) of the soil prop-
erties for further analysis. This allowed us to analyze spatial variability and distribution of
soil properties within defined geographic and socio-environmental frameworks.

Statistics for biome and soil properties

Canonical correspondence analysis (CCA) was used to investigate the relationship be-
tween soil attribute maps (clay, organic carbon, pH, CEC, BD, and organic carbon stock)
and the biome map. The CCA is an ordination technique that seeks to identify canonical
axes that maximize the correlation between environmental variables (soil properties) and
the distribution of groups (biomes). The model was tested for statistical significance using
permutations (999 permutations), and the proportion of variance explained by the canon-
ical axes was calculated. The analysis provided canonical correlations, explained variance,
and provided a p value to assess the global significance of the relationship between biome
maps and soil-attribute maps.

RESULTS AND DISCUSSION
Key soil properties at the planetary scale and the model’s performance
assessment

Our global soil properties reveal spatial patterns under different environments
(Figure 1) and are relevant indicators for sustaining healthy and functional
soils.®? We achieve moderate to high model fit with R? in the validation phase,
varying from the lowest (0.36 for clay content) to the highest (0.57 for SOCS).
The increasing RPIQ values of 0.42 (SOC) < 0.47 (CEC) < 1.21 (BD) < 1.32
(SOCS) < 1.50 (clay) < 1.86 (pH) suggest that clay and pH were modeled with
the highest accuracy (Figures ST and S2, Supplemental Note 1) for sample den-
sity and uncertainty maps.®® These values are consistent with other large-scale
DSM at continental and global scales (Tables S1-S3, Supplemental Note 2).

The performance of prediction models varied between soil properties due to
several factors, including sampling density, covariates' importance, and latitudi-
nal pattern (Figure S1, Supplemental Note 1).5*°° The dilemma of global soil leg-
acy databases has been the geographical imbalance in soil observation density.
Most uncertainties occurred in the Northern Hemisphere, particularly in Russian
and Canadian territories (Figure S2, Supplemental Note 1), where there were
fewer soil observation points. Globally, CEC maps had the greatest uncertainty
and pH the lowest. The global mapping approach also observed this trend.”**°

An innovation of the present work compared to other global DSM studies is
the use of a soil-reflectance proxy. This proxy is of great importance in spatial-
izing soil data because it is a direct measurement of the topsoil reflectance.®’
The Geospatial Soil Sensing System (GEOS3) demonstrated accurate results
in tests”?* and is supported by proximal sensing.”’ In areas covered by vege-
tation, the proxy offers an indirect estimation of soil properties.®” which DSM
allowed to fill gaps due to permanent vegetation cover. We instructed research-
ers to visit a field in their country and conduct observations, which were then
compared to the soil-property data collected by the system at the same location
(Figure S4, Supplemental Note 1). This new GEOS3 system indicates the impor-
tance of creating a model based on several field inspections and different vali-
dation procedures (quantitative and qualitative, plus field experience) until
reaching the best performance (Video S1, Supplemental Note 3, https://
esalggeocis.wixsite.com/english/videos-1).

The literature published over the last decades shows different predicted spa-
tial patterns for SOCSs, suggesting large uncertainties in SOC or BD measure-
ments and estimation methods (Table ST, Supplemental Note 2). For example,
global studies reported topsoil (0—30 cm) SOCSs of 504°° and 577 Gt.* Inter-
estingly, these published studies found different results even using the same
public legacy soil databases.® In contrast, we created a large database, com-
plementing publicly available legacy data with private information. The model-
ing reached a global SOCS of 900.1 Gt (Figures 1A and S3A) up to a depth of
0-20 cm with an R% of 0.57. Our estimate is 32% larger than the stock provided
by the FAO (Food and Agriculture Organization of the United Nations), which
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Figure 1. Maps of soil properties at 0- to 20-cm depth and 90-m resolution with modeling metrics (A2 Soil organic carbon stock (SOCS) in gigatons (Gt); (B) clay content; (C) soil
organic carbon content (SOC, g kg™ 1); (D) pH in water; (E) cation exchange capacity (CEC), and (F) BD. R?, coefficient of determination; StdDev, standard deviation; RMSE, root-mean-
square error; RPIQ, ratio of performance to interquartile distance. SOCS amount discounted icecap and rocks.

estimated 680 Gt of SOCS in topsoils,®® and 16% larger than that of Padarian
et al. (who estimated 793 Gt for the 0- to 30-cm depth in a grid at a resolution
of 500 m)."® Hiederer and Kéchy®® estimated SOCSs between 710 and 1,459 Gt
for the O-to 100-cm layer, and Scharleman et al.” reported a median of 1,437 Gt
for the same depth and from 27 individual studies. We reached 900.1 Gt SOCS
(0—20 cm), which is within the range estimated by other studies (Table ST, Sup-
plemental Note 2).

