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Abstract Emissions‐driven (prognostic CO2) simulations are essential for representing two‐way carbon‐
climate feedback in Earth System Models. We present an emissions‐driven land–atmosphere coupled
biogeochemistry (BGC) configuration (BGCLNDATM_progCO2) in version 2.1 of the Energy Exascale Earth
System Model (E3SMv2.1). This is the first E3SM configuration that performs land‐atmosphere emission‐
hindcasts. Here, we document its implementation, evaluate the model's performance against observations and
other models, and propose a structured evaluation protocol for such emissions‐driven simulations. We
conducted transient historical simulations (1850–2014) with BGCLNDATM_progCO2 and compare them to
reference simulations—a land‐atmosphere coupled simulation without BGC and a standalone land simulation
with BGC, both using prescribed CO2 concentrations—and to observations. BGCLNDATM_progCO2
overestimates atmospheric CO2 concentrations by 11–23 ppm yet stays within the 40‐ppm spread CMIP6
emission‐driven models and retains physical climate properties comparable to the reference runs. The CO2
biases are partly attributed to underrepresented oceanic CO2 uptake and inadequate representations of some
terrestrial processes. In general, introducing prognostic CO2 did not change physical climate metrics at the
global scale but had larger regional effects, particularly over land where spatially heterogeneous CO2 and
prognostic leaf area index influenced surface energy balance. Finally, we propose a general evaluation protocol
including spin‐up assessment, atmospheric CO2 benchmarking, physical climate evaluation, and land
biogeochemical analysis to support scientific rigor and facilitate inter‐model comparisons. The new
configuration lays the groundwork for future enhancements, including improved terrestrial biogeochemical
processes, integrated marine biogeochemistry, and additional human–Earth system interactions. These
developments advance E3SM toward fully coupled emissions‐driven simulations, enabling more accurate
carbon–climate feedback projections and informing mitigation policy by providing physically consistent
carbon‐budget metrics for mitigation scenarios.

Plain Language Summary Understanding the impact of carbon dioxide (CO2) emissions on climate
is vital for predicting future changes and crafting effective policies. Earth System Models (ESMs) are essential
tools for simulating Earth's climate and assessing various influencing factors. In this study, we extended the
Energy Exascale Earth System Model (E3SM)'s capabilities so that CO2 levels are calculated directly from
human and natural emissions instead of being prescribed as a single global value. This extension allows for a
more realistic representation of CO2 exchange between the atmosphere and land. We conducted historical
simulations from 1850 to 2014 using this new development and compared results with observations and other
models. Our model slightly overestimates atmospheric CO2 levels compared to measurements but is comparable
to other models in capturing key climate features. To help other researchers build and test similar “emission‐
driven” models, we created a step‐by‐step evaluation framework that checks CO2 behavior, climate variables,
and land‐atmosphere interactions. Our work advances E3SM modeling by accurately representing how CO2
emissions affect Earth's systems. This enhancement lays the groundwork for modeling interactions between
human‐Earth interactions, thereby enabling future studies that can inform mitigation and adaption.

RESEARCH ARTICLE
10.1029/2025MS005099

Special Collection:
The Energy Exascale Earth
System Model (E3SM):
Advancements in a Decade of
Earth System Modeling

Key Points:
• Implemented emissions‐driven land–

atmosphere biogeochemistry in
E3SMv2.1 (BGCLNDATM_-
progCO2), enabling prognostic CO2
simulations

• Established a structured evaluation
protocol ensuring scientific rigor and
facilitating inter‐model comparisons of
model performance

• Emissions‐driven BGCLNDATM_-
progCO2 simulations maintain a
physical climate similar to reference
runs with prescribed CO2
concentrations

Correspondence to:
S. Feng,
sfeng@pnnl.gov

Citation:
Feng, S., Harrop, B. E., Ricciuto, D. M.,
Burrows, S. M., Zhu, Q., Lin, W., et al.
(2025). Implementation and evaluation of
emission‐driven land‐atmosphere coupled
simulation in E3SMv2.1. Journal of
Advances in Modeling Earth Systems, 17,
e2025MS005099. https://doi.org/10.1029/
2025MS005099

Received 25 MAR 2025
Accepted 29 OCT 2025

Author Contributions:
Conceptualization: Sha Feng, Bryce
E. Harrop, Susannah M. Burrows,
Qing Zhu, Ben Bond‐Lamberty,
L. Ruby Leung

© 2025 Brookhaven Science Associates,
LLC. Battelle Memorial Institute. Oak
Ridge National Laboratory and The
Author(s). Journal of Advances in
Modeling Earth Systems published by
Wiley Periodicals LLC on behalf of
American Geophysical Union. This article
has been contributed to by U.S.
Government employees and their work is
in the public domain in the USA.
This is an open access article under the
terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any
medium, provided the original work is
properly cited.

FENG ET AL. 1 of 36

https://orcid.org/0000-0002-2376-0868
https://orcid.org/0000-0003-3952-4525
https://orcid.org/0000-0002-3668-3021
https://orcid.org/0000-0002-0745-7252
https://orcid.org/0000-0003-2441-944X
https://orcid.org/0000-0001-9525-4633
https://orcid.org/0000-0002-9632-0716
https://orcid.org/0000-0002-1689-1800
https://orcid.org/0000-0002-1322-1385
https://orcid.org/0000-0002-4759-5158
https://orcid.org/0000-0001-7984-8810
https://orcid.org/0000-0001-6798-3097
https://orcid.org/0000-0003-1969-9889
https://orcid.org/0000-0001-5921-3068
https://orcid.org/0000-0003-2189-7139
https://orcid.org/0000-0002-3221-9467
http://agupubs.onlinelibrary.wiley.com/doi/toc/10.1002/(ISSN)1942-2466.E3SMDECADE
http://agupubs.onlinelibrary.wiley.com/doi/toc/10.1002/(ISSN)1942-2466.E3SMDECADE
http://agupubs.onlinelibrary.wiley.com/doi/toc/10.1002/(ISSN)1942-2466.E3SMDECADE
http://agupubs.onlinelibrary.wiley.com/doi/toc/10.1002/(ISSN)1942-2466.E3SMDECADE
mailto:sfeng@pnnl.gov
https://doi.org/10.1029/2025MS005099
https://doi.org/10.1029/2025MS005099
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2025MS005099&domain=pdf&date_stamp=2025-12-13


1. Introduction
Earth system modeling has become an indispensable tool in climate science, serving as a cornerstone for un-
derstanding the intricate feedback and interactions within the climate system (Bonan & Doney, 2018; Hurrell
et al., 2013). These comprehensive models integrate atmospheric, oceanic, terrestrial, and cryospheric compo-
nents, enabling researchers to simulate past, present, and future climate conditions with increasing fidelity (M.
Collins et al., 2013; Flato, 2011). By incorporating biogeochemical cycles and human activities, Earth system
models (ESMs) enhance our ability to assess the impacts of anthropogenic forcings on global climate dynamics
(Eyring et al., 2016; Friedlingstein et al., 2014).

The critical role of ESMs is further underscored by their central contribution to coordinated modeling efforts such
as the CoupledModel Intercomparison Project Phase 6 (CMIP6; Eyring et al., 2016), which supplied foundational
data sets for the Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment Report (IPCC, 2021).
ESMs inform policymakers by projecting potential climate trajectories under varying greenhouse gas (GHG)
concentration or emission pathways (O'Neill et al., 2016; Gillett et al., 2016).

However, the primary simulations produced by CMIP6 and prior Model Intercomparison Projects (MIPs) are
predominantly concentration‐driven: greenhouse‐gas mole fractions are prescribed rather than predicted from
emissions. Although prescribing greenhouse‐gas concentrations greatly simplifies cross‐model comparison, it has
recognized drawbacks—among them the need to derive “compatible” emissions, ambiguity in closing the carbon
budget, and the impossibility of diagnosing interactive carbon‐cycle feedback—discussed in detail by Sanderson
et al. (2024) and Hajima et al. (2025). A major complication is the discrepancy between the carbon cycle rep-
resentations in the original Integrated Assessment Models (IAMs), which generate the emission scenarios, and the
ESMs that implement climate simulations based on these scenarios. This mismatch leads to “compatible emis-
sions” that are conceptually distinct from the original scenario designs (Koven et al., 2022; Liddicoat et al., 2021
and Figure 2). These differences can result in substantial variations between the IAM‐derived emissions and those
computed within ESMs.

A second challenge with compatible emissions is the model‐dependent ambiguity in how they are calculated.
Since compatible emissions are calculated as a residual after accounting for carbon exchange by land ecosystems,
oceans, and the accumulation in the atmosphere, it is essential that all models output the necessary fields to close

Data curation: Sha Feng, Bryce
E. Harrop, Daniel M. Ricciuto, Qing Zhu,
Nathan Collier, Chengzhu (Jill) Zhang,
Ryan M. Forsyth, Jonathan D. Wolfe
Formal analysis: Sha Feng,
Nathan Collier, Chengzhu (Jill) Zhang,
Ryan M. Forsyth
Funding acquisition: L. Ruby Leung
Investigation: Sha Feng, Bryce E. Harrop,
Daniel M. Ricciuto, SusannahM. Burrows,
Qing Zhu, Wuyin Lin, Nathan Collier,
Jonathan D. Wolfe, Xiaoying Shi, Peter
E. Thornton, Yohei Takano, Mathew
E. Maltrud, Yilin Fang, Jennifer A. Holm,
Nicole Jeffery, L. Ruby Leung
Methodology: Sha Feng, Bryce E. Harrop,
Daniel M. Ricciuto, Qing Zhu,
Nathan Collier, Xiaoying Shi
Project administration: Susannah
M. Burrows, L. Ruby Leung
Resources: Sha Feng, Qing Zhu,
Wuyin Lin, Nathan Collier, Chengzhu
(Jill) Zhang, Ryan M. Forsyth, Jonathan
D. Wolfe, Xiaoying Shi
Software: Sha Feng, Daniel M. Ricciuto,
Wuyin Lin, Nathan Collier, Chengzhu
(Jill) Zhang, Ryan M. Forsyth,
Xiaoying Shi, Balwinder Singh
Validation: Sha Feng, Bryce E. Harrop,
Daniel M. Ricciuto, SusannahM. Burrows,
Qing Zhu, Nathan Collier, Chengzhu
(Jill) Zhang, Ryan M. Forsyth, Peter
E. Thornton, Yohei Takano, Mathew
E. Maltrud, Balwinder Singh
Visualization: Sha Feng, Bryce E. Harrop,
Wuyin Lin, Nathan Collier, Chengzhu
(Jill) Zhang, Ryan M. Forsyth,
Yohei Takano
Writing – original draft: Sha Feng
Writing – review & editing: Sha Feng,
Bryce E. Harrop, Daniel M. Ricciuto,
Susannah M. Burrows, Qing Zhu,
Wuyin Lin, Nathan Collier, Ben Bond‐
Lamberty, Chengzhu (Jill) Zhang, Ryan
M. Forsyth, Jonathan D. Wolfe,
Xiaoying Shi, Peter E. Thornton,
Yohei Takano, Mathew E. Maltrud,
Yilin Fang, Jennifer A. Holm,
Nicole Jeffery, L. Ruby Leung

