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Abstract. Boreal peatlands store 13 %—32 % of the global
soil carbon (C) stock, a service dependent on plant-
mycorrhizal fungi associations. In these nutrient poor sys-
tems, ectomycorrhizal and ericoid mycorrhizal fungi sup-
ply up to > 80 % of the nutrient requirements of their plant
hosts, partly with mined nitrogen (N) and phosphorus (P)
from soil organic matter that are otherwise inaccessible to
plants. Despite the ecological significance, mycorrhizal asso-
ciations are only represented in a few land surface or ecosys-
tem models. We modify the peatland branch of version 2
of the Energy Exascale Earth System Land Model (ELMv2-
SPRUCE) to replace the default photosynthesis-driven inor-
ganic N and P (NP) uptake process with a more realistic rep-
resentation of the process via three pathways: (1) direct inor-
ganic NP uptake by uncolonized fine roots, (2) indirect inor-
ganic NP acquisition and (3) indirect NP acquisition from or-
ganic sources by mycorrhizal roots. We systematically evalu-
ated the performance of the default and modified models with
field observations from a whole ecosystem warming and car-
bon dioxide fertilization experimental site: Spruce and Peat-
land Responses Under Changing Environment (SPRUCE),

in northern Minnesota, USA. The modified model reduces
the underestimation of the growth response of shrubs in the
default model to warming from 40 %-80 % to 17 %-35 %
and reduces the overall relative absolute error on C fluxes
from 1.61 to 1.54 in calibration. Improvements on modeled
shrub growths and shrub-moss community net ecosystem ex-
changes are also seen in validation. The improved growth re-
sponse of shrubs to warming is accompanied by several-fold
increase in direct inorganic NP uptake and decrease in fungal
colonization rate. The modified model simulates a smaller
magnitude of transition of the ecosystem from C sink to C
source under warming due to alleviation of plant nutrient lim-
itation. Equifinality analysis shows the newly added parame-
ters in the modified model can be constrained by the observed
C fluxes. Sensitivity analysis shows the newly added param-
eters have stronger statistical interactions than the preexist-
ing parameters in the default model. Overall, the modified
model is an improvement over the default ELMv2-SPRUCE
and will be a useful tool for understanding boreal peatland
change.
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1 Background

Boreal peatlands store an estimated 234-546 Gt carbon (C),
equal to 13 %-32 % of the global soil C stock (Friedling-
stein et al., 2022; Loisel et al., 2017). The high C storage
arises from slow decomposition rates driven by the cold,
waterlogged, nutrient-limited, and acidic conditions of these
ecosystems (Dise, 2009; Frolking et al., 2011; Salmon et al.,
2021). Ongoing rapid warming in the northern high latitudes
is expected to shift ecosystem C balance, but the magnitude
of change remains highly uncertain due to poorly constrained
temperature sensitivities of vegetation productivity and soil
C decomposition (Ito et al., 2020). More accurate model-
ing of the mechanisms governing C cycling in boreal peat-
lands will improve our ability to project future changes in
this ecosystem and its feedback to the Earth system.

Among the various biotic and abiotic mechanisms under-
lying boreal peatland C cycling, plant-mycorrhizal associa-
tions represent a key component owing to their central role
in nutrient cycling (Shao et al., 2022, 2023b; Shi et al., 2015,
2021). Mycorrhizal fungi deliver nutrients to plants in ex-
change for carbon and have three broad classes: ectomyc-
orrhizae (EcM), ericoid mycorrhizae (ErM), and arbuscular
mycorrhizae (AM). Unlike AM, which are more common in
low latitudes and only acquire inorganic nutrients, EcM and
ErM can acquire nutrients from soil organic matter (SOM),
making them suited to cold, nitrogen (N)-limited ecosys-
tems with slow decomposition rates (Egerton-Warburton et
al., 2013; Ward et al., 2022). One estimate suggests that
EcM are associated with > 75 % of the aboveground plant
biomass in the non-permafrost boreal region and ~ 50 % in
the permafrost region; ErM, which selectively colonize er-
icaceous shrubs, are associated with ~20 % aboveground
plant biomass in the permafrost region (Soudzilovskaia et
al., 2019). Plants associated with EcM transfer on average
~ 13 % (0 %—-50 % in range) of their net primary productivity
(NPP) to fungal symbionts while plants associated with ErM
transfer on average ~ 3.5 % (0 %—14 % in range; Hawkins et
al., 2023). The fraction of plant N supplied by EcM or ErtM
in return varies from < 30% to > 80 %, depending on site
and plant species, though less is known about the fraction of
EcM- or ErtM-supplied phosphorus (P; Hilman et al., 2024;
Hobbie and Hobbie, 2006; Yin et al., 2022). Beyond nutrient
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supply, mycorrhizal fungi regulate SOM turnover by compet-
ing with free-living saprotrophs, transporting C away from
the rhizosphere, and promoting soil aggregate formation and
stabilization (Fernandez and Kennedy, 2016; Hawkins et al.,
2023; Smith and Wan, 2019).

To date, only a limited number of land surface models —
here defined as the land component of Earth system mod-
els — simulate mycorrhizal associations (Warren et al., 2015).
They generally focus on AM and EcM associations and use
the return-on-investment principle, where “return” refers to
gains in growth or nutrient uptake, and “investment” refers
to the C costs of acquiring nutrient through different path-
ways (Brzostek et al., 2014). For example, the Community
Land Model (CLM) and Energy Exascale Earth System Land
Model (ELM) have been linked with the Fixation and Uptake
of Nitrogen (FUN) model (Braghiere et al., 2022; Brzostek et
al., 2014; Shi et al., 2016). Plants minimize their C expendi-
ture on N and P (NP) uptake by optimally allocating C to sat-
isfy their NP demands among biological fixation, retranslo-
cation, nonmycorrhizal passive and active uptake, EcM up-
take, and AM uptake, each of which has a unique C cost
function (Braghiere et al., 2022; Brzostek et al., 2014; Shi et
al., 2016). Simulations of ELM-FUN suggest that the EcM
and AM pathways together supply ~ 75 % of plant N and
~ 41 % of plant P globally, and account for ~ 50 % of the NP
uptake-related C costs, but neither ELM-FUN or CLM-FUN
consider organic nutrient mining (Braghiere et al., 2022; Shi
et al., 2016). The Symbiotic Nitrogen Acquisition by Plants
(SNAP) model, which is linked to the Geophysical Fluid
Dynamics Laboratory land model LM3 (GFDL-LM3), im-
proves FUN by dynamically simulating fungal biomass, fun-
gal organic nutrient mining, and the resulting C cost to the
plants (Sulman et al., 2019). Simulations of GFDL-LM3-
SNAP show that EcM-mining of organic N explains the
stronger positive response to carbon dioxide (CO;) fertil-
ization in EcM-dominated ecosystems than AM-dominated
ecosystems (Sulman et al., 2019). Also, allowing plants to
shift in N uptake pathways results in four times the terrestrial
C sequestration relative to fixed N uptake pathways under a
100 ppm increase in atmospheric CO, concentration (Sulman
etal., 2019).

Terrestrial ecosystem models not coupled to Earth system
models have represented mycorrhizal associations in more
detail than the return-on-investment models described above.
For example, the McGill Wetland Model (MWM) focuses
on interactions among moss, ericaceous shrub, and ErM in
peatland ecosystems and shows that the shrub-ErM associa-
tion explain the increased shrub growth and decreased moss
growth in a NP fertilization experiment (Shao et al., 2022,
2023b). The MWM explicitly models microbial and ErM
biomass dynamics and ErM mining of organic nutrients. The
MWM models the shrub-ErM interactions as “excess fluxes”
in which (1) shrub transfers C to ErM when shrub C reserve
exceeds a set fraction of its total stem and root C, (2) ErtM
fungi transfers NP to the shrub when the NP contents of the
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ErM exceed predefined fractions of the C content of the ErM
(Shao et al., 2023b). Compared to return-on-investment, the
excess flux mechanism may better describe EcM and ErM
exchanges with the host plant, because the reciprocity of
EcM and ErM are more strongly affected by environmental,
developmental, and physiological factors than AM (Bunn et
al., 2024; Garcia et al., 2015). The drawback is a large num-
ber of parameters. The CoupModel has been used to com-
pare three representations of nutrient limitation: fixed limi-
tation, implicit EcM, and explicit EcM across a climate and
N-deposition gradient of EcM-dominated boreal forests (He
et al., 2018). In the fixed limitation approach, plant growth is
scaled down by a constant nutrient limitation factor through-
out the year. The implicit approach omits the EcM inter-
mediary, simulating plant acquisition of NP from organic
sources as a function of soil organic nutrient content, plant
demand, and optionally root distributions (He et al., 2018,
2021; Svensson et al., 2008). The explicit approach simu-
lates EcM biomass dynamics and organic nutrient mining,
with plant transfer of C to EcM determined by belowground
allocation, and EcM transfer of NP to plant co-determined by
plant demand and excess flux (He et al., 2018, 2021). The im-
plicit and explicit approaches outperform the fixed N limita-
tion approach, and both indicate declining plant dependence
on organic N from the more N-limited northern Sweden to
the less N-limited southern Sweden; yet the explicit parame-
terization is more difficult to constrain, and the implicit and
explicit approaches differ in the simulated litter production,
soil respiration, and the magnitude of the north-south trend
(He et al., 2018).

The above reviewed modeling studies demonstrate that
mycorrhizal associations are needed for more accurate sim-
ulation of nutrient limitation on productivity and the result-
ing feedback to Earth system and land surface models can
benefit from testing alternative model structures than return-
on-investment schemes and understanding the parameteriza-
tion difficulty. We address this research gap by adding im-
plicit representation of EcM and ErM associations into the
NP uptake processes of a peatland branch of ELM, ELMv2-
SPRUCE (Griffiths et al., 2017; Shi et al., 2015, 2021). AM
is not added because it is not a key component of northern
peatland ecosystems (Egerton-Warburton et al., 2013). We
compare the original model, hereafter “ELM-OLD”, and the
modified model, hereafter “ELM-MYCI” (for mycorrhizal-
implicit), against observed C fluxes, pore water NP concen-
trations, resin-exchange-measured plant available NP, and
peat C-N-P stocks from the Spruce and Peatland Responses
Under Changing Environment experiment (SPRUCE; Grif-
fiths et al., 2017; Griffiths and Sebestyen, 2016; Hanson
et al., 2020a; Iversen et al., 2022; Salmon et al., 2021).
SPRUCE is a whole ecosystem warming and CO, fertiliza-
tion experiment located in a boreal peatland ecosystem (Han-
son et al., 2017). The site has EcM-associated trees (black
spruce [Picea mariana] and tamarack [Larix laricina]) and
various species of ErM-associated ericaceous shrubs, offer-

https://doi.org/10.5194/gmd-19-5827-2026

5829

ing an array of interactions between plants, fungi, and soils
under experimental treatments that have not been tested by
the above-reviewed modeling studies. Warming at SPRUCE
increased shrub productivity, decreased Sphagnum moss pro-
ductivity, and increased resin-exchange nutrient availability
(Hanson et al., 2020a, 2025; Iversen et al., 2022). A per-
sistent issue in ELM-OLD has been the inability to repro-
duce the larger increase in shrub productivity relative to tree
productivity under warming (Shi et al., 2021). Using ELM-
MYCI, we test the hypothesis that the shrub responses can be
explained by decreasing dependence on ErM in response to
higher nutrients availability under warming, akin to the find-
ings or suggestions of multiple previous studies (Defrenne et
al., 2021; Duchesneau et al., 2024a; He et al., 2018; Shao et
al., 2023b).

