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Net primary productivity orchestrates
uncertainty sources driving global soil
organic carbon under land use change
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Land use and cover changes (LULCC) have profoundly influenced global soil organic carbon (SOC)
stock, yet SOC responses to LULCC are among the largest but least quantified uncertainties in
estimating land carbon emissions. Here we comprehensively estimated the LULCC-induced SOC
changes over the past century using data from three widely recognized model inter-comparison
projects. A refined multi-dimensional diagnostic framework was employed to dissect the underlying
processes governing SOC changes following LULCC. Results revealed notable discrepancies among
models. Despite varying magnitudes, soil carbon residence time consistently contributed negatively
to LULCC-induced SOC changes. Conversely, net primary productivity (NPP)-driven SOC changes
emerged as the largest source of uncertainty, predominantly fueling SOC gains in some model
ensembles but depletion in others. Our findings underscore the need to better constrain simulated
NPP and soil turnover processes to improve the accuracy of LULCC-induced SOC change
predictions, pivotal for advancing global carbon management and climate mitigation strategies.

Soil represents the largest terrestrial carbon pool, containing nearly four
times more carbon than vegetation biomass and three times more than the
atmosphere1,2. Approximately two-thirds of this soil carbon exists as soil
organic carbon (SOC), and even a minor fluctuation in SOC stock can
significantly affect atmospheric concentrations of CO2 and CH4, thereby
influencing the climate system3,4. The magnitude of SOC changes depends
on the twomain counterbalanced processes: carbon inputs from vegetation
primary productivity and carbon outputs through microbial
decomposition5–7. Land use and land cover change (LULCC) is considered
the largest anthropogenic driver among a range of abiotic and biotic factors
that influence these processes8,9. In recent decades, global LULCC has
intensively affected about one-third of theworldwide land area10. Therefore,
quantifying the responses of SOC to LULCC is crucial for advancing global
climate mitigation strategies and ensuring sustainable soil management
practices10–13.

LULCC influences SOC stocks through multiple pathways, such as
deforestation14,15, cultivation16, afforestation17,18, and land management19,20.
These activities substantially affect net primary productivity (NPP) by

altering vegetation types, ecosystem structure, and resource availability.
This, in turn, regulates carbon allocation to litter and soil pools and ulti-
mately modulates soil decomposition4,21. For example, when forests are
converted to croplands, the removal of litterfall, roots, and woody debris
suppresses NPP and carbon inputs to the soil, leading to reduced SOC
stock8,11. Deforestation in the Amazon has caused a sharp decrease in SOC
following conversion from forest to cropland and pasture22,23. Typically,
croplands are characterized by lowerNPPanddiminished litter input due to
their shorter growing seasons compared to natural vegetation, coupled with
a shortened soil carbon residence time driven by recurrent biomass removal
through harvesting16,19. Moreover, intensive management practices, such as
tillage, disrupt soil structure and expose SOC to oxidative processes. This
accelerates decomposition rates and exacerbates carbon losses19. Over the
past decade (2013–2022), global CO2 emissions from land-use change,
driven primarily by deforestation, were estimated at 1.3 ± 0.7 GtCper year3.
Conversely, extensive afforestation practices in China have enhanced soil
carbon stock in natural ecosystems over recent decades by increasing
NPP17,24. Thus, the multifaceted nature of LULCC exerts pervasive control
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on NPP, carbon allocation, and soil decomposition processes. Deciphering
these interacting impacts is crucial for advancing process-based under-
standing of SOC dynamics under LULCC and addressing associated
uncertainties.

Dynamic global vegetation models (DGVMs) are commonly used to
simulate the long-term terrestrial carbon cycles and enable systematic
partition of the influence of LULCC on model estimates of carbon stocks
and fluxes25–27. Due to inherent differences in embedded assumptions,
DGVMs typically manifest diverse structures and parameterizations12,28.
Consequently, thesemodels simulate different responses of SOC toLULCC.
Harnessing ensembles of DGVMs with varying levels of complexities pro-
vides complementary perspectives to unravel terrestrial carbon dynamics
and facilitate a more robust attribution of key processes governing SOC
changes25,29–31. Among these, three widely recognized model inter-
comparison projects (MIPs)—the Multi-scale Synthesis and Terrestrial
Model Intercomparison Project (MsTMIP), the Land Use Model Inter-
comparison Project (LUMIP), and the Trends and drivers of the regional
scale terrestrial sources and sinks of carbon dioxide (TRENDY)—represent
major coordinated initiatives developed over recent decades to advance our
understanding of LULCC impacts on biogeochemical cycles3,25,32. These
MIPs encompass distinct structural frameworks, forcing datasets, and the
representation of climate–carbon feedback. While MsTMIP and TRENDY
both rely on prescribed climate forcing, with TRENDY incorporating
updated land-use transitions and an expanded ensemble of DGVMs,
LUMIP employs coupled Earth System Models (ESMs) that allow inter-
active land–atmosphere feedbacks3,4,26,32.

Recent multi-model ensemble results demonstrated that SOC change
driven by LULCC was one of the largest sources of uncertainty regarding
both directions andmagnitudes12,26,33. The large spread in SOC stock across
models has further amplified uncertainties in LULCC-induced SOC pro-
jections, particularly at regional scales4. This discrepancy arises from several
factors, including the quality of historical land use/cover maps, varying
model structures, parameterization schemes, and boundary conditions used
acrossmodels3,12,34. These limitations inevitably introduce uncertainties into
simulations of carbon input and output processes.