We utilized a comprehensive, multi-source dataset spanning the globe,
filling important data gaps. Our dataset performed a greater soil observa-

tion point density in some regions, such as South America and Asia (Fig-
ure ST, Supplemental Note 1) than for the World Soil Information Service
(WoSIS, https://www.isric.org/explore/wosis)®. For example, in Asia, we
increased from 4,176 to 16,274 from open-access to open-access + private
data, respectively. With this upgrade, we observed a greater variation in the
SOC amplitude. This improved geographic representation suggests better
reliability in the model. Previous studies have not utilized bare-soil proxies
or vegetation data within ML frameworks to predict soil properties world-
wide, nor have they mapped at a fine spatial resolution. Literature shows
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Figure 2. Soil properties in the Koppen-Geiger cli-
mate zones*® (A) Soil organic carbon (SOC) content

= (blue circles), soil organic carbon stock (SOCS, or-
~ [200.0

300.0

ange circles); (B) cation exchange capacity (CEC, pink
circles) and pH in water (green circles); and (C) clay
content (brown circles) and BD (cyan circles). The
respective blue, orange, and green spheres represent
the SOC, SOCS, and pH differences between the cul-
tivated areas and the native vegetation. Af, tropical
rainforest; Am, tropical monsoon; Aw, tropical sav-
anna; BWh, arid desert hot; BWk, arid desert cold; BSh,
arid steppe hot; BSk, arid steppe cold; Csa, temperate
dry summer hot summer; Csb, temperate dry sum-
mer warm summer; Csc, temperate dry summer cold
summer; Cwa, temperate dry winter hot summer;
Cwb, temperate dry winter warm summer; Cwc,
temperate dry winter cold summer; Cfa, temperate no
dry season hot summer; Cfb, temperate no dry sea-
son warm summer; Cfc, temperate no dry season
cold summer; Dsa, cold dry summer hot summer;
Dsb, cold dry summer warm summer; Dsc, cold dry
summer cold summer; Dsd, cold dry summer very
cold winter; Dwa, cold dry winter hot summer; Dwb,
cold dry winter warm summer; Dwc, cold dry winter
cold summer; Dwd, cold dry winter very cold winter;
(o] Dfa, cold no dry season hot summer; Dfb, cold no dry
2 | season warm summer; Dfc, cold no dry season cold

e summer; Dfd, cold no dry season very cold winter; EF,
‘ polar frost; ET, polar tundra.
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duction in extensive areas, particularly under
2l tal | technological constraints limitations.”'
= e We observed the lowest soil pH values (acidic
soils) in equatorial regions such as sub-Saharan
Africa, South America, and Indonesia, as well as
in some temperate regions of the Northern
Hemisphere rich in biomass (Figure 1). Dry-hot
regions such as the Sahara presented the high-
loa est pH (alkaline soils). While soil pH is largely
controlled by parent rock at local and regional
scales, it is also modulated by climate and
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that the smaller pixel sizes result in a gain of spatial details, improving the
performance of DSM.®' Despite this, prediction accuracy is inversely corre-
lated with spatial resolution.®>®? These differences can be seen by visual
inspection (Figure S4, Supplemental Note 1).

In an entire area with native vegetation in South America, FAO carbon-content
maps indicate abruptly different values. Our map indicated similar values in the
area, which is consistent with the same land use observed (native vegetation).
The visual inspection is impacted by the improvements of a fine-resolution map,
compared with the FAO (1,000 m). A consistency between land uses and SOCS
(Figure S4B, Supplemental Note 1) was achieved. We also compared our data
with soil grids (Figure S4A, Supplemental Note 1). Visual inspection of our maps
revealed that certain regions covering South America, Europe, and Asia ex-
hibited higher SOCS values when compared to the 250-m one. A field profile in-
spection from China (Figure S4C, Supplemental Note 1) presented a very deep
and dark pattern caused by a high carbon horizon at the surface, which agrees
with the same spot detected on the map.