2 Data and Methods
2.1 Site Description

The SPRUCE experimental site is within the S1 Bog of
the United States Department of Agriculture Forest Service
Marcell Experimental Forest, located in northern Minnesota,
USA (47°30.476' N, 93°27.162’ W, 418 m above mean sea
level; Hanson et al., 2017, 2020a; Kolka et al., 2011; Salmon
etal., 2021). The bog is an acidic, raised-dome ombrotrophic
bog with nutrient inputs only from atmospheric deposition
and nitrogen (N) fixation. The open forest canopy at the site
is Picea mariana (Mill.) B.S.P. (black spruce) with occa-
sional Larix laricina (Du Roi) K. Koch (eastern tamarack).
The trees were harvested in strip cuts in 1969 and 1974
and the current canopy is mostly regenerated from the 1974
strip cut (Hanson et al., 2016a). The understory is dominated
by ericaceous shrubs (Rhododendron groenlandicum [Oeder]
Kron & Judd [Labrador tea], Chamaedaphne calyculata [L.]
Moench. [leatherleaf], Vaccinium angustifolium Aiton [low-
bush blueberry], Vaccinium oxycoccos L [bog cranberry],
and Kalmia polifolia [bog laurel]) with a small biomass pool
of forbs and sedges (Hanson et al., 2025). The bryophyte
layer is dominated by Sphagnum spp. This vegetation com-
munity is represented by the following plant functional types
(PFTs) in both ELM-OLD and ELM-MYCI: boreal ever-
green needleleaf for black spruce, boreal deciduous needle-
leaf for tamarack, boreal deciduous shrub for the ericaceous
shrubs, and Sphagnum moss. The forbs and sedges are not
modeled but comprise less than 10 % understory cover ac-
cording to pretreatment surveys (Iversen et al., 2017b).

The detailed whole ecosystem warming and CO; fertiliza-
tion experimental setup is reported elsewhere (Hanson et al.,
2017). Briefly, the experiment has two unenclosed, ambient
plots (ambient temperature, ambient CO;) and five pairs of
enclosures that target five whole ecosystem warming levels
(+0, +2.25, +4.5, 46.75, and +9 °C) above ambient temper-
atures crossed with ambient and elevated (4500 ppm) CO;.

Geosci. Model Dev., 19, 5827-5855, 2026
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The belowground heating extends 3 m into the peat profile
and began in June 2014. The aboveground warming began in
August 2015. The CO, fumigation began on 15 June 2016.

2.2 The default ELMv2-SPRUCE model (ELM-OLD)

ELM is the land component of the Energy Exascale Earth
System Model (E3SM), which consists of atmosphere, land,
ocean, sea ice, and land ice components (Burrows et al.,
2020; Yang et al., 2019, 2023). ELM-OLD is currently
branched off ELM version 2 with improved peatland pro-
cesses, including hummock-hollow hydrological interactions
(Shi et al., 2015) and the Sphagnum moss PFT (Shi et al.,
2021). ELM-OLD has been used primarily for site-level sim-
ulations, in which we represent the bog as two interacting
grid cells that represent a hummock soil column and a hollow
soil column (Shi et al., 2015). Each soil column has multiple
PFTs that compete for water and nutrients (Shi et al., 2021).
Soil decomposition uses a first-order decay model with one
coarse woody debris pool, three plant litter pools (labile, cel-
lulose, lignin), and four SOM pools (Burrows et al., 2020;
Oleson et al., 2013; Supplement, Sect. S1.1.3). Belowground
nutrient competition among the PFTs and the soil decom-
position process is simulated with the Relative Demand ap-
proach (Sect. S1.1.2; Fig. 1a). Plant photosynthesis creates
potential NP uptake through the fixed C:N and C:P in the
plant structural tissues (leaf, fine root, coarse root, stem).
Soil decomposition creates potential NP immobilization due
to the need for extra NP when C decomposes from an up-
stream pool that has higher C: N and C: P into a downstream
pool that has lower C: N to C:P. The potential uptakes and
immobilization are compared to the total available inorganic
NP in soil, and scaled down by the same factor so that the
total available inorganic NP is not exceeded (Burrows et al.,
2020; Thornton and Rosenbloom, 2005). Due to this NP lim-
itation, some photosynthesized C cannot become growth in
the structural tissues; the extra C enters the nonstructural car-
bohydrates (NSC) pool as C reserve (Burrows et al., 2020).

2.3 The modified ELMv2-SPRUCE model
(ELM-MYCI)

ELM-MYCI is designed to improve the process-realism of
nutrient uptake for the three vascular PFTs (spruce, tama-
rack, shrubs) by considering the following three pathways:
(1) direct inorganic nutrient uptake by uncolonized fine
roots, PATH™, (2) indirect inorganic nutrient acquisition
by mycorrhizal roots, PATHMYS:inorg 454 (3) indirect nutri-
ent acquisition from organic sources by mycorrhizal roots,
PATH™Y®°"¢ (Fig. 1b). The entire set of equations and de-
tailed descriptions are provided in Sect. S1.1.4-S1.1.10. The
major equations and assumptions are described here. Unless
otherwise noted, the equations are only shown for N, and the
equations for P can be obtained simply by replacing all N
with P.
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Like in ELM-OLD, ELM-MYCI still calculates the NP de-
mand implied by photosynthesis, but decouples this demand
from the potential NP take, which are determined through the
three pathways. ELM-MYCI uses fungi-colonization frac-
tion to idealize the fine root into a uncolonized part, which
can only use PATH™®!, and a colonized part, which can only
use PATH™®"°'¢ and PATH™®"2, The colonization frac-
tion of EcM for the two tree PFTs and ErM for the shrub
PFT is a clipped linear function of annual average soil inor-
ganic N (Eq. 1). The sensitivity to P is currently set to zero in
Eq. (1), because observational constraints on this sensitivity
are weak in past experimental studies (Bashian-Victoroff et
al., 2025) and at the SPRUCE site (Sect. S1.1.5).

The potential inorganic NP uptake via PATH™®' is depen-
dent on uncolonized fine root surface area, soil inorganic NP
concentrations, soil temperature, soil moisture, and the cur-
rent NP-limitation level of the plant (Eq. 2). The fine root
surface area, Afroot,i, j» 1 calculated from modelled fine root
biomass, and observed fine root radius and density at the
SPRUCE site (Eq. S32 in the Supplement). The dependence
on soil inorganic NP concentrations, F; (Nconc, i), follows the
conventional Michaelis-Menten form (Eq. S22; Knox et al.,
2024). The dependence on soil temperature, F (Tsoi,i), fol-
lows the conventional Q1o form (Eq. S13). The dependence
on soil moisture, F (@soi,i), follows a previous unimodal
function to let both dry and excessively wet soil inhibit nutri-
ent uptake (Eq. S14; Frolking et al., 2002). The NP-limitation
feedback term, F (FNlimit, j), is exactly one when the PFT is
not NP-limited and decreases asymptotically to zero as soil
inorganic NP become more abundant (Eq. S15; Fig. S3 in the
Supplement). This term prevents numerical instability in the
model and is somewhat supported by experimental observa-
tions (Glass et al., 2002).

The potential inorganic NP acquisition via PATH™Y<-inorg
is dependent on colonized fine root biomass, the same soil in-
organic NP concentrations, soil temperature, and soil mois-
ture multipliers as PATH™®, and NSC availability (Eq. 3).
The NSC availability term reflects fungal dependence on C
transfer from the host plant (Eq. S16; Bunn et al., 2024; He
etal., 2018; Shao et al., 2023b). The potential NP acquisition
from organic sources via PATH™Y*°'¢ is dependent on colo-
nized fine root biomass, the same soil temperature and mois-
ture multipliers as PATH™! and PATHMY®:in0tg and the same
NSC availability term as PATH™® 100 (Eq. 4). PATH™Y®2
does not include a Michaelis-Menten term for organic NP
concentrations, because the peatland environment is rich
in organic substrates. Also, the soil decomposition pools
in ELM are rate-based rather than corresponding to actual
chemical compounds and do not distinguish between solid
and dissolved phases (Oleson et al., 2013), making it dif-
ficult to separate fungi-accessible from fungi-inaccessible
fractions (Nésholm et al., 2009; Talbot and Treseder, 2010).
The total potential mycorrhizal inorganic and organic NP ac-
quisitions is capped by 50 % of net photosynthesis per time
step, scaled by a constant C-cost factor (Eq. S25). The 50 %
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Figure 1. Simplified illustration of the belowground nutrient competition between the vascular plant functional types and the soil decom-
position processes in ELM-OLD (a) and ELM-MYCI (b). Boxed arrows indicate potential plant uptakes. Dashed arrows indicate directions
of nutrients flow, with blue for mineral nutrients and purple for nutrients locked in organic forms. Solid arrows between the decomposition
pools indicate direction of carbon flow, with unattached arrow heads meaning respirational losses. CWD — coarse woody debris.

threshold was selected based on the maximum percentage of
C allocated to mycorrhizal fungi in a previous meta-analysis
(Hawkins et al., 2023). The cap, like the NSC availability
term, reflects fungal dependence on C input from the host
plants.

The potential rates of the three pathways are compared
to soil inorganic and organic NP availability to determine
actual rates. The potential inorganic NP uptake or acquisi-
tion from PATH™ ! PATHMYS:IN0E  and goil decomposition
processes are scaled down by soil inorganic NP availability
analogously to the default Relative Demand approach (Eq.
S3, S4, S9, S11). The potential organic NP acquisition from
PATH™Y%°'€ per hourly time step is capped by 0.0001 of the
total organic NP in the labile, cellulose, and lignin plant lit-
ter pools (Fig. 1; Eq. S19-S20). The 0.0001 multiplier is
adopted from the upper bound in CoupModel (He et al.,
2018), and is intentionally chosen to be a large number that
prevents unrealistically large uptake rate rather than serving
as a true upper bound on the fungi-accessible fraction of or-
ganic NP. The restriction to only access plant litter pools is
again due to structural constraint in ELM’s soil decomposi-
tion pools. The plant litter pools allow variable C:Nand C: P
ratios, but the SOM pools do not, so that mycorrhizal acquisi-
tion of N and P from the SOM pools will require considering
how much C is lost as fungal respiration, which is beyond
the scope of this project (Sect. S1.1.7). Finally, the actual
rates are compared to the implied demand by photosynthe-
sis to determine plant structural growth. The actual rate of
PATH™Y%°'€ is used to subtract NP from the three plant litter
pools, distributing the acquisition proportional to the size of
each pool.
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My, j = max (0, min (1, aj+b; Nsoil,a,mavg)) (D)
Nfroot,i,j = UN.froot, j (1 - Mmyc,j) Afroot,i,ij (Nconc,i)
-F (Tsoi,i) F (®soi,i) F (FNlimit,j) 2

Nmye,pot,inorg,i, j = UN,myc, j Mmyc, j Ctroot, j Ftroot,i, j
- Fj (Neonc.i) F (Toii) F (Osoisi)
- F (Fxiimit, j) F (Chus.j) (3)
Nmye,pot,org,i,j = UN,myc, j Mmyc, j Ctroot, j Ftroot, i, j
- F (Tsoii) F (Osoii) F (FNtimit, ;)
+F (Cns.j) )

i —soil layer index
Jj — PFT index

My, j — fraction of fine roots colonized by EcM (for the
spruce and tamarack PFTs) or ErM (for the shrub PFT)

Nsoil,annavg — annual average soil inorganic N (NHI +
NO3') content in the rooting zone, gN m3

aj— intercept parameter
b — slope parameter

Ntroot,i,j — the potential inorganic N uptake rate via
PATH™°!, g N m~2 ground area s~ !

Nmyc,pot,inorg.i,j — the potential inorganic N acquisition rate
via PATH™® "2 o N m~2 ground area s

Nmye,pot,org,i,j — the potential N acquisition rate from or-
ganic sources via PATH™®°2 o N m~2 ground area s~

Geosci. Model Dev., 19, 5827-5855, 2026
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UN,froot,j — the maximum inorganic N acquisi-
tion rate per unit uncolonized fine-root surface area,
gNm~2 ground area s ™!

