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1. Motivation

Accurately measuring and mitigating land-use emissions is central to agriculture and climate
change policy. According to the existing assessments (Friedlingstein et al., 2025) more than 20%
of the total global net anthropogenic GHG emissions are related to land use, land use change, and
forestry (LULUCF). While these emissions are usually derived from bookkeeping models (e.g.
(Gasser et al., 2020; Hansis et al., 2015; Houghton & Castanho, 2023; Qin et al., 2024), these are
based on historical land-use transitions, fire, and other elements. Soil organic carbon (SOC)
content of land is directly affected by land-use change and agricultural conservation practices like
tillage and cover crops. Therefore, it is a key component in LULUCF GHG emissions.

Usually, ecosystems models, agronomic, or land-use emission models (TEM, AEZ-EF, InVEST)
that can be connected with economic models (Partial Equilibrium, Computable General
Equilibrium and Integrated assessment models) to estimate policy implications. Bianco et al.,
2025; Frank et al., 2015; Taheripour et al., 2012; Weber et al., 2024, use available SOC data
sources, embedded in models like TEM, GCAM and GLOBIOM, to estimate possible implications
of changes in agricultural activities for land use emissions and mitigation potentials. Global
gridded soil products such as the harmonized world soil database (HWSD) (FAO et al., 2012),
WISE (Batjes, 1997), WISE30sec (Batjes, 2016), SoilGrids (Hengl et al., 2017), and the FAO’s
Global Soil Organic Carbon map (GSOCmap) (FAO & ITPS, 2018) are key data sets routinely
included in these modeling practices (Dai et al., 2019).

The literature that compares these databases within soil sciences have highlighted structural
differences among them, their performance versus field observations and explores methodologies
in which SOC estimates are calculated (Dai et al., 2019; Hiederer & Kochy, 2011; Poeplau et al.,
2017). However, the policy implications of using these alternative data sources remain a topic that
has been under-explored.

Recently, Benavidez-Brouk et al., (2026) analyzed how updates in the baseline global SOC product
and regional adjustments could affect the calculation of induced land use change (ILUC) values
for biofuels pathways. ILUC values, which determine contributions of expansions in biofuels
pathways to their carbon intensities, are sensitive to changes in SOC estimates.

In this paper we extend this work developed by Benavidez-Brouk et al., 2026 to a broader
agricultural policy view. We analyze the extent to which calibration of global SOC estimates matter



to policy analysis related to land-use change emissions and agricultural policies. In this paper,
rather than focusing on a single model or database, we consider spread of SOC across databases
and regions. Our focus consists in exploring from a multidisciplinary lens how the existing SOC
databases and their estimates distribution transfer into estimates policymaker’s ultimate evaluate.
We assess metric tons of CO: equivalent per hectare of converted land across the world.

2. Data and methodology

The data used for this paper consists of four major databases recognized across the climate and
soil sciences. First, SoilGrids (Hengl et al., 2017) uses three non-linear machine learning models
to assess the soil properties. It has been used in integrated assessment models (GCAM) to evaluate
SOC in land-use transitions (Bianco et al., 2025). Second, the HWSD (FAO et al., 2012) with its
legacy version that has been used in CGE models (GTAP) to calculate land-use change emissions
(Taheripour et al., 2024; Villoria et al., 2022). Third, the WISE30sec (Batjes, 2016) database
embedded in the newest version of the HWSD and it has been evaluated as an alternative in some
economic models to estimate land-use emissions (Benavidez-Brouk et al., 2026). Finally, the
FAQO’s GSOC map completes the databases evaluated.

For all the databases we harmonized the gridded products to a common resolution and land cover
to evaluate two aspects: the spatial distribution of SOC and the land-specific variation of estimates
across the databases. At the same time, we evaluated different methodologies to calculate SOC
that are used within the soil literature (Poeplau et al., 2017) to complete our assessment. For each
harmonized grid cell, we compared the four SOC stock estimates available for that same location
and computed the mean, standard deviation, and coefficient of variation (standard deviation
divided by the mean). We use this coefficient of variation as an indicator of how much the
databases differ for a given location; higher values indicating greater disagreement across sources.

