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Land change, fire, and climate weaken carbon sink in

the conterminous United States
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The land carbon sink of the conterminous United States was evaluated using a bottom-up modeling framework
and 30-meter land change data from 1985 to 2020. This cross-scale, cross-landscape, and cross-system approach
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tracked fractional land cover changes and applied regional model calibration. Results show average terrestrial
and aquatic carbon sinks of +110 + 37 and +19 + 0.5 teragrams of carbon per year, respectively. The terrestrial
carbon sink, showing no clear trend, peaked in the 1990s, with more years as a carbon source since 2000, contra-
dicting recent national and global studies. Land change had the largest impact (—70 + 5.5 teragrams of carbon
per year), exceeding impacts of climate (—33 + 48 teragrams of carbon per year), wildfire (—7.7 + 2.4 teragrams of
carbon per year), and erosion transport (—1.9 + 0.13 teragrams of carbon per year). The positive CO; fertilization
effect (+69 + 12 teragrams of carbon per year) was insufficient to maintain the carbon sink strength. Our frame-
work reveals key paths of carbon loss, with implications for carbon budget and energy policies in the United

States and beyond.

INTRODUCTION

Globally, the terrestrial land surface, including wetlands and inland
water systems, provide a substantial sink for atmospheric carbon
(C), absorbing roughly 38% of all anthropogenic emissions annually
(1). Land C sink, the net annual C sequestration rate, is strongly re-
lated to human land use activities, climate, natural disturbances, and
atmospheric CO; increases. However, the quantification of land C
sink is so diverse and sometimes controversial (1-3) that scientists
have put forward an integrative framework to better quantify the
land C sink, including understanding the linkage between terrestrial
and aquatic systems and the gap between atmospheric-based (“top-
down”) and land-based (“bottom-up”) C estimates (4, 5).

Recent global studies informed by atmospheric inversion mod-
els, dynamic global vegetation models (DGVMs), and inventory
analyses indicate that land C sink strength has been increasing or
steady over the several past decades (1, 6, 7). However, other studies
like the Intergovernmental Panel on Climate Change Sixth Assess-
ment Report (8) indicate that severe impacts of global warming on
high-C ecosystems have already led to a weakening C sink. For
North America and the conterminous United States (CONUS), both
the Regional Carbon Cycle Assessment and Processes—2 (RECCAP2)
synthesis (5) and the US Second State of the Carbon Cycle Report
(SOCCR?2) (9) estimate that combined atmospheric measurements,
models, and land inventories indicate no consistent increasing or
decreasing trends in land C sink strength around 2010s. Conversely,
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the US National Greenhouse Gas Inventory estimates for the forest
land category, which are largely based on the Nationwide Forest In-
ventory (NFI), show declining sink strength since 1990 with sub-
stantial interannual variability (10).

Opverall, estimates of global and regional terrestrial C sink vary
widely and are highly dependent on input data and methodology.
Recent research indicates that remote sensing-based global C sink
estimates are lower by a factor of 3 than the Coupled Model Inter-
comparison Project phase 6 (CMIP6) model results (11). Terrestrial
C sink estimates for CONUS range from ~200 to 685 Tg C year ',
with field inventory estimates at the lower end, atmospheric inver-
sion estimates at the higher end, and other modeling estimates in
between (2).

Highly variable land C sink estimates are expected because land C
dynamics are complex and controlled by many interacting factors, in-
cluding atmospheric chemistry, climate, natural disturbance, human
land use, vegetation succession, and cross-landscape C transports.
Land C sink estimates constrained by or derived from atmospheric
inversion are top-down modeling results that usually do not consider
land change processes, and any errors in atmospheric and ocean C
budgets will directly propagate into top-down estimates of the land C
sink (3, 12). A recent study indicates that the global ocean C sink has
been underestimated (13), implying that previous global land C sinks
could be overestimated. However, regional C sink variabilities are
complex. Tropical Amazon could be experiencing weakening land C
sink due to large-scale deforestation, while East Asia could be enhanc-
ing land C sink due to massive afforestation (14, 15). North America
may have a unique C sink texture mixed with forest management, cli-
mate variability, wildfire, drought, pest outbreak, urbanization, and
ecosystem aging. Therefore, a bottom-up C sink quantification is
needed to reveal the CONUS land C cycle details.

Land C sinks derived from eddy-covariance flux tower mea-
surements are bottom-up results, but because of their small C flux
footprints, flux tower measurements cannot capture extensive re-
gional land disturbance events such as wildfire, deforestation, and
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urbanization. Also, the range of vegetation types, plant species, and
stand conditions at flux tower sites are typically narrow and do not
fully represent regional vegetation conditions. In particular, reginal
average growth rate and mortality rate could be different from site-
scale observations. In contrast, the NFI in the United States is a
spatially representative, probability sample with remeasurements
every 5 to 10 years on permanent plots across all land ownerships.
These data are used to compile population estimates of forest C
stocks and changes across scales (e.g., county to national) (10, 16).

DGVMs are process-based bottom-up approaches often used to
evaluate C trends and differentiate driver impacts, which are inde-
pendent from inversions and extend beyond local scales. However,
previous national and global-scale coarse spatial resolution DGVM
studies (17) were unable to incorporate detailed land use and land
cover change (LUCC) either due to model structure or lack of ob-
served land change data. The widely used modeled GLM2-HYDE
(18) data for the CMIP5/CMIP6 models only provides net land
change rates at a coarse resolution (0.25°), missing gross or total land
conversions that substantially affect C calculation. For example, if a
land cell experiences both deforestation and an equal amount of re-
forestation, the net change in forest cover fraction will be zero, and
the C sink could be miscalculated if no forest change is assumed.
Furthermore, many previous DGVM modeling studies did not in-
corporate harvest, lateral C movement across the landscape, or C
transport across the terrestrial-aquatic continuum (9, 17).

Cross-scale, cross-landscape, and cross-system considerations
could help improve confidence in regional and global estimates of
land surface C estimates. Here, cross-scale C modeling means using
high spatial resolution (30 m) wall-to-wall remote-sensing observa-
tion series to capture detailed land change history over large regions
(i.e., CONUYS) and using regional (county/ecoregion) C data for
model calibration. This approach uniquely distinguishes cross-scale
C estimates from coarse-resolution atmospheric inversion estimates
and estimates derived from interpolating local-scale eddy flux tower
measurements or field inventories. Adding remotely sensed land
change processes such as fractional land cover change and wildfire
burn severity levels in DGVM allows accurate C accounting that
coarse-resolution models (without remote sensing data) and site-
scale data (missing regional-scale C feature or parameters) would be
hard to achieve.

Cross-scale studies also include lateral C transport processes of-
ten overlooked in other studies. Soil C transport across landscapes
and from inland to coastal regions is a critical component in the
overall C cycle that is currently missing from most models (19). In
addition, organic C leaching from soil profile and inorganic C yield
from biologic and geologic sources also put a substantial amount of
C into the aquatic systems (20). Incorporating these cross-landscape
and cross-system C processes in land C sink estimates, together with
detailed land change considerations, increases the accuracy and at-
tribution of the land C fluxes.