UN,myc,; — the maximum inorganic N acquisition rate per
unit colonized fine-root biomass, gNgC~!s~!

UN,myc, j — the maximum organic N acquisition rate per unit
colonized fine-root biomass, gN g C ™! s~!

Afroot,i, j — total fine root surface area in one soil layer, cm?

m~2 ground area

Ctioot,j — total fine root biomass in one soil layer,
g Cm~2 ground area

Fj (Neconc,i) — Michaelis-Menten multiplier of soil inor-
ganic N concentration (Nconc,i, € Nm3 soil volume)

F (Tsoi,i) — Q10 multiplier of soil temperature (Tyoi,;, °C)

F (FNnmit, j) — a feedback factor to prevent infinite N up-
take when inorganic N is abundant (Fnjimj, j is the PFT’s N-
limitation level in the previous time step)

F (Cns,j) — degree of NSC saturation in the plant (Cys,; is
the NSC biomass in the plant, g C m~2 ground area)

2.4 Simulation protocol

Following previously established protocols (Griffiths et al.,
2017; Hanson et al., 2020a; Shi et al., 2021), we first con-
ducted a single-grid simulation that consists of an acceler-
ated spin-up of 207 years, a normal spin-up of 407 years,
and an 1850-2014 transient simulation, and then branched
the simulations into eleven treatments corresponding to one
control simulation for unenclosed plot + five pairs of enclo-
sures (Sect. 2.1) during 2015-2023. The control simulation
only uses one of the two unenclosed plots, which is labeled
plot 7 in the experiment (Hanson et al., 2020a), because it has
a longer water table record, which is needed to force ELMv2-
SPRUCE. The accelerated and normal spin-ups were driven
by cyclic ambient meteorological forcing during 2015-2023,
preindustrial CO; concentration, preindustrial N deposition,
and constant land cover. The transient simulation cyclically
used the ambient meteorological forcing during 2015-2023,
historically varying CO; concentration and N deposition, and
included the 1974 strip cut event where 99 % aboveground
tree biomass was removed. The treatment simulations were
forced by meteorological observations and water table depths
in each plot during 2015-2023 (Hanson et al., 2016b, 2020b).
The simulated water table depths in the two columns equili-
brate with each other and observed water table depths (Shi
et al., 2015). The atmospheric CO, concentrations in the el-
evated CO; plots were set to 500 ppm above ambient level
starting from 15 March 2016. Within the grid, the hummock
soil column was set to 64 % of the area and hollow 36 %
(Graham et al., 2020). A limitation of this version of ELM is
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that we do not represent multiple canopy layers. Therefore,
we must specify fractional coverages for each PFT that add
to 100 % total. We started with the default assumption that
each of the four PFT covers 25 % and then adjusted for the
observed distribution of the two tree types. Within each soil
column, the PFT fractions were: needleleaf evergreen boreal
tree 36 % (for spruce), needleleaf deciduous boreal tree 14 %
(for larch), broadleaf boreal deciduous shrub 25 % (for erica-
ceous shrubs), and Sphagnum moss 25 % in the pre-treatment
simulations and fractionally adjusted using the annually ob-
served fractional coverages in the treatment simulations (Ta-
ble S8 in the Supplement). All the simulations used an hourly
time step.

2.5 Model calibration data

For the parameter optimization experiments described
in Sect. 2.7.1, we focused on the following annual C
fluxes: (1) the aboveground NPP of the spruce trees
(AGNPPgpruce), (2) the aboveground NPP of the tama-
rack trees (AGNPPimarack), (3) the aboveground NPP of
the shrubs (AGNPPgurup), (4) the NPP of Sphagnum moss
(NPPpyss), (5) the belowground NPP of total tree and shrub
fine roots (BGNPPyeeshrub), (6) heterotrophic respiration
(HR; Hanson et al., 2018a, b, 2020a; Norby et al., 2019).
We additionally summed up (1-5) to obtain (7) an aggre-
gated “NPP” term — note this is not true NPP because it does
not contain coarse root production. There are some temporal
mismatches across the datasets: BGNPPyeeshrub Observations
only span 20162017 (Malhotra et al., 2020b); the other ob-
servations span 2016-2021, but year 2020 was excluded due
to the high uncertainty associated with the limited measure-
ments taken during the COVID era (Hanson et al., 2020a;
Norby and Childs, 2018). To facilitate concise comparison,
we summarized each of those variables into two mean val-
ues and two temperature sensitivities, similar to a previous
approach at the site (Hanson et al., 2020a). The mean values
were calculated, respectively, over all the years in the am-
bient CO, plots and over all the years in the elevated CO;
plots. The temperature sensitivities were calculated as the
slope of least squares linear regression between each C-flux
variable and observed mean annual 2 m air temperatures, re-
spectively, over all the years in the ambient CO» plots, and
over all the years in the elevated CO, plots. Those means and
slopes were used in parameter optimization objective func-
tion (Eq. 5).

2.6 Model evaluation data

The datasets described in the following subsections were
withheld from model calibration and used solely for evalu-
ation.
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2.6.1 Post-calibration annual C fluxes

We reserved the following annual C fluxes for
post-calibration model evaluation: AGNPPgpce and
AGNPPmarack, available for year 2022 in the ten treatment
enclosures; AGNPPghp, available for year 2023 in all eleven
plots; the growing season average NEE of the shrub-moss
community (NEEghrybmoss, 2C m~—2 gs_l, “gs”), available for
year 2023 in the ten treatment enclosures. The data sources
of AGNPPgpryce, AGNPPymarack, and AGNPPgyp, are the
same as in Sect. 2.5. The growing season mean NEEghubmoss
was calculated from the average of gapfilled 15 min au-
tomated chamber measurements made on the shrub-moss
community (Stelling et al., 2024). Growing season is defined
as 1 May to 31 October, to match the observational period
(27 April to 27 October 2023). The gapfilling method is
adapted from previous work at the SPRUCE site (Walker
et al., 2017) and is described in detail in Sect. S1.3. Note
the automated chamber measurements and the gap-filling
method used here are preliminary and were applied solely
for the purposes of this study, pending availability of the full
analysis of the automated chamber data (J. Stelling, personal
communication, 2006). To obtain the modelled equivalence
of NEEghrubmosss We considered what component fluxes
were included in the observed NEEghubmoss- The chambers
only enclosed shrubs and moss aboveground. Therefore, the
chamber fluxes included aboveground shrub and moss GPP
and respiration. The belowground collars of the chambers
did not exclude tree roots. Therefore, the chamber fluxes in-
cluded belowground soil HR, tree root respiration, shrub root
respiration, and belowground moss respiration. Furthermore,
because the chambers have small footprints, the sampled
shrub and moss growths were often not representative of
the average plot conditions. Therefore, we down-scaled the
modelled plot-level shrub and moss GPP and respiration
to the chamber-level using each PFT’s ratio of measured
aboveground biomass in the chamber (gCm~2) to the
measured aboveground biomass in the corresponding plot
(gC m~2, Table S8). We assumed the soil HR and tree root
respiration components of the chamber fluxes correspond
to plot-level averages due to lack of prior information.
In summary, the modelled equivalence of NEEghubmoss 18
calculated as (Plot-average HR + Plot-average tree root
respiration + Scaled shrub autotrophic respiration 4 Scaled
moss autotrophic respiration — Scaled shrub GPP — Scaled
moss GPP).

2.6.2 Annual maximum leaf area index

To evaluate the simulated C biomass, we compared the mod-
els against the annual maximum leaf area index (LAI) of the
two trees and shrub, measured using LICOR LAI 2200 de-
vice during 2015-2020 (McPartland et al., 2019). The annual
C fluxes and LAI observations all have direct correspondence
with modeled variables. AGNPPypuce and AGNPPmarack
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have strong pre-treatment variation that impacts the interpre-
tation of results (Hanson et al., 2025). Therefore, we fitted
ordinary least squares linear regression models to remove the
pre-treatment effect; because LAl is closely related to above-
ground NPP, we used the same method to remove the pre-
treatment variation in the LAI of the two tree species (Sect.
S1.2). We did not compare the models against observed net
C exchange or methane flux data because the net C exchange
has small components of lateral outflow of organic C and dis-
solved inorganic C (Hanson et al., 2020a), which are not yet
considered in ELMv2-SPRUCE, and the model cannot yet
fully capture methane dynamics.

2.6.3 Porewater nutrient concentrations

For nutrient cycling, we evaluated the models against sev-
eral forms of observations. The first of those was porewa-
ter ammonia (NHZ), nitrate (NOy3), and inorganic P (POi_)
concentrations, which characterize the pool of dissolved nu-
trients in soil. The porewater concentrations were measured
roughly twice per month during the non-frozen months of
2015-2020 near the bottom of the rooting profile (30 cm)
in the hollow (Griffiths et al., 2016). The pore water nu-
trient concentrations were measured on a per water vol-
ume basis (mgNL~!, mgPL~!), but ELM can only sim-
ulate nutrient concentrations on a per soil volume basis
(gN'm~3 soil, gP m~3 soil). Therefore, we divided the sim-
ulated NHZ, NOj’, and soluble P (as defined in Yang et al.,
2019) concentrations by the simulated volumetric soil wa-
ter content to bring them to the same unit as the observa-
tions. Because the sampling interval was irregular and rel-
atively infrequent, and nutrient concentrations in water can
exhibit sharp, episodic fluctuations (Basu et al., 2010), we
chose not to interpolate the observations to annual level like
the annual C fluxes (Hanson et al., 2018a, b, 2020a; Norby
et al., 2019). Instead, we down sampled the model outputs
to only include the dates on which pore water concentra-
tions were measured, ensuring that both observed and mod-
eled data reflect the same seasonality. For each enclosure,
we then summarized the observed and down-sampled mod-
eled porewater nutrient concentrations into two statistics: the
mean value and the temporal linear trend, to facilitate con-
cise comparison. Here, the temporal linear trend is defined
as the slope of a least-squares regression between the mod-
eled/observed values and the elapsed days since 1 January
2015. We chose enclosure-specific temporal trends, instead
of cross-enclosure temperature sensitivity (as done in Sect.
2.5), because the former metric captures well the behavior of
the data when plotted as a time series, whereas scatterplots
between the observed porewater nutrient concentrations and
the air temperature on the corresponding dates do not show
clear correlation.
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2.6.4 Resin-exchange plant available nutrients

The second form of nutrient cycling observations we used
is resin-exchange NHAF and POi_ (Iversen et al., 2017a).
Those values approximately represent plant-available nutri-
ents but previous study suggests that in shallow soil layers
(10 cm), competition with roots invalidates this interpreta-
tion (Iversen et al., 2017a, 2022). Therefore, we focus on the
resin-exchange nutrients measured at 30 cm in both the hum-
mock and hollow, and at 60 cm in the hollow during 2015-
2018, at which depths few roots exist in the anaerobic peat-
land environment (Iversen et al., 2017a). The raw measure-
ments were cumulative absorbed weights of NHZ or POi_
per resin capsule surface area during roughly monthly inter-
vals; the values used in this study are the aggregated annual
averages by the data collector (Iversen et al., 2017a). Follow-
ing previous study, we compared the temperature sensitivities
of the observed resin-exchange nutrients to the temperature
sensitivities of the most comparable modeled variable, an-
nual average net nutrient mineralization rates (NET_NMIN
[eNm~3s~!], NET_PMIN [gPm~3s~!]) for a qualitative
comparison (Iversen et al., 2022). To remove unit difference
between the observed and modeled quantities, we divided the
observed values and the modeled values, respectively, by the
mean value of each during the observational period, sepa-
rately for each nutrient species and soil depth. The result-
ing regression slopes against temperature represent relative
(mean-scaled) changes per unit change in soil temperature.
This normalization approach is commonly used in elasticity
analysis for comparing effects across variables with different
units (Sydsaeter and Hammond, 1995).