We found that more than half of the world's land area (64.5%) consists of
sandy soils (soil clay content below 200 g kg™") (including sand, loamy sand,
and sandy loam), while 31.7% of areas have loamy soils and only 3.7% is clayey
(clay content over 200 g kg™ ). Areas with the highest clay values are in South
America, reflecting its geology and greater weathering. Low clay content can be
associated with sandy soils, a texture prevalent in desert areas and coastal
plains (i.e., southeastern US coastal plains or soils formed in glacial till parent
material). These soils typically exhibit low productivity, limiting agricultural pro-

&
@ o
Soil organic carbon difference between cropland and native vegetation (g kg ')

© Accumulated Soil Organic Carben Stock (SOCS, Gt) B Accumulated soil organic carbon stock difference between cropland and native vegetation (Gt)
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5 anthropogenic activities. Water balance controls
soil pH in dry climates, resulting in basic soils,
while, in wet climates, it produces acid.>® Agri-
cultural management, especially mineral fertil-
izer applications, has been attributed to a signifi-
cant decrease in pH values.

A meta-analysis of agricultural soils in China
found that, under the long-term application of nitrogen fertilizers in China
(1980—2024), soil pH decreased by 15.2%.°* Soil acidification has been linked
toincreased losses in inorganic carbon and elevated carbon dioxide (CO,) emis-
sions, degrading soil health and crop production.®® Mean pH decreased signifi-
cantly by 0.3 units with afforestation in a global meta-analysis,®® suggesting
that acidification is amplified through land-use change, which can cause signifi-
cant depletion of microbial diversity and community composition.®* Higher BDs
were found in desert areas, which have sandy soils rich in quartz. BD is used to
calculate SOC stock and nutrient storage®” and, thus, has major significance in
producing accurate global SOCS and SOC sequestration assessments from a
local to global scale. Some areas dominated by clayey soils in Brazil presented
low BDs, highlighting its relationship with soil compaction and water infiltration
capacity reduction.®®

The CEC is an indicator of nutrient retention, for which we calculated a mean
value of 167.1 mmol, kg™ (Figure 1). The highest nutrient-holding capacities
were found in temperate environments, such as South Australia, Europe, East
Asia, and North Africa. CEC usually keeps a direct relationship with soil miner-
alogy and fertility and represents the total capacity of the soil to hold exchange-
able cations required by plants.®®

Qap va‘(' fo” Q:\b' & @

Benchmarking soil properties by climatic zones

We organized the soil properties distribution in Figure 2 according to the 30
climate zones of Kdppen-Geiger.“® The highest values of SOC (261.2 g kg™")
and SOCS (268.9 Gt) were found in the humid continental zone with a very
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Figure 3. Soil properties in 14 world ecoregions®’
(A) Soil organic carbon (SOC) content (blue circles)
and soil organic carbon stock (SOCS, orange circles),
200.0 (B) cation exchange capacity (CEC, pink circles) and

pH in water (green circles), and (C) clay content
(brown circles) and BD (cyan circles). The respective
blue, orange, and green spheres represent the SOC,
SOCS, and pH differences between the cultivated
areas and the native vegetation. Boreal F Taiga, bor-
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eal forests/Taiga; Desert X Shrub, deserts and xeric
shrublands; Flood G Savanna, flooded grasslands
‘e 100 and savannas; Med FW Scrub, Mediterranean forests,
f woodlands, and scrub; Montane G Shrub, montane
® grasslands and shrublands; Temp BM Forest, tem-
= perate broadleaf and mixed forests; Temp C Forest,
temperate conifer forests; Temp GS Shrub, temper-
ate grasslands, savannas, and shrublands; Trop Sub
C Forest, tropical and subtropical coniferous forests;
Trop Sub DB Forest, tropical and subtropical dry
broadleaf forests; Trop Sub GS Shrub, tropical and
y 2 subtropical grasslands, savannas, and shrublands;
=0 o Trop Sub MB Forest, tropical and subtropical moist
; broadleaf forests.
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nificant amount, holding 47.27 Gt. This was four
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times greater than mangroves, which stored
10.8 Gt but covered a much smaller area. While
it is generally acknowledged that cold ecore-
gions had a high SOCS, followed by tropical rain-
forests, our findings highlight the importance of
desert soils. Despite their seemingly inhospit-
able nature, desert regions are crucial for soil
carbon storage, underscoring the importance
of sustainable management practices to pre-
serve and enhance these ecosystems. Never-
theless, the high SOCS values in some areas
may be uncertain, primarily due to the modeling

Bulk density (g em”)

Trop Sub
MB forest DB forest GS shrub

TropSub Trop Sub Mangrove TropSub  Flood G DesertX TempGS  Med FW

Cforest savanna  shrub ghrub serub forest shruby

Terrestrial biomes

© Soil organic carbon SOC (g kg ') Q Accumulated Sail Organic Carbon Stock (SOCS, Gt)