Despite advances in modeling, uncertainties in LULCC-induced SOC
projections remain large, as the underlying processes are still poorly
quantified and often elusive4. This knowledge gap is particularly troubling,
given the increasing importance of land management in future climate
mitigation strategies. Projections are less reliable when key processes are
inadequately represented. These insights make it imperative to pinpoint the
primary determinants of uncertainty in DGVMs and to elucidate the

intricate relationships between drivers and SOC dynamics across different
spatial scales. By identifying these drivers that contribute to inter-model
variance, we can better target aspects for model refinement. This holds
significance in offering essential guidance for shaping policies related to
carbon sequestration, sustainable land-use practices, and climate change
mitigation.

In this study, we first analyzed simulated SOC from a suite of 35
DGVMs incorporated within three MIPs, including 12 models from
MsTMIP, six ESMs from LUMIP (land components are DGVMs), and 17
models from TRENDY version 9 (TRENDYv9). These models provide
paired simulations with and without LULCC, facilitating the quantification
of LULCC-induced SOC dynamics since 1901. To capture spatiotemporal
variability, the post-MIPdiagnostic traceability frameworkwasused to trace
LULCC-induced SOC changes to different drivers, enabling a coherent
comparison of uncertainty sources within and among MIPs at both global
and regional scales. This study addresses the following three research
questions: (1) What are the direction and magnitude of LULCC-induced
SOC changes across and within the MIPs? (2) How do traceable processes
contribute to these dynamics formodel improvement? (3)Wheredomodels
consistently agree, and most importantly, disagree across MIPs regionally?
(See “Methods”).

Results and discussion
Spatial and temporal trajectories of LULCC-induced SOC chan-
ges across MIPs
The three MIPs exhibit notable discrepancies in the direction of LULCC-
induced SOC changes. Specifically, the ensemblemean of LUMIP indicated
that LULCC has persistently driven SOC accumulation since 1901, culmi-
nating in an increase of 27.1 ± 64.1 PgC (Fig. 1a). In contrast, estimates
from MsTMIP and TRENDYv9 ensembles indicated SOC depletion with
59.5 ± 109.6 Pg C and 25.1 ± 32.1 Pg C, respectively (Fig. 1a, b).

Within LUMIP, models including BCC-CSM2-MR, CNRM-ESM2-1,
and CMCC-ESM2 all simulated consistent SOC gains following LULCC,
with BCC-CSM2-MR showing the highest increase at 115.1 Pg C. Con-
versely, the most substantial decrease was simulated by MPI-ESM1-2-LR,
amounting to 42.4 Pg C (Supplementary Fig. 1b). MsTMIP ensemble
exhibited considerable temporal variation in LULCC-induced SOC losses,
ranging from a sharp loss of−356.3 Pg C (JPL-CENTURY) to a moderate
gain of 13.8 Pg C (SiBCASA) between 1901 and 2010 (Supplementary
Fig. 1a). In TRENDYv9, all models showed negative impacts of LULCC on
SOC (Fig. 1a), with YIBS simulating the largest decrease at 128.7 Pg C from
1901 to2019.This reductionwas twoorders ofmagnitudegreater than those

Fig. 1 | Temporal evolution and magnitude of LULCC-induced SOC dynamics
across three MIPs. a The shaded area around the multi-model ensemble indicates
mean ± 1 s.d., representing variability across models. b Blue dots mark the ensemble
mean of net SOC changes (Unit: PgC), and black dots represent net SOC changes for
each individual model. c Blue dots indicate the ensemble mean of relative changes

(%), and black dots show relative changes for each model, calculated as the per-
centage change in SOC relative to the without-LULCC baseline. Detailed temporal
trends of LULCC-induced SOC changes for individual models within each MIP can
be found in Supplementary Fig. 1.
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simulated by CABLE, JULES, ISAM, LPJ-wsl, and LPX-Bern (Supple-
mentary Fig. 1c). While LUMIP and TRENDYv9 imposed more stringent
constraints, LUMIP exhibited greater variability in relative changes in
LULCC-induced SOC across models, contrasting with the narrower spread
observed in MsTMIP and TRENDYv9 (Fig. 1c). Notably, the consistently
narrower uncertainty in TRENDYv9 for both net and relative changes
(Fig. 1b, c) is likely related to its strict model selection protocol, which is not
imposed in MsTMIP or LUMIP3.

Spatially, LULCC exerted a global influence on SOC, with notable
hotspots in the northern high latitude and tropical regions (Fig. 2a–c).
TheMsTMIP-based analysis demonstrated themost extensive latitudinal
and spatial variations in LULCC-induced SOC changes (Supplementary
Figs. 2 and 3). Overall, LULCC resulted in SOC loss across 67.3% of the
global land area. The pronounced SOC reductions were observed in the
central US, Europe, China, and southeastern South America (Fig. 2a). In
contrast, the LUMIP-based multi-model mean indicated that LULCC
contributed to SOC gains over 52.0% of the global land surface, with
notable gains concentrated in the northern latitudes (Fig. 2b and Sup-
plementary Fig. 4). Although exhibiting less latitudinal and spatial vari-
abilities, the TRENDYv9 ensemble mean indicated that a larger portion
(80.4%) of the global land area experienced SOC decrease due to LULCC.
Notably, over 13 models consistently agreed that these regions were
predominantly located in North America, Europe, Asia, South America,
and Africa (Fig. 2c and Supplementary Fig. 5).