Figure 1. Schematic representation of CO2 transport pathways among the atmospheric, land, and ocean components in
BGCLNDATM_progCO2 (with the two‐way arrows denoting the interactive exchanges). The diagram distinguishes
between total CO2 values (encompassing all sources and sinks) and source‐specific contributions from the ocean, land, and
fossil fuel emissions. “TM” denotes the total mass in the atmospheric column, and “SF” represents surface fluxes. TAFCO2
and AFCO2 indicate the total mass in the column and flux for aircraft, respectively. CO2_BOT refers to the bottom level of
atmospheric CO2 that directly communicates with the land model ELM. The gray line in the middle divides the atmospheric
and surface processes. Details of the development and implementation are available in the commit history of the GitHub
development branch listed in the Data and Code Availability section.
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the carbon budget. However, inconsistencies persist among CMIP6 models regarding output conventions, units,
and definitions of component‐level carbon fluxes, complicating analyses and hindering efforts to reconcile results
across different models (Friedlingstein et al., 2020; Jones et al., 2016). Additionally, ESMs dynamically simulate
land use, land‐use change, and forestry (LULUCF) emissions based on evolving land‐use patterns, which can
markedly differ from the original LULUCF fluxes computed in IAMs. Different LULUCF methodologies can
cause the intended fossil fuel emissions signal to become mixed with other factors (Quesada et al., 2018; Wil-
kenskjeld et al., 2014).

Recognizing these issues, CMIP7 has recommended a shift toward emissions‐driven or “hybrid” experiments in
which CO2 and other species are calculated from specified emissions (Hajima et al., 2024; Sanderson et al., 2023).
The increasing sophistication and stability of emissions‐driven ESM configurations relevant for simulating GHG
cycles suggest that this approach warrants reassessment and greater use (Koven et al., 2022). Emissions‐driven
experiments can provide critical, process‐based information on the mitigation effectiveness of fossil fuel emission
reductions, carbon dioxide removal strategies, and land use policies, and provide a more stringent test for ESMs
when replicating the observational record (Hoffman et al., 2014). This shift toward emissions‐driven modeling is
thus essential for advancing our understanding of coupled carbon–climate dynamics and for providing the
process‐based information required by mitigation pathways.

To enable emissions‐driven capabilities in E3SM, a necessary step is the implementation of land‐atmosphere
interactive biogeochemistry. Here, we present the first land‐atmosphere coupled biogeochemistry simulations
with prognostic CO2 in E3SM version 2.1 (E3SMv2.1), referred to as BGCLNDATM_progCO2, while retaining
prescribed marine‐surface conditions. This intermediate set‐up isolates land–atmosphere carbon feedback from
ocean feedback and avoids ocean‐circulation drift while the full ocean biogeochemistry option is under devel-
opment. By explicitly simulating carbon fluxes between terrestrial ecosystems and the atmosphere, the config-
uration improves the physical consistency of climate–carbon projections and provides a testbed for mitigation
studies. Throughout this paper we therefore use the term “emission‐driven” to denote this land–atmosphere
implementation, which is a stepping‐stone toward the hybrid experiments recommended for CMIP7 (Sander-
son et al., 2023) that will also include prognostic aerosols and interactive ocean carbon. Earlier generations of
ESMs pioneered emission‐driven experiments (Cox et al., 2000) and subsequent multi‐model assessments have
quantified their behavior (P. Friedlingstein et al., 2006, 2014; Gier et al., 2020; Hajima et al., 2024; Sanderson
et al., 2024). What is new here is the extension of that methodology to the E3SM framework, the first public
description of the technical steps required to enable prognostic CO2 in E3SM, and a transferable evaluation
protocol that can be adopted by other ESMs.

This paper has three objectives. First, we describe the implementation of emissions‐driven land‐atmosphere
coupled biogeochemistry in E3SMv2.1. Second, we evaluate the performance of the land‐atmosphere coupled
biogeochemistry against observations and other models, including previous versions of E3SM with prescribed
CO2 concentrations. This evaluation highlights improvements achieved through the new implementation and
identifying areas needing further refinement. Third, we describe a structured evaluation protocol for emissions‐
driven simulations to ensure scientific quality, which can be adopted by the broader ESM community, including
initiatives like CMIP.

2. Methodology
2.1. Model Description

In this study we introduce BGCLNDATM_progCO2—the emissions‐driven land–atmosphere biogeochemistry
configuration for E3SM v2.1—which adds the tracer and coupling modifications required for interactive CO2
while otherwise retaining the default physical‐climate set‐up described by Golaz et al. (2022).

Compared to E3SMv2 in Golaz et al. (2022), E3SMv2.1 has minor updates to the ocean and sea ice models, but
otherwise no significant changes. Given that BGCLNDATM_progCO2 uses prescribed sea surface temperatures
(SSTs) and sea ice, these changes are not anticipated to alter the overall performance of the atmospheric model
EAMv2 and the land model ELMv2 used in this work.

The active components in BGCLNDATM_progCO2 are EAMv2 and ELMv2, documented by Golaz
et al. (2022). Briefly, EAMv2, the atmospheric component, uses the hydrostatic reformulation of the non-
hydrostatic dynamical core (M. A. Taylor et al., 2020) and separate grids for dynamics and physics, with average
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spacings of 110 and 165 km, respectively. Details on the grid implementation and its impacts are described by
Hannah et al. (2021). Subgrid turbulence and cloud macrophysics are parameterized with the Cloud Layers
Unified By Binomials (CLUBB; Golaz et al., 2002; Larson, 2022). Deep convection is parameterized following
G. J. Zhang and McFarlane (1995), with additional modifications related to the triggering of convection (Golaz
et al., 2022). Microphysics is parameterized using Morrison‐Gettelman version 2 (Gettelman &Morrison, 2015).
A simplified form of atmospheric chemistry predicts stratospheric and tropospheric ozone concentrations (O3v2;
Tang et al., 2021). Aerosol treatment employs the four‐mode version of the Modal Aerosol Module (MAM4;
Wang et al., 2020).

ELMv2 simulates biogeophysical and biogeochemical processes critical for emissions‐driven simulations,
including interactive energy, water, carbon, nitrogen, and phosphorus processes that control the fluxes of CO2,
energy, and water between the land and atmosphere (Ricciuto et al., 2018; P. E. Thornton et al., 2009; Yang
et al., 2023). Key updates in ELMv2 include allowing transient crops on separate land units and supporting
transient crops without the need for a prognostic crop model (Sinha, Bond‐Lamberty et al., 2023). Additionally,
soil erosion and sediment yield are now represented (Tan et al., 2018). Relative to E3SMv1.1‐BGC (Burrows
et al., 2020), multiple issues with the water budget and soil nutrient concentration calculations have been fixed.
The introduction of a global carbon budget and corrections to the carbon isotope flux calculation further refine the
model's capacity to simulate carbon dynamics accurately. A fix was implemented to correct the carbon mass non‐
conservation bug affecting atmospheric CO2 concentrations reported by Burrows et al. (2020). These bug fixes
can be found at E3SM version release notes: https://github.com/E3SM‐Project/E3SM/releases.

2.2. The Implementation of Land‐Atmosphere Interactive BGC Configuration

2.2.1. Conservation of CO2 Mass

In emissions‐driven simulations, maintaining the conservation of CO2 mass throughout the model components is
crucial. We addressed potential sources of mass imbalance, particularly within the atmospheric model EAMv2,
by ensuring consistent treatment of CO2 tracers and their tendencies. While EAMv2 generally uses “dry” mixing
ratios for non‐water tracers like CO2, some parameterizations, such as CLUBB, require “wet” mixing ratios. We
implemented appropriate conversions between wet and dry mixing ratios within CLUBB to maintain mass
conservation and preserve the integrity of CO2 distribution in the atmosphere.

2.2.2. Connectivity of CO2 Transport Between Components

Accurate exchange of CO2 between the atmosphere, land, and ocean components is essential for the closure of
carbon budgets. We established seamless communication of CO2 fluxes and concentrations among these com-
ponents (focusing on atmosphere and land in this work), enabling the model to effectively simulate interactions
among carbon sources and sinks.

In the atmospheric component, prognostic CO2 tracers represent total and source‐specific concentrations and
fluxes, allowing detailed tracking of CO2 dynamics. The land model ELMv2 receives atmospheric CO2 con-
centrations, influencing processes such as photosynthesis and stomatal conductance, and returns land CO2 flux as
net ecosystem exchange (NEE) to the atmosphere. This bidirectional exchange captures the feedback between
terrestrial ecosystems and atmospheric CO2 concentrations.

Although ocean biogeochemistry is not active in BGCLNDATM_progCO2, we implemented the framework for
prognostic CO2 transport within the ocean component to ensure compatibility with future fully coupled carbon
cycle simulations involving the ocean. This preparation, though not used in BGCLNDATM_progCO2, allows for
future integration when marine (ocean + sea ice) biogeochemistry becomes active.

In Figure 1, we illustrate the CO2 transport pathways between the atmospheric, land, and ocean components,
highlighting the exchange processes critical for emissions‐driven simulations.

2.2.3. Incorporation of CO2 Emissions Data

For emissions‐driven simulations, we incorporated surface and aircraft CO2 historical emissions (Hoesly
et al., 2018). These emissions provide the necessary inputs for fossil fuel combustion and aviation‐related CO2
sources. We processed the emissions data to ensure conservation of mass once ingested within E3SM. This
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included conservative remapping to the horizontal physics grid used by EAMv2 and an adjustment of input data
timestamps to conserve mass of emissions after online linear interpolation in time. Aircraft emissions are
interpolated online onto EAMv2's hybrid vertical grid following the method of Jöckel (2006).