Soil organic carbon difference between cropland
and native vegetation (g kg ")

Accumulated soil organic carbon stock difference
between cropland and native vegetation (Gt)

© cation exchanging capacity CEC (mmol_kg™') © Clay content (g kg ")

cool summer, in contrast to the lowest values (25.6 g kg~ and 13.4 Gt, respec-
tively) in the warm Mediterranean zone (dry, mild summer). This demonstrates
a close relationship between organic matter (OM) and climate, which controls
the biomass input and decomposition rates.”®

The cold deserts with freezing winters had the highest mean CEC values
(297.1 mmol, kg™"). The most acidic soils (pH 4.9) were found in the tropical
monsoon climate zone due to geological factors and high-intensity weathering.
In contrast, hot deserts with a pronounced dry winter season had a mean pH
value of 7.8. The CEC and pH influenced weathering processes through base
leaching and acidification.'® Croplands show higher pH values than native
areas, up to 1.6 (Figure 2C). This may result from anthropogenic management
practices such as fertilizing, irrigating, and liming. In Israel, there are examples of
very sandy soils with high pH detected by the mapping system (Figure S5, Sup-
plemental Note 1). Very high- or low-pH soil conditions can reduce the availabil-
ity of essential plant nutrients and adversely affect plant growth.”' The physical
characteristics are also driven by climate, and such patterns are observed in our
results (Figure 2C). In tropical climates, soils were more clayey and with a higher
BD than in temperate climates. This is in agreement with Zhao et al.”” The
higher SOC content (Figure 2A) explains the low BD in temperate regions. Fi-
nally, the lower clay contents and higher BD were found in arid climates.

Distribution of soil properties in major ecoregions

The highest SOCS and SOC values were found in the boreal forest/Taiga
(247.9 Gtand 250.9 g kg™, respectively) in temperate climates at the extremes
of the Northern Hemisphere (Figure 3A). Deserts, despite having the lowest SOC
values due to minimal biomass inputs and high temperatures, contained a sig-

Temp BM Montane G Temp C

0.0 from cold deserts, such as in the Gobi Desert in
China, which often contain rocks and other fea-
tures with low SOC content (Figures 1A and 1B).

Soil acidity worldwide shows distinct distribu-
tion patterns. Alkaline soils were found in arid
environments (Figures 3B and S5, Supplemental
Note 1), such as Iran with deserts, xeric shrub-
lands, and Mediterranean forests. Conversely,
long-time intense weathering processes in tropical ecoregions led to high chem-
ical dissolution and leaching, resulting in acidic soils. Consistently, clay content
was higher in tropical ecoregions and lower in temperate ones, such as boreal
forests/Taiga and temperate broadleaf and mixed forests. This ecoregion had
lower BD values than other areas due to the high OM content (Figure 3C).
The association between the soil-property maps and ecoregions was consis-
tent with the distribution of soil classes worldwide.”*"

CCA revealed a significant relationship between soil properties and the
world's biomes. The variance explained by this technique reached 55.3%, indi-
cating that more than half of the variability in soil properties is associated
with biome distribution. The canonical correlation for the first axis was 0.338,
demonstrating a moderate association between biomes and soil properties,
showing the influence of biomes on soil.

Boreal F Tundra

forest talga

O Potential of hydrogen in water pH

» Potential of hydrogen in water
difference between native to cropland

O Soil bulk density {g cm™)

SOCS, SOC, and pH affected by LULC

We observed the influence of human activities, especially agriculture, on
global soil properties by comparing them across different land-use and land-
cover scenarios (LULCs). For example, soils under native vegetation in Asia ex-
hibited the highest values of SOC and SOCS (Figures 4A and 4B), attributed to
climate. Tropical regions, such as South America and Africa, had lower SOC and
SOCS values despite the broad areas of native vegetation. The impact of human
activities on OM depletion is well known. Standardizing this LULC per area unit,
native vegetation regions stored 96.1 t ha~' SOC while cropland stored
59.1 t ha™'. This implies that 37.0 t ha™' more SOCS were stored in the soil
under naturally vegetated areas compared to agricultural land.”® Our values
for SOCS are consistent with the results of a similar study that estimated
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Figure 4. Soil properties chart of land use and land
cover’ in the six continents and the world (A) Soil
organic carbon stock (SOCS, orange circles), (B) soil
3 organic carbon content (SOC, blue circles), and (C) pH
o in water (green circles). The respective orange, blue,

5 and green spheres represent SOCS, SOC, and pH

(o] differences between the cultivated areas and the
o] native vegetation. NV, native vegetation; CL, cropland;
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® CL-NV, cropland minus native vegetation; GL, grass-
land; WL, wetland; BS, bare surface.