The flexibility of DGVMs in spatial and temporal scopes and ex-
plainability in terms of driver impacts on C stocks and fluxes make
them well suited for cross-scale, cross-landscape, and cross-system
process modeling. However, using high-resolution (e.g., <30 m)
remote-sensing products to constrain C estimates in DGVMs can be
challenging (21). Missing land change processes need to be added in
these models. High-resolution land change data need to be aggre-
gated to coarser resolutions (e.g., 1 to 10 km) that DGVMs can han-
dle as mixed land pixels, with major land conversions represented as
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subpixel level fractional changes (2). In addition, substantial effort is
needed to port high-resolution DGVM:s to advanced computing re-
sources (e.g., exascale supercomputers), pushing the boundaries of
modeling technology in data and computational scalability.

We developed the parallel-computing version of the Integrated
Biosphere Simulator (pIBIS) (2, 22), a process-based DGVM, to ac-
cess terrestrial and inland water C sinks in the CONUS at 1-km
resolution from 1985 to 2020. We enhanced the model to incorpo-
rate fine-resolution land cover change data over large regions, ac-
count for a broader range of land cover conversions, and track
fractional land cover changes. Furthermore, we integrated addition-
al components to simulate lateral C transport across landscapes and
from terrestrial to aquatic systems, which further linked to an offline
inland water C accounting model.

We chose 1-km resolution in this study because we are using 30-m
remote-sensing data that DGVMs cannot handle. The 1-km resolu-
tion is likely the upper limit for DGVMs to use current supercom-
puting resources. We evaluated terrestrial C sinks in drylands,
wetlands, and coastal tidal mudflats, and accounted for aquatic C
sinks through C burial in inland water bodies. Details are provided
in Materials and Methods.

Landsat-based 30-m Land Change Monitoring, Assessment, and
Projection (LCMAP) data and data from the Monitoring Trends in
Burn Severity (MTBS) were aggregated to 1 km (990 m) to assess frac-
tional land change and fire disturbance. Our objectives were to esti-
mate the recent land C budget for the CONUS from 1985 to 2020 and
analyze its responses to CO, fertilization, LUCC, climate variability,
wildfire, and lateral C transport. We simulated ecosystem net primary
productivity (NPP, annual biomass growth), net ecosystem productiv-
ity (NEP, equal to NPP minus heterotrophic respiration from soil and
litter), and net biome productivity (NBP, equal to NEP minus C losses
from fire, LUCC, leaching and erosion, i.e., the net terrestrial C sink)
of forest, shrub, grass, agricultural lands, and wetlands.

We used the Unit Stream Power-based Erosion Deposition model
(USPED) (23) to quantify soil erosion and deposition (ED) across
CONUS at 90-m resolution and then derive soil C ED in pIBIS. We
also added a nonspatial inland water C spreadsheet model based on
spatially explicit terrestrial leaching, ED, and a partial inversion from
previous aquatic C studies (9, 20). Model calibration was based on
county-scale numbers from forest field inventories, agricultural cen-
sus data, and remote sensing products (2). The current model does not
incorporate C accounting for harvested wood products and landfills.

Five simulation scenarios were used to analyze the individual ef-
fects of CO, fertilization, climate change, wildfire, and LUCC on C
flux and stock changes, including

1. The Climate-CO; reference scenario used dynamic climate
and CO, data from 1985 to 2020 but excluded LUCC and fire effects.

2. The Fire scenario incorporated wildfire into the Climate-CO,
scenario.

3. The LUCC-Fire scenario incorporated both LUCC and fire
into the Climate-CQO, scenario.

4. The No-Climate-Change scenario removed dynamic climate
data from the Climate-CO, scenario and instead used climate data
from 1976 to 1985, representing an average pre-1985 climate condi-
tion. For each year between 1986 and 2020, a year was randomly se-
lected from the 1976-1985 period, and its climate data were applied.

5. The No-CO,-Increase scenario removed increasing atmo-
spheric CO; data from the Climate-CO, scenario and used a fixed
1985 atmospheric CO; concentration [346 parts per million (ppm)].

20f16

G202 ‘€T BWBAON U0 Arlqi dopsad ybIa s, vasn - doybiq e Bio:aous s Mmm//Sdny Wol pepeojumod



SCIENCE ADVANCES | RESEARCH ARTICLE

RESULTS

Land-aquatic C stocks and fluxes of CONUS

Total land-aquatic NBP is the sum of all C fluxes among the five C
pools (live biomass, litter, dead wood, soil, and inland water) as
shown in Fig. 1. The arrows indicate C fluxes into or out of related C
pools. C amounts leaving the land-aquatic system (to atmosphere
and ocean) are marked as negative (—) values. For each C pool, net
C change equals in-flux minus out-flux. On land pixel-scale, dispo-
sition C is an in-flux while erosion C is an out-flux.

The total land C sink (terrestrial 4+ aquatic) averaged 130 + 37 Tg
C year™" from 1985 to 2020, without considering C sink in landfills
and harvested wood products. CONUS-scale C stocks and fluxes are
illustrated in Fig. 1. A streamlined decadal summary is presented
in Table 1. More detailed C stock and flux information are provided
in the Supplementary Materials. On the basis of trendline from 1985
t0 2020, terrestrial NPP, NEP, and heterotrophic respiration increased
by 19.8 + 0.3, 26.6 + 3.2, and 16.6 + 1.0%, respectively. However, ter-
restrial NBP, the net terrestrial C sink after land use, fire, and erosion,
did not show an increasing trend and averaged 110 + 37 Tg C year™ .
For terrestrial C sink, not including aquatic C burial, CONUS acted
asa Csource in 1988, 2001, 2002, 2006, 2007, 2012, and 2018. C stocks
of live biomass, deadwood, litter, and soil organic C increased by 6.4 +
4.3,32.0 +4.6,8.1 £ 0.9, and 1.7 + 0.3%, respectively.

Excluding soil respiration, the total organic C removed from ter-
restrial ecosystems averaged —700 + 21 Tg C year ™', including agri-
cultural harvest (—480 + 2.7 Tg C year '), LUCC (—180 + 20 Tg C
year '), leaching (=30 + 1.2 Tg C year™), wildfire (—9.4 + 1.8 Tg C

Photosynthesis (NPP 2900 + 110)

year™"), and erosion (=8.8 + 0.3 Tg C year™"). LUCC-induced and
wildfire-related C losses were —170 + 18 and —3.9 + 1.1 Tg C year ™"
from 1985 to 2000, increasing to —180 + 22 and —13.7 + 2.3 Tg C
year™" from 2001 to 2020, respectively, reflecting ~10 and ~350%
increases. The wildfire C loss in 2020 alone reached —48 + 9.7 Tg
Cyear .

Total terrestrial to aquatic organic C transfer included leaching
(30.4 + 1.2 Tg C year ') and erosion (8.8 + 0.3 Tg C year™"), which
were counted as C losses (outputs) from the terrestrial systems but
gains (inputs) of the aquatic systems. On the basis of trendline anal-
ysis, the leaching C increased by 45.5 + 2.3%, while erosion C in-
creased by 18.0 + 0.9% during the study period. A partial inversion
amount of dissolved inorganic C (DIC) from terrestrial biologic
sources (49 + 1.8 Tg C year™ ', a portion from soil CO, release) and
geologic sources (49 + 1.1 Tg C year™') were included as input to
aquatic system. Urban releases (1.0 Tg C year™') were also added.
Conversely, 2.0 Tg C year~' were deposited from aquatic systems to
coastal mudflats and tidal wetlands where elevations were less than
2 m and terrain slopes were zero.