Given that BGCLNDATM_progCO2 uses a data ocean model that prescribes SST and sea ice, the oceanic CO2
fluxes must also be prescribed. For this study, we chose to use CESM2 simulated oceanic CO2 fluxes from the
CMIP6 historical period (O’Neill et al., 2016), obtained from the Earth System Grid Federation (ESGF) CMIP6
(McBride et al., 2021) submission archive. We selected CESM2 simulations because CESM2 and E3SMv2 use
the same ocean biogeochemistry component, the Marine Biogeochemistry Library (MARBL; Long et al., 2021),
allowing us to incorporate consistent oceanic CO2 fluxes that are compatible with the physical and biogeo-
chemical processes represented in E3SMv2.

2.2.4. Output Variables and Diagnostics

The model is configured to output key CO2 variables (see Figure 1), including concentrations and fluxes for total
and source‐specific components. This allows for detailed tracking of CO2 transport and budget assessments, which
is critical for evaluatingmodel performance and understanding carbon cycle dynamics. A comprehensive monthly
carbon budget table is generated online to monitor the conservation of carbon throughout the simulations.

2.3. Experiment Design and Description of Simulations

To validate the implementation of the emissions‐driven land‐atmosphere coupled biogeochemistry configuration
(BGCLNDATM_progCO2) in E3SMv2.1 and ensure that the coupling does not introduce significant changes to
the physical climate, we conducted a transient simulation using BGCLNDATM_progCO2. We compared the
results with those from two reference simulations:

1. LNDATM_presCO2: A concentration‐driven land‐atmosphere coupled physical climate configuration
without active BGC in land following the Atmospheric Model Intercomparison Project (AMIP) protocol (K. E.
Taylor et al., 2000). This simulation serves as a reference for the atmospheric component (EAM).

2. BGCLND: A land‐only simulation driven by the Global Soil Wetness Project Phase 3 (GSWP3) meteoro-
logical reanalysis data (Dirmeyer, 2011). This simulation serves as a reference for the land component
(ELMv2).

Comparing BGCLNDATM_progCO2 with LNDATM_presCO2 and BGCLND allowed us to assess the con-
sistency of EAMv2 and ELMv2 between the emissions‐driven and reference simulations, ensuring that the
implementation of land‐atmosphere interaction and prognostic CO2 does not significantly alter climate results.

2.3.1. Simulation Configurations

2.3.1.1. BGCLNDATM_progCO2 Simulation

The BGCLNDATM_progCO2 simulation employed a tri‐grid setup using different grid spacing for atmosphere,
land, and ocean/ice components. In this study, EAMv2.1 used approximately 1° horizontal resolution for its
dynamics and approximately 1.5° horizontal resolution for the physics parameterizations, both with 72 vertical
layers. ELMv2.1 operated at a 0.5° horizontal resolution. For the marine component, we used prescribed SSTs
and sea ice concentrations, consistent with the AMIP protocol. Our configuration differed from the standard
AMIP setup by including prognostic CO2, activating BGC processes in the land component, and prescribing
oceanic CO2 fluxes to enable emission‐driven simulations.

2.3.1.2. LNDATM_presCO2 Simulation

LNDATM_presCO2 is essentially an AMIP simulation from E3SMv2‐DECK (Golaz et al., 2022) that serves as a
reference for assessing the atmospheric component's performance. It shares the same atmospheric and land
configurations as BGCLNDATM_progCO2 but differs in two key aspects:
• Inactive land BGC: LNDATM_presCO2 uses satellite phenology to provide seasonal changes in vegetation
based on climatology, and its land BGC remains inactive. In contrast, BGCLNDATM_progCO2 activates
land BGC processes to simulate interactive carbon and nutrient cycles.
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• Prescribed CO2 concentrations: LNDATM_presCO2 utilizes prescribed annual global mean time series of
CO2 concentrations for both the land and atmosphere components, rather than prognostic CO2 as in
BGCLNDATM_progCO2. This means that LNDATM_presCO2 does not simulate the dynamic exchange of
CO2 based on emissions and sinks within the simulation.

LNDATM_presCO2 serves as a reference for assessing the atmospheric component's performance. By comparing
BGCLNDATM_progCO2 with LNDATM_presCO2, we can isolate and understand the effects of the emissions‐
driven approach and active land biogeochemistry on atmospheric processes and climate variables.

2.3.1.3. BGCLND Simulation

BGCLND is a land‐only simulation using ELMv2 at 0.5° × 0.5° resolution, consistent with BGCLNDATM_-
progCO2. This simulation is driven by GSWP3 meteorological forcing data (Dirmeyer, 2011), providing
observed atmospheric conditions to the land surface. BGCLND has active biogeochemical processes enabled,
simulating interactive carbon and nutrient cycles within the land component. Unlike BGCLNDATM_progCO2,
which use prognostic CO2 concentration, BGCLND employs prescribed annual global mean CO2 concentrations
for its biogeochemical processes, similar to LNDATM_presCO2. This configuration allows us to isolate and
evaluate the performance of the land biogeochemistry in ELMv2.1 without the influence of coupling with the
atmospheric model, serving as a reference for assessing the terrestrial component's performance. Importantly, this
design isolates one feedback pathway at a time while holding the others, as well as the boundary conditions (ocean
and sea ice), fixed.

2.3.1.4. Summary of Simulations

The configurations of the three simulations are summarized in Table 1.

2.3.2. Spin‐Up Processes

We followed a multi‐stage spin‐up process similar to that of Burrows
et al. (2020), beginning with accelerated decomposition and vegetation
mortality to quickly reach equilibrium states for land carbon, and nitrogen
pools, followed by simulations with normal rates to achieve dynamic
equilibrium.

2.3.2.1. Land‐Only Spin‐Up

The spin‐up began with a land‐only simulation where accelerated decom-
position and vegetation mortality were applied for 200 simulation years to
quickly reach an initial equilibrium state for carbon and nitrogen pools under
nitrogen limitation using the repeated 1901–1920 climate forcings from
GSWP3 (Dirmeyer et al., 2006). During this phase, phosphorus was
considered fully available. Subsequently, soil phosphorus was initialized
from global maps, phosphorus limitation was enabled, and the land‐only
simulation continued with normal decomposition and mortality rates for an
additional 600 simulation years, allowing all pools to reach dynamic
equilibrium.

Table 1
Summary of Simulation Configurations

Simulations Atmosphere Land Marine Prognostic CO2 Active BGC Purpose

BGCLNDATM_progCO2 EAMv2.1 ELMv2.1 Prescribed SST and sea ice Yes Yes Emission‐driven

LNDATM_presCO2a EAMv2 ELMv2 Prescribed SST and sea ice No Nob Reference case for EAMv2

BGCLND Prescribed GSWP3 forcing ELMv2 Null No Yes Reference case for ELMv2
aLNDATM_PresCO2 is equivalent to typical AMIP simulations. bSatellite phenology.

Figure 2. Global mean time series from 1959 to 2013, showing the oceanic
CO2 fluxes and fossil fuel emissions prescribed in E3SM (dashed lines) in
comparison with the Global Carbon Project (solid lines) reported by
Friedlingstein et al. (2021), which includes two components: “FFF”
represents fossil fuel CO2 emissions, while “OCN” denotes the oceanic
carbon budget.
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2.3.2.2. Coupled Spin‐Up

Following the land‐only spin‐up, we conducted a coupled BGCLNDATM_progCO2 spin‐up simulation for
500 years. This allowed the terrestrial carbon pools to adjust to land‐atmosphere feedback under the prognostic
CO2 configuration. Because the observational SST data set extends only from 1870 to 2100, the coupled spin‐up
is driven by the 1870 SST and sea‐ice fields recycled annually; inter‐annual ocean variability is therefore absent
during spin‐up. Atmospheric boundary conditions during the land‐only spin‐up phases were prescribed using
repeated 3‐hourly outputs from 25 years of the E3SMv2‐DECK preindustrial control (piControl) experiment
(Golaz et al., 2022). The extensively evaluated climate of the piControl simulation provided reliable forcing for
the spin‐up process.

2.3.3. Historical Simulation and Prescribed CO2 Fluxes

The BGCLNDATM_progCO2 historical simulation covers the period from 1850 to 2014, initialized from the end
of the coupled spin‐up simulation. The simulation incorporates prescribed surface fossil fuel emissions, aircraft
emissions, and oceanic CO2 fluxes described in Section 2.2.3.

Figure 2 compares the prescribed CO2 fluxes used in the BGCLNDATM_progCO2 simulation with the global
carbon budget estimates documented by (Friedlingstein et al., 2021). The prescribed fluxes align well with
observational estimates, providing confidence in the emissions inputs used for the simulation.

2.3.4. Rationale for Model Evaluation

We compared the BGCLNDATM_progCO2 simulation results with those from LNDATM_presCO2 and
BGCLND to assess the consistency of the atmospheric model (EAM) between BGCLNDATM_progCO2 and
LNDATM_presCO2, and the land model (ELM) between BGCLNDATM_progCO2 and BGCLND. The main
difference between BGCLNDATM_progCO2 and the reference simulations is the treatment of CO2—prognostic
versus prescribed. If the coupling is successful and the model dynamics are preserved, implementing prognostic
CO2 should not substantially alter the global‐mean climate results compared to the reference simulations. We also
conducted benchmarking against observations and other CMIP6 models to evaluate the performance of
BGCLNDATM_progCO2 within the context of the broader modeling community.

In general, we evaluated atmospheric CO2 levels, both because prognostic CO2 is the key advance being tested
here and because of CO2's role as primary GHG in the climate system; and surface air temperature because it
provides an immediate sanity check that the prognostic‐CO2 wiring does not upset the large‐scale physical climate
of E3SMv2. Burned area, leaf area index (LAI), and spatial CO2 variability are analyzed only to the extent
required to explain the atmospheric‐CO2 bias and the land–surface temperature response. A full process‐level
evaluation of each flux pathway is better suited to follow‐on studies.

2.4. Evaluation Metrics and Tools

We assessed the performance of BGCLNDATM_progCO2 using a range of evaluation metrics and diagnostic
tools. Our evaluations include both the model spin‐up phase and the transient historical period (1850–2014),
highlighting key aspects of the model's behavior.