The use of conservationist agriculture practi-
ces, such as no tillage, increases SOC levels’’
and mitigates soil health. This strategy can pro-
tect soils from mechanical and weather impacts
2 and maintain biota and water inside the system.
B & % Other practices should be agroforestry, biochar,
and biodynamic agriculture. These practices
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that SOC is lost due to land-use change. Native vegetation covered the largest
area on the planet (40.73 million km?) and stored 490 Gt, while cropland stored
79 Gt of SOCS in 15.73 million km?, a difference of 411 Gt (Figure 4A). Grass-
lands, which encompassed natural and cultivated pasturelands, accounted
for 277.0 Gt of SOCS. We highlight the significant role of natural ecosystems
in carbon sequestration despite the rise of anthropogenic activities. In the native
vegetation areas, the global average SOC is 121.6 g kg™', in contrast to only
38.1 g kg™ in croplands (Figure 4B), representing about 60% less SOC. As ex-
pected, waterlogged areas showed a significantly higher mean SOC content
(250.5 g kg™") — Figure 4B. These wetland areas are characterized by the accu-
mulation of soil OM due to low levels of aeration, high soil moisture, occasional
flooding, and the presence of a water-table fluctuations.”®

We observed that soils under native vegetation presented lower pH values
than croplands in all regions (Figure 4B). Anthropogenic activities affect soil
chemistry (pH) on both sides, for good (when fertilizers are applied) and for
depletion (when they are not applied). Thus, this higher pH on agricultural
lands may be due to soil anthropic management (e.g., liming). Agricultural
practices that make soils less acidic include liming by limestone, which in-
creases the pH value to a suitable level.”® During this process, soil tillage is
intense and exposed to degradation such as irradiation, variation of tempera-
ture, carbon oxidation, and erosion, which generates negative effects on SOC.
On the other hand, most of the areas with continuous bare surfaces are found
in desert or arid biomes that were predominated by rocks, low precipitation
amounts, and no plowing activities. These biomes are characterized by min-
imal leaching, maintaining the bases in the soil profile, which explains the
high pH (7.4).

generate long-term economic gains through
® ecosystem services.”® Crop diversification fur-
g ther boosts agroecosystem productivity by pro-
moting the “rotation effect.””® Figure S6 in Sup-
plemental Note 1 shows a global SOCS map
analysis across biomes®’ and LULC* by a
heatmap.

A comprehensive review of 377 studies pub-
o lished between 1985 and 2017 found that cover
crops increased cash crop yields by 1.15—-7.89
0 O times, likely due to improved soil processes.t’
On the other hand, inappropriate management
practices, causing hidden soil hunger, can cause
yield losses exceeding 40% in cereal grains.®!
® Identifying antagonistic or synergistic soil-prop-
erty spatialization (as presented in this paper) is

key to optimizing management strategies.

Geopolitical distribution of soil properties

We observed the soil properties of the top 10
largest countries in land area per continent (Fig-
ure 5). Russia, Canada, the United States, China,
Brazil, Australia, Kazakhstan, Mongolia, Argen-
tina, India, the Democratic Republic of Congo, Indonesia, Peru, and Papua
New Guinea together account for 800 Gt of SOCS, representing 75% of the total
SOCS on the Earth's surface. These values are proportional to the ones of the
Global SOC Map,®® which shows 70% located in these countries (Figure S7, Sup-
plemental Note 1). Russia and Canada had the highest mean SOC values, with
more than 220 g kg™". This reveals that the cold climates prevailing in these
countries contribute to the slow degradation of OM, allowing SOC to accumu-
late in the soil.*®

Crop management and site-specific environmental conditions mainly deter-
mine the geographic variation of CEC and pH. CEC was highest in Greenland
(Denmark) with 288.9 mmol, kg~' and lowest in the Democratic Republic of
Congo (Africa) with 89.5 mmol, kg~ (Figure 5B). This figure also shows pH val-
ues to range from a mean of 4.8 in Guyana (South America) to 7.7 in Algeria and
Libya (Africa), Saudi Arabia, and Iran (Asia). These results (Figures 5A and 5B)
illustrate the differences in some soil properties (SOC, SOCS, and pH) between
arable land and native vegetation. This arrangement emphasizes that soils from
areas with native vegetation tend to have more carbon-related properties than
arable lands, confirmed by visual inspection (Figures S3A and S3B, Supplemen-
tal Note 1).