For the period 1991-2010, CONUS terrestrial NBP averaged
128 Tg C year™ . After accounting for the Harvested Wood Product
C sink, approximately 25 Tg C year™" (2), the adjusted average NBP
was 153 Tg C year . This value is about 24% lower than previous
pIBIS C sink estimates (2) and 45% lower than SOCCR2 estimates
(9). The total C sink (terrestrial + aquatic) for the 2011-2020 period
(123 Tg C year™ ") is approximately 38% lower than the recent DGVM
synthesis (17), which estimated 170 Tg C year™ .
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Fig. 1. Ecosystem C stocks and fluxes of the conterminous United States from 1985 to 2020. (i) Values in the flowchart represent the 1985 to 2020 annual mean C
stock or flux with uncertainty ranges (units in teragrams of carbon and teragrams of carbon per year). The C stock of inland waters is unknown but assumed to be constant.
NPP, net primary productivity; NBP, net biome productivity; DIC, dissolved inorganic carbon; DOC, dissolved organic carbon; POC, particulate organic carbon. (ii) The inset
graph shows the temporal trends of CONUS-scale terrestrial NBP, with uncertainty range (1.96 x STDEV) based on Monte Carlo simulations. A positive value indicates net

C gain, while negative value indicates net C loss.
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Table 1. Ecosystem productivities, C stocks, and C fluxes in the conterminous United States. Values are of different C categories but rounded off to two
reliable digits. Uncertainty range is at 95% confidence level (1.96 * SD) based on 40 Monte Carlo simulations.

1985-1990 1991-2000 2001-2010 2011-2020 1985-2020
Terrestrial NPP (Tg C year™") 2700+ 100 2900+ 110 2900+ 110 3200+ 120 2900+ 110
Terrestrlal NEP(TgCyear"‘) 660+56 790+56 780+51 850+53 780+54
Terrestrlal NBP (g Cyear” 1) 80+42 160+41 99+34 99+33 110+37
“"'18000+160C‘lw W19000+1800W' ‘,..180004_1600.‘,“”.
Deadwood (Tg C) 2800+370 3000+400 3200+430 3400+460 H 3100+420
AII I|tter(Tg Q) 3500+120 3600+130 3600+140 3700+140 3600+130
- .‘,‘,99000_‘_7900,”. .‘,‘990004.7900,‘,.. 990004—7900.“””.
Leachmg (TgCyear 1) paad P o o 29+1 2 36+ j 5 30+1 2
Erosion (Tg C year™ 1)82+030 HHHWWW87+030 87+O40 95+040 88+O30
DIC blo (TgCyear 1) 36+1 4 471 7 ' 64+2§ W49+ 1 8
LUCCCIoss(TgCyear 1) 160+17 170+18 190+22,. 180+20
B 1) R . 19+34,. .‘,‘94+1 L
Agri. harvest(TgCyeaHr ") 410+24 450+25.........m,. H480+30HW 530+26N """'480+27HWW
Aquanccbunal (TgCyea;“ ) 15+040..........m,‘,‘,‘,‘ 19+050.........‘,‘,. .‘18+040..‘,‘,. 24+060,. 19+050
i — (TgCyear_i) e +080 38+090HH”WW N36+090HW 48+1 o 39+090

C stock by scenarios and trends of NPP and NEP under the
Climate-CO, scenario

Biomass and soil C stocks under different simulation scenarios are
shown in Fig. 2 (A to C). All scenarios indicate that C stocks in-
creased from 1985 to 2020. Similarly, ecosystem NPP, NEP, and soil
respiration overall increased, although the changes varied spatially
(Fig. 2, D to F).

The LUCC-Fire and Fire scenarios had lower estimates of bio-
mass and soil C stocks when compared with the Climate-CO; sce-
nario, with LUCC showing a much bigger negative impact than Fire.
The No-Climate-Change scenario yielded the highest biomass and
soil C estimates of all scenarios, indicating that changing climate
had a negative effect on C sink. The No-CO,-Increase scenario had
the lowest soil C stock and the second lowest biomass stock, indicat-
ing that CO, fertilization had larger positive effect on soil C than
other factors. However, climate also substantially affected soil C in
later years.

The Climate-CO, simulation represents an ecosystem natural
succession scenario. The regression slopes of NPP, NEP, and soil res-
piration over time for each land pixel indicate that their pixel level
trends from 1985 to 2020 (Fig. 2 (D to F). In general, NPP increased
in eastern CONUS and was relatively stable or slightly decreased in
the west. However, NEP of eastern forests did not notably increase,
and NEP of some western forest locations decreased. Soil respira-
tion increased in most forest areas in the eastern CONUS and West
Coast (Fig. 2F).

Effects of CO, fertilization, climate change, LUCC and
wildfire on C stock and flux

We quantified the impacts of climate, LUCC, wildfire, erosion, and
CO; fertilization on land C sink strength by further analyzing differ-
ences among the scenarios. LUCC had the greatest negative impact
on C sink strength (~=70 + 5.5 Tg C year '), exceeding the impacts

Liuetal., Sci. Adv. 11, eadx7823 (2025) 12 November 2025

of climate (—33 +48 Tg C year_l), wildfire (=7.7 2.4 Tg C year_l),
and erosion transport (—1.9 + 0.13 Tg C year™"). The positive CO,
fertilization effect (69 + 12 Tg C year ') was comparable to the ef-
fect of LUCC.

The CO, fertilization effect was approximated by the Climate-
CO; scenario minus the No-CO,-Increase scenario (Fig. 3, A and E).
For the 1985-2020 period, NPP, NEP, and NBP all increased by CO,
fertilization, averaged at 160 + 7, 93 + 4.4, and 70 & 4.1 Tg C, respec-
tively. CO; fertilization increased biomass C stock by 1200 + 120 Tg
C and also increased soil C by 830 + 26 Tg C. The CO, effect on C
stock was mainly demonstrated in forested regions.

The Climate-CO, scenario minus the No-Climate-Change sce-
nario indicates that the 1985-2020 climate trend led to an overall
slight increase in NPP but did not affect NEP; however, both NPP
and NEP demonstrated substantial annual variations. The Climate-
CO; scenario had lower biomass C and soil C than the No-Climate-
Change scenario mainly due to increased vegetation mortality and
soil respiration, indicating that the actual climate trend reduced the
overall C sink. At the CONUS scale, the cumulative differences in
biomass and soil C were —210 + 25 and —850 + 58 Tg C, respec-
tively, but these values varied spatially across the region (Fig. 3F).
Actual climate during the past decade also led to intensified soil C
loss (Fig. 3B). Climate variability reduced C stock of southeastern
subtropical vegetation and western natural vegetation but increased
C stock in the central CONUS. Climate effect was nonobvious on
agricultural lands.