At the regional scale, LUMIP-based estimates showed LULCC led to
a SOC decrease only in SES (0.005 ± 0.02 Pg C yr−1), and the most sub-
stantial increase was in the temperate region (0.1 ± 0.2 Pg C yr−1). In
contrast, LULCC contributed to SOC losses across all subregions in both
MsTMIP- and TRENDYv9-based estimations (Fig. 2d). The model
ensemble mean of MsTMIP indicated that SOC loss rates exceeding
0.05 Pg C yr−1 (~5.5 Pg C from 1901 to 2010) were observed in AF
(0.08 ± 0.2 Pg C yr−1), EAS (0.06 ± 0.1 Pg C yr−1), MIDE (0.06 ± 0.1 Pg
C/yr), SA (0.1 ± 0.2 Pg C yr−1), and the USA (0.08 ± 0.2 Pg C yr−1). The
model ensemble mean of TRENDYv9 showed that SOC loss rates were
uniformly below 0.05 Pg C yr−1, with the highest loss rate in RU at
0.04 ± 0.07 Pg C yr−1 (Fig. 2d).

Despite some discrepancies, the ensemble means of MsTMIP and
TRENDYv9 consistently indicate that the tropical region experienced the
highest LULCC-induced SOC loss, estimated at 0.2 ± 0.4 Pg C yr−1 and
0.09 ± 0.10 Pg C yr−1, respectively. The larger deforested area recorded in
Hurtt_SYNMAP relative to LUH2v2 may partially account for the greater
SOC loss observed inMsTMIP than TRENDYv9 (Supplementary Fig. 6). A
previous study demonstrated that reduced carbon input, combined with
poor nutrients and highly weathered soils, led to greater SOC loss following
LULCC compared to boreal and temperate regions4. This susceptibility can
also be attributed to higher temperatures and soil moisture regimes, which
enhance decomposition rates and accelerate SOC depletion35,36. Further-
more, predominant clay-rich soils in the tropics provide less mineral pro-
tection and stabilization for SOC37.

Attribution of LULCC-induced SOC changes at the global scale
To further investigate the substantial inter-model spread in LULCC-
induced SOC estimates, a multi-dimensional diagnostic analysis was con-
ducted to disentangle its underlyingdrivers. This framework partitions SOC
changes following LULCC into four structural drivers—carbon input (via
NPP, ΔNPP*τS0), decomposition (represented by soil residence time (τS,
ΔτS*NPP0), their interactions (ΔNPP*ΔτS), and disequilibrium magnitude
(ΔXP)—for each model across the three MIPs (see “Methods”).

NPP acts as a pivotal nexus between LULCC and SOC, where altera-
tions in vegetation productivity directly modulate the balance between
carbon inputs and outputs. Conventionally, land conversions such as
deforestation and cultivation have been associated with declines in
NPP8,11,38. From 1901 to the 2010s, both Hurtt_SYNMAP and LUH2v2,
albeit with discrepancies, agree on persistent cropland expansion at the
expense of forests at the global scale (Supplementary Fig. 6). However, NPP
responded inconsistently to these processes across models.

Themodel ensemblemeans ofMsTMIP and TRENDYv9 both revealed
thatNPP-driven SOC exerted a negative influence on SOC changes following
LULCC since the 1900s. In the MsTMIP ensemble, NPP-driven SOC
accounted for approximately 40% of the total LULCC-induced SOC loss,
exhibiting only minor temporal fluctuations since the 1940s
(ΔCMsTMIP

LULCC�SOCjΔNPP*τS0 =−27.9 ± 44.5 PgC in the 2010s, Fig. 3a). Marked

Fig. 2 | Spatial patterns of multi-model ensemble mean of LULCC-induced SOC
changes. a–c Indicate the spatial dynamics of the ensemble mean of LULCC-
induced SOC forMsTMIP, LUMIP, and TRENDYv9, respectively (Unit: kg Cm−2).
The diamond symbols denote regionswheremore than 70%ofmodels concur on the
change direction within each MIP. Detailed spatial dynamics of LULCC-induced
SOC for individual models in each MIP are presented in Supplementary Figs. 3–5.
All three panels share the same figure legend. d Multi-model ensemble mean of
LULCC-induced SOC changes in the 11 sub-regions and three climate zones

(mean ± sd, Unit: Pg C yr−1). Red, blue, and orange bars represent the MsTMIP,
LUMIP, and TRENDYv9 ensemble, respectively. The 11 subregions include CA_AL
(Canada and Alaska), USA, SA (Latin America and the Caribbean), AF (Africa), EU
(Europe), RU (Russia), MIDE (Middle East), SAS (South Asia), SES (Southeast
Asia), EAS (East Asia), andOC (Oceania). The boreal region (light blue background)
encompasses CA_AL, EU, and RU, while the temperate region (light green back-
ground) comprises USA, MIDE, EAS, and OC. The tropical region (green back-
ground) consists of AS, AF, SAS, and SES.
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Fig. 3 | Temporal trends of the four processes in driving LULCC-induced SOC
changes for three MIPs (Unit: Pg C). Temporal trends in driver attributions to the
multi-model ensemble mean, derived from MsTMIP (a), LUMIP (b), and TREN-
DYv9 (c). The contributions are divided into four parts, including τS (ΔτS*NPP0,
shown in red color), NPP (ΔNPP*τS0, shown in blue color), their interaction
(ΔNPP*ΔτS, shown in yellow color), and disequilibrium magnitude (ΔXP, shown in

green color). Black lines represent total LULCC-induced SOC changes. Percentages
shown on the bars indicate the proportional contributions of each factor, quantified
by normalizing the absolute magnitude of its contribution to the sum of absolute
contributions from all drivers (<10% are not shown). Temporal trends for the four
driving factors in each model within an MIP were provided in Supplementary
Figs. 7–9.
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inter-heterogeneity was observed within MsTMIP, with the impact of NPP
spanning from−242.7 PgCin JPL-CENTURYto113.1 PgCinORCHIDEE-
LSCE (Supplementary Fig. 7). In contrast, the contribution of NPP-driven
contribution in TRENDYv9 was considerably weaker than that in MsTMIP,
rarely exceeding 30% since the 1910s and falling below 10% during the
1970s–1990s. While exhibiting a narrower range, its inter-model variability
surpassed that observed in MsTMIP (ΔCTRENDYv9