2.6.5 Pretreatment peat C, N, P stocks

The final observation of nutrient cycling we used for evalua-
tion are pre-treatment vertical profiles of C, N, and P stocks
in the peat (Griffiths et al., 2017; Salmon et al., 2021). The
compared model variables are the summed C, N, and P con-
tents of all four SOM pools (1, 2, 3, 4) in all the soil layers
in the decomposition processes (Sect. S1.1.3; Oleson et al.,
2013) in the control plot.

2.7 Sensitivity experiments
2.7.1 Parameter optimization

In both ELM-OLD and ELM-MYCI, the soil decomposi-
tion process uses column-level parameters that are shared be-
tween hummock and hollow. Vegetation processes like pho-
tosynthesis, respiration, and nutrients uptake/acquisition use
PFT-specific parameters that are also shared between hum-
mock and hollow. We used observed parameter values as
much as possible in ELM-OLD (Table S2) and ELM-MYCI
(Table S4). For those unobserved, we used either optimized
values obtained from 4000-member ensemble simulations
that are described below (Tables S3 and 1) or manually set
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default values (Tables S2 and S4) if a parameter has relatively
minor influence on the quantities of interest in this study. All
the parameter optimization simulations excluded moss pa-
rameters for the purpose of consistency — because moss is
not modified in this study, the newly added parameters do
not cover moss.

We selected eleven preexisting parameters in ELM-OLD
to optimize based on previous sensitivity findings (Meng et
al., 2021; Ricciuto et al., 2018). Those parameters affect pho-
tosynthesis, plant respiration, plant allocation, and soil de-
composition processes (Table S3). For each parameter, we
generated an equal number of uniform random samples be-
tween predetermined upper and lower bounds from previous
studies (Griffiths et al., 2017; Meng et al., 2021; Ricciuto et
al., 2018; Table S3). We then formed all possible combina-
tions of these samples across the parameters to create a to-
tal of 4000 samples. We then ran the model with these 4000
parameter sets. Finally, we ranked these parameter sets by
relative absolute error (RAE) and selected the sample with
the lowest RAE as the optimized parameter values. The RAE
formula is shown in Eq. (5) and considers the relative errors
in mean and in temperature sensitivity of annual C fluxes:

1
RAE = K] Z

veV
( > 5

¢ € {ambient, elevated}
where the subscripts sim means simulated, obs means ob-
served, v is variable, c is the CO; treatment (ambient or ele-
vated), V is the set of variables compared, | V| is the number
of variables, A is the mean magnitude of the variable across
all the treatments and years, S is the linear regression slope
of the variable against annual mean air temperature across all
the treatments and years, U is the observational uncertainty
in mean, Q is the observational uncertainty in slope. During
calibration, the performance metric calculated on the annual
C fluxes that are items 1-6 in Sect. 2.5, because those are di-
rectly comparable to model outputs. Other observations are
either reserved for validation (Sect. 2.6.1-2.6.2), not directly
comparable to model outputs (Sect. 2.6.3-2.6.4), or pretreat-
ment (Sect. 2.6.5). We did not include the aggregate NPP
(item 7) or annual maximum LAI because of strong overlap
with items 1-6. The U,y c values were estimated from pre-
treatment standard deviation across the enclosure locations
(Hanson et al., 2020a, 2025) by assuming that the relative
uncertainty stays the same, i.e. the ratio of pre-treatment stan-
dard deviation to pre-treatment mean is the same as the ratio
of Ugbs,v.c t0 Aobs,v,c. The Qobs,v,c values are the 1o uncer-
tainty in the linear regression slopes (DeGroot and Schervish,
2018). We chose normalization by uncertainty to ensure the
BGNPPyeeshrup variable, which are based on ingrowth core
samples that had limited spatial representativeness and only

Ssim,v,c - Sobs,v,c

Qobs,v,c

Asim,v,c - Aobs,v,c

Uobs,v,c
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Table 1. Newly added parameters in ELM-MYCI that are optimized.
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Symbol (Unit) Equation appeared in ~ Plant functional Range Optimized values
type
ELM-MYCI  ELM-MYClgpim
a;(1) Eq. (1; Shrub [0.2,0.8] 0.9053 0.6868
_ identical to Eq. 12)
b;(1) Spruce [—0.1,0.1] 0.07366 0.09000
Tamarack 0.00576 —0.06763
Shrub [—0.1, 0] —0.07368 —0.06777
q10(1) Eq. (S13) - [1,4] 3 1
UN, fungi, j Eq. (S17) Spruce [2.55 x 10710, 2.4368 x 1078 1.9289 x 108
(eNgC~lsh 2.55x 1078)
UP fungi, j Phosphorus Spruce [1.520 x 10712, 6.9176 x 10~ 11 2.749 x 10711
(gNgC~1s—1)  counterpart 1.520 x 107107
of Eq. (S17)
Tamarack [1.079 x 10711, 8.1831 x 10710 7.782 x 10710
1.079 x 1079]
Shrub [1.127 x 10711, 1.4757 x 10710 2.427 x 10~ 11
1.127 x 1079]
kp ; (gP m~3) Phosphorus Spruce [0.002478, 0.004457 0.009172
counterpart of Eq. 0.009911]
(522)
UN, fungi, j Eq. (S23) Tamarack [3.4833 x 1072, 8.7018 x 10~? 2.7459 x 1077
(eNgC~ s 3.4833 x 1077
VP fungi, j Phosphorus Spruce [1.2229 x 10~ 11, 1.8946 x 101! 8.2067 x 10710
(gPgC~1s~1)y  counterpart 1.2229 x 1079
of Eq. (S23)
en (gCeN—1)  Egs. (825), (S30) - [10, 100] 34 32
UN, froot, j Eq. (S33) Tamarack [9.6838 x 10~ 12, 8.5323 x 10~10 3.4772 x 10~10
(eNgC s 9.6838 x 10710
Shrub [9.6462 x 10713, 2.5154 x 10712 2.0811 x 107!
9.6462 x 10711
VP froot, j Phosphorus Spruce [4.4409 x 10~ 14, 2.8185 x 10712 3.7779 x 10~ 12
(gPgC~ls~1)y  counterpart 4.4409 x 10712]
of Eq. (S33)
Tamarack [3.6461 x 10713, 1.1268 x 10712 5.9747 x 10712
3.6461 x 1011
Shrub [5.5157 x 1014, 3.2882 x 10712 22162 x 10712

5.5157 x 10712
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span two years, was not overemphasized compared to the
other C fluxes, which have five-year estimates (Hanson et al.,
2020a; Iversen et al., 2021b). The normalization additionally
ensured that all the variables are unitless, making them inter-
comparable.

For ELM-MYCI, the total number of preexisting and
newly added parameters resulted in an extremely large search
space that cannot be covered by 4000 samples. Therefore,
we focus on perturbing the most sensitive half (18) of the
37 newly added parameters (Table 1). The most sensitive
half was predetermined using one-at-a-time (OAT) pertur-
bation — for each parameter, we generated 50 uniform ran-
dom samples per parameter between pre-defined upper and
lower bounds (Tables S4, 1). The perturbation ranges were
based on observations or previous studies when possible (Ta-
ble S4). The range for g9 of mycorrhizal acquisitions was
set wider than the range of ql0_hr for HR (Table S3) to
explore more values (Table 1). The ranges for the rate con-
stants (UN/P, froot, j» UN/P,fungi, j> UN/P,fungi, j) always span ex-
actly two orders of magnitudes, and were selected based on
experimental measurements (Table S5) and similar rate con-
stants in past modelling studies (He et al., 2021; Shao et al.,
2023b; Wu and Blodau, 2013). The geometric centre of each
range was a manually tuned value that produced acceptable
performance at the site during preliminary simulations. The
ranges for the half-saturation points (kn/p, ;) were set at ap-
proximately the modelled annual average soil inorganic NP
levels at the SPRUCE site, because experimentally measured
values (Table S6) were found to cause PFTs to die in test
simulations. The ranges for the C-cost factor of mycorrhizal
N acquisition (cn) were selected based on past observed ex-
change ratios for EcM (Bogar et al., 2022), assuming ErtM
has similar behaviour. We did not include the high-end of
the observed exchange ratios (> 100; Bogar et al., 2022) be-
cause those severely restricted mycorrhizal nutrient uptake
in the modelling context, possibly due to the 50 % net photo-
synthesis cap.

We then calculated the standard deviations of Agim. v,c and
Ssim,v,c over all the random samples for each variable and
CO, treatment. This approach resulted in a 4th order tensor
of 37 parameters x 6 variables x 2 CO, treatments x 2 coef-
ficients [mean or temperature response slope]. We converted
the standard deviation tensor to a same-dimensioned rank
tensor by ranking the standard deviations high-to-low across
the parameters separately for each variable, CO; treatment,
and mean or slope. We show the ranks in Fig. S4, with the
last three dimensions of the rank tensor compressed into the
form of boxplots. The selected most sensitive parameters are
those with lowest median ranks in Fig. S4 and are listed in
Table S5. We then perturbed those most sensitive 18 param-
eters in a 4000-member ensemble simulation, calculated the
RAE in the same way as done for ELM-OLD, and selected
the sample with lowest RAE as the optimized set of parame-
ters.
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It is desirable to understand whether our structural change
can improve ELM-OLD beyond the capability of parame-
ter optimization. Therefore, we conducted two sets of 4000-
member ensemble simulations for ELM-MYCI: one with the
preexisting parameters fixed at default levels, and one with
the preexisting parameters fixed at optimized levels. Table
2 lists the final four simulations compared in this study.
Comparing ELM-OLDgpiim to ELM-OLD gives the effect
of parameter optimization. Comparing either ELM-MYCI
to ELM-OLD, or ELM-MY Clptim t0 ELM-OLDptim, gives
the effect of structural modification. Comparing ELM-
MYCloptim to ELM-OLD gives the combined effects of pa-
rameter optimization and structural modification.

2.7.2 Verification of parameter constraint

Equation (5) only uses C fluxes but the optimized new pa-
rameters are mainly relevant to NP. To examine whether the
selected optimal parameter values are indeed from a con-
strained subregion of the search space by Eq. (5), or sim-
ply perform best by chance, we used a clustering metric.
This metric, though not using a formal likelihood frame-
work, is consistent with the equifinality concept, where pa-
rameters are considered identifiable if the high-likelihood
parameter values are concentrated in a small region, and
non-identifiable if broadly distributed across the parameter
space (Raue et al., 2009). We first normalized all the sam-
pled parameter values to between O and 1 using the prede-
fined ranges (Tables S3 and S5). Then, we calculated the Eu-
clidean distances between the normalized parameter values
of two types of ensemble member pairs. The first type was all
the pairs that can be formed between the best performing 1 %
(i.e. 40) members. The second type was all the pairs formed
between one value from the best performing 1 % members,
and one value from the bottom 99 % (4000 — 40 =3960)
members. If the pairwise distances in the first group are
systematically lower than the pairwise distances in the sec-
ond group, it means the better-performing parameter sets are
clustered, which we interpret as being constrained by Eq. (5).

2.7.3 Sobol’s sensitivity analysis

While the OAT perturbation helps us to downsize the num-
ber of parameters to perturb, it offers limited insight into the
full sensitivity of model outputs, because it omits potential
interactions among parameters. Using the 4000-member en-
sembles, we therefore applied a previously established pro-
cedure on ELM to calculate Sobol’s main-effect and total-
effect indices between selected model outputs and all the per-
turbed parameters (Ricciuto et al., 2018). Sobol’s sensitivity
indices are based on variance decomposition, where the to-
tal variance in a model output is decomposed into fractions
attributed to individual parameters and interactions among
parameters (Saltelli et al., 2004). The main effect measures
the relative fraction attributed to a parameter excluding all
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Table 2. Summary of parameter perturbation experiments and the optimal runs compared in this study.