LUCC reduced terrestrial NPP, NEP, and NBP. Average differ-
ences of NPP, NEP, and NBP between the LUCC-Fire and the No-
LUCC scenarios were —18.9 + 2.9, —16.5 + 2.9, and —68.0 + 8.3 Tg
C, respectively (Fig. 3C). LUCC led to a cumulative biomass C loss
of —2200 + 240 Tg C and a smaller soil C loss of —160 + 22 Tg
C. Spatially, LUCC-induced C losses were mostly in the southeast-
ern and northwestern United States (Fig. 3G).
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Fig. 2. Comparison of biomass and soil C stock changes across five scenarios and spatial patterns of C flux change. (A and B) Temporal trends of biomass and soil
organic C under each scenario. (C) Scenario name and the inclusion (Yes) or exclusion (No) of driving factors. (D to F) Spatial patterns for the trends (linear regression
slopes) of NPP, NEP, and soil respiration from 1985 to 2020 in the Climate-CO, scenario. Gray lines on maps are state boundaries.

Wildfire slightly reduced NPP but notably reduced NBP because
of increasing wildfire magnitude and extent over time. Wildfires
caused a cumulative biomass C loss of —450 + 60 Tg C and soil C
loss of =96 + 8 Tg C over the 36 years compared to a no-fire condi-
tion (Fig. 3D). Fire effect mainly occurred in the Intermountain
West and California (Fig. 3H). These estimates demonstrate that hu-
man land use and wildfire processes have notably reduced terrestrial
C sink in CONUS during the study period.

Lateral C transport across landscapes and systems

The USPED simulation indicated that annually CONUS had 1800 Tg
gross soil erosion and 1400 Tg gross soil deposition across terres-
trial landscapes. The net soil erosion was 410 Tg year™" (~50 Mg
km™? year™"). The net soil C erosion, derived from pIBIS and as-
sumed as particulate organic carbon (POC), averaged 8.8 + 0.30 Tg
C year™" (~2% of eroded soil mass). Soil C leaching, originally in-
cluded in pIBIS and assumed as dissolved organic carbon (DOC),
was 30 + 1.2 Tg C year™ .

Soil ED had no effect on NPP but yielded lower NBP (—0.24 g C
m 2 year™"). Soil ED caused a minimal cumulative biomass C loss of
—0.9gCm™ or—7.2Tg C (1 g C m™ equals 7.8 Tg C for CONUS)
but resulted in a substantial cumulative soil C loss of =33 g C m™>
(=260 Tg C) over 36 years. Spatially, high ED impacts mostly showed
up near mountainous locations. Agricultural lands like the Corn
Belt in central United States and the Central Velley of California
showed low erosion effect (fig. S1).

Other C inputs to the aquatic system included human discharge
from urban areas (1.0 Tg C year™"), biologic DIC from soil respira-
tion (49 + 1.8 Tg C year™ "), and geologic DIC from weathering pro-
cesses (49 + 1.1 Tg C year™!). On the basis of average proportions of
inland water C fluxes in the SOCCR2 (9), we estimated that CO,
emissions from inland waters were 80 + 1.9 Tg C year™', C burial

Liuetal., Sci. Adv. 11, eadx7823 (2025) 12 November 2025

was 19 + 0.47 Tg C year™', and C export to coastal regions was
39 +0.95 Tg C year .

The C deposition amount on CONUS coastal tidal wetlands and
mudflats (i.e., elevations under 2 m and terrain slope close to 0) was
estimated at 2.0 Tg C per year, which was included in our terrestrial
NBP calculation.

Model performance

We calibrated the pIBIS model using regional observation data (i.e.,
forest biomass, vegetation growth rate, crop yield, deadwood, and
MODIS NPP), as summarized in the County-scale model calibra-
tion section in Materials and Methods. We further compared our
model results with various remote sensing, inventory, flux tower,
and modeling studies. The C variables compared included biomass,
litter, deadwood, and soil C stocks, as well as NPP, NEP, and aquatic
C export. We also conducted model sensitivity tests and Monte Carlo
simulations to quantify model uncertainty. Details are provided in
the Supplementary Materials (figs. S2 to S8 and table S1).

Model comparisons with other studies indicate that current pIBIS
estimates a lower C sink than previous studies (fig. S2), partly due to
enhanced land cover change data usage and improved regional cali-
brations. The pIBIS C sink also shows a pattern very similar to the
RECCAP2 (5) estimates.

Sensitivity tests (fig. S3) indicate that NPP allocation ratio to leaf
and wood is a highly sensitive model parameter influencing both pro-
ductivity and C stock. Increasing NPP allocation to leaf reduces NBP
and C stock. The tree growth rate scalar (a modifier to NPP) is an-
other sensitive parameter that higher scalar values lead to higher NBP
and C stock. In addition, initial tree biomass C and the wood turnover
ratio also affect NBP and C stock. Other factors are less sensitive.

The lateral C transport from terrestrial to aquatic system (erosion,
leaching, DIC_bio, and DIC_geo) were summarized at the two-digit
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Fig. 3. Overall positive effect of CO, fertilization and negative effects of climate, LUCC, and wildfire on C stock change. Maps show the total ecosystem C difference
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Hydrologic Unit Code (HUC level-2) watersheds in CONUS and
were correlated with observed aquatic C data (R* around 0.2 to 0.4;
figs. S4). The final CONUS-scale pIBIS estimate of lateral C export to
coast (39 + 0.95 Tg C year ') was close to the observed C export of
42 Tg Cyear™" (20).

Temporal comparison of pIBIS NPP and MODIS NPP (24) at
CONUS scale (fig. S5) indicates that they have the same temporal
pattern. The overall pIBIS NPP was lower, partly because agricul-
tural land in pIBIS did not incorporate MODIS NPP and grassland
NPP was capped at 500 g C m ™ year™ ', which resulted in lower NPP
estimates on the West Coast. However, forest NPP was of a similar
magnitude because pIBIS NPP was calibrated using MODIS NPP.

The pIBIS wildfire C combustion was compared with data records
from the Wildland Fire Emissions Information System (WEFEIS)
(fig. S6) (25). The pIBIS fire emission magnitude was about 37%
lower than WFEIS because of differences in both fire area and burn
severity level treatment.

Comparison of modeled 1-km NEP with data from the Harvard
Forest flux tower indicates that pIBIS NEP is lower by about one-
third to one-half (fig. S7). Flux tower data were adopted from Finzi
et al. (26) and Curtis and Gough (27).

Spatial distribution of C stocks and NPP simulated by pIBIS is
presented in fig. S8. Spatial correlation (Pearson correlation coeffi-
cient, r) of pIBIS variables with those from other studies is summa-
rized in table S1. Forest NPP comparison has an r of 0.85, while All
Lands NPP comparison has a lower r of 0.40. Spatial correlations
between pIBIS C stocks and results from other studies indicate that
forest live biomass C stock is highly corelated (r = 0.86 to 0.89) with
NASA Carbon Monitoring System (CMS) (28) and Global C density
data (29). Forest litter C and deadwood C show moderate correla-
tions (r = 0.66 to 0.78), whereas forest soil C has a low correlation
(r = 0.46 to 0.49) with CMS and Forest Inventory and Analysis (FIA)
data (30).