2.4.1. Spin‐Up Evaluation Criteria

We evaluated the 500‐year spin‐up of the land biogeochemical state using several criteria to confirm that the
model reached equilibrium and that the carbon pools stabilized:

1. Balanced Land‐Atmosphere Carbon Exchange: The NEE between the land and atmosphere should be near
zero with minimal drift, indicating that the terrestrial carbon pools have equilibrated. In the coupled spin‐up
simulation, the mean NEE over the 500‐year constant‐forcing (control) experiment was 0.05 Pg C yr− 1, well
within the±0.1 Pg C yr− 1 threshold recommended by the Coupled Climate–Carbon Cycle MIP (C4MIP; C. D.
Jones et al., 2016).

2. Temporal Trends Analysis: We analyzed the time series of global mean total vegetation carbon, soil carbon,
gross primary productivity (GPP), net primary productivity (NPP), and nitrogen and phosphorus
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mineralization rates. Minimal trends in these variables over time indicate that the model has reached a steady
state, although no formal threshold criteria were applied to these trends. Details can be seen in Figure A1.

3. Qualitative Assessment of Spatial Distributions: We qualitatively assessed the spatial distributions of NEE,
global total vegetation biomass, and global total soil carbon to ensure that the model produces realistic patterns
consistent with observational understanding.

For the spin‐up of the coupled BGCLNDATM_progCO2 simulations, the evaluation focused on global mean
surface air temperature and NEE (Figure 3). Given that prescribed SSTs and sea ice concentrations constrain the
climate, demonstrating the equilibrium of atmospheric radiative flux at the top of the atmosphere, as shown in
Burrows et al. (2020), is not necessary for this study.

Figure 3 illustrates the 500‐year land–atmosphere spin‐up. The global‐mean surface‐air temperature oscillates
about a constant value, confirming thermal equilibrium under prescribed SSTs. The global‐mean NEE settles to
fluctuations around zero after ∼100 years, indicating that terrestrial carbon sources and sinks are balanced. This
carbon balance equilibrium is further supported by the biogeochemical variables shown in Figure A1.

2.4.2. Evaluation of the Transient Historical Period (1850–2014)

To evaluate the performance of BGCLNDATM_progCO2 during the transient historical period, we used three
open‐source diagnostic tools that streamline analysis and benchmarking:

E3SMDiagnostics Package (E3SMDiags; C. Zhang et al., 2022) is a Python‐based tool designed to assess E3SM
outputs by comparing them with observations and historical benchmarks. It evaluates core aspects of the mean
physical climate and includes process‐oriented diagnostics. To streamline the evaluation processes, we used zppy
(https://e3sm.org/resources/tools/end‐to‐end‐processing/zppy/), a performant, Python‐based post‐processing

Figure 3. Time series from the coupled BGCLNDATM_progCO2 spin‐up simulations showing (a) global mean surface air
temperature (K) and (b) net ecosystem exchange (NEE; Pg C yr− 1).

Figure 4. Comparison of atmospheric CO2 seasonal variability and trend (the insert figure) among the
BGCLNDATM_progCO2 simulation, other CMIP6 emission‐driven simulations, and average observations (black line) at
four monitoring sites from the NOAA ObsPack framework (Masarie et al., 2014) conducted by GDESS (Kaufman
et al., 2022). The four observation sites are (a) Mauna Loa, Hawaii (MLO); (b) Barrow, Alaska (BRW); (c) Samoa (SMO);
and (d) South Pole (SPO).
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toolchain to automate routine tasks such as generating climatology and time series files, creating diagnostic plots
with E3SMDiags (i.e., Figures 5a–5d and 6), and producing global time series plots (Figure 3). The development
team is actively enhancing zppy by adding more land biogeochemical diagnostics, such as International Land
Model Benchmarking (ILAMB; Collier et al., 2018), and ocean diagnostics, which will further extend its utility
for evaluating comprehensive ESM simulations. This automation allowed efficient evaluation of the overall
physical climate features of BGCLNDATM_progCO2, ensuring consistency with established climate patterns.

The ILAMB framework quantitatively assesses land surface models against a wide range of observational data
sets, focusing on land biogeochemistry, biogeophysics, and hydrology. We employed ILAMB to evaluate key
land biogeochemical processes in BGCLNDATM_progCO2, including energy, water, carbon and nutrient cycles
(see Figure 7). By benchmarking model outputs against in situ and remote sensing observations spanning from
1960 to 2014, we identified strengths and areas for improvement in the land component of the model.

Greenhouse gas Diagnostics for Earth System Simulations (GDESS; Kaufman et al., 2022) evaluates ESMs by
comparing simulated atmospheric CO2 concentrations with observations. It processes data sets from the NOAA
Observation Package (ObsPack) and generates statistical metrics and visualizations. We used GDESS to assess
how well BGCLNDATM_progCO2 reproduces observed atmospheric CO2 patterns (see Figure 4), aiming to
identify discrepancies in simulating global CO2 sources and sinks and to improve the representation of atmo-
spheric CO2 dynamics.

Figure 5. Comparison of the annual global mean surface temperature between the BGCLNDATM_progCO2 and
LNDATM_presCO2 experiments. (a) The global mean temperature for BGCLNDATM_progCO2 from 1985 to 2014.
(b) The spatial distribution of the surface air temperature difference between BGCLNDATM_progCO2 and
LNDATM_presCO2 (BGCLNDATM_progCO2 minus LNDATM_presCO2) over the same period. (c) The time evolution
of the anomaly relative to 1850–1899, with observations from the HadCRUT5 Analysis. (d) The atmospheric CO2
concentration for BGCLNDATM_progCO2 averaged over 1985–2014. (e) The spatial distribution of the atmospheric CO2
concentration difference between BGCLNDATM_progCO2 and LNDATM_presCO2 over the same period. (f) The time
evolution of the global mean land surface air temperature anomaly relative to 1870–1899 for both simulations. Note that
LNDATM_presCO2 is driven by prescribed annual global mean [CO2] time series, whereas BGCLNDATM_progCO2
simulates prognostic [CO2] that dynamically interact with the climate system. Note that the analyses for (a, b, d, e) were
conducted by E3SM_digas (C. Zhang et al., 2022).
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3. Evaluation of Historical Simulations
3.1. Evaluation of Prognostic Historical Atmospheric CO2 Concentrations

Figure 4 presents the seasonal variability of atmospheric CO2 concentrations ([CO2]) at four representative
monitoring sites: Mauna Loa, Hawaii (MLO); Barrow, Alaska (BRW); Samoa (SMO); and the South Pole (SPO).
These sites were selected to capture diverse climatic regions, encompassing the global background atmosphere
(MLO), high‐latitude tundra environments (BRW), tropical marine conditions (SMO), and polar regions (SPO).
The BGCLNDATM_progCO2 simulation consistently overestimates [CO2] at all sites compared to observational
records, with positive biases ranging from 11 to 23 ppm throughout the simulation period. To contextualize these
overestimates, the CMIP6 emission‐driven historical (esm‐hist) simulations participating in the Coupled
Climate–Carbon Cycle MIP (C4MIP; C. D. Jones et al., 2016) exhibit a wide range of atmospheric CO2 con-
centrations. Specifically, most models (10 out of 13) fall within a CO2 concentration range of approximately
40 ppm (Figure B1), representing some 20 years of historical emissions. The positive biases in our simulation are
therefore within the spread of the CMIP6 models, suggesting that our model's overestimates are comparable to
those observed in other emission‐driven ESMs. This indicates that such biases are common and underscores the
need for greater attention to the calibration of historical CO2 concentrations in emissions‐driven simulations.

Figure 6. Comparison of RMSEs for the period 1985–2014 among an ensemble of 52 CMIP6 models (using the first
historical members r1i1p1f1) and the first historical members of E3SMv1AMIP (blue triangles) and LNDATM_presCO2/
E3SMv2MIP (red triangles), including the BGCLNDATM_progCO2 simulation (black circles). The CMIP6 ensemble is
represented by box‐and‐whisker plots showing the minimum, 25th percentile, median, 75th percentile, and maximum RMSE
values. Spatial RMSEs relative to observations are calculated for annual and seasonal averages using the E3SM_Diags (C.
Zhang et al., 2022). The fields evaluated include: (a) top‐of‐atmosphere (TOA) net radiation, (b) TOA shortwave (SW) cloud
radiative effects (CRE), (c) TOA longwave (LW) CRE, (d) precipitation, (e) surface air temperature over land (tas), (f) sea‐
level pressure (SLP), (g) zonal wind (u) at 200 hPa, (h) zonal wind at 850 hPa, and (i) geopotential height (Zg) at 500 hPa.
The mean climatologies of the reference observational and reanalysis data sets are derived from CERES‐EBAF Edition 4.1
(Loeb et al., 2018; 2001–2014) for panels (a–c), GPCP Version 2.3 (Adler et al., 2018; 1985–2014) for panel (d), and
ecosystem respiration (Hersbach et al., 2020 A5; 1985–2014) for panels (e–i). Seasonal abbreviations are DJF (December–
February), MAM (March‐May), JJA (June–August), and SON (September–November). The full E3SM_Diags diagnostic
results are available at https://web.lcrc.anl.gov/public/e3sm/public_html/diagnostic_output/ac.sfeng1/paper/CBGCv2/
e3sm_diags/.
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Figure 7.
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Beyond the long‐term trends, we examined the seasonal variability of [CO2] at these sites. The
BGCLNDATM_progCO2 simulation demonstrates consistently better representation of seasonal cycles compared
to other emission‐driven models, particularly in terms of phase accuracy, although it tends to overestimate the
amplitude of peak values. This overestimation is more pronounced at MLO and BRW than at SMO and SPO,
suggesting regional differences in the model's simulation of seasonal carbon exchanges.

Further investigation reveals that the overestimation of both the trend and the magnitude of the seasonal cycle is
partially due to the weak uptake of prescribed ocean CO2 fluxes in the model (Figure C1 and C2). The prescribed
oceanic CO2 fluxes, based on CESM2 historical simulations, may underestimate the strength of oceanic carbon
sinks during the simulation period, contributing to higher [CO2] and amplified seasonal amplitudes in the
simulation. ILAMB diagnostics further show that the terrestrial sink is also too weak: both GPP and ecosystem
respiration (ER) are biased low, leaving NEE less negative than the observation‐based estimate (Figure D1). Such
land‐flux uncertainty is known to exceed ocean‐sink uncertainty and is a primary driver of the seasonal CO2 cycle
(Piao et al., 2018). Hence, the combination of an under‐simulated ocean sink and a muted land uptake explains
much of the positive CO2 bias. Remaining discrepancies may also reflect uncertainties in prescribed fossil‐fuel
emissions or limitations in the model's atmospheric transport.