Soils from specific volcanic regions showed the highest clay con-
tents (Figure 5C), such as Cuba (284.6 g kg~'), French Polynesia
(279.4 g kg™"), and Fiji (268.9 g kg™") in Oceania. In contrast, the lowest
values for clay content occur in Finland (Europe), with a mean value of
only 80.5 g kg~'. The mean BD of the soils (Figure 5C) reveals high den-
sity in Saudi Arabia and Iran (approximately 1.6 gcm™>) and low density in
Russia (1.1 gem™). We illustrate the soil-property contents in these

© Potential of hydrogen in water pH

Potential of hydrogen in water
difference between native to cropland
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Figure 5. Soil properties chart of the top 10 largest
360.0 countries in land area per continent (A) Soil organic
carbon (SOC) content (blue circles) and soil organic
carbon stock (SOCS, orange circles), (B) cation ex-
change capacity (CEC, pink circles) and pH in water
(green circles), and (C) clay content (brown circles)
and BD (cyan circles). The respective blue, orange,
and green spheres represent the SOC, SOCS, and pH
differences between the cultivated areas and the
native vegetation.
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productivity at the global scale.®® There was
an abrupt transition from alkaline to acid soil
pH when mean annual precipitation ex-
ceeded mean annual potential evapotranspi-
ration in a global dataset of 60,291 pH
measurements.

The concept of resource quality is linked to
the dynamic human settlement of the Earth,
where more prosperous nations have often
developed under more favorable conditions,

pHInHO

Clay content (g kg")

10 including optimal climate conditions and soil
properties critical to soil fertility, quality,
health, and, thus, crop productivity. For in-
stance, American societies emerged along
rivers and water resources over time (1790—
2010), suggesting that favorable water re-
sources support the prosperity of human
societies.®® In analogy to the historical coevo-
lution of water-human systems, our study
suggests that societal growth expressed
through mapping spatially explicit relations
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countries, which determine soil health and fertility that subsequently drive
particular agricultural and forest management.

Distribution of soil properties by socio-economic factors

Among human-induced factors, socio-economic aspects have been under-
studied concerning soils on a global scale.®? This overview reveals how coun-
tries utilize their resources to maximize their economic capacity and productiv-
ity. In addition, identifying soil properties that constrain capacity and
productivity provides insights into where targeted management activities (i.e.,
soil amendments or carbon-smart management practices) impact the sustain-
able use of resources.

The gross domestic product (GDP) is crucial for assessing the eco-
nomic size and health of a country and allows the monitoring of economic
trends over time.*® We present relationships between SOCS and pH by
GDP as well as SOC and CEC by GDP per capita for the top 20 richest, mid-
dle-income, and poorest countries, illustrating a second-order polynomial
trendline with equations R? and RMSE of the model for total and per capita
GDP (Figures 6A and 6B). SOCSs, for instance, presented 0.56 of R? and
low RMSE (USS$1.13 billion). Although there is no direct correlation be-
tween soil pH and countries’ GDP (R? = 0.05), areas in the Northern Hemi-
sphere show less acidic soils than in the Southern. This may be explained
by the predominant alkaline minerals in soils and the drier climate, con-
straining the water balance in this region. Water balance creates a thresh-
old in soil pH that regulates the soil's capacity for nutrient supply and crop

0.0 between soil properties and economic suc-
cess (GDP) is interlinked. In essence, this
soil-human nexus provides a direct, geo-
graphically primed link between soil health
and human prosperity and growth. As a con-
sequence, regions with limited resources
could benefit from soil management and till-
age practices that can alter soil conditions.
Especially, climate-smart management prac-
tices, such as no-tillage, reduced tillage, bio-
char applications, and cover crops,'® hold
promise to enhance SOC, and optimize pH and CEC, boosting crop produc-
tivity and economic growth.

Secondly, we observe an exponential trend between a country's economic
strength and the level of SOCS (Figure 6A). This trend supports the hypothesis
that the oldest communities have historically settled in regions with milder,
cooler, and temperate climates, where SOC has accumulated in the soil over lon-
ger periods, increasing its fertility. In contrast, the world's poorest regions are
generally found in tropical areas where soil organic matter degrades rapidly.*®
Many of the wealthiest nations, corresponding to the highest SOCS values,
are also among the largest countries in terms of surface area. As SOCS calcu-
lations are based on surface layers, larger countries naturally have an advant-
age in carbon storage compared to their smaller counterparts. The classifica-
tion of countries by GDP per capita was necessary to constrain the influence
of country size (Figure 6B). Higher-income nations had higher SOC and CEC
than the poorest ones. For example, the USA, with 90.8-Gt SOCS, had a mean
SOC of 97.9 g kg™". This country was the wealthiest in the total GDP and placed
eighth considering the GDP per capita. The R? for SOC and CEC achieved 0.26
and 0.11, with higher RMSE, demonstrating low potential to predict these socio-
economic variables.