We finally translated SOC stocks by database and its overall distribution into carbon stock changes
using the existing common stock-change factors (IPCC, 2019) for key land transitions (e.g., forest
to cropland, cropland to grassland) and management changes (e.g., conventional till to reduced
till). This allows us to express the dispersion in SOC baselines directly in terms of carbon gains, a
measure widely recognized in agricultural and land-use policy literature.

3. Results

A global map of the spatial coefficient of variation across HWSD, WISE30sec, SoilGrids and
GSOC presented in figure 1 shows low disagreement (lower coefficient of variation) in arid, low-
SOC regions, but much higher variability in humid temperate and tropical agricultural zones and
high-latitude forest regions like North America. This database divergence indicates that SOC
product choice can materially affect estimated land-use emissions in those regions. In terms of
methodologies for estimating SOC the corrections to include coarseness into the formulation
showcased differences in stocks of around 15%.



Coefficient of variation

15
1.0

05

Figure 1. Coefficient of Variation of SOC stocks across four global databases.

At the aggregated level, the distribution of SOC estimates across databases is high in some regions,
particularly islands, where the base land is small. Table 1 showcases the mean SOC, its range, and
coefficient of variation across (1) top five regions with the highest contribution to LULUCF in the
2000-2021 period (Friedlingstein et al., 2025), and (2) the top five regions with the highest
agricultural production output in 2024 (FAO, 2026). Note Brazil and Indonesia are relevant in both
aspects, as producers and emissions generated. However, compared to other countries their
cropland SOC estimates are not as spread. Small, large-LULUCF emissions generators such as
Tanzania and the Democratic Republic of Congo have the larger variation across databases.

Table 1. Distribution of SOC estimates in Cropland on selected regions

Highest contribution to LULUCF Highest agricultural production output

Country | Mean SOC [Range] | Coefficien | Country | Mean SOC | Coefficien
T/Ha t of [Range]| T/Ha t of
variation variation
Argentin | 25.5+3.4 0.31 Brazil 242+ 4.6 0.45
a
Brazil 242 +4.6 0.45 China 35.7+£3.2 0.34
Indonesia | 76.5+21.4 0.44 India 48.8 £8.9 0.68
Tanzania | 15.2 £6.5 1.01 Indonesi | 76.5+21.4 0.44
a

Republic | 26.5 +20.5 1.21 United 51.1+124 0.67
of Congo States

The differences across databases can be translated into emissions due to land use change. For
example, if we analyze a particular region like the US in areas with higher proportion of
agricultural land (Agroecological zones 7 through 9), the four global SOC products we analyze
give mean stocks of 78.99 +45.37, 53.69 +32.76, and 73.72 £ 90.54 MT per ha for forest,
cropland and pasture. When translated through IPCC Tier-1 stock change factors, this spread



converts into forest to cropland soil emission factors of roughly 66—104 tCO: per ha. This paper
does not intend to make a choice on which global SOC product is the optimal for model calibration
but rather open the discussion about the sensitivity of policy relevant estimates to this choice.

4. Conclusions and policy implications

The evidence in this paper implies that global SOC maps should be treated as a structural input to
land-use emissions and mitigation analysis, not a background dataset. In practice, the SOC baseline
acts like a starting point that governs how much carbon is assumed to be at risk when land is
converted and how much mitigation can be credited to avoided conversion or changes in
agricultural practices. When different credible SOC products assign significantly different baseline
stocks to the same area, final estimates inherit that difference. The interpretation is not simply that
maps disagree; it is that policy relevant estimates become conditional on map choice, especially
when dispersion can concentrate in areas where land-use decisions are critical.

For agricultural and climate policy analysis the implication is that conclusions should be framed
as robust if they hold across SOC baselines. A practical way forward is to adopt a small set of best
practices, including reporting key land-use change or management metrics as ranges for various
SOC products rather than single point estimates. This practice does not require choosing the best
global SOC map; rather to keep possible uncertainty, sensitivity, and assumptions transparent, and
to improve comparability across studies.
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