LULCC�SOCjΔNPP*τS0 =
−9.95 ± 34.4 PgC in the 2010s, Fig. 3c). Conversely, the LUMIP ensemble
attributed the increase inLULCC-induced SOCpredominantly to risingNPP,
which contributed ~70% since the 1930s (ΔCLUMIP

LULCC�SOCjΔNPP*τS0 =
37.5 ± 49.7 PgC in the 2010s, Fig. 3b and Supplementary Fig. 8). Within
LUMIP, the elevated NPP dominated the rising LULCC-induced SOC in
BCC-CSM2-MR,CMCC-ESM2, andCNRM-ESM2-1.Positive contributions
from NPP were also evident in IPSL-CM6A-LR and UKESM1-0-LL. How-
ever, these gains were counterbalanced by the reduction in τS-driven changes,
ultimately leading to a net SOC decline (Supplementary Fig. 8).

The discrepancies in NPP-driven SOC responses to LULCC could be
ascribed to multiple structural factors. First, DGVMs in LUMIP allow for
stronger feedback between carbon cycles and climate variations, while those
in MsTMIP and TRENDYv9 use prescribed climate forcing25,26,32. These
varying climate model representations within the LUMIP ensemble may
introduce extra bias in LULCC-inducedNPP changes29,39. Furthermore, the
interplay between climate and LULCC in LUMIP may further amplify the
CO2 fertilization effect on SOC dynamics, leading to divergent model
responses40. Second, somemodels utilize a singleplant functional type (PFT)
per grid cell, while others adopt a cohort strategy that incorporates multiple
PFTs within the same grid12. The number of PFT types varies across
DGVMs, even when adhering to identical simulation protocols within an
MIP. Third, land-use trajectories often differ due to varying rules for
modeling the expansion or abandonment of cropland inDGVMs41. Certain
models assume that changes in cropland area result in a proportional
reduction or expansion of existing natural PFTs within the grid42,43. Some
othermodels apply preferential adjustments, such as reducing or expanding
grassland for pasture, proportionally altering natural PFTs for cropland, or
reallocating grassland for both cropland and pasture44,45. These varying
allocation strategies for the compensating cropland area inevitably lead to
divergent LULCChistories, which, in turn, result in different historical SOC
dynamics induced by LULCC.

The inter-model variability in τS reflects differences in soil turnover and
associated parameters31. The three MIPs broadly concurred that τS-driven

changes negatively impacted LULCC-induced SOC dynamics. The ensemble
mean ofMsTMIP indicated that τS-driven SOC lossmarginally exceeded that
attributable to NPP-driven changes since the 1900s, exhibiting minor fluc-
tuations throughout the study period (ΔCMsTMIP

LULCC�SOCjΔτS*NPP0 =
−22.9 ± 83.7 PgC in the 2010s, Fig. 3a). Conversely, the TRENDYv9
ensemble attributed the LULCC-induced SOC decline primarily to the τS-
driven term, accounting for up to 83.3% during the 1980s, but diminishing
thereafter (ΔCTRENDYv9

LULCC�SOCjΔτS*NPP0 =−12.6 ± 17.7 PgC in the 2010s, Fig. 3c).
The contribution of τS-driven changes varied substantially across models,
ranging from −42.7 PgC in YIBS to 14.6 PgC in CABLE. Notably, in the
TRENDYv9 ensemble, NPP and τS demonstrated distinct yet counter-
balancing roles in shaping LULCC-induced SOC changes, which nonetheless
exhibited similar temporal trends. This interplay was particularly evident in
JULES, CABLE, LPX-Bern, and ISAM (Supplementary Fig. 9). In contrast,
although τS-driven SOC contributions increased from the 1910s onwards,
their impact remained relativelymodest in LUMIP, accounting for only~15%
of LULCC-induced SOC changes after the 1990s (Fig. 3b). All MIPs agreed
that the interactions betweenNPP and residence time (ΔNPP*ΔτS), as well as
the disequilibrium magnitude (ΔXP), had minimal contributions to SOC
changes throughout the study period (Fig. 3).

Quantitatively attributing changes in soil residence time to SOC
dynamics remains an intricate challenge. This complexity arises partly from
the prevalent reliance of most current DGVMs on first-order kinetics to
estimate cascading decomposition rates among soil carbon pools28,46, which
inadequately represent microbial-related processes like priming effects that
regulate carbon accumulation and turnover47,48. Moreover, models exhibit
substantial heterogeneity in their representation of soil carbon pools: while
some adopt simplifiedmulti-pool configurations, others integratemicrobial
dynamics, freeze–thaw cycles, or vertical carbon transport, resulting in
markedly divergent τS responses to comparable land conversions3,12,25,26.
Furthermore, disturbances and management practices—such as fire fre-
quency, wood harvest intensity, and fertilization—are also prescribed dif-
ferently across MIPs, either amplifying or mitigating SOC losses in specific
regions12,27,29. Additionally, differences in spin-up protocols and historical
baselines may influence the initial SOC stock and the legacy effects of past
land-use changes26. Collectively, these structural divergences propagate
through model ensembles, contributing substantially to the inter-model
spread in τS-driven SOC estimates.