Notation Notation for the Model Structure Preexisting parameters ~ New parameters
corresponding choice choice
ensemble simulation

ELM-OLD - Default (Shi et al., 2021) Default -

ELM-OLDgptim ELM-OLDgp(im_ENS Default (Shi et al., 2021) Optimized -

ELM-MYCI ELM-MYCI_ENS Updated (this study) Default Optimized

ELM-MY Cloptim ELM-MYClgpiim ENS  Updated (this study) Optimized Optimized

interactions. Due to the omission of interactions, the sum of
main effects across all the parameters is less than 1. The total
effect measures the relative fraction attributed to a parame-
ter including itself and all higher-order interactions involving
the parameter. Due to duplicated counting of interactions, the
sum of total effects across all the parameters is greater than
1.

3 Results
3.1 Comparison between model and observations

3.1.1 Model performance on C fluxes and leaf area
index

On the calibration set of C fluxes, ELM-MYClgpim
best captures the mean and temperature sensitivity of
the C fluxes (RAE=1.54), followed by ELM-OLDgpim
(RAE=1.61), ELM-OLD (RAE =1.80), and lastly ELM-
MYCI (RAE =1.82; Fig. 2). Also, ELM-MYClptim and
ELM-OLDgptim have the fewest number of variables falling
outside the £ one standard deviation observational uncer-
tainty window (6 out of 28), followed by ELM-MYCI (8 out
of 28), and lastly ELM-OLD (9 out of 28; the number of
“x’s” of Fig. 2). Among the individual variables, the mean
NPPjoss under elevated CO;, the temperature sensitivity of
BGNPPTeeshrub under ambient and elevated CO;, and the
temperature sensitivity of aggregate NPP under elevated CO,
are least well-captured, with all four model setups simulating
outside the observational uncertainty (Fig. 2a, c, d). ELM-
MYCI captures mean HR better than the other three model
setups but performs worse on several other variables (mean
AGNPPgy,yp, temperature sensitivity of AGNPPgpyce under
ambient CO,, mean NPP,,,ss under ambient CO,, and tem-
perature sensitivity of NPPposs under elevated CO»; Fig. 2).
Consistent with our hypothesis (see end of Sect. 1), structural
modification improves model performance in capturing the
observed large positive response of shrub growth to warming.
The temperature sensitivity of AGNPPg,yp under ambient
and elevated CO, are outside the observational uncertainty
in ELM-OLD (Fig. 2c). Using optimized preexisting parame-
ters, ELM-OLDgptim simulates the temperature sensitivity of
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AGNPPg b within the observational uncertainty range, but
still underestimates it by ~ 50 % under elevated CO, (Fig.
2¢). With structural modification on top of optimized preex-
isting parameters, ELM-MY Clopim best captures the temper-
ature sensitivity of AGNPPghb, with only 17 %—35 % under-
estimation (Fig. 2¢). Structural modifcation appears to neg-
tatively influence the simulated mean AGNPPgpyce, Which
is more severely underestimated in ELM-MYCI and ELM-
MY Cloptim than in the other two model setups.

The results of Fig. 2 show aggregated statistics for all the
plots. To reveal more detailed causes of model biases, Fig.
S7 shows the plot-wise observed and modelled annual time
series of the calibration C fluxes. The interannual and inter-
plot variabilities are much larger in the observations than
all four model setups, especially in 2015, suggesting spatial
variability in the real world remains a source of uncertainty
in the model-observation comparison (Sect. S1.2). Increase
in AGNPPgup, decrease in NPPp,oss, and increase in HR
from the coldest to the warmest treatments are visually dis-
cernible in both the observations (Fig. S7c1, d1) and the sim-
ulations (Fig. S7c2—c5, d2—d5). Using root mean squared er-
ror (RMSE) as a metric on each individual C flux, one can see
that ELM-MY Clptim best captures AGNPPgpyp (Fig. S7c¢2-
c5) as well as the aggregate NPP (Fig. S7f2—5), ELM-MYCI
best captures HR (Fig. S7g2—g5), but the structural modifi-
cations did not result in clear improvements on AGNPPgpce
or AGNPPmarack (Fig. S7al-b5). These are consistent with
calibration-period performance evaluated on mean and tem-
perature sensitivity (Fig. 2).

On the evaluation set of C fluxes, ELM-MY Clptim has the
best RAE (4.65), followed by ELM-OLDgptim (RAE =5.03),
ELM-MYCI (RAE=7.22), and ELM-OLD (RAE=17.31;
Fig. 3). RMSE and RAE values calculated on the individ-
ual C fluxes show that ELM-MYClyptim outperforms the
other three model setups on AGNPPgpruce, AGNPPgpyp, and
NEEhrubmoss, but not on AGNPP;amarack. This is consistent
with the better performance of ELM-MY Clypiim on shrub
than trees during the calibration period (Figs. 2, S7). None of
the model setups correctly captures the positive temperature
sensitivities of AGNPPgpryce under both CO; treatments and
of AGNPPamarack under the ambient CO, treatment in 2022
(Fig. 3a, b). The high RAE on NEEgrubmoss likely arises from

Geosci. Model Dev., 19, 5827-5855, 2026
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Figure 2. Observed versus simulated mean C fluxes (Agps,v,c»
Asim,v,c in Eq. 5) and temperature sensitivity of C fluxes (Sops, v,c»
Ssim,v,c in Eq. 5) on the calibration set (2015-2021). RAE is cal-
culated from Eq. (5) for each model setup. The C fluxes names and
calculation of the means and temperature sensitivities are explained
in Sect. 2.5. The additional “NPP” term was summed up from C
fluxes 1-6 in Sect. 2.5. to provide a measure of plot-level primary
productivity, but should not be understood as standard NPP because
it does not contain coarse root production. The suffix “CO2” means
values for elevated CO; enclosures and without this suffix means
values for ambient CO; enclosures. The observational uncertainty
intervals are estimated as described in Sect. 2.7.1. The “x” on top
of each bar indicates that the simulated value is outside the observed
uncertainty interval.

an underestimation of observational uncertainty for this vari-
able, since it was estimated from the RMSE of the gapfilling
algorithm (Figs. S4-S5), not considering pre-treatment spa-
tial variability or uncertainty in the chamber- and plot-level
biomass measurements used to harmonize model and obser-
vations (Sect. 2.6.1). Nonetheless, such bias does not affect
the within-variable ranking across the model setups based on
RAE or RMSE.

In addition to C fluxes, we used annual maximum LAI,
which is not a calibration variable, as a proxy to compare
modelled C biomass to observed. Based on RMSE, ELM-
MYCloptim has lower overestimation in spruce LAI and
lower underestimation in shrub LAI compared to the other
three model setups, although higher overestimation in tama-
rack LAI (Fig. S8).

Geosci. Model Dev., 19, 5827-5855, 2026
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Figure 3. Observed versus simulated annual C fluxes on the evalua-
tion set (2022-2023), showing the magnitude and temperature sen-
sitivity. The C fluxes names are explained in Sect. 2.6 and “gs” in
the unit of NEEghubmoss denotes growing season. For each sub-
plot, linear regressions relate annual mean air temperature to the
C flux, separately for the ambient CO, treatment plots and the
elevated CO, treatment plots. Shaded regions indicate 95 % con-
fidence bands of the regressions (DeGroot and Schervish, 2018).
Scatter dots show the original data points only for the observa-
tional regressions; the simulated original data points are omitted
for readability. Root mean squared errors (RMSE) were calculated
between the simulated and observed annual C fluxes within each
subplot. RAE were calculated from Eq. (5), for each C flux sep-
arately (subplot-level) and for all four compared C fluxes (figure-
level). For RAE calculation, the uncertainty of AGNPPgpryce,
AGNPPmarack> and AGNPPgpup are as documented in Sect. 2.7.1.
The mean uncertainty of NEEghubmoss Was set equal to the com-
bined RMSE of the gapfilling algorithm on all the observed data
points (15.24 gC m~2 gs~!, combined from Figs. $4-S5). The tem-
perature sensitivity uncertainty of NEEghubmoss Was equal to the
standard deviation of regression slope like the other variables docu-
mented in Sect. 2.7.1.

3.1.2 Model portrayal of soil nutrients

The observed resin-exchangeable nutrients increase by about
two orders of magnitude with warming in all observed com-
binations of depth, nutrient, and hummock-hollow (Fig. 4).
The net mineralization rates increase only by about one or-
der of magnitude in ELM-OLD and ELM-OLDptim. ELM-
MYCI and ELM-MY Clpim better capture the observed in-
creases (yellow line in Fig. 4a, yellow and red lines in Fig.
4b, e, 1, red line in Fig. 4c¢).

The modelled soil NH;lF and soluble P concentrations,
converted to per volume soil water basis to compare

https://doi.org/10.5194/gmd-19-5827-2026
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the years, enclosures, and CO, treatments are plotted together. The normalization procedure is reported in Sect. 2.6.4 and reconciles unit
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with observed porewater values, show mean levels that
are ELM-MYCI > ELM-OLD > ELM-MY Clyptim > ELM-
OLDgptim (Fig. S9a, ¢). The ELM-OLDgptim values are clos-
est to observed NH;l|r values but still about one order of mag-
nitude higher. The ELM-MYCI values are closest to ob-
served soluble P values but more than one order of mag-
nitude smaller. The observed NO; mean concentrations
are captured more accurately than NHI or soluble P, with
ELM-OLDypim being closest to observations, followed by
ELM-MY Clgptim, while ELM-OLD and ELM-MYCI remain
within one order of magnitude of the observations (Fig. S9b).
These large discrepancies call into question if these observed
and simulated quantities are comparable, even after the units
are nominally aligned. Like the mean concentrations, the
observed and simulated trends differ substantially in mag-
nitudes. ELM-OLD and ELM-MYCI better capture the ob-
served qualitative transition from negative to positive trends
NHI towards the warmer enclosures than ELM-MY Cloptim;

https://doi.org/10.5194/gmd-19-5827-2026

ELM-OLDyptim did not capture this transition for the ambi-
ent CO; enclosures (Fig. S9d).

All the model setups overestimate the peat C and N
stock in the shallow soil layers (0-30cm; Fig. 5a, b). In
the deeper layers (30-200 cm), ELM-OLD exhibits under-
estimation that is exacerbated in ELM-MYCI and reme-
died in ELM-OLDgpiim and ELM-MYClopim (Fig. 5a, b).
All model setups severely underestimate P stock below
30cm (Fig. 5¢). The total simulated soil organic C stock
of all the soil layers is about 190kg C m~—2 by ELM-OLD,
240kgCm~2 by ELM-OLDqpim, 140kgCm~2 by ELM-
MYCI, and 210kgCm~2 by ELM-MY Clyptim. This places
ELM-OLDpim outside the observational uncertainty of the
estimated 176 +40kgCm~2 of the S1 bog (McFarlane et
al., 2018), probably due to the overestimation in the shallow
layers (Fig. 5a).

Geosci. Model Dev., 19, 5827-5855, 2026
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3.2 Behaviour diagnostics of the modified model

3.2.1 Plant nutrient acquisition response to warming
and soil inorganic nutrients levels

Simulation results from ELM-MYCI and ELM-MY Clgptim
show that the total N acquisition from organic sources
by PATH™%°¢ across the three vascular PFTs are about
2.5gNm~2yr~!, and the total P acquisition by PATH™Y¢-°'
about 0.07gPm~2yr~!, in the unenclosed ambient plot
(TAMB:; Fig. 6). The PFT-total N acquisition by PATH™Y¢-°r&
is mainly accounted by spruce (about 50 % of the total spruce
N uptake, Fig. 6a) and shrub (30 %—-50 % of the total shrub N
uptake in TAMB, lower in the warmed enclosures, Fig. 6c).
The total organic P acquisition mainly comes from tamarack
(> 50 % of the total tamarack P uptake; Fig. 6e). Those num-
bers and percentages are comparable to the coarse pretreat-
ment estimates for the SPRUCE site, which suggests organic
N sources account for about 30 % of total plants N acquisi-
tion (2.4 gNm~2yr~! out of 7.6 gNm~2yr~!), and organic
P sources account for a negligible fraction of total plants P
acquisition (0.7 gPm~2 yr~!; Salmon et al., 2021).