3.2. Evaluation of Physical Climate Variables

Given the consistent positive biases in [CO2] shown in Figure 4, one might expect BGCLNDATM_progCO2 to
have a warmer climate compared to the LNDATM_presCO2 simulation. When examining the global mean
surface air temperature, we find that there is minimal difference between the two simulations (Figure 5c),
consistent with Burrows et al. (2020). This minimal difference is likely due to both simulations being strongly
constrained by the prescribed SSTs, as the ocean covers approximately two‐thirds of the Earth's surface. Over the
period 1985–2014, the average difference in [CO2] between the two simulations is approximately 12.5 ppm,
which corresponds to only a 0.03°C difference in the global mean surface air temperature. However, this tem-
perature difference is amplified in over the land ranging from − 1.59 to 2.76°C over the 30‐year period at the
regional scale. Because the prognostic set‐up explicitly resolves spatial CO2 gradients—rather than imposing a
single global‐mean value—the climatic impact of elevated CO2 can emerge heterogeneously, particularly over
land areas, potentially due to interactions with regional climate processes and feedback. Elevated or heteroge-
neous CO2 distributions are not, however, the only possible source of the temperature differences observed here.
Internal variability within the climate system could also contribute to these regional temperature differences.
Comparisons with additional ensemble members in LNDATM_presCO2 (Golaz et al., 2022) indicate that typical
internal variability leads to 30‐year temperature differences ranging from − 0.5 to 0.5°C. Since the differences
between BGCLNDATM_progCO2 and LNDATM_presCO2 exceed this range, it suggests that they may be
influenced by the higher [CO2]. Nevertheless, without multiple ensemble runs for BGCLNDATM_progCO2, we
cannot conclusively separate the effects of internal variability from the forced response due to CO2 differences.
Additionally, the change from satellite phenology (used in LNDATM_presCO2) to prognostic LAI (used in
BGCLNDATM_progCO2) could alter the land surface sufficiently to affect the surface energy balance and,
hence, the surface temperature distribution. Disentangling these (and potentially other) factors is beyond the
scope of the current work, and we leave testing these hypotheses to future research efforts.

The spatial distribution of the CO2 concentration difference between the two simulations over 1985–2014 shows
that BGCLNDATM_progCO2 consistently has higher [CO2] than the prescribed global mean CO2 time series
used in LNDATM_presCO2 (Figure 5e). This difference is more pronounced over the Northern Hemisphere, with
hotspots located in major industrial regions such as eastern China, the eastern United States, and the Amazon (due
to fire emissions), as well as downwind areas influenced by atmospheric transport.

Figure 7. The overall performance of land model configurations of BGCLNDATM_progCO2 compared with BGCLND and a subset of emission‐driven CMIP6
simulations conducted by ILAMB (Collier et al., 2018). In the ILAMB scorecard, net biome production is labeled as “Global net‐ecosystem carbon balance.” The
CMIP6 subset includes models that (i) completed the full 1850–2014 emissions‐driven historical simulation and (ii) provided the complete set of monthly land–
biogeochemistry variables required by ILAMB—such as gross primary productivity, net ecosystem exchange, biomass, leaf area index, soil carbon, evapotranspiration,
and surface meteorology—on the Earth System Grid Federation archive. These criteria ensured a consistent and comprehensive basis for evaluating BGCv2LNDATM
against other models. The full ILAMB results are available at https://doi.org/10.25584/2525948.
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Figure 6 summarizes how the prognostic simulation performs for a suite of large‐scale climate fields. Spatial root‐
mean‐square errors (RMSEs) for annual and seasonal means were calculated with the E3SMDiagnostics Package
(C. Zhang et al., 2022) relative to observations or reanalyzes. For every metric except sea‐level pressure, the
RMSE of BGCLNDATM_progCO2 (prognostic CO2) falls within—or below—the inter‐quartile range of the
CMIP6 ensemble and is comparable to that of the reference run LNDATM_presCO2 (prescribed CO2) (Golaz
et al., 2022). This close agreement shows that activating prognostic CO2 leaves the core physical‐climate skill of
E3SMv2 unchanged and, for several fields, yields performance that is as good as or better than the median CMIP6
model.

The consistency of the global‐mean physical climate properties between BGCLNDATM_progCO2 and
LNDATM_presCO2 lends confidence in the coupling implementation. At the same time, the differences in land
surface air temperature show that spatially varying, prognostic CO2 produces a measurable regional signal. Thus,
the new configuration preserves the large‐scale energy balance while revealing regional carbon‐climate feedback
that cannot be captured with a globally prescribed CO2 field.

Further research is needed to quantify how CO2 spatial variability impacts regional surface air temperature re-
sponses and the underlying biogeochemical processes. Because the global‐mean climate baseline is preserved, the
differences in regional land‐surface patterns shown in Figure 5 can be attributed to the spatially heterogeneous
CO2 forcing rather than to energy‐budget drift, giving the confidence that subsequent sensitivity studies will
target the intended biogeochemical mechanisms rather than reflecting artifacts of the coupling.

3.3. Observational Benchmarking of Land Biogeochemical and Physical Variables

In this section, we assess the performance of the land component of BGCLNDATM_progCO2 against obser-
vational data sets and compare it with the land stand‐alone simulation (BGCLND) and other emission‐driven
CMIP6 simulations. A high‐level summary of this assessment is presented in Figure 7, with detailed
geographic and temporal comparisons available online (https://doi.org/10.25584/2525948).

As expected, due to the climate constraints from using prescribed ocean data, BGCLNDATM_progCO2 is ex-
pected to outperform the coupled models in the hydrological cycle, radiation and energy cycles, and forcings
categories. Therefore, we focus the land process evaluation on the ecosystem and carbon cycle categories and
functional responses of the carbon cycle. It is important to note that the ILAMB framework infers [CO2] primarily
from land carbon fluxes, while observational benchmarks include [CO2] contributions from other sources, that is,
anthropogenic activities and the ocean. Therefore, we recommend directly comparing the simulated total [CO2]
with the observational benchmark, as illustrated in Section 3.1.

BGCLND, driven with reanalysis data (see Table 1), exhibits overall better performance in most categories except
for biomass, which likely reflects potential problems in ELMv2. Compared with other CMIP6 emission‐driven
models, BGCLNDATM_progCO2 produces consistently better results in GPP, global net ecosystem carbon
balance (represented a net biome production NBP), NEE, and Soil Carbon, and Nitrogen Fixation, but under-
performs biomass, burned area, LAI, and ER.

Although several models—including BGCLNDATM_progCO2—simulate global biomass that exceeds most
observational estimates, the spread of both observations and models is large. Observational estimates of global
biomass range from 378 Pg for 2000–2020 in XuSaatchi2021 (Xu et al., 2021) to 588 Pg for 2000–2010 in
GEOCARBON (Araza et al., 2022). A comparison with other biomass products can be found in Figure D2,
showing that no two observational products fall on the 1:1 line. For models, BGCLNDATM_progCO2 simulates
706 Pg while the CMIP6 models range from 367 Pg to 511 Pg, with an ensemble mean of 452 Pg. Despite the
large uncertainty, both BGCLNDATM_progCO2 and BGCLND (667 Pg) produce excessive biomass, which
likely arises from multiple processes. First, the ILAMB scorecard shows that burned area is underestimated,
implying smaller fire carbon losses (Li et al., 2024). Second, the parameterizations that control tree mortality, and
the turnover of leaves, stems, and roots determine how long carbon resides in vegetation; a residence time that is
too long will by definition inflate standing biomass. ILAMB's derived metric for vegetation carbon residence time
(live biomass/NPP) is 34 yr in BGCLNDATM_progCO2 versus 20 yr in the observational benchmark, con-
firming that carbon remains in vegetation too long and indicating that background mortality and turnover rates in
ELMv2 may be too low. Third, insufficient soil nutrient limitation, particularly phosphorus limitation in tropical
rainforests, could allow productivity to remain high (Du et al., 2025; Ellsworth et al., 2022; He et al., 2025; Terrer
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et al., 2019). However, confirming this hypothesis would require further analysis of plant phosphorus limitation
factors in BGCLNDATM_progCO2, which is beyond the scope of this study.

Due to the lack of the burned areas across CMIP6 emission‐driven model output from the ESGF data archive, we
limited the comparison of simulated burned areas in BGCLNDATM_progCO2 and BGCLND. While the
observational benchmark from GFED4.1s (Giglio et al., 2013; Randerson et al., 2012; van der Werf et al., 2010)
indicates a mean annual burned area of 0.33%, BGCLNDATM_progCO2 and BGCLND burned 0.14% and
0.23%, respectively, indicating a significant underestimation by ELMv2. Furthermore, the land‐atmospheric
coupling with biogeochemistry in BGCLNDATM_progCO2 reduces the burned area even further, partly due
to biases in the simulated atmospheric forcing—surface air temperature, diurnal max and min temperature,
precipitation, surface relative humidity, and downward SW/LW radiation, shown in the “Forcings” section of
Figure 7—in BGCLNDATM_progCO2.The significant bias in burned area primarily appears in tropical African
grasslands and broadleaf areas (Figure D3). A comparison of seasonal variations between the observations and
models reveals that E3SMv2 significantly underestimates burned areas during the peak fire seasons (Figure D4).
These discrepancies highlight the need for further investigation into the representation of fire processes in
ELMv2.

Fire significantly alters land cover and carbon stocks, releasing aerosols and GHGs. Post‐fire landscapes exhibit
different albedo and vegetation dynamics, influencing land‐atmosphere interactions and contributing to climate
variability. ILAMB evaluates the functional responses between burned area and precipitation (Adler et al., 2018)
and surface air temperature (Harris et al., 2014). Due to E3SM's underestimation of burned area over equatorial
Africa, particularly during peak seasons, the relationships between simulated burned area and both precipitation
and temperature are inconsistent with observations (Figure D5).