DISCUSSION

Our results indicate a low and potentially weakening CONUS land
C sink (terrestrial 110 + 37 Tg C year " and aquatic 20 + 0.47 Tg C
year™") driven by C losses from human land use, wildfire, increased
soil respiration, and lateral C transport, with implications for C sink
size and C mitigation goals in the United States and beyond. We
believe that many large-scale land C models have overestimated the
CONUS terrestrial C sink. Our cross-scale modeling approach, us-
ing detailed land change data and regional calibration approaches,
indirectly supports recent findings on the ocean C budget (sug-
gesting that global ocean C sink has been underestimated) (13) and
forest inventory data (indicating a decline in C sink strength since
1990) (10).

Our bottom-up study is robust in drawing the conclusion of a
lower C sink than previous studies (refer to fig. S2). Our CONUS land
C sink result was highest in the 1990s and showed two declining peri-
ods from 1992 to 2002 and from 2003 to 2020. Comparing our study
with results from USEPA, USDA, SOCCR2, we found that pIBIS C
results are close to forest inventory data, and in line with reported
declines in forest C sequestration (refer to table S2) (31). SOCCR2
model projections suggested that North America C sink (2004 to
2013) has been relatively stable, except for the low-emission represen-
tative concentration pathway (RCP) 2.6 scenario, the net land C sinks
of all other RCP scenarios would increase by mid-century and will
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either remain at current levels or notably decline thereafter (9). Simi-
larly, relevant global C model synthesis (1, 17) also estimate that glob-
al land C sink is being enhanced and would reach peak around
mid-21st century. Our results suggest that the CONUS terrestrial C
sink peaked in the 1990s and has not strengthened over the past four
decades, with an increasing number of years exhibiting net C emis-
sions since 2000 (refer to Table 1 and table S3).

We suggest that the discrepancy between our model and other
DGVMs and ESMs is primarily due to differences in quantifying C
sequestration and losses. Possible mechanisms include: (i) Fraction-
al land cover change usage constrained NPP and C loss calculations.
(ii) High rates of remote sensing—captured land change could have
allowed more Closs in pIBIS. (iii) Missing C pools such as harvested
wood product and landfills in pIBIS could have resulted in lower C
sink estimates. (iv) Using only large fires (MTBS data) and likely low
combustion ratios could have resulted in lower fire emissions. (v)
Inclusion of C transport from land to aquatic system, like erosion
consideration, could have reduced the C sink. Below are some de-
tailed discussions on the similarity and difference between our re-
sults with other studies.

The pIBIS estimated NEP typically underpredict those measured
by flux towers. This occurs because pIBIS uses coarser resolution
(1 km) than plots and relies on averaged parameters (i.e., mixed vege-
tation cover, regional growth/mortality rates, and generic biomass,
soil, and climate data) that do not match specific site conditions.
Figure S7 shows the Harvard Forest flux tower (HA-1) measure-
ments (26, 27) compared to the pIBIS NEP on two test pixels, along
with the inventory growth curve for the region. At the HA-1 site
(characterized by mature, closed canopy, 80- to 120-year-old forest),
live biomass C exceeds the regional median by about 22%. Total bio-
mass C of the observed stand is about 25% higher than the regional
average forest of the same age, which indicates that the forest stand
had a higher growth rate than regional average. On the other hand,
forest litter, deadwood, and soil C stocks may also contribute to the
NEP difference. The HA-1 site measures soil C up to a depth of 45 cm,
while pIBIS accounts for soil down to 2 m.

Although LUCC, fire, and climate change caused a slightly de-
creasing trend in C sink strength, the CO, fertilization could have
increased NBP by 69 Tg C year™' and increased CONUS total bio-
mass C and soil C stock by 34 and 23 Tg C year™ ', respectively. Our
model indicated an 11.3% in NPP with a corresponding 19% in-
crease in atmospheric CO; (345 to 412 ppm) from 1985 to 2020. A
recent field study on mature forest (32) indicated that CO, fertiliza-
tion could lead to a 10.6% NPP increase when CO; increases by 36%
(412 to 560 ppm). Our CO; effect on biomass C increase is 0.16%
per year, about half of the recent forest inventory estimate of 0.3%,
which was primarily derived from eastern US forests for the period
of 1975 to 2015 (33). Because CO, fertilization effect at high CO,
levels is assumed to be reduced because of progressive N limitation
(34), our level of CO; effect is expected.

For soil C erosion, the previous 10-km resolution Energy Exas-
cale Earth System Model study (35) suggested that CONUS net C
erosion loss to inland water was about 14 Tg C year™' from 1991 to
2012, mainly on croplands. This result is about 55% higher than our
1985-2020 1-km results, but the results are still comparable. Our
high-erosion locations were not in cropland areas, although high
geologic DIC yields were estimated on croplands.

We consider our results to be conservative, and we hypothesize
that the CONUS C sink could be even lower than what we estimated
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in this study, especially with the inclusion of additional disturbance
types and more small wildland fires. Incorporating structural chang-
es to the representation of fine-root systems in pIBIS from the cur-
rent prevailing single “big fine-root pool” with a more explicit
multipool structure would invariably drive C sink estimates down
even further. A recent study found that in temperate forests across
the eastern United States, current ecosystem models with such a pre-
vailing assumption of simple fine-root structure overestimate forest
C sinks (36). Including more disturbance data like small wildfires
and prescribed burnings (i.e., size <1000 acres for western United
States and size <500 acres in eastern United States) and insect out-
breaks would bring more accurate estimates of C losses. Last, detailed
quantification of ecosystem aging effects, especially deadwood C ac-
cumulation and decomposition, could provide further understand-
ing of the decreasing C sink. The increased ecosystem heterotrophic
respiration could indicate a special ecosystem aging process under
the climate change and disturbances: Over the 36 simulation years,
both total biomass and tree biomass increased by only 6%, which
does not indicate that forests had substantially grown older. However,
deadwood C increased by 33%, which clearly indicates that the eco-
systems were getting older in terms of deadwood C stock. This high
deadwood C pool is the source of ecosystem C releases.

We acknowledge that some key aspects in the current pIBIS are
not fully developed: Specifically, disturbances like hurricanes, insect
kills, and major agricultural management activities are not account-
ed for in the model. Land cover types and land conversions consid-
ered in the model are fewer than the number of types available in the
current remote sensing data (e.g., Annual NLCD has 16 land cover
types). Site-scale calibration, such as using flux tower data, is chal-
lenging because the model mainly relies on coarse universal model
parameters (refer to table S1). The current approach to simulating
aquatic C is mainly based on inversion instead of physical bottom-
up process. The current model still uses very simple biomass C pools
(single leaf, single root, and single wood). Therefore, model im-
provements to these shortcomings, together with improved datas-
ets, could refine CONUS C sink estimates to greater details.

Presently, the new generation of annual land cover products (e.g.,
Annual NLCD) provide more detailed vegetation and land use class-
es that could be used to better represent LUCC transitions that affect
terrestrial C sinks. Increased temporal coverage could increase ac-
curacies of C sink estimates at broad regional to national scales.
Similarly, the FIA-COLE database facilitates the biomass growth
calibration of pIBIS yet represents a simplified C calculation. New
national-scale tree volume, biomass, and C modeling systems have
recently been adopted in the US NFI (21). These methods will result
in improved regional calibrations data for pIBIS and other DGV Ms.