ELM-MYCI and ELM-MY Clopim simulates higher total
spruce N acquisition through all three pathways, and greater
warming-induced increases in total tamarack and shrub NP
acquisitions across all three pathways, than ELM-OLD and
ELM-OLDgpim (Fig. 6). The low spruce P acquisition sim-
ulated by ELM-MY Clyptim, especially under elevated COz,
can explain the underestimation of AGNPPgprce by this
model setup (Fig. 2a). The large increases in shrub NP ac-
quisition are driven by PATH™" (Fig. 6c, ), consistent with
declining fungal colonization rates and rising soil inorganic
nutrients under warming (Figs. S9a—c, S10c).

Geosci. Model Dev., 19, 5827-5855, 2026

In addition to changing the responses of plants nutrient
acquisition to warming (Fig. 6), ELM-MYCI and ELM-
MYCloptim simulate more flexible responses of plants nutri-
ent acquisition to soil inorganic nutrient contents (Fig. S11).
In ELM-OLD and ELM-OLDgpim, the uptake always dis-
plays a logistic shape where they first increase with soil inor-
ganic N or P and then plateaus. In ELM-MYCI and ELM-
MYCloptim, the total acquisition across all three pathways
can show linear relationships (e.g. Fig. S11b, e, f, ELM-
MY Cloptim) or logistic shapes that saturate at higher or lower
levels (e.g. Fig. S11a, b, ELM-MYCI).

3.2.2 Net ecosystem exchange responses to warming

All model setups simulate a transition from C sink
to C source, that is, negative to positive net ecosys-
tem exchange (NEE), with warming (Fig. 7a). Ex-
cept for the +0.00°C elevated CO, treatment, the C
source strength is ELM-OLD > ELM-OLDgptim > ELM-
MYCI > ELM-MYClgpim. NEE is mainly driven by the
balance between gross primary productivity (GPP), het-
erotrophic respiration (HR), and autotrophic respiration
(AR), i.e. NEE~ — (GPP — AR — HR). All model setups
simulate decreasing GPP with warming, especially in the am-
bient CO; plots, while the sum of AR and HR remains rel-
atively stable. The latter’s apparent stability is due to can-
cellation between decreasing AR, consistent with the GPP
change, and increasing HR under warming.

The low NEE of ELM-MYClypim is because it has the
lowest fraction of GPP lost to AR, especially in the warmest
enclosures, among all the model setups (Fig. 7c). Like ELM-
MY Cloptim, ELM-MYCI has a low AR-to-GPP ratio, but its
low NEE is likely driven by the low GPP per se (Fig. 7b, c).

https://doi.org/10.5194/gmd-19-5827-2026
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In contrast, ELM-OLDgpim has lower NEE than ELM-OLD
is because of a high GPP (Fig. 7b) and a smaller fraction
of GPP lost as HR (Fig. 7d). Structural modification has lit-
tle effect on HR to GPP ratios (ELM-OLD vs. ELM-MYCI,
ELM-OLDgptim vs. ELM-MY Cloptim; Fig. 7d). The temper-
ature sensitivities of NEE, GPP, AR and HR are generally
insignificant within individual enclosures, but exhibit consis-
tent increasing, decreasing, or bell-shaped patterns across the
enclosure warming levels in all the model setups (Fig. 7e-1).

3.2.3 Nutrient limitations on plant growth

The difference between structural modification and param-
eter optimization on AR-to-GPP ratios can be better under-
stood by examining the individual components of AR (Fig.
7). In ELM, AR is the sum of excess, maintenance, and
growth respiration (AR =XR + MR + GR). XR represents
respiration loss due to nutrient limitation, and is calculated
as an nonlinearly increasing function of the percentage of
plant biomass existing as NSC (Sect. S1.1.2); MR represents
respiration for maintaining regular plant metabolism and is
approximately proportional to total living biomass; GR is a
small and constant fraction of structural growth and therefore
of low interest here (Oleson et al., 2013).

https://doi.org/10.5194/gmd-19-5827-2026

At grid level, the lower fraction of GPP lost as AR in
the structurally modified model setups than their unmodi-
fied counterparts (Fig. 7c) is mainly driven by lower XR-to-
GPP ratios, especially under warming (ELM-MY Cloptim Vs.
ELM-OLDpim, ELM-MYCI vs. ELM-OLD; Fig. 8a). In-
terestingly, parameter optimization induces large decreases
in the MR-to-GPP ratio that are offset by large increases
in the XR-to-GPP ratio (ELM-OLD and ELM-MYCI vs.
ELM-OLDptim and ELM-MY Clptim ), resulting in small net
changes (Fig. 8a). This “trade-off” between XR and MR can
be explained by their implicit relationship. At a higher XR-
to-GPP ratio, the higher nutrient limitation prevents GPP
from being assimilated into structural growth, leading to
lower biomass-to-GPP ratio and therefore lower MR-to-GPP
ratio. By the same logic, lower XR-to-GPP ratio implies a
higher biomass-to-GPP ratio, and therefore higher MR-to-
GPP ratio.

Compared to the grid-level ratios, structural modifica-
tion has strong effects on the ratios calculated between
PFT-specific XR, MR, and GPP. For spruce, ELM-MYCI
and ELM-MYClopiim have much higher XR-to-GPP ratio
and lower MR-to-GPP ratio than ELM-OLD and ELM-
OLDgptim, especially in the colder enclosures (Fig. 8b),
which indicates a XR-MR trade-off similar to observed at

Geosci. Model Dev., 19, 5827-5855, 2026
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grid level. For tamarack, ELM-MY Clopim has much lower
XR-t0-GPP ratio than ELM-OLDptin, in all the enclosures
(Fig. 8c). For shrub, ELM-MYCI and ELM-MY Clptim have
much lower XR-to-GPP ratio than ELM-OLD and ELM-
OLDgptim in the warmest enclosures (Fig. 8d). As such,
spruce and shrub are likely the main drivers behind the more
rapid decline of the grid-level XR-to-GPP ratio in the struc-
turally modified models than ELM-OLD or ELM-OLDgptim
(Fig. 8a). The weaker XR-MR trade-off in tamarack and
shrub likely reflects the lower importance of MR in the two
PFTs compared to spruce.

3.2.4 Nutrient limitations on heterotrophic respiration

Nutrient limitation of HR occurs in the default and modi-
fied models when the available soil inorganic N or P can-
not satisfy the total demand of the plants and immobiliza-

Geosci. Model Dev., 19, 5827-5855, 2026

tion demand from soil litter and organic matter decompo-
sition (Eq. S4, Sect. S1.1.3). The immobilization demand
arises mainly in the decomposition step from plant litter to
SOM (Oleson et al., 2013; Schimel and Bennett, 2004). The
C:N and C:P in the plant litter pool depend on litter inputs
and are usually higher than the C: N and C: P of the down-
stream SOM pools, which are fixed parameters (Oleson et al.,
2013). As a result, the process immobilizes additional soil in-
organic NP to meet the C: N and C: P of the SOM pools. Be-
cause ELM-MYCI and ELM-MY Cloptim allow plants to ac-
cess the NP in plant litter pools via mycorrhizal roots (Sect.
2.2), the C:N and C:P the litter pools increase, resulting
in greater immobilization demand per unit decomposition,
which is proportional to HR. Consistent with this expecta-
tion, for each unit of HR, the corresponding actual immobi-
lized inorganic N in ELM-MYCI and ELM-MY Clpim are
higher than in ELM-OLDgp¢m and ELM-OLD at the same

https://doi.org/10.5194/gmd-19-5827-2026
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level of HR (Fig. S12a). The same effect is not seen in P (Fig.
S12b). Instead, ELM-OLDptim exhibits considerably higher
P-immobilization per unit HR than the other three model se-
tups. All the model setups exhibit sensitivity to warming,
which suggests P-limitation on HR is more affected by lit-
ter quality changes created by relative changes in primary
productivity among the PFTs than N-limitation on HR (Fig.
2).

3.3 Parameter sensitivity analysis
3.3.1 Constraint of model parameters

The distance metric (Sect. 2.7.2) shows the top-performing
1 % parameter values are statistically significantly closer to
each other (smaller distances) than to the remaining 99 % pa-
rameter values (larger distances) in all three ensemble simu-
lations (Table 2, Fig. 9). The significant separation means
the C fluxes can constrain the preexisting and newly added
parameters. The distances are least well-separated for ELM-
MYCI_ENS (Fig. 9b), which uses the same un-optimized pa-
rameters as ELM-OLD for the unchanged model processes.
Those suboptimal parameter values may have caused biases

https://doi.org/10.5194/gmd-19-5827-2026

that the new model processes cannot compensate for, lead-
ing to unstable optimized values in the new parameters in the
ELM-MYCI_ENS simulations.

3.3.2 Sensitivity of model outputs to parameter values

We show the parameter sensitivities of ELM-
MYClopim_ENS in the main text (Fig. 10), since the
finding of Sect. 3.3.1 suggests this may be a more reliable
perturbed parameter ensemble than ELM-MYCI_ENS (Fig.
S11), and the sensitivities of preexisting parameters (Fig.
S12) are similar to the well-reported findings of past studies
(Meng et al., 2021; Ricciuto et al., 2018).

The relative sensitivity of model outputs to each param-
eter is approximately the same whether assessed using to-
tal effects or main effects (compare the rows in Fig. 10).
The grid total GPP is sensitive to the parameters of all three
vascular plants and grid-level parameters (topmost bar in
each panel of Fig. 10). The grid total NEE and vegetation
C (TOTVEGC) are most sensitive to spruce parameters, es-
pecially the sensitivity of fungal colonization rate to soil in-
organic N (b;, Eq. S12) and maximum rate of inorganic N
acquisition via mycorrhizal association (vN,myc, j,» Eq. S23).

Geosci. Model Dev., 19, 5827-5855, 2026
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The grid total HR and total soil organic C (TOTSOMC) are
most sensitive to shrub parameters, especially the maximum
rate of N uptake via fine root (vN froot, j» Eq. S33). The C
variables in any vascular PFT are mainly determined by the
parameters specific to that PFT, especially the maximum up-
take/acquisition rates of NP (uN myc, j and up myc, j for spruce
(Eq. S17), vp froot, j for tamarack (Eq. S33), and vN froot, j for
shrub (Eq. S33)). Moss C variables are sensitive to the pa-
rameters of all three vascular plants and grid-level parame-
ters.

Compared to ELM-MY Clypim_ENS, the sensitivities de-
rived from ELM-MYCI_ENS are similar for tamarack and
shrub parameters (Figs. 10b, c, f, g, Sllb, c, f, g). For
spruce parameters, the model outputs of ELM-MYCI_ENS
are more sensitive to the fungal colonization rate to soil in-
organic N (b, Eq. S12 and Fig. Slla, €), whereas ELM-
MY Clopiim_ENS are more sensitive to the maximum organic
NP acquisition rates via mycorrhizal association (#N,myc, j
and up myc, j for spruce, (Eq. S17; Fig. 10a, e). Still, the two
sets of parameters fulfil similar functions, with the former
controlling all the nutrient uptake/acquisition pathways (see
My, j in Egs. S17, S23, and S33) and the latter only con-
trolling the organic pathway (Eq. S17). For column level pa-
rameters, ELM-MYCI_ENS is mainly sensitive to the Q¢ of
NP acquisition rates (g9, Eq. S13) and has little sensitivity
to the C cost of mycorrhizal nutrients acquisition to the plant
(en, Egs. S25, S30) (Fig. S11d, h). ELM-MY Clpim_ENS
exhibits the same contrast, albeit less strongly (Fig. 10d, h).