The contributions of the four components to LULCC-induced SOC
changes exhibited large spatial variability, as reflected in the ensemblemean
of each MIP (Fig. 4). All three MIPs consistently showed that τS-driven

Fig. 4 | Spatial patterns of dominant process contributions in driving LULCC-
induced SOC changes during the 2010s (Unit: kg Cm−2 a−1). Spatial patterns of
the contributions from τS (ΔτS*NPP0), NPP (ΔNPP*τS0), their interaction
(ΔNPP*ΔτS), and disequilibriummagnitude (ΔXP) in driving LULCC-induced SOC
changes during the 2010s (Unit: kg Cm−2). Results are derived from themulti-model

ensemble mean for MsTMIP (aMsTMIP-ΔτS*NPP0; b MsTMIP-ΔNPP*τS0;
cMsTMIP-ΔNPP*ΔτS; dMsTMIP-ΔXP), LUMIP (e LUMIP-ΔτS*NPP0; f LUMIP-
ΔNPP*τS0; g LUMIP-ΔNPP*ΔτS; h LUMIP-ΔXP), and TRENDYv9 (i: TRENDYv9-
ΔτS*NPP0; jTRENDYv9-ΔNPP*τS0; kTRENDYv9-ΔNPP*ΔτS; lTRENDYv9-ΔXP).
The inset panels illustrate the latitudinal mean of each driver (Unit: kg Cm−2 a−1).
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changes were concentrated in northern high latitudes. In MsTMIP, its
negative impact was confined to central Eurasia (Fig. 4a). Conversely, in
LUMIP andTRENDYv9, τS-driven changeswere broadly distributed across
North America, Europe, and Asia, with a much larger affected area in
TRENDYv9 (Fig. 4e, i). It is noteworthy that the positive impact of τS in
western Europe and easternAustralia, evident in TRENDYv9,was absent in
both MsTMIP and LUMIP (Fig. 4i). The positive contribution of NPP to
SOC changes following LULCC was particularly pronounced in LUMIP
(Fig. 4f), while inMsTMIP andTRENDYv9, its effects were scattered across
the northern high latitudes, with limited impact observed inAsia (Fig. 4b, j).
Despite some differences, both Hurtt_SYNMAP and LUH2v2 consistently
showed that cropland areas in the westernUS expanded steadily from 1901,
peaked around the 1960s, and declined thereafter. The forest area exhibited
the opposite trend over the same period (Supplementary Fig. 6). However,
modeled NPP demonstrated inter-model variation within and across the
MIPs. Increment in NPP-driven SOC was observed in 7, 3, and 6 models
from MsTMIP, LUMIP, and TRENDYv9, respectively (Supplementary
Figs. 10 and 11).

Key processes driving LULCC-induced SOC changes at the
regional scale
The regional-scale analysis offers comprehensive insights into how the four
determinants contributed differently to LULCC-induced SOC changes
(Fig. 5). In boreal regions, the observed rise in LULCC-induced SOCwithin
LUMIP was predominantly attributed to increases in NPP- and XP-driven
changes, partially counterbalanced by reductions in τSover the study period.
BothMsTMIP and TRENDYv9 ensembles indicated that decreases in NPP
were the primary drivers of LULCC-induced SOCreduction in CA_AL and
RU, with comparablemagnitudes (Fig. 5a, c). In Europe, while both the two
MIPs identified a negative influence of τS, NPP-driven changes contributed
to an overall SOC decrease in MsTMIP but reversed the reduction in
TRENDYv9 (Fig. 5b). Since the 1950s, Europe has experienced widespread
afforestation of former cropland49. In TRENDYv9, the ensemble mean of
NPP exhibited an overall increasing trend, even though nine models indi-
cated a decrease in NPP (Supplementary Fig. 10b). Nevertheless, the lag
effect from persistently declining τS still led to SOC loss5. Previous studies

highlighted that current DGVMs tend to underestimate soil carbon turn-
over time, especially in northernhigh latitudes by inadequately representing
the permafrost process29,39,50. Therefore, the contribution of τS-driven SOC
loss following LULCC is likely underestimated in the current estimation of
MsTMIP and TRENDYv9.

LULCC in temperate regions has been characterized by both intensi-
fication and extensification over the last decades5. We found that the pro-
cesses driving SOC changes exhibited more substantial disparities among
the MIPs. According to LUMIP estimations, NPP played a prominent role
in driving the LULCC-induced SOC increase across these four subregions
(Fig. 5d–g and Supplementary Fig. 11). Conversely, the ensemble means of
MsTMIP and TRENDYv9 broadly concur that deforestation led to declines
in NPP and τS in USA, MIDE, and OC, subsequently causing SOC loss
(Supplementary Fig. 11a, c, d). The greater reduction in forest area captured
by Hurtt_SYNMAP, used in MsTMIP, may explain the larger SOC loss
compared to TRENDYv9, which uses LUH2v2 as land use input (Supple-
mentary Fig. 6). In EAS, NPP was the dominant contributor to SOC loss in
MsTMIP (ΔCMsTMIP