There has been a growing consensus that results from different C
budget assessment methods (i.e., inversion, DGVM, inventory, and
flux tower) are converging (9), but our results and those of other
recent studies (3, 31, 36, 37) do not support this consensus. Previous
C modeling studies may have underestimated C losses due to limit-
ed land change data. If a convergence in C sink estimates emerges,
we suggest that there could be a shift toward the lower range, espe-
cially with continued releases of higher spatial and temporal resolu-
tion LUCC data products and more detailed accounting of C flux
components (e.g., ED). Also, deadwood C dynamics and lateral C
transport remain substantial sources of uncertainty that could be
reduced in large-scale C models but may require more new data col-
lection across many regions.

Liuetal., Sci. Adv. 11, eadx7823 (2025) 12 November 2025

Resolving the differences in land C sink estimates between top-
down and bottom-up approaches could improve understanding of
future land C sink potentials and attributions of land C fluxes. Our
modeling approach represented detailed LUCC C fluxes over large
regions. Moreover, our use of regional-scale inventory and census
data to validate modeled C estimates increases overall model suit-
ability and accuracy. The inclusion of cross-landscape, cross-system
C transport further refines the C flux calculations. Our approach
could be scaled up to larger spatial scales to fill in gaps between
local- and global-scale models.

MATERIALS AND METHODS

Cross-scale modeling with the parallel IBIS and USPED

The IBIS v2 (22) has been modified and expanded into many vari-
ants by different modelers and scientists (38), including pIBIS. The
overall processes considered in pIBIS is shown in Fig. 4. The pIBIS
has several distinct modeling features: (i) Fine-resolution land cover
data are used over large regions; (ii) process multiple fractional land
cover changes are processed on each aggregated coarser resolution
land pixel, usually beyond land management scale (e.g., 30 to 250 m);
(iii) the model is calibrated using county-scale observed data; (iv) a
high-resolution erosion model is linked with coarse resolution C
model; and (v) a nonspatial inland water C accounting model is de-
veloped. Beyond that, the pIBIS included N feedback controls on C
cycle, including controls on plant photosynthesis, C allocation, and
soil organic C decomposition.

We demonstrate the cross-landscape and cross-system modeling
features in our study. Cross-landscape modeling indicates the C move-
ment between land pixels, which is quantified by the soil erosion
model, while cross-system modeling indicates C transfer between
terrestrial and aquatic systems. We calculate the amount of organic
Clost from terrestrial to aquatic system by leaching (DOC) and ero-
sion (POC), and the inorganic C yield from biologic source (DIC_
bio) and geologic source (DIC_geo) partly based on inversion. We
also quantify the amount of C deposited from sediments in water
onto coastal tidal wetlands and mudflats. A portion of the aquatic C
exported to coastal regions is deposited on tidal mudflats. This de-
posited C is considered a terrestrial C gain and is included in the
terrestrial NBP. In contrast, C burial within inland water bodies is
classified as an aquatic C gain. The sum of terrestrial and aquatic C
gains represents the total land C gain or the total land NBP.

The pIBIS is a DGVM that has been enhanced to account for land
disturbance processes (2). For this study, the model tracks C changes
at 990-m resolution with 18 types of observed land conversions, 3
levels of wildfire severity, and soil C ED, all based on annual 30-m
remote sensing products. Each 990-m land pixel can be a mixture of
multiple cover types based on 30-m pixel aggregation. Annual land
cover changes are expressed as fractional changes that happen simul-
taneously on individual land pixels, contrary to previous modeling
that only allows one land disturbance event on a land pixel at one
time step. The pIBIS model has been extensively developed for ad-
vanced computation, which enables it to run on Department of En-
ergy exascale leadership class computers. Key model parameters and
input data for pIBIS are listed in the Supplementary Materials.

The USPED model incorporates both soil ED, which is more fa-
vorable than traditional soil erosion models like the Universal Soil
Loss Equation (USLE) and the Revised USLE that may have overes-
timated net soil erosion losses by not incorporating deposition (39).
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Fig. 4. Schematic diagram of the pIBIS. Flow chart was expanded with permission from Liu et al. (38).

The soil ED mainly depend on the sediment transport capacity of
the surface runoff and is computed as a Two-dimensional diver-
gence of sediment flow (https://ncsu-geoforall-lab.github.io/erosion-
modeling-tutorial/erdep_theory.html). The USPED model needs four
inputs: a digital elevation model (DEM), rainfall-runoff erosivity fac-
tor (R-factor), vegetation cover type (C-factor) and soil erodibility
(K-factor) (23).

For the 90-m resolution annual USPED simulation across CONUS,
we used the 1985-2020 4-km monthly PRISM precipitation data (40)
to modify an 800-m resolution R-factor map (41), which quantifies
the effects of raindrop impacts and reflects the amount and rate of
runoff associated with the rain. The soil K-factor map (990 m, value
0 to 1) indicates the ease of soil detachment when raindrops hit the
soil surface, which is only dependent on soil type and is available in
the U.S. SURGGO soil database (42). The annual C-factor maps (90-m,
value 0 to 1) indicate the soil export reduction effect of a given land
cover type and were derived from LCMAP data resampled from 30
to 90 m (43). The 90-m NASA SRTM DEM (44) is used to calculate
terrain aspect, slope, and flow accumulation.

The DEM and soil erodibility were assumed constant. Dynamic
precipitation modified the R-factor annually. Dynamic land cover
type determined the C-factor changes. The flow-accumulation cal-
culation was also driven by land cover type with corresponding
weighted values (45). USPED input data are shown in Fig. 5. Output
90-m soil ED values were aggregated to 990 m and constrained

Liuetal., Sci. Adv. 11, eadx7823 (2025) 12 November 2025

between —25 and +25 Mg ha™" year™". Soil ED was translated to C
ED when processed in pIBIS.

The USPED model is not suitable for land pixels with high flow
accumulation values. High flow accumulation values directly lead to
high erosion/deposition values. For the CONUS 90m USPED simu-
lation, the extreme unrealistic ED values can reach —74 and +74 tons
acre”" year™" (i.e., £183 Mg ha™ year™), respectively. Those extreme
pixels are mostly located on or by river channels. Therefore, we sepa-
rated the ED rates into two classes: normal and extreme. We put a cap
of +10 ton acre™ ! (+24.7 Mg ha™) to define extreme erosion/deposition
rates for those extreme pixels. Those extreme pixels occupy 3.8% of
the total CONUS area, a little lower than the total inland water area
(5.0% of CONUS), meaning that erosion/deposition on real land pix-
els (96.2% of CONUS area) are counted normally in UPSED; how-
ever, erosion/deposition on the extreme pixels (mostly shoreline or
water pixels) are constrained with minimum and maximum values.

On the basis of literature, coastal tidal flat lands receive a substan-
tial amount of sediment deposition from water. The USPED model
cannot provide reasonable C deposition estimates on coastal tidal flat
regions. Therefore, a global average rate of 130 g C m™” year™" (46)
was adopted (inside the pIBIS model) to estimate the C deposition
amount on coastal tidal flats, which describes the C transfer from
aquatic system to land system by tidal dynamics. CONUS has about
14,000 km? coastal land with elevation below 2 m. Tidal mudflat area
was comprised approximately 6477 km? (47).
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County-scale model calibration

The CONUS has 3111 counties. We performed county-scale model
calibrations, in which MODIS-derived NPP (48), FIA-derived forest
live biomass and deadwood (49), and USDA statistics of 1970-2009
crop yields were used (50). Calibration results are shown in Fig. 6.