Brazil, with a per capita income of US$9,550, was in the middle of the ranking
with a mean SOC of only 29.6 g kg~' and the highest SOCS (34.2 Gt). Although
Mali is the eighth-largest country in Africa, it is classified as a low-income coun-
try. Sahara Desert covers a large part of its territory, resulting in very low SOC
and SOCS values (11 g kg™' and 2.5 Gt, respectively).

Fiji
Vanuatu

© Potential of hydrogen in water pH
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difference between native to cropland

O Soll bulk density {g cm™)

8 The Innovation 6(9): 100985, September 8, 2025

www.cell.com/the-innovation


http://www.thennovation.org
http://www.thennovation.org

A
GDP
(Bi US) 00
283658 USA |
19831.0 China
4803 4 Germany
4629.0 Japan
4401.6 India
37436 UK
32373 France
23272 Canada
23109 italy
22759 Brazil
1961.3 Russia
1931.7 Mexico
1873.9 South Korea
17984 Australia
1686.1 Spain
16232 Indonesia
12709 Tiirkiye
11733 Netherlands
11251 Saudi Arabla
9929 Switzerland
845 Venezuela
847 Serbia
8.8 Uruguay
817 Sri Lanka
B1.5 Azerbaijan
B1.0 Myanmar
BD.4 Ghana
80.3 Congo DRC
754 Slovenia
69.4 Belarus
61.6 Uganda
550 Cameroon
54.6 Jordan
538 Tunisia
51.8 Latvia
51.6 Bolivia ||
49.0 MNepal ; Q4
43.6 Paraguay (g ol O04
481 Bahrain® |
436 Libya | |
.0
34 Belize O |I
31 Central Africa | |
33 Bhutan
29 Cabo Verde® |
28 Timor-Leste Q0.0
28 GambiaQ .0
26 Lesotho (@ 0.1
26 St. Lucia®[0.0
23 Guinea-Bissau q 0.0
22 SeychellesQy0.0
21 Antig and BarbudaQi0.0
2] San MarinoCy 0-0
1.9 Solomon Islands © ¢
TG Comorps() 0.0
1.4 Grenada() 0.0
13 Vanuaty O 0.0
1 St. Vincen
0.8 DominicaC) 0.0
0.3 PalauCy 0.0
03

KiribatiCy 0.0 + Q66
3.2 A8 6.4 B0 0.0 100.0

Potential of hydrogen (pH in H,0)

O Accumusdated Soll Organic Carbon Stock (Gtiog +1) O Soil organic carbon (g kg ') © Potential of hydrogen in water

To increase the discussion on this matter, we observed that the richest coun-
tries with higher agriculture gross production value (GPV) had greater SOCS and
clay, as the share of the population in poverty correlated with SOC and CEC
(Figures S8A and S8B, Supplemental Note 1). Results show a tendency but
also indicate the complexity of understanding all the variables involved. Earlier,
it was already observed that population pressure and soil quality were strongly
negatively correlated in Uganda.®* However, they also found strong evidence
concerning the positive correlation between population pressure and agricul-
tural intensification. A complex discussion arises as observations indicate
that rural poverty in degrading agricultural land increased in low-income coun-
tries and sub-Saharan Africa and South Asia.®®

The key to avoiding these problems is to relate soil properties to economic,
social, and environmental factors. According to the International Food Policy
Research Institute (IFPRI),2° nearly 40%—75% of the world’s agricultural land ex-
periences important impacts on productivity due to soil degradation. In conclu-
sion, the spatial variability (Figure 1) and the relation of the soil properties var-
iations with land use (Figure S6, Supplemental Note 1) shed light on this
urgent discussion. It is important to note that evaluating the distribution of
soil properties concerning GDP, agriculture GPV, and poverty rates are just
some approaches. Other socio-economic data, such as human development
and health indices, can also be examined to uncover connections between
soil and various sectors.