Leaf area index (LAI) is a crucial variable affecting climate by modulating evapotranspiration and influencing the
exchange of water and energy between the land and atmosphere. The observational benchmark for global mean
LAI is 1.36 (Figure D6), derived from monthly climatology of MODIS total LAI observations. Both
BGCv2LANDATM and BGCLND are within a margin of 0.1 of the observational benchmarks, compared to a
broader range of 1.2–2.46 for CMIP6 models. However, BGCLNDATM_progCO2 has a lower overall score for
LAI due to its failure to accurately capture the spatial distribution, particularly in tropical regions where RMSEs
are evident. This underperformance in LAI is present only in the coupled E3SMmodels, not in the standalone land
experiment BGCLND, which suggests that d atmospheric forcings and/or biogeochemical feedback.

This deficiency is also apparent in the relationship between the prognostic LAI and precipitation forcing in the
model (Figure D7). E3SM experiments consistently overestimate precipitation when LAI is less than ∼2.5 and
underestimate precipitation when LAI exceeds ∼2.5. Further regional analysis reveals that the underestimation of
precipitation becomes more pronounced when LAI is greater than 4 in tropical regions. However, caution is
necessary when integrating these biases due to the large uncertainty in the satellite‐based LAI estimations over
tropical regions (Mannschatz et al., 2014). Presumably, this discrepancy arises from a combination of biases in
water and energy fluxes in EAM compared to observations; however, pinpointing the exact contributions of these
biases will require dedicated process experiments beyond the scope of this paper.

As for ER, both BGCLNDATM_progCO2 and BGCLND exhibit similar performance in terms of mean state,
spatial distribution, and seasonal cycle (Figure D8). ELMv2's ER performance is within the model uncertainty
bounds; the land–atmosphere coupling does not compromise ER performance. However, both E3SM simulations
significantly underestimate ER in the warm seasons.

BGCLNDATM_progCO2 simulates global net ecosystem carbon balance (represented by net biome produc-
tivity) of − 42.1 Pg C (Figure D9), closely aligning with the observational estimate of − 44.6 Pg from the Global
Carbon Project from 1959 to 2016 (Le Quéré et al., 2016), whereas other models range from − 4.09 Pg to − 105 Pg.
The standalone land simulation BGCLND estimates an NBP of − 57.3 Pg. The land‐atmosphere coupling in
BGCLNDATM_progCO2 somehow reduces carbon loss, which can be partially explained by reduced burned
areas in the simulation.

For GPP, all the models underestimate GPP compared to the FLUXNET benchmarks, which report a value of
3.35 g m− 2 d− 1 (Knauer et al., 2018; Lasslop et al., 2010; Reichstein et al., 2007). Both BGCLNDATM_progCO2
(2.35 g m− 2 d− 1) and BGCLND (2.54 g m− 2 d− 1) are within the uncertainty bounds of the CMIP6 emission‐driven
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models, which range from 2.16 to 2.87 g m− 2 d− 1 (Figure D10). However, a clear improvement is evident in
ELMv2 for the seasonal cycle of GPP compared to other models. Similar characteristics extend to NEE.

ILAMB evaluates the functional relationships of GPP with evapotranspiration (ET), precipitation, surface
downward shortwave (SW) radiation, surface net radiation, and surface air temperature. The relationship between
GPP and ET (Figure D11) arises from their shared dependence on environmental drivers such as solar radiation
and air temperature. BGCLNDATM_progCO2 tends to overestimate ET when GPP is less than 2 g C m− 2 day− 1

and underestimate ET when GPP exceeds this threshold globally. This bias is predominantly driven by dis-
crepancies in tropical regions. Specifically, regions with high GPP values—greater than 5 g C m− 2 day− 1 in
Equatorial Africa, 8 g C m− 2 day− 1 in Equatorial Asia, and the Amazon—show the most pronounced biases
(Figure D12).

In terms of soil carbon stock, all the models simulated a range from 1,110 to 1,750 Pg, while the observation
benchmark is 1,330 Pg (Ito et al., 2020; Wieder et al., 2014). Among the comparisons, BGCLNDATM_progCO2
and BGCLND simulated soil carbon are 1,140 and 1,200 Pg, respectively, which relatively underestimates soil
carbon. However, BGCLNDATM_progCO2 shows a better spatial distribution score than BGCLND, signifi-
cantly reducing the bias over the Northern Hemisphere's high‐latitude needleleaf deciduous region, although a
larger bias over the tropical region is evident (Figure D13).

Nutrient availability influences vegetation growth, carbon uptake, and biogeochemical feedback, which are
crucial for simulating long‐term carbon‐climate interactions. CMIP6 emission‐driven models ranging from 44.0
to 208 Tg yr− 1 with an ensemble mean of 105 Tg yr− 1, while the observational benchmark is 88 Tg yr− 1 (Davies‐
Barnard & Friedlingstein, 2020). ELMv2 experiments display the closet agreement with the benchmark, showing
93 Tg yr− 1 for BGCv2LNATM and 94.7 Tg yr− 1 for BGCLND, respectively, and outperforming in spatial
distribution (Figure D14).

In conclusion, the evaluation of land biogeochemical and physical variables in BGCLNDATM_progCO2 reveals
a mixed performance. While the model aligns well with observational benchmarks in simulating global net
ecosystem carbon balance (or NBP), soil carbon, and nitrogen fixation, it exhibits notable biases in biomass,
burned area, and LAI, particularly in tropical regions. These discrepancies suggest potential issues in the rep-
resentation of fire processes, vegetation dynamics, land‐atmosphere interactions, and atmospheric forcing biases
within the coupled model. Addressing these challenges is crucial for improving the model's ability to simulate
carbon–climate feedback.

4. Planned Improvements to Biogeochemistry, Land, and Energy Systems in E3SM
Section 4 outlines planned model extensions and is included for project‐documentation purposes; readers pri-
marily interested in the current evaluation may proceed directly to the next section. To achieve the full emissions‐
driven capacity for E3SM, our initial focus has been on implementing a land–atmosphere interactive configu-
ration in E3SMv2.1 biogeochemistry. This approach allows us to isolate land–atmosphere interactions and
feedback from other components, such as the ocean, facilitating a detailed examination of terrestrial processes and
their impacts on atmospheric CO2 concentrations. The success of this first step provides a solid foundation for
integrating additional components and processes into the model.

Future versions of E3SM will incorporate enhanced biogeochemical processes, including the activation of ocean
and sea ice biogeochemistry modules. Integrating marine biogeochemistry is a critical next step toward achieving
a fully coupled emissions‐driven ESM, as the ocean plays a significant role in global carbon cycling and climate
regulation. The ocean absorbs approximately one‐quarter of anthropogenic CO2 emissions annually (Friedling-
stein et al., 2024), and capturing this dynamics accurately is essential for reliable climate projections.

TheMarine Biogeochemical Library (MARBL, Long et al., 2021) was recently ported to E3SM for version 2.1. A
suite of dynamic ocean‐ice simulations was conducted to validate the biogeochemical model coupling with
MPAS‐Ocean, the physical ocean model of E3SM; to validate 2‐way coupling with the biogeochemical model
(Jeffery et al., 2020) of MPAS‐Seaice, the physical sea ice model of E3SM; and to understand the ecosystem
model behavior under prescribed forcing conditions (Nissen et al., 2024; Takano et al., 2023). Recent advances in
ocean physical processes in E3SM (Smith et al., 2024) have improved the fidelity of ocean biogeochemical
processes, setting the stage for fully coupled, emissions driven, biogeochemical simulations in E3SMv3. This will
enable feedback mechanisms between ocean circulation and biogeochemical cycles.
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In addition to marine biogeochemistry, new land features are implemented in E3SMv3‐BGC, including a new
plant hydraulic scheme (Fang & Leung, 2022), a new crop module including more than 30 new crop species
(Sinha, Calvin, et al., 2023), a two‐way land‐river coupled water management module (Zhou et al., 2020), a
topographic unit representation of sub‐grid heterogeneity of surface forcings (Tesfa et al., 2024), and Flow of
Agricultural Nitrogen fertilization representation (Vira et al., 2022). With these new features, both natural
vegetated land surface and agriculture lands will be significantly impacted, in terms of carbon and water cycles.
The new development of the land model will be used to support the upcoming coupled E3SMv3 BGC simulation
campaign that aims to couple land, atmosphere, ocean, and sea ice components with emission‐driven
configuration.

Lastly, the E3SM team has implemented a two‐way online coupling between E3SM and the Global Change
Analysis Model (GCAM) (Di Vittorio et al., 2025). By enabling two‐way feedback between GCAM and E3SM,
the impacts of land‐use change, agriculture, and energy production on biogeochemical cycles and climate can
respond dynamically to climate. By linking socio‐economic drivers with a process‐based ESM, the coupled
GCAM‐E3SM system enables exploratory studies of mitigation pathways and their physical feedback; further
work will be required before such simulations can be used in formal policy assessments (W. D. Collins
et al., 2015; A. D. Jones et al., 2018; Peter E. Thornton et al., 2017).

5. Discussion
This work delivers three advances not previously available for E3SM or documented in the broader CMIP
literature. (i) It introduces BGCLNDATM_progCO2—the first E3SM configuration that couples interactive land
biogeochemistry with prognostic atmospheric CO2 while retaining prescribed sea‐surface conditions, thereby
enabling land–atmosphere carbon feedback in an emission‐driven framework. (ii) It provides the first public set of
E3SMv2.1 historical hindcasts with prognostic CO2, creating a new benchmark for future studies. (iii) It offers the
community's first end‐to‐end evaluation protocol tailored to emission‐driven simulations, integrating GDESS,
E3SM‐Diags, ILAMB and zppy into a reproducible workflow that can be adopted directly by future fully coupled
simulation campaigns. Together, these contributions extend E3SM capability, supply new open data, and present
a transferable framework for rigorous, standardized assessment of emission‐driven Earth‐system simulations.

In our evaluation, the global mean surface air temperature showed minimal differences between the emissions‐
driven and reference simulations due to the strong constraint of prescribed SSTs. However, significant regional
differences were observed in land surface air temperature. This indicates that while biogeochemical feedback
onto global mean physical climate properties are marginal, they can have a measurable impact on regional cli-
mates, especially over land. Understanding these interactions is essential for projecting future climate change
(Arora et al., 2020; Cox et al., 2000; Hewitt et al., 2016; C. G. Jones et al., 2024; Reichstein et al., 2013; Vichi
et al., 2011; Vonk et al., 2025).