LULCC�SOCjΔNPP*τS0 =−5.7 ± 14.6 PgC), while it exhibited a

positive contribution in TRENDYv9 (ΔCTRENDYv9
LULCC�SOCjΔNPP*τS0 =

2.8 ± 11.3 Pg C), counteracting the overall decline driven by the other three
factors (Fig. 5e). Forest area consistently decreased in bothHurtt_SYNMAP
and LUH2v2, declining more slowly in the former and reversing to an
increase in the latter after the late 1980s. This may explain the noticeable
positive trend in NPP in the TRENDYv9-based estimation. Although nine
models simulated a reduction in NPP, these decreases were largely offset by
the positive impacts of ORCHIDEEv3, LPJ-GUESS, and CLM5 (Supple-
mentary Fig. 11b). In MsTMIP, the large model spread in SOC changes
following LULCC was primarily attributed to the substantial decreases in
NPP modeled by LPJ-CENTURY and JPL-HYLAND (Supplementary
Fig. 11b).

Over the past century, rapid deforestation has occurred across the
tropics to satisfy the growing demand for logging and agricultural land
(Supplementary Fig. 6)51. Nonetheless, an NPP-driven increase in LULCC-
induced SOC was prevalent across SA, AF, and SAS in LUMIP (Fig. 5h–j
and Supplementary Fig. 12a). Although SOC decreased in SES (Fig. 5k), the

Fig. 5 | Temporal evolution of process contributions to LULCC-induced SOC
changes at regional scales (Unit: Pg C). Temporal evolution of contributions from
τS (ΔτS*NPP0), NPP (ΔNPP*τS0), their interaction (ΔNPP*ΔτS), and disequilibrium
magnitude (ΔXP) to LULCC-induced SOC changes across 11 subregions. For each
subregion, the left, middle, and right panels correspond to estimates fromMsTMIP,

LUMIP, and TRENDYv9, respectively. Black lines represent the temporal trends in
LULCC-induced SOC changes. Subregions include: a CA_AL: Canada and Alaska;
b EU: Europe; c RU: Russia; d USA; e MIDE: Middle East region; f EAS: East Asia;
gOC:Oceania; h SA: LatinAmerica and the Caribbean; iAF: Africa; j SES: Southeast
Asia; k SAS: South Asia.
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positive effect of NPP was just slightly lower but comparable to τS
(ΔCLUMIP

LULCC�SOCjΔNPP*τS0 = 0.7 Pg C vs. ΔCLUMIP
LULCC�SOCjΔτS*NPP0

=−0.8 PgC).

In SA, both MsTMIP and TRENDYv9 identified τS as the dominant factor
shaping LULCC-induced SOC loss, whereas in SES, they consistently
attributed the overall SOC decrease to the contributions of τS and NPP
(Fig. 5h, k). In AF and SAS, themoderate contributions of NPP to LULCC-
induced SOC observed in MsTMIP were absent in TRENDYv9 (Fig. 5i, j).

Evidence from incubation studies andmodel estimations indicates that
tropical biomes have shorter soil carbon residence times than boreal and
temperate ecosystems29,39. This pattern is primarily due to the detrimental
effects of high temperature on residence time and shifts in microbial
community composition39,52. For ecosystems, croplands typically exhibit
shorter soil residence times owing to frequent human interference53. Con-
sequently, the extensive deforestation for cropland expansion, particularly
in the tropical regions, over the past century, is presumed to have con-
siderably reduced global soil residence time54,55. It is noteworthy that the
representationof croplandhasundergone successive updates, evolving from
Hurtt_SYNMAP to LUH-GCB2020 through inventory-based corrections
and satellite-derived observations56,57. Nevertheless, pronounced dis-
crepancies persist in forests and grasslands, particularly at regional scales,
due to differing treatments of natural vegetation across simulation
protocols11,25,32. For example, forest area trajectories in SA differed sub-
stantially between Hurtt_SYNMAP and LUH2v2, which likely amplified
the regional spread of τS-driven SOC changes (Supplementary Fig. 6).

A key challenge in accurately quantifying LULCC-induced SOC
dynamics lies in the lackof long-term, spatially explicit observations that can
separate land-use signals from other concurrent drivers, such as climate
variability and management practices. Existing global SOC inventories
provide valuable insights but are typically restricted to recent decades and
exhibit substantial regional inconsistencies, posing particular limitations for
century-scale analyses5,11,13. Direct observations of NPP and τS over such
extended periods are even more elusive due to the inherent spatiotemporal
constraints of conventional field methodologies. Although satellite-derived
NPP products deliver high-resolution insights into vegetation productivity,
their temporal span is largely confined to the post-2000 era, and τS estimates
remain predominantly model-based due to the difficulty of direct
measurements29,31,39. This persistent observational gap constrains the cali-
bration and benchmarking of DGVMs in capturing both carbon inputs and
turnover under historical and ongoing land-use changes.

Addressing these constraints requires multifaceted strategies. First,
integrating high-resolution satellite products with historical reconstruc-
tions, such as climate proxies, can improve data continuity and spatial
resolution. Second, establishing comprehensive global observation net-
works should prioritize underrepresented boreal regions. These networks
should integrate extensive soil-sampling campaigns with long-term stan-
dardized field experiments (e.g., multi-site incubation studies) to provide
essential benchmarks for constraining and validatingNPP and τS inmodels.
Advances in remote sensing, particularly emerging missions capable of
retrieving vegetation productivity and belowground carbon proxies, offer
valuable opportunities to inform and calibrate model parameterizations.
Furthermore, leveraging artificial intelligence, such as Knowledge Guided-
Machine Learning (KGML), holds great potential to bridge the gap by
assimilating heterogeneous datasets (e.g., remote sensing, inventories, eddy
covariance) intoprocess-basedmodels. Suchdata–model fusion approaches
can dynamically optimize parameters related to NPP allocation, soil turn-
over, and disturbance regimes, while enhancing interpretability by estab-
lishing causal linkages across variables. Embedding these AI-driven
integration techniques within model intercomparison frameworks, future
studies could enable more robust and spatially resolved estimates of
LULCC-induced SOC dynamics, ultimately reducing inter-model dis-
parities, enhancing global carbon budget predictions, and informing precise
climate mitigation strategies.