CONCLUSION

A comprehensive analysis of global soil properties reveals new and signifi-
cant variations in six soil properties due to heterogeneity in climate, parent ma-
terials, topography, and other factors.? This approach enabled us to understand
the connection between soil health, climatic, biotic, and socio-economic factors
that inform targeted human management. We present new results on global
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Figure 6. Relationship between soil properties and
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Denmark su6 orange circles), pH in water (green circles), soil or-
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o Lanady el USA, United States of America; UK, United Kingdom;
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He i Republic of Congo; R? coefficient of determination;
Belgium 526 RMSE, root-mean-square error.
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S niea 1 Our soil maps (Figures 1A‘ 1F) focug on pro
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Ecuedor &3 health,'®**%" soil mapping,” soil productivity,”®
5 62 and circular economy in soil. % Besides, high-res-
o o olution soil spatial information may contribute
N to agriculture, such as fertilization, the carbon
Mall 08 credit market, and precision agriculture,®>°
Yomen . [ We adopted a transdisciplinary approach
Ghad. ag that integrates soils with socio-economic and
Conge DRC % environmental domains. These insights are crit-
:'fi]ha;lg:g& o8 ical for formulating targeted soil management
gi::zlfs.dan a5 and conservation strategies to achieve Sustain-
Madagascar |08 able Development Goals (SDGs).”" For exam-
£ al ncan . . . . .
Malowi o5 ple, enhancing soil health in tropical regions
Sierra one . . N

. Burundi 03 with strategies to accumulate more SOC in

low-fertility and marginal soils could reduce
poverty and hunger by improving agricultural
yields and livelihoods (No Poverty, SDG1; Zero
Hunger, SDG2). Targeting practices that main-
tain and promote carbon sequestration in soils
supports regional climate action, such as low-carbon agriculture (Climate Ac-
tion, SDG13).

Since we invested substantial effort and time (5+ years) in compiling a new
global soil dataset, it is expected to advance findings beyond previous global
DSM-derived datasets, mainly from public legacy databases. Thus, new insights
into global soil patterns are necessary. The inclusion of RS-derived global spa-
tiotemporal Earth observation data as powerful environmental covariates to im-
prove soil property models is an important advancement. This strategy extrap-
olates the model to account for the unique regional characteristics.

Future works should prioritize space-time mapping approaches to enhance
dynamic soil-attribute prediction and generate comprehensive time-series
maps. Dynamic tracking of soil changes due to climate variability and land-
use change is hampered by scarce or inconsistent soil-sampling data. Coordi-
nated efforts, including private collaborations to enrich global soil datasets
with accurate data information, are essential. Soil minerals in the clay fraction,
such as goethite and hematite, have a great influence on SOCS dynamics and
sequestration potential’®”®® and, thus, should be addressed in future DSM
works. Finally, the present paper contributes to addressing global issues of con-
cern outlined by the Intergovernmental Panel on Climate Change (IPCC; https://
www.ipcc.ch/srecl/). Our results are poised to provide the foundation for global
soil monitoring and can guide the strategic placement of soil observatories in
different geographic regions.

Thus, we successfully developed the first high-resolution global soil grids for
key soil properties, with a 90-m pixel size, underpinned by a robust and new
Earth observation system. This achievement provides a valuable resource for
researchers and policymakers, offering improved spatial detail information. Fur-
thermore, by integrating these soil properties with socio-environmental per-
spectives, we have gone beyond traditional soil-mapping studies and laid the
foundation for more informed, context-sensitive decision-making in land
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management, environmental conservation, and sustainable development. Inte-
grating multi-temporal satellite proxies, such as bare soil and vegetation, is a
crucial technique for achieving fine-scale, global coverage without gaps in
ground data. This method effectively modeled key soil properties with excellent
predictive performance, taking into account the vast and diverse soil-environ-
mental conditions around the world.

The findings demonstrated that 64% of the world's topsoils are predomi-
nantly sandy, with restricted fertility and susceptible to degradation-limiting
crop productivity and highlighting potential risks to food security. We identified
that the mean SOC content in cultivated soils is at least 60% lower than under
natural vegetation. Global soil pH values were 5.5 in native vegetation and 6.6 in
croplands, reflecting the application of fertility soil-management practices. We
also revealed that the top 10 largest countries per continent in terms of land
area collectively store 75% of the global SOCS, emphasizing that such soil
wealth represents a form of land capital closely linked to national economic
strength. Overall, we underscore the need to integrate soil and socio-economic
factors to bolster carbon marketing, conservation, and climate-smart practices
to improve soil health and to discuss sustainability, resilience, and food and hu-
man security. This approach represents a significant, challenging step forward
in these fields and also paves the way for a deeper understanding of the com-
plex interactions between soil systems and socio-environmental factors.
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