Comparing between the newly added (Figs. 10, S11) and
preexisting parameters (Fig. S12), one can see the newly
added parameters exhibit more inter-PFT interactions. That
is, the C variables of each PFT are even more strongly de-
termined by the parameters specific to that PFT in ELM-
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OLDopim_ENS (Fig. S12a, b, c, e, f, g) than in ELM-
MYClopiim_ENS (Fig. 10a, b, ¢, e, f, g) or ELM-MYCI_ENS
(Fig. S11a, b, c, e, f, g). Additionally, the grid-level C vari-
ables are mainly responsive to spruce parameters in ELM-
OLDgpiim_ENS (Fig. S12a, e), compared to both spruce
and shrub parameters in ELM-MY Clopim_ENS (Fig. 10a,
c, e, g) and ELM-MYCI_ENS (Fig. Slla, c, e, g). Moss
C variables are more responsive to spruce parameters in
ELM-OLDgpim_ENS (Fig. S12a, €), compared to shrub pa-
rameters in ELM-MY Clypim_ENS (Fig. 10c, g) and ELM-
MYCI_ENS (Fig. Sllc, g). The main and total effects of
ELM-OLDgpiim_ENS are close to 1 when summed over all
the parameters (Fig. S12 grey lines), while the main effects
of ELM-MYCI_ENS and ELM-MY Cloptim-ENS are much
smaller than 1 and the total effect much greater than 1 (Figs.
10, S11, grey lines). The larger difference between total and
main effects in the modified models means the newly added
parameters have stronger statistical interactions than the pre-
existing parameters in the default model.

4 Discussion

4.1 Summary of evaluation performance and
remaining gaps

We present a development of the ELMv2-SPRUCE model to
replace the photosynthesis-driven, inorganic-only plant nu-
trient uptake with three pathways that consider influences
from fine root biomass, fungi-colonization level, and plant
access to organic nutrients through fungi-colonized roots
(Sect. S1.1). Although EcM and ErM are only implicitly rep-
resented and simplifications are made in the treatment of the
C cost of mycorrhizal acquisition and the organic NP sources
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and equations referred therein.

(Sects. 2.2, S1.1.8 and S1.1.9), the modified model shows
improved performance. Compared to parameter optimiza-
tion only (ELM-OLDgptim), structural modification (ELM-
MY Clopiim) leads to lower RAE and RMSE on vegetation
C fluxes, especially in the shrub-moss community (Figs. 2,
3), improved LAI in two out of the three modified PFTs (Fig.
S8), improved qualitative similarity to resin-exchange nutri-
ents (Fig. 4), and similar performance on soil total C-N-P
stocks (Fig. 5). Interestingly, structural modification imposed
on unoptimized preexisting parameters (ELM-MYCI) does
not improve RAE (Fig. 2) and the new parameters appear ill-
constrained (Fig. 9b). These findings indicate the biases in
ELM-OLD arise from both incorrect parameter values and
inadequate process representation (Bastrikov et al., 2018).
The strong performance of ELM-MY Clgpgim, after optimiz-
ing newly-added parameters on top of pre-optimized preex-
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isting parameters, supports stepwise calibration as a viable
strategy for land surface models when the parameter search
space is large (Ma et al., 2024).

One notable finding is that ELM-MY Clpim captures the
observed large positive warming response of AGNPPgyyp
better than the parameter-optimized default model (ELM-
OLDgptim; Figs. 2b, 3c). This increasing growth is accom-
panied by rising NP uptake via PATH™®' and unchanging NP
acquisition from organic sources via PATH™ ¢ (Fig. 6¢),
consistent with our initial hypothesis and previous finding at
the Mer Bleue peatland site (Shao et al., 2023b) that declin-
ing dependence on ErM drives shrub growth under warm-
ing. Recent analysis of minirhizotron data at the SPRUCE
site shows increasing specific root length for the shrubs with
deeper water tables as a consequence of warming (Weber et
al., 2025a, b). This shift towards more acquisitive fine root
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trait (Bergmann et al., 2020; Weber et al., 2025a, b) is not yet
considered in the current study and might partially explain
the remaining underestimation in the temperature sensitivity
of AGNPPgryp. The simulated high importance of direct fine
root uptake in shrubs at the SPRUCE site differs from the
simulated > 90 % dependence on fungal-mined organic N for
shrubs at Mer Bleue (Shao et al., 2023b). This wide range is
comparable to past observations (Hilman et al., 2024; Hobbie
and Hobbie, 2006; Yin et al., 2022) and might reflect inter-
site difference, wherein SPRUCE is a more southern site with
lower shrub fractional cover and higher porewater inorganic
N compared to Mer Bleue (Kennedy et al., 2018; Shao et al.,
2023b).

ELM-MYClgpim more severely underestimates mean
AGNPPg e than the other model setups (Fig. 2a), likely
because it simulates stronger P limitation on spruce (Fig.
6d). The stronger P limitation, in turn, may be because the
modelled peat P stock and soil inorganic P levels are gener-
ally too low (Figs. 5c, S7¢). With the enhanced shrub growth
in ELM-MY Clptim, the remaining inorganic P becomes in-
sufficient to support spruce growth (Fig. 2a). All model se-
tups underestimate mean AGNPPgpyce in the ambient CO;
plots, fail to capture the reversal from negative to positive
response to warming over time (Fig. 3a), and fail to cap-
ture the observed lack of response to elevated CO, (Fig. 2a).
Those biases might be related to seasonal variations and ac-
climation in spruce photosynthetic parameters (Dusenge et
al., 2024; Jensen et al., 2019), gradual acclimation in tree res-
piration or hydraulics (Hanson et al., 2025), delayed response
to elevated CO» or increased C allocation belowground (e.g.
to roots, mycorrhizal fungi, or exudates; Duchesneau et al.,
2024a; Norby et al., 2010, 2024; Palmroth et al., 2006). Ad-
dressing them will require future process developments.

The severe underestimation of the temperature sensitiv-
ity of BGNPPeeshrub in all model setups (Fig. 2b) may be
due to high uncertainty in the ingrowth core observations
or the presence of dynamic above-to-belowground allocation
in response to warming (Drewniak, 2019; Rehschuh et al.,
2022). Dynamic allocation is not yet in the model processes
of ELM-OLD or ELM-MYCI. Note the ingrowth core ob-
servations used in Fig. 2 only span 2016-2017, while the
other evaluation variables span 2016-2019 and 2021 (Han-
son et al., 2020a). The uncertainty problem will be remedied
as additional years of ingrowth core and minirhizotron ob-
servations are completed for the SPRUCE site. The initial
ingrowth core observations do suggest the fine root biomass
of the trees and shrub are more sensitive to warming than
their aboveground NPP (compare the fine root biomass re-
ported in Fig. S1 of Malhotra et al. (2020a) to the observed
aboveground NPP values this paper Fig. S7).

The persistent bias in NPPyos and its temperature sen-
sitivity is unsurprising. ELMv2-SPRUCE cannot yet simu-
late the decline of moss growth with warming (Norby et
al., 2019), instead depending on assigned observed fractional
covers (Sect. 2.4). Missing processes may include shading
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from shrub, inaccurate photosynthesis-water relations, and
microbial relationships (Carrell et al., 2019; Norby et al.,
2019; Petro et al., 2023; Shi et al., 2021). The persistent bias
in vertical distribution of peat C and N may be due to insuf-
ficient vertical mixing of the soil decomposition pools (Ole-
son et al., 2013). The persistent bias in HR and peat P stock
might be due to inaccurate C : P in the SOM pools (Figs. 2b,
5), and the current lack of consideration of fungal respiration
(Sect. S1.1.7). Because the HR-to-GPP ratio is remarkably
invariant to our current structural modification (Fig. 7), fo-
cused parameter investigation and structural modification on
the soil decomposition model may be needed to address the
HR bias.

The discrepancy between observed and modelled porewa-
ter concentrations (Fig. S9) suggests the values are not di-
rectly comparable, which may be due to missing process
representation of the adsorption of NH;lF to inorganic and
organic matter surfaces (Eick et al., 1999; Matschonat and
Matzner, 1996), inaccurate partitioning between labile P and
soluble P (Yang et al., 2023), and underestimation of peat P
stock (Fig. 5). Better matches between the temperature sen-
sitivities of normalized model NP mineralization and nor-
malized resin-available NHI and POi_ (Fig. 4) suggest the
model is better at capturing relative changes in plant nutrient
availability than absolute sizes.

4.2 Impact on ecosystem productivity

We found that parameter optimization reduces the strength of
NEE increase under warming (Fig. 7a) via higher GPP and
lower HR (Fig. 7b). The GPP effect is likely explained by
the dominant control of the photosynthetic parameter “finr”
(fraction of leaf N in in Rubisco enzyme) on grid- and PFT-
level C balances in ELM-OLDgpim_ENS, and the HR effect
likely by the parameter “q10_hr” (Q1¢ for heterotrophic res-
piration; Fig. S14). Interestingly, the overall NEE balance is
most strongly affected by the Qo parameter of spruce MR
(Fig. S14), despite this parameter having little effect on the
other C-balance terms (Fig. S14) — this might be a case of
emergent phenomena (Brient, 2020; Wang et al., 2022) and
worth future modelling and empirical investigations.
Structural modification reduces the extent of NEE in-
creases under warming (Fig. 7a) via lower AR (Fig. 7c),
which is driven by decreases in XR with warming (Fig.
8a), especially in spruce and shrub (Fig. 8b, d). The XR-
MR trade-off at grid-level and in spruce (Sect. 3.2.3) miti-
gates the XR-driven decreases in AR, demonstrating a case
of nonlinear feedback. The greater declines in XR in ELM-
MYCI and ELM-MYClgptim compared to ELM-OLD and
ELM-OLDgpim are directly due to declines in NSC (Sect.
S1.1.2), which is in turn likely due to reduced nutrient lim-
itation (Fig. 6a, c, d, f) under warming. Although NSC is
additionally affected by the C cost of the mycorrhizal path-
ways (Sect. S1.1.8), the C cost should decrease with warm-
ing as the importance of the mycorrhizal pathways decline
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(Fig. 6a, c, d, f). Therefore, this mechanism cannot explain
the simulated NSC decline with warming. The lower nutrient
limitation under warming implies greater increase of plant
carbon use efficiency (CUE), especially for the shrub PFT
where most of AR is due to XR (Fig. 8d). This modelling re-
sult is consistent with empirical evidence that EcM-tree asso-
ciation is key to explaining the negative correlation between
CUE and latitude in northern boreal regions (Mikeli et al.,
2022). This consistency supports the effectiveness of our im-
plicit approach as a parameter-efficient framework. Biologi-
cally, the CUE-latitude correlation is driven by complex in-
teractions between plant C flow to mycorrhizal colonization
level, and nutrient availability (Mékela et al., 2022; Shao et
al., 2023b).

In the structurally modified model setups, SOM decom-
position becomes more N-limited because of the acquisition
of N from plant litter pools via PATH™® "¢ (Fig. S12, Sect.
S1.1.9). Surprisingly, the higher N-immobilization per unit
HR only corresponds to slightly lower mean HR in ELM-
MYCI and ELM-MY Clypim (Figs. 2b, d, 7d, h), meaning
the lower availability of organic N in plant litter pools are
offset by higher inorganic N uptake. This pattern suggests
that decomposition suppression through nutrient competition
—classically termed the Gadgil effect when mediated by EcM
fungi (Fernandez and Kennedy, 2016) — may be limited in
strength under our simulated conditions. Although our model
does not explicitly represent fungal guild interactions, the
modest reduction in decomposition is consistent with studies
showing that such effects are highly context-dependent and
often confounded by litter quality, niche partitioning among
EcM, ErM, and saprotrophs, and priming processes (Fanin
et al., 2022; Mielke, 2022; Shao et al., 2023a). P-limitation
on immobilization appears to be controlled by more complex
factors than N-limitation (Fig. S12b) and may be affected by
current model bias in peat P stock (Fig. 5). Additionally, soil
decomposition process in ELMv2-SPRUCE do not explicitly
simulate microbial biomass and guilds, and therefore might
misrepresent the partitioning of immobilization demand be-
tween the external nutrient uptake and the cycled nutrient be-
tween dead and live microbial biomass, which is especially
important for P (Duchesneau et al., 2024a; Schmidt et al.,
1997). Given this limitation in the ELMv2-SPRUCE soil de-
composition model and current model limitation in treating
organic NP sources (Sect. S1.1.9), the HR results should be
interpreted with caution.