In summary, this study provides a comprehensive, process-oriented
attributionofLULCC-inducedSOCdynamics across threewidely recognized

MIPs through post-MIP traceability, a distinct multi-dimensional diagnostic
framework. Our findings reveal substantial uncertainties with respect to the
directions andmagnitudes of SOC changes, spanning both across andwithin
the MIPs. Three MIPs concurred that the reduced soil residence time drove
LULCC-induced SOC loss, albeit to varying degrees. In contrast, the con-
tribution of NPP to SOC dynamics remained highly contentious, orches-
trating the dominant uncertainty underlying the substantial divergences
across the MIPs. In this regard, achieving more reliable projections of
LULCC-induced SOC dynamics requires tighter tethering of NPP and soil
residence time responses to land conversions. This could be facilitated by
improving observational constraints and harnessing emerging data–model
fusion techniques to refine key parameters governing vegetation productivity
and carbon turnover, particularly in the boreal region. These advancements
are vital to bolster DGVMs, thereby enhancing carbon sink predictions for
global climate mitigation strategies.

Methods
MsTMIP ensemble
Given the available datasets, twelvemodel outputs were used in the analysis,
including CLASS-CTEM-N+, CLM4, DLEM, GTEC, JPL-HYLAND,
ISAM, LPJ-wsl, JPL-CENTURY, ORCHIDEE-LSCE, SiBCASA, VEGAS,
and VISIT. Model-specific details are provided in Supplementary Table 1.

These models were driven by benchmark reference driver data sets.
Climate inputs were sourced from the 6-hourly CRU-NCEP dataset. The
models were also forced by atmospheric CO2, gridded nitrogen deposition,
and remotely sensed phenology. Land use/cover was prescribed bymerging
SYNMAP with the time-varying land use harmonization data (LUH) from
the Fifth Assessment Report (AR5) of the Intergovernmental Panel on
Climate Change (IPCC)56,58. LUHprovidesmapped fractional coverage and
annual transitions for different land-use classes, including primary land,
secondary land, cropland, pasture, urban, and barren. Global simulations
were performed at 0.5° × 0.5° resolution, covering all land areas excluding
Antarctica.

To separate the impact of LULCC on SOC, model outputs from two
pair simulations, SG1 and SG2, were analyzed. SG1 incorporated time-
varying climate forcing and landuse change alongside constant atmospheric
CO2 and nitrogen deposition, while SG2 held constant land use change,
aligning other forcings consistent with SG1. The differences between them
can be considered the LULCC effect.

LUMIP ensemble
Six ESMs with distinct land-surface modules were analyzed in this study,
including BCC-CSM2-MR, CMCC-ESM2, CNRM-ESM2-1, IPSL-CM6A-
LR, MPI-ESM1-2-LR, and UKESM1-0-LL. Detailed information for each
model is provided in Supplementary Table 2.

LUMIP employed the LUH2v2 as the land use/cover input dataset,
while LULCC was depicted differently across land models. Some models
utilized annual land-use maps as direct inputs, whereas others relied on
transition matrices describing fractional changes between land-use types,
leading to variations in how land conversions were prescribed and
implemented32.

We analyzed outputs from two simulations, Land-hist andLand-noLu,
to estimate LULCC impacts on SOC. Both simulations were driven by
transient forcings, including atmospheric CO2, N-deposition, aerosol
deposition, etc. Their difference lies in the Land-hist adopting the time-
varying landuse change as input,whereasLand-noLuheld landuse constant
since 185032. In this study, both cSoil and cLitterwere accounted as the total
soil carbon pool when available26.

TRENDYv9 ensemble
This study analyzed outputs from 17DGVMs participating in TRENDYv9,
including CABLE, CLASSIC, CLM5, DLEM, IBIS, ISAM, JSBACH, JULES,
LPJ-GUESS, LPJ-wsl, LPX-Bern, ORCHIDEEv3, OCN,ORCHIDEE-CNP,
SDGVM, VISIT, and YIBS (see Supplementary Table 3 for detailed
information).
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These models were driven by merged climate data from the Climate
Research Unit (CRU) and 6-hourly Japanese Reanalysis (JRA-55), along
with gridded nitrogen deposition, nitrogen fertilizer, and atmospheric CO2,
adhering to consistent spin-up and historical simulations protocols59,60.
TRENDYv9 utilized LUH-GCB2020 as land use input data, which contains
updated woody harvest data from 2015 onwards57.

To isolate the impact of LULCC on SOC, we used the model outputs
from simulations S2 and S3. Both simulations share the same forcings, with
S2 using fixed pre-industrial land-use and S3 adopting time-varying land
use. Their difference reflects the impact of LULCC on SOC.

Post-MIP traceability framework
To systematically investigate the processes driving LULCC-induced SOC
changes across multiple models, we developed a multi-dimensional diag-
nostic analysis within the post-MIP traceability framework. This analysis
integrates spatial, temporal, and driver-specific dimensions to decompose
SOC variations, leveraging a multi-model ensemble from the three MIPs.