The underestimation of burned area and overestimation of biomass highlights the need to improve the repre-
sentation of fire processes within ELMv2. Incorporating sophisticated fire modules that account for fire dynamics
could lead to more realistic fire simulations (Li et al., 2024). In light of these findings, we have investigated the
fire parameters within ELMv2 and implemented new calibrations based on our results. While reduced fire
mortality is a plausible first‐order cause of the biomass bias, other factors cannot be excluded at this stage. An
overly strong GPP, a low representation of plant or microbial respiration, and vegetation turnover rates that are too
slow would all act to increase standing biomass. ILAMB diagnostics of carbon‐residence time (Section 3.3)
suggest that background mortality is weak, pointing to a combination of insufficient disturbance and long
turnover. Future sensitivity tests that vary GPP, respiration and turnover parameters alongside the updated fire
scheme will be necessary to quantify the relative contributions of these processes. Refining these components will
in turn improve simulated biomass accumulation and carbon emissions, leading to more accurate terrestrial
carbon budgets (Dolman et al., 2012; Forkel et al., 2025; Randerson et al., 2006; Seiler & Crutzen, 1980).

We also note that the biases in LAI and ER, particularly in tropical regions, suggest that vegetation dynamics and
land–atmosphere interactions require further refinement. Enhancing the model parameters for vegetation
phenology and physiology, together with biogeochemical feedback, may improve the spatial and temporal
variability of LAI and ER (Woodward & Lomas, 2004; Zhao et al., 2025). Investigating the coupling between
atmospheric forcings and land surface processes is crucial for resolving these discrepancies.
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Our evaluations underscore the challenges inherent in emissions‐driven modeling. Accurately simulating at-
mospheric CO2 concentrations, physical climate variables, and land biogeochemical processes requires precise
representations of complex interactions among Earth system components. Positive biases in atmospheric CO2
concentrations, along with regional temperature differences (over land), highlight the challenges in calibrating
models to reproduce historical concentrations and observed warming trends simultaneously. Careful consider-
ation is needed to understand how regional biases may offset each other, leading to minimal differences in global
averages. Part of the warm‐land signal may stem from the fact that BGCLNDATM_progCO2 uses prognostic
LAI whereas the AMIP reference run (LNDATM_presCO2) prescribes satellite LAI; altered canopy forcing can
modify surface energy balance independently of CO2. A concentration‐driven experiment that retains prognostic
LAI is planned to quantify this contribution. This underscores the complexity of accurately simulating both global
and regional climate responses in emissions‐driven models. However, in C4MIP, 10 out of 13 CMIP6 models
driven by historical emissions exhibited [CO2] concentrations within a 40 ppm range (Liddicoat et al., 2021;
Sanderson et al., 2024), encompassing the biases observed in our simulation.

A final challenge associated with running models in emissions‐driven mode is the additional degrees of freedom
involved in calibrating the coupled climate–carbon cycle system to reproduce both the historical concentrations of
climate forcers and the observed warming trends (C. D. Jones et al., 2016; Sanderson et al., 2023). Accurately
simulating the joint evolution of atmospheric CO2 and global temperatures requires precise representations of
carbon sinks and sources, as well as feedback mechanisms. The biases observed in our simulation underscore the
complexity of modeling the coupled climate–carbon system and highlight the need for further investigation into
the underlying causes of these discrepancies.

6. Toward a Protocol for Evaluating Emissions‐Driven Simulations
Although many of the individual diagnostics used here are well established, they have not previously been
combined into a single, end‐to‐end workflow tailored to the requirements of emission‐driven simulations.
Building upon the methodologies and evaluation results reported and discussed above, we propose a structured,
and to some degree standardized, evaluation protocol for emissions‐driven simulations with ESMs like E3SM.
Several steps (e.g., physical‐climate metrics) are common to concentration‐driven runs, whereas the CO2
observational benchmarking step is specific to emission‐driven simulations. This protocol aims to ensure sci-
entific quality, facilitate model intercomparison, and guide future modeling efforts, and consists of the following
key components:

First, a robust and standardized carbon‐cycle spin‐up protocol is essential for stabilizing the model's carbon and
nutrient pools before conducting emissions‐driven simulations. To confirm that the model has reached equilib-
rium and starts from a stable state, we recommend verifying that NEE approaches zero with minimal drift (ideally
within ±0.1 Pg C yr− 1), as per C4MIP guidelines (C. D. Jones et al., 2016), ensuring balanced land‐atmosphere
carbon exchange. Monitoring the temporal stability of key variables—such as global mean surface air temper-
ature, vegetation carbon, soil carbon, GPP, NPP, and nutrient mineralization rates—is important to confirm
minimal trends over the spin‐up period. Qualitative assessment of the spatial distributions of NEE, vegetation
biomass, and soil carbon helps verify that the model produces realistic patterns consistent with observations.
These checks ensure that simulations begin from a well‐initialized state, reducing the likelihood of artifacts
influencing the results.

Second, benchmarking of atmospheric CO2 is unique to emission‐driven and crucial in emissions‐driven models,
as atmospheric CO2 is central to assessing carbon‐climate feedback. We recommend benchmarking the modeled
atmospheric CO2 against observational records from key long‐term monitoring sites (e.g., Mauna Loa, Barrow,
Samoa, SPO) to evaluate the model's ability to capture both decadal trends and seasonal variability. Tools such as
GDESS (Kaufman et al., 2022) facilitate this comparison by processing model outputs and observational data to
generate statistical metrics and visualizations.

Third, it is essential to verify that the implementation of prognostic CO2 maintains the integrity of the physical
climate. Evaluating global mean surface air temperature between the simulations and observations or reference
runs helps identify any significant deviations, as temperature provides an immediate “sanity check” on the large‐
scale physical climate system. Spatial analysis of temperature and precipitation differences can reveal regional
impacts of the prognostic CO2 implementation, which as we show here can be substantial even when global
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metrics are stable. Comprehensive diagnostic tools like the E3SM Diags (C. Zhang et al., 2022) allows for
systematic evaluation of climate variables against observational data sets and reanalyses.

Fourth, accurate representation of land biogeochemical and physical variables, such as biomass, LAI, soil carbon,
ER, GPP, and NEE, is essential for simulating carbon‐climate interactions. We recommend benchmarking model
outputs against observational data using the ILAMB package (Collier et al., 2018). Examining functional re-
lationships between variables (e.g., GPP vs. evapotranspiration), in addition to simple model‐observation com-
parisons, tests whether the model responds realistically to environmental drivers. Analyzing mean states, spatial
distributions, and seasonal cycles help identify regional biases and temporal trends, guiding model improvements.

Fifth, having a standardized, reproducible evaluation process is critical. Automation frameworks like zppy
streamline routine tasks such as generating climatology files, creating diagnostic plots, and producing global time
series. Thorough documentation of evaluation steps, model configurations, and analysis scripts supports trans-
parency and comparability across studies. Sharing diagnostic outputs and tools through accessible platforms
facilitates collaboration and accelerates progress within the modeling community.

While the examples above use the E3SM toolchain, each step of the protocol can be executed with model‐agnostic
packages such as ESMValTool (Eyring et al., 2020; Righi et al., 2020), or the PCMDI Metrics Package (Gleckler
et al., 2008). Adopting these community resources (Bock et al., 2020; Gier et al., 2024; Spafford & MacDou-
gall, 2021) allows modelers or other users to apply the same evaluation logic to their own emission‐driven
simulations, thereby supporting consistent benchmarking across CMIP‐class models.

Finally, using evaluation results to inform model development is a crucial aspect of the protocol. Identifying key
biases allows for targeted refinements in model components that most significantly impact critical outcomes, such
as atmospheric CO2 concentrations and carbon fluxes. Continuously reassessing the model after modifications
ensures that changes lead to improved performance without introducing new biases. This iterative approach
enhances the model's fidelity in simulating emissions‐driven climate dynamics.

By following this structured evaluation protocol, one can systematically assess and enhance the performance of
emissions‐driven simulations. The protocol emphasizes the importance of starting from a well‐initialized state,
accurately capturing key atmospheric and terrestrial processes, and maintaining the integrity of the physical
climate.

In conclusion, this work establishes a foundational step for advancing E3SM's emissions‐driven capabilities,
emphasizing land‐atmosphere interactions. Building on these results, future E3SM model development will
incorporate ocean and sea ice biogeochemistry and extend land features, enhancing the model's representation of
global carbon cycles. The integration with the GCAM will enable dynamic feedback between human and Earth
systems, improving projections of land‐use and energy impacts on climate. These developments will enhance
E3SM's ability to simulate complex climate dynamics and provide a more robust basis for future analyses of
mitigation pathways and climate‐feedback.
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Appendix A: Coupled Simulation Spin‐Up Evaluations
A1. Equilibrium Evaluation of Biogeochemical Variables

See Figure A1.

A2. Time Series of Global‐Mean [CO2] During the Spin‐Up of Coupled Emissions‐Driven Simulations

Leveraging the emissions‐driven configuration, we also track the global‐mean atmospheric CO2 concentration: it
declines smoothly from the initial 285 ppm to ≈273 ppm and then stabilizes. This downward adjustment reflects
the interactive land sink, together with the prescribed ocean sink, drawing the atmosphere toward the pre‐
industrial ice‐core value. The subsequent plateau in [CO2], combined with near‐zero NEE and stabilized key
biogeochemical variables, demonstrates that the coupled system has reached carbon equilibrium.

Figure A1. Time series from the coupled BGCLNDATM_progCO2 spin‐up simulations showing gross primary productivity
(PgC/yr), net primary productivity (PgC/yr), total soil organic carbon in the top 1 m (TOTSOMC_1m; PgC), total vegetation
carbon (TOTVEGC; PgC), gross rate of nitrogen and phosphorus mineralization (GROSS_MINN and GROSS_PMIN in
TgN and TgP), respectively.

Figure A2. Time series of global mean [CO2] (ppm) from the coupled BGCLNDATM_progCO2 spin‐up simulation.
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Appendix B: Global Mean CO2 Time Series in Emission‐Driven Models
Figure B1 shows that BGCLNDATM_progCO2 starts 1850 at a lower CO2 concentration (∼270 ppm) than most
C4MIP models (typically 275–286 ppm). This difference reflects our spin‐up procedure (Figure A2). Running
with prescribed 1850 ocean CO2 flux and the interactive land sink to pull atmospheric CO2 toward the ice‐core
value. Because subsequent historical emissions match those of the other esm‐hist simulations, the lower starting
point produces a larger absolute rise to 2014 while the percentage increase remains typical of the ensemble. The
post‐1960 positive bias is dominated by an under‐simulated ocean sink and residual land‐process errors, not by
the initial condition. Future work will repeat the spin‐up with a fully prognostic ocean‐biogeochemistry module
and a 285‐ppm target to test sensitivity to the pre‐industrial reference state.