The 1-km MODIS forest NPP of 2001-2005 was averaged at the
county scale and compared with pIBIS county-scale forest NPP. An
empirical scalar was added to NPP calculation to account for all the
unknown environmental factors (e.g., species composition, age, and
stem density). For crops, we used the county-scale crop yield of the
2000s to generate other empirical scalars, which partly reflect the ef-
fects of human activity in each county. The scalars were then used to
modify the maximum Rubisco-limited rate of carboxylation (Vinax) of
related plant functional types (forest and crop) in the next pIBIS run.
In addition to NPP and crop yield calibration, pIBIS-simulated forest
total tree biomass and total deadwood C at 100 years were also cali-
brated with county-scale forest inventory summary using a biomass
mortality scalar and a deadwood decomposition scalar.

Forest biomass and deadwood data were obtained from USDA
Forest Service Carbon OnLine Estimator (COLE). The COLE ap-
plication for live tree and standing dead C were obtained from a
combination of FIA data and Resource Planning Assessment data,

Forest NPP (kg C m 2 year™")

enhanced by other ecological data (51). The COLE application is no
longer operable; however, the FIA data used in COLE relied on the
component ratio method for live and standing dead C estimation
(16), and those data are available at FIA Public data archive (49).

The simulated soil and litter C pools were not calibrated because
of lack of regional data. However, we obtained a soil C balance for
the period 1905-1984 with an accelerated soil spin-up and initial-
ization approach (52) along with a soil C pool size derived from
SURGGO database. The process was basically to compare the input
and output fluxes of soil C pool. When input and output fluxes be-
came very close, the soil C pool was close to a theoretical balanced
state. To keep the overall soil C pool size close to the “observed”
SURGGO soil C pool size, we dynamically adjust the slow and pas-
sive soil C pool sizes in the first 20 simulation years so that the total
soil C size is still reasonable. There is no change of original IBIS soil
C decomposition parameters.

The pIBIS is calibrated with FIA observed “regional” forest six FIA
units. Each FIA unit has a COLE forest growth report, which usually
contains dozens of tree species and hundreds of field plots. The pIBIS
uses this 100-year growth curve to constrain forest regrowth. The
growth curve covers both natural forest and plantations, all forest
health condition, and wider canopy coverage fractions. The average

Forest biomass (kg C m™2)
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Fig. 6. Model calibrations at the county scale in CONUS. Observed annual NPP is based on the MODIS 2000-2005 NPP product (48). Observed live biomass and dead-
wood C in 100-year-old forests are derived the forest inventory database (49). Annual crop yield data (average of 29 species covering 1970 to 2009) are derived from the

USDA NASS database (50).

Liuetal., Sci. Adv. 11, eadx7823 (2025) 12 November 2025

110f 16

G202 ‘€T BWBAON U0 Arlqi dopsad ybIa s, vasn - doybiq e Bio:aous s Mmm//Sdny Wol pepeojumod



SCIENCE ADVANCES | RESEARCH ARTICLE

forest live biomass and dead wood C stocks at age 100 for each of the
193 FIA units are provided in the Supplementary Materials.

A subset of COLE data for Alabama is illustrated in Fig. 7. The FIA
units each have their pervasive sampling plots and specific average forest
growth curve. Growth rate information of plantations (like loblolly pine,
Pinus taeda) are also available. However, because of their relatively small
area percentage, regional average forest growth curves are lower than the
high-productive plantation growth curves (usually at young forest ages).

Thinning rates have been included in pIBIS, and the rates were
allocated to each forest pixel each year, which adjusted the annual net
tree biomass growth. The thinning rates for each county of eastern
United States were derived from FIA database (2), and the thinning
C amount is comparable to clearcut C amount if not more.

Fractional land cover change

The current pIBIS considers C processes among 6 land cover types
and 18 land cover conversions, plus 2 non-land cover change events:
(i) wildfire and (ii) harvest (Fig. 8) (53). Wildfire applies to all lands
with independent wildfire input data. Harvest includes forest thin-
ning and agricultural grain/straw removals, which are derived from
forest inventory and agricultural census. Forest clearcut is repre-
sented by “Forest to Grassland” land cover conversion.

Summary of land change rates from the LCMAP data is shown
in Fig. 9. We highlight the land cover change amount of forest to
grassland and grassland to forest. The net forest area change was
only about 10% of total forest area change. Most of the deforestation
locations were later recovered to forest.

Alabama forest biomass carbon curves
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Fig. 7. Forest growth curves for Alabama. Each growth curve represents the average growth of multiple major tree species in a sub-subregion. The loblolly pine (Pinus
taeda) growth curves represent a single tree species. Data were generated using the USDA Forest Service COLE with the forest inventory and analysis database (49).
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Fig. 8. Land cover type and land change processes considered in the pIBIS model. The non-land change processes include wildfire (1) and tree partial cut and crop
harvest (2). Chart was modified from Liu et al. (53) (CC BY-NC-ND; https://creativecommons.org/licenses/by-nc-nd/4.0/).

Liuetal., Sci. Adv. 11, eadx7823 (2025) 12 November 2025

120f 16

G202 ‘€T BAWRAON U0 Ariqi dopsaq fe3bia s,vasn - doybiq e B10sousios mmmy/sdny LWo.y papeoumoq


https://creativecommons.org/licenses/by-nc-nd/4.0/

SCIENCE ADVANCES | RESEARCH ARTICLE

-

S

o

o

o
)

T 1

Total change vs. net change

Land cover change rate (km? year-')
[}
o
S
o

4000
2000 -
0
0 3 P L ORI LPILELLL SR
) () Q N @' @
c,\'b(\@@ 6\@0 &\o \%\» S \é \oQ \o@ \oQ é&b(\é@(\ &\o %\Q’(\ Q'%@Q@,bo\‘\,g, \oQ
0 o S e 9 0 e o S o o e
5 55 050 (0 0 (40 1 0 D F 0 SO S 2
=) B A\ N
& C'}{b@ &\o %\,2}\ «© \\o‘ &§° N & 06 o @o Q,Z,O_ S Q& & \\,bo
CO@F Co & Cf TP L
?Q’ & vg ) &)

Land cover change type

Fig. 9. Average CONUS land cover change rates from 1985 to 2020 summa-
rized from LCMAP data (43). Amount indicates total or gross change. Net forest
area change is only about 10% of total forest area change.

Inland water C accounting

C inputs to inland waters were based on both spatially explicit IBIS
model simulation and additional data from literature. The amount
of inland water C export to coast reported by Butman et al. (20) was
calculated from observed USGS streamflow and water chemistry
data (waterdata.usgs.gov/nwis) and was taken as an observed value
for inversion. Organic C inputs from leaching through the soil pro-
file and the erosion from soil surface were assumed to be DOC and
POC, respectively. Additional C inputs from human residential dis-
charge were calculated as a person’s daily discharge [assumed 10 g C
per person per day (54)] multiplied by increasing human population
of CONUS. Aquatic photosynthesis process was not included.