The capacity of an ecosystem to store carbon is governed by two
primary processes: carbon input, represented byNPP, and carbon residence
time (τ)4,31,61,62. NPP and τ determine the carbon storage capacity (XC) at a
steady state, which represents the maximum attainable carbon storage
within the ecosystem, where influx equals outflux28,63:

XC ¼ NPP*τ ð1Þ

In reality, however, terrestrial ecosystems frequently diverge from this
steady state due to climate change and various disturbances28,64. To capture
this deviation, a novel metric, XP, was introduced to measure the extent of
carbon storage departure from equilibrium conditions. Consequently,
carbon storage in a transient state can thus be expressed as follows:

X ¼ NPP*τ � XP ð2Þ

The XP is proportional to the rate of carbon storage change (X′) and
regulated by the chasing time τch:

XP ¼ τch*X
0 ð3Þ

For the soil carbon pool, changes in the soil carbon pool can be cal-
culated as:

X ¼ τS*ðNPP � X0Þ ð4Þ

Then, τS and XP can be further calculated as:

τS ¼
X

NPP � X0 ð5Þ

XP ¼ τS*NPP � X0 ð6Þ

where (NPP- X′) represents the total soil carbon losses from the terrestrial
ecosystem,mainly through heterotrophic respiration and disturbances (i.e.,
fire, winds, and insects)62,65.

Changes in soil carbon storage over a specific period can be expressed
as:

ΔX ¼ ΔXC � ΔXP ð7Þ

whereΔX denotes the variation in the soil carbon pool over a certain period.
ΔXC represents changes in soil carbon storage capacity, while ΔXP captures
the changes in the disequilibrium amount over the same period. GivenXC is
determined by NPP and τS, ΔXC can therefore be substituted as follows:

ΔXC ¼ ðNPP0 þ ΔNPPÞ*ðτS0 þ ΔτSÞ � NPP0
*τS0 ð8Þ

XC ¼ ΔτS*NPP0 þ ΔNPP*τS0 þ ΔNPP*ΔτS ð9Þ

where ΔNPP and ΔτS are changes in NPP and τS relative to their initial
values. After combining them with Eq. 7, it can be reformulated as follows:

ΔX ¼ ΔτS*NPP0 þ ΔNPP*τS0 þ ΔNPP*ΔτS�ΔXP ð10Þ

In this equation, the first term (ΔτS*NPP0) represents the soil carbon
pool changes driven solely by the evolving τS, with NPP held constant. The
second term (ΔNPP*τS0) reflects shifts in the soil carbonpool attributable to
variations in NPP. The third term (ΔNPP*ΔτS) represents the synergistic
impact of simultaneous changes in both NPP and τS on carbon dynamics.
These three components together determine the alteration in carbon storage
capacity at a steady state. The final term (ΔXP) addresses changes in the
disequilibrium magnitude. Here, NPP0 and τS0 are historical reference
values, calculated as the average from 1901 to the latest available year for
each model. ΔNPP, ΔτS, and ΔXP represent deviations from their historical
baselines.

To quantify the impacts of the four components on LULCC-induced
SOC, we first computed global SOC (including the litter carbon pool where
available) and NPP under with- and without LULCC scenarios for each
model across the three MIPs. The LULCC-induced SOC and NPP were
calculated as the difference between a simulation with and one without land
use. Then, ΔX was calculated for both scenarios across all models. Their
differences in the aforementioned four terms were then interpreted as their
respective contributions to LULCC-induced SOC changes. These con-
tributions were assessed at decadal intervals (e.g., 1901–1910 as the 1900s,
1911–1920 as the 1910s, etc.) to compare the temporal evolution of the four
components across MIPs. The proportional attribution of each driver was
quantified based on the absolute contribution relative to the sumof absolute
contributions from all drivers.

The spread of the model estimate of changes in SOC was used to
determine the variability among simulations. ForΔCLULCC-SOC, we show the
mean ± s.d., which reflects the inter-model spread within each MIP and
primarily captures structural variability. The four diagnostic components
driving LULCC-induced SOC dynamics were calculated for each model.
Their respective statistics were subsequently derived as ensemble means
with standard deviations within each MIP.

To facilitate regional-scale analysis, the global land areawas subdivided
into 11 subregions: CA_AL (Canada and Alaska), USA, SA (Latin America
and the Caribbean), AF (Africa), EU (Europe), RU (Russia),MIDE (Middle
East), SAS (South Asia), SES (Southeast Asia), EAS (East Asia), and OC
(Oceania). For broader interpretation, these subregions were grouped into
three climatic zones: the boreal region (CA_AL, EU, RU), the temperate
region (USA,MIDE, EAS, OC), and the tropical region (SA, AF, SAS, SES).

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The Hurtt-SYNMAP land-use dataset used in MsTMIP is provided by the
Oak Ridge National Laboratory Distributed Active Archive Center (ORNL
DAAC, http://daac.ornl.gov). The LUH2v2 land-use dataset, utilized in
LUMIP and TRENDYv9, is available on the LUH2 website (https://luh.
umd.edu). Raw model outputs for MsTMIP and LUMIP are publicly
accessible online (MsTMIP: http://daac.ornl.gov; LUMIP:https://aims2.llnl.
gov/search/ cmip6). TRENDYmodel outputs can be obtained upon request
(https://globalcarbonbudgetdata.org/closed-access-requests.html). The
post-processed data generated in this study are available at https://doi.org/
10.5281/zenodo.14866783.
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