Appendix C: CMIP6 Modeled Ocean CO2 Fluxes
This appendix compares air–sea carbon‐flux estimates from six CMIP6 emission‐driven historical simulations.
These diagnostics illustrate both the long‐term evolution of the global ocean sink (Figure C1) and its 1985–2014
spatial pattern (Figure C2), providing context for the prescribed ocean CO2 fluxes used in the
BGCLNDATM_progCO2 experiment.

Figure B1. Global mean CO2 time series in BGCLNDATM_progCO2 and emissions‐driven historical simulations, alongside
the prescribed CO2 concentrations in CMIP6, for the period 1850–2014. CMIP6 emissions‐driven historical simulations and
historical GHG data are sourced from (Sanderson et al., 2023).
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Appendix D: ILAMB Observation Benchmarks
This appendix summarises the benchmarking diagnostics generated with ILAMB for key ecosystem and carbon‐
cycle variables. The figures compare the emissions‐driven E3SM simulations (BGCLNDATM_progCO2 and the
land‐only BGCLND_presCO2) with a subset of CMIP6 esm‐hist models and with state‐of‐the‐art observational
references. The collection provides context for model performance discussed in the main text and directs
interested readers to the full interactive ILAMB pages, where additional maps, seasonal cycles, and statistical
metrics can be explored.

Figure C2. Map of the annual air‐sea CO2 flux climatology from six CMIP6 historical simulations: (a) CanESM5, (b)
CESM2, (c) GFDL‐ESM, (d) IPSL‐CM6A‐LR, (e) MPI‐ESM1‐2‐LR, and (f) UKESM1‐0‐LL). The climatology is based on
the 1985–2014 mean. Positive values denote carbon uptake, whereas negative values denote outgassing. The numbers in the
top left corner of each panel represent the globally integrated annual air‐sea CO2 flux climatology.

Figure C1. Globally integrated annual mean air‐sea CO2 flux from six CMIP6 historical simulations (CanESM5, CESM2,
GFDL‐ESM, IPSL‐CM6A‐LR, MPI‐ESM1‐2‐LR, and UKESM1‐0‐LL) spanning 1850–2014. Positive values denote carbon
uptake, whereas negative values denote outgassing.
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Figure D1. Climatological monthly means (1991–2015) of (top) net ecosystem exchange (NEE), (middle) gross primary productivity (GPP), and (bottom) ecosystem
respiration (ER). Curves compare the emission‐driven E3SM simulations (BGCLNDATM_progCO2, red; land‐only BGCLND, dark red) with the observational
benchmark (FLUXNET2015) and with a subset of CMIP6 esm‐hist models. Positive NEE values indicate a net flux from land to atmosphere; negative values indicate
net land uptake. NEE = ER − GPP. Addition analyses for NEE are available at https://www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/
NetEcosystemExchange/FLUXNET2015/FLUXNET2015.html, GPP at https://www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/
GrossPrimaryProductivity/FLUXNET2015/FLUXNET2015.html, ER at https://www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/
EcosystemRespiration/FLUXNET2015/FLUXNET2015.html.
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Figure D2. Comparison of biomass observation benchmarks in ILAMB on a one‐to‐one basis. Each point in the scattered plots represents the estimate from two
observational benchmarks over the globe. All points deviate from the 1:1 line, indicating large uncertainty in biomass observational benchmarks. Notably, certain
products report total biomass, encompassing both above and below‐ground components, while others present biomass in terms of total mass rather than carbon content.
Products marked with an asterisk (*) have been adjusted using a scaling factor of 0.5 to convert total mass to carbon and further adjusted by 0.7 to convert above‐ground
biomass estimates to total biomass estimates. A high‐resolution version of this figure is available at https://web.lcrc.anl.gov/public/e3sm/diagnostic_output/ac.sfeng1/
paper/CBGCv2/cVeg_adjusted.png.

Figure D3. Global burned area evaluation from ILAMB. The observation benchmark is GFED v4.1s. Additional diagnostics for burned area are available at https://
www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/BurnedArea/GFED4.1S/GFED4.1S.html.
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Figure D4. Comparison of climatological monthly means (1997–2017) of burned areas among BGCLNDATM_progCO2,
BGCLND, a subset of CMIP6 esm‐hist models, and the observational benchmark. Addition analyses for burned area are
available at https://www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/BurnedArea/GFED4.1S/
GFED4.1S.html.

Figure D5. Functional responses of for burned areas and precipitation (left) and surface temperature (right) from ILAMB.
More diagnostics in addition to reference distribution and model distribution are available at https://web.lcrc.anl.gov/public/
e3sm/diagnostic_output/ac.sfeng1/paper/CBGCv2/e3sm‐ilamb/EcosystemandCarbonCycle/BurnedArea/GFED4.1S/
GFED4.1S.html#Relationships.
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Figure D6. Global leaf area index (LAI) evaluation from ILAMB. The observation benchmark is MODIS. Additional diagnostics for LAI are available at https://www.
ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/LeafAreaIndex/MODIS/MODIS.html.

Figure D7. Same as Figure D5 but of leaf area index and precipitation from ILAMB, the reference in black and the model in
navy blue. More diagnostics in addition to reference distribution and model distribution are available at https://web.lcrc.anl.
gov/public/e3sm/diagnostic_output/ac.sfeng1/paper/CBGCv2/e3sm‐ilamb/EcosystemandCarbonCycle/LeafAreaIndex/
AVHRR/AVHRR.html#Relationships.
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Figure D8. Same as Figure D6 but for ecosystem respiration (ER). The observation benchmark is FLUXNET2015 (1991–2015). Additional diagnostics for ER are
available at https://www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/EcosystemRespiration/FLUXNET2015/FLUXNET2015.html.
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Figure D9. Global net ecosystem carbon balance (represented by net biome production (NBP)) from ILAMB. The observation benchmark is GCP for the period of 1959–
2016. Additional diagnostics for NBP are available at https://www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/GlobalNetEcosystemCarb
onBalance/GCP/GCP.html.
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Figure D10. Same as Figure D6 but for gross primary productivity (GPP). The observation benchmark is FLUXNET2015 (1991–2015). Additional diagnostics for GPP
are available at https://www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/GrossPrimaryProductivity/FLUXNET2015/FLUXNET2015.
html.
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Figure D11. Same as Figure D5 but for gross primary productivity and ET from ILAMB. More diagnostics in addition to
reference distribution and model distribution are available at https://web.lcrc.anl.gov/public/e3sm/diagnostic_output/ac.
sfeng1/paper/CBGCv2/e3sm‐ilamb/EcosystemandCarbonCycle/GrossPrimaryProductivity/FLUXCOM/FLUXCOM.
html#Relationships.
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Figure D12. Global gross primary productivity (GPP) evaluation from ILAMB. The observation benchmark is FLUXCOM
for the period of 1980–2014. Additional diagnostics for GPP are available at https://www.ilamb.org/ELM/ilamb_e3sm_
cbgcv2/e3sm/EcosystemandCarbonCycle/GrossPrimaryProductivity/FLUXCOM/FLUXCOM.html.
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Figure D13. Global soil carbon evaluation from ILAMB. The observation benchmark is HWSD for the period of 2000–2001. Additional diagnostics for soil carbon are
available at https://www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/SoilCarbon/HWSD/HWSD.html.
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Data Availability Statement
All model codes may be accessed on the GitHub repository at https://github.com/E3SM‐Project/E3SM (E3SM
Project, DOE, 2023). A maintenance branch (maint‐2.1; https://github.com/E3SM‐Project/E3SM/tree/v2.1.0;
E3SM Project, DOE, 2023) has been specifically created to reproduce these simulations. All model‐source
modifications required to implement BGCLNDATM_progCO2 on top of the E3SMv1.1 (Burrows
et al., 2020) are available on GitHub at https://github.com/E3SM‐Project/E3SM/compare/master…sfeng/cpl/
BPRP‐lnd‐atm. Complete native model output for BGCLNDATM_progCO2 and BGCLND is accessible directly
on NERSC HPSS at https://docs.e3sm.org/e3sm_data_docs/_build/html/v2.1/BGC, LNDATM_presCO2 is at
https://docs.e3sm.org/e3sm_data_docs/_build/html/v2.1/WaterCycle/simulation_data/simulation_table.html.

Input4MIPs project: https://pcmdi.llnl.gov/mips/input4MIPs/.

ESGF: https://esgf‐node.ipsl.upmc.fr/projects/cmip6‐ipsl/.

Global Soil Wetness Project Phase 3 (GSWP3) reanalysis data: https://www.isimip.org/gettingstarted/input‐data‐
bias‐adjustment/details/4/ (Dirmeyer et al., 2006).

Figure D14. Nitrogen Fixation evaluation from ILAMB. The observation benchmark is Davies‐Barnard for the period of 1980–2020. Additional diagnostics for soil are
available at https://www.ilamb.org/ELM/ilamb_e3sm_cbgcv2/e3sm/EcosystemandCarbonCycle/NitrogenFixation/Davies‐Barnard/Davies‐Barnard.html.
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Zppy: https://github.com/E3SM‐Project/zppy.

E3SM Diags: https://github.com/E3SM‐Project/e3sm_diags (Zhang et al., 2022).

ILAMB: https://github.com/rubisco‐sfa/ILAMB (Collier et al., 2018).

GDESS: https://github.com/E3SM‐Project/gdess (Kaufman et al., 2022).

The full diagnostic results for atmosphere spin‐up simulations: https://web.lcrc.anl.gov/public/e3sm/diagnostic_
output/ac.sfeng1/paper/CBGCv2/global_time_series/global_time_series_0001‐0500_results/.

The full diagnostic results for land spin‐up simulations: https://web.lcrc.anl.gov/public/e3sm/diagnostic_output/
ac.sfeng1/paper/CBGCv2/lineplots_spinup/.

The full diagnostic results for the historical transition simulation from the E3SM_Diags: https://web.lcrc.anl.gov/
public/e3sm/diagnostic_output/ac.sfeng1/paper/CBGCv2/e3sm_diags/.

The full, interactive analysis of the BGCLNDATM_progCO2 results using the ILAMB diagnostic tool, and
comparison with selected CMIP6 models and BGCLND, is available online at https://doi.org/10.25584/2525948
(Feng et al., 2025).
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