The major inorganic C inputs, i.e., DIC from biologic source and
geologic source, were derived on the basis of inversion, which to-
taled about 108 Tg C year™'. We assumed that biologic DIC has
links to soil respiration (soil CO; release) and daily drainage, while
geologic DIC has links to exposed rock, sand, bare soil, and daily
drainage. According to Stets et al. (55) and Zhong et al. (56), crop-
land would have higher DIC yield, and the ratio of riverine sources
of geological CO, and biological CO; is close 1:1. Therefore, the
daily DIC equations are formulated as

rDICy, = Ay % (0.5—0.25 % Foo + Appy ) (1)
DIC,., = 0.001 * rDIC, * DDR (2)

rDICy;,, = By * (0.5+ Ap,. ) 3)

DIC,,, = DSC % rDIC,;, * DDR (if DDR <2 mm) (4)

DICy, =DSC #1DICy, * (2+ 225=2 ) (if DDR>2mm) (5)

Liuetal., Sci. Adv. 11, eadx7823 (2025) 12 November 2025

where Fpc and Apy, are land cover fraction of forest and agricul-
tural land, respectively; Ay = 1.0 and B, = 0.19 are empirical ratios
derived from inversion; DSC is daily soil CO, yield from soil respi-
ration; DDR is daily drainage in millimeters per day.

Equations 1 and 2 demonstrate that calculated DICg, will in-
crease with high agricultural land fraction and decrease with high
forest cover fraction. Equations 3, 4, and 5 demonstrate that calcu-
lated DICy;, will increase with high agricultural land fraction and
high soil respiration but will be limited by daily drainage amount at
high-drainage level.

The model parameter inversion was manually done with multiple
simulations. With known aquatic DOC input (simulated from pIBIS)
and known final aquatic C export (20), and following “law of mass
balance,” we calculated DIC input to aquatic system with assump-
tions built inside Egs. 1 to 5. By adjusting equation constant (Ao = 1.0
and By = 0.19), we eventually matched simulated C export with ob-
served data. The DIC calculations do not affect other pIBIS C outputs
and were only obtained for the offline aquatic C calculation. We fur-
ther derived the relative C flux magnitudes of CO, release (58%),
burial (14%), and coastal export (28%) from the SOCRR2 Report (9)
to differentiate aquatic fluxes.

Model parameters and input data

Selected model parameters are listed in table S4. Key model inputs
of this study (refer to table S5) included 0.5° atmospheric chemistry
data (CO, concentration and nitrogen deposition); 4-km monthly
climate data (precipitation and temperature); 990-m annual land
cover change fraction; wildfire burn severity, initial biomass, and
soil erosion/deposition data aggregated from 30-m data sources;
and 990-m soil texture and C data. All data were downscaled or ag-
gregated to 990 m. The regional average 100-year forest growth
curve data, derived from FIA, are provided in table S6.

1. The 1985-2020 990-m annual land cover fraction data were
resampled from the 30-m LCMAP product classified using Landsat
satellite imagery (43, 44). We focused on 18 land change processes
among 6 land cover classes (forest, grass, agriculture, urban, wet-
land, and open water) and built 18 land cover change maps each
year with pixel values representing the fraction of changed 30-m
pixels within the 990-m pixel. Together, 648 annual fractional LUCC
maps were generated for 1985 to 2020. Each 990-m land pixel in the
C model can have more than one cover type changes at each time
step, which is different from many other models.

2. The 1985-2020 990-m annual wildfire disturbance data were
resampled from the 30-m resolution MTBS data (57). The MTBS
data include fires larger than 1000 acres in the western United States
and fires larger than 500 acres in the eastern United States. More
than 20,000 fires were included in this study. We used the MTBS
burn severity levels (low, moderate, and high) to determine direct
rates of wildfire combustion (for biomass, litter, and soil) and vege-
tation mortality.

3. Four-kilometer monthly precipitation and temperature data
from 1976 to 2020 were obtained from the PRISM gridded monthly
climatology (40).

4. The US SSURGO soil texture data around the year 2010 (42)
was processed at 990-m resolution to represent soil profiles contain-
ing up to six layers (depth of up to 7, 15, 25, 50, 100, and 200 cm)
with sand, silt, and clay fractions. Total soil organic C was also de-
rived from SURRGO. The soil texture data are static and have biases

130of 16

G202 ‘€T BWBAON U0 Arlqi dopsad ybIa s, vasn - doybiq e Bio:aous s Mmm//Sdny Wol pepeojumod


http://waterdata.usgs.gov/nwis

SCIENCE ADVANCES | RESEARCH ARTICLE

in bulk density in organic soils. Soil C data were used to initialize
pIBIS and then were updated daily through the model.

5. The 990-m initial biomass maps were derived from the 30-m
LANDFIRE vegetation cover and height data around 2000. The for-
est, shrub, and grass biomass maps were generated on the basis of a
reference vegetation height-biomass look-up table and actual land
cover fractions (2, 58).

6. Monthly surface CO, concentrations (0.5°) were derived from
satellite-based atmospheric CO, column density measurements made
using the scanning imaging absorption spectrometer for atmospheric
cartography (SCIAMACHY) of the ENVISAT (2003-2009) (59),
which was used to spatially interpolate the global average CO, con-
centration from 1985 to 2020. Similarly, 0.5° annual N deposition
maps (1970 to 2009), based on SCIAMACHY NO; column density
and MOZART-4 model outputs, were generated to estimate recent
spatially explicit rates of N deposition (refer to Supplementary Mate-
rials) (60).

7. The 1-km Protected Areas Database of the United States
(PAD-US 4.0) (61) was used to separate protected lands from other
private and production lands. Different forest thinning and forest
regrowth adjustments were applied on protected lands and nonpro-
tected lands.

Model sensitivity tests and Monte Carlo simulations

Tests of 10 model data/parameter factors on five output C variables
were performed. Factors were tested at +10 and —10% on top of their
base values. The 10 factors included

1) Initial forest biomass C

2) Initial shrub/grass biomass C

3) Initial soil organic C

4) Tree growth rate

5) Shrub growth rate

6) Grass growth rate

7) Woody biomass turnover rate

8) Litter turnover rate

9) Leaf C allocation ratio

10) Specific leaf area index

Their impacts on five C variables (NBP, NPP, NEP, biomass C,
and soil C) were summarized in fig. S3. For those 10 factors, we
also performed 40 Monte Carlo simulations at 10-km spatial reso-
lution to quantify the approximate model uncertainty range. All
factors are randomly assigned a value within 90 to 110% of its orig-
inal value. The SD of each C variable was derived from the Monte
Carlo runs. We used the 95% confidence level (1.96 * SD) to repre-
sent the model uncertainty range. However, the current Monte
Carlo simulations did not cover parameters of agricultural system
and aquatic system.

We combined several C variables into an auxiliary C variable for
each Monte Carlo simulation, for example, LUCC_removal = Live_
C_removal + Dead_C_removal, so that each auxiliary variable also
had a Monte Carlo variation range. The auxiliary variables included
LUCC_removal, Fire_removal, Agri_removal, Mortality, All_litter,
and All_aquatic_inputs.

To analyze differences between two scenarios, each pair of Monte
Carlo simulations (one from each scenario) produced one difference
estimate. Thus, comparing two scenarios with 20 Monte Carlo simula-
tions yielded 20 such estimates, which we used to describe the uncer-
tainty associated with the scenario comparison. Monte Carlo-based
model uncertainty ranges were reported in table S3.
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