4.3 Limitations, Uncertainties, and Future directions
4.3.1 Limitations of the ELM-MYCI equations

In ELM-MY(CI, the partitioning of plant nutrient demand be-
tween non-mycorrhizal and mycorrhizal pathways is a lin-
ear function of soil inorganic N concentration (Eq. 1). The

focus on N is likely acceptable for northern boreal regions,
where plant growth is N limited or co-limited by N and P, but

https://doi.org/10.5194/gmd-19-5827-2026

extending the model into temperate or tropical regions will
require considering P limitation (Du et al., 2020). A second
question is whether the covariate, soil inorganic nutrient con-
centration (Eq. 1), is simplistic and should be replaced with
plant nutrient status. Plant exudates and phytohormones play
a large role in the early establishment of EcM and AM, mak-
ing plant nutrient status a mechanistically defensible choice
(Garcia et al., 2015), but this mechanism is much less estab-
lished in ErM (Genre et al., 2020). EcM colonization may
also respond to soil inorganic N directly, because assimilat-
ing inorganic N is more C-expensive than assimilating or-
ganic N (Garcia et al., 2015). Therefore, the relative appro-
priateness of the two covariates will be best determined via
multi-site, multi-PFT simulations across N and P gradients.
The current ELM-MYCI equations already have two terms
related to plant nutrient status: the N-limitation and NSC
availability multipliers (Eqgs. 3—4). Therefore, to implicitly
encode an effect on colonization rate, one can simply let the
parameter value in the N-limitation multiplier (Eq. S15) dif-
fer between PATH™®! and the two mycorrhizal pathways.
The current formulation for PATH™ "¢ makes a few sig-
nificant simplifications that do not conform to real world pro-
cesses (Sect. 2.3). The restriction of mycorrhizal organic NP
acquisition to plant litter pools may underestimate total my-
corrhizal organic NP acquisition. This, in turn, could lead to
underestimation of mineral NP limitation on HR and over-
estimation of the NP limitation on plant growth, contribut-
ing to the biases shown in Fig. 2. The acquisition rate does
not vary with soil organic NP content or the recalcitrance of
the accessed plant litter pools (Eq. 4), and the upper bound
(0.0001 - total plant litter pool size per hourly time step) is
more a sanity constraint rather than a realistic upper bound
on fungi-accessible organic matter. This may result in un-
derestimation of the changes in acquisition rates across en-
vironmental gradients. In reality, mycorrhizal nutrient acqui-
sition involves two sequential steps: depolymerization fol-
lowed by uptake of small organic molecules for N (Talbot
and Treseder, 2010), and enzymatic hydrolysis and uptake of
released phosphate for P (Plassard et al., 2011). Each step
is describable by Michaelis-Menten kinetics (Nédsholm et al.,
2009; Plassard et al., 2011). In the organic matter-rich peat-
land environment, the first step would be much more lim-
ited by fungal enzyme availability than substrate availability,
making a colonization-proportional formulation (Eq. 4) ac-
ceptable. Extending the model to mineral soil environments
will require revisiting the formulation. Although the rate of
the first step may be higher for labile than recalcitrant organic
matter (Talbot and Treseder, 2010), current understanding of
mycorrhizal enzyme activity is largely from a biochemical
perspective, i.e. characterizing individual compounds, rather
than from an ecological perspective, i.e. classifying numer-
ous compounds into measurable fractions that significantly
differ in rates (Lavallee et al., 2020; Oleson et al., 2013).
Therefore, the current even distribution of organic NP ac-
quisition across the plant litter pools, proportional only to
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pool sizes, serves as a starting point that can be refined as
ecological-scale data become available. Modelling the sec-
ond step in Michaelis-Menten form would require explicit
representation of the turnover of mono- and oligomeric frac-
tions of organic N pools, or of soluble P pools in microsites,
which are beyond the scope of this study.

The total mycorrhizal acquisition of inorganic and organic
NP is capped by 50 % of net photosynthesis per time step
(Sect. 2.3). In the real world, belowground C allocation to
mycorrhizal fungi peaks later in the growing season than
aboveground photosynthesis (Hogberg et al., 2010). There-
fore, the current model formulation may underestimate myc-
orrhizal NP acquisition later in the growing season. In prin-
ciple, this could lead to underestimated NP limitation on
the heterotrophic microbes later in the growing season and
overestimated NP limitation during leaf expansion in the fol-
lowing spring. The practical effect in the current ELMv2-
SPRUCE, however, may be minor. The model also does not
yet separate heterotrophic microbes and mycorrhizal fungi
in soil decomposition. The model also uses fixed C: N : P ra-
tios for plant structural tissues, and always evaluates nutrient
limitation based on concurrent soil nutrient availability rather
than nonstructural nutrient storage pool sizes.

4.3.2 Uncertainty of the ELM-MY CI parameters and
potential constraints

The new equations in ELM-MYCI introduces a fairly large
number of new parameters (in total 37 in Tables S4 and
1) compared to ELM-OLD. Although the annual C fluxes
demonstrated ability to constrain these parameters (Fig. 9),
the ability may have benefited from the temperature gradient,
with implied inorganic nutrient gradient, across the SPRUCE
treatments. Extending ELM-MYCI to other sites will there-
fore require more direct constraints.

The highest priority should be given to uptake rate
constants (VNP froot,j> UN/P,fungi,j> UN/Pfungi,j) and half-
saturation points (kn/p, ;) because of the high sensitivity of
model outputs to these parameters (Sect. 3.3.2). Many ex-
perimental measurements of these parameter exist, but the
data points are concentrated in temperate regions and crop
species, and exhibit high cross-species uncertainty (Craig et
al., 2025; Griffiths and York, 2020; Tables S5-S6). There-
fore, these data points are likely useful for large-scale sim-
ulations, but less so for site-scale simulations involving
only a few species or simulations targeting underrepresented
ecosystems like peatlands. In those cases, total plant NP up-
takes, estimated from paired NPP and whole-plant C : N and
C: P measurements, provide a reasonable nutrient-centred
constraint. The efficiency of the parameter search can be in-
creased in future studies by constraining the search space
with well-validated qualitative findings in experimental data
— for example, mycorrhizal roots generally have higher rate
constants for inorganic NP on a per unit fine root biomass
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basis than uncolonized roots (Craig et al., 2025; Plassard and
Dell, 2010).

Other large sources of uncertainty in the modified model
include the fungal colonization fractions (Fig. S10), relative
contributions of different pathways to total plant NP acqui-
sition (Fig. 8), and the transfer of plant C to mycorrhizal
fungi (Sect. S1.1.8). EcM colonization is known to respond
to large temperature, water, and nutrient gradients and covary
with fine root traits (Ostonen et al., 2011, 2017; Xie et al.,
2021). Stable isotope fractionation studies (81N, 813C) pro-
vide the most direct constraint on mycorrhizal contribution
to plant demand and plant C allocation to mycorrhizal fungi
(Hawkins et al., 2023; Hilman et al., 2024; Hobbie and Hob-
bie, 2006; Yin et al., 2022). Observations of all these quanti-
ties vary between 0 %—100 % (Hawkins et al., 2023; Hilman
et al., 2024; Hobbie and Hobbie, 2006; Ostonen et al., 2011,
2017; Xie et al., 2021; Yin et al., 2022) and root tip counts at
SPRUCE corroborate the high uncertainty (Fig. S10). There-
fore, multi-site model-data integration will be needed to cap-
ture the broad pattern and prevent overfitting.

Root morphology parameters come from measurements in
this study (root diameter — r; and root tissue density — p; in
Table S5). These two traits belong to, respectively, the col-
laboration and conservation gradients in the root economics
space, and both are correlated with other traits (Bergmann
et al., 2020; Craig et al., 2025). Thinner roots tend to de-
pend less on fungal partners and have higher uptake rate
constants. Lower root density tends to be associated with
higher root N content, turnover rates, uptake rate constants,
yet higher half-saturation points. These qualitative under-
standings, along with global root trait observations from, e.g.
the Fine-Root Ecology Databases (Iversen et al., 2021a), pro-
vide good constraints for ELM-MYCI in future multi-site or
regional extensions.

4.3.3 Other potential future work

Several process developments in ELM are being carried
out during the same time as this work, including division
of fine root biomass into transport, absorption, and mycor-
rhizal pools (Wang et al., 2023), nutrient-responsive dynamic
above-belowground allocation (Knox et al., 2024), and ex-
plicit microbial biomass pools and dissolved organic mat-
ter dynamics (Ricciuto et al., 2021). These developments
can be merged with this work to relax many of the assump-
tions listed in Sect. 4.3.1 and improve the model results.
Explicit simulation of fungal and heterotrophic microbial
biomass will enable separating mycorrhizal fungal from non-
mycorrhizal respiration and the modelling of fungal necro-
mass, which has different decomposability from saprotrophic
residues due to higher melanin content, particularly in ErtM
fungi (Fernandez et al., 2019). Other efforts of interest may
include separating the behaviours of EcM and ErM, spruce
photosynthesis and MR, Sphagnum growth, and considering
direct plant uptake of small organic N molecules (Nidsholm
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et al., 2009). Nonetheless, process-development should con-
sider the limited constraint available from empirical obser-
vations (Fig. 9) and ensure the complexity is commensurate
with our ability to check model accuracy and interpret cause
and effect in model responses.

The modified ELMv2-SPRUCE has extended capabili-
ties compared to the default model, e.g. fine tune nutrients
competition relationships between PFTs using the maximum
uptake/acquisition rates and half-saturation parameters (Ta-
bles S4-S5), assimilating nutrient uptake kinetics data, and
testing the ecosystem impacts of changing fine root traits.
Those improvements will enable new hypothesis testing and
more accurate modelling of peatland C, N, and P cycling.
It will also be interesting to compare the modified ELMv2-
SPRUCE with other models that use similar fine root-based
uptake rules (Knox et al., 2024; Zhu et al., 2019) and/or
have mycorrhizal representations (He et al., 2018; Shao et
al., 2023b; Sulman et al., 2019), and to test the performance
of the model at multi-site to regional scale and its implica-
tions for carbon cycle feedbacks to the climate system.

5 Conclusions

We present a development on the ELMv2-SPRUCE model
to replace default, photosynthesis-driven nutrient uptake pro-
cesses with fine root and implicit mycorrhizal pathways, al-
lowing more realistic processes like the access to organic
nutrients by mycorrhizal roots and the dependence of plant
nutrient uptake on fine root biomass, fungi colonization
level, and environmental conditions. The modified ELMv2-
SPRUCE model better captures the observed large increase
in shrub growth under whole ecosystem warming than the
default model, as well as overall measured C fluxes and
resin-exchange nutrients response to warming. The modelled
increase in shrub growth is accompanied by stable fungi-
mediated nutrient acquisition from organic matter, and sev-
eral fold increase in direct fine root inorganic uptake, sup-
porting our initial hypothesis that the observed increase in
shrub growth is driven by a shift from mycorrhizal outsourc-
ing to direct fine root uptake strategy. Non-validated compar-
isons to the default model show the modified model simu-
lates less nutrient limitation on plant growth under warming,
resulting in weaker C-sink to C-source transition, and more
flexible relationships between plant nutrient acquisition and
soil inorganic nutrient concentrations. Outstanding model bi-
ases and caveats indicate needs to improve non-mycorrhizal
processes for spruce and Sphagnum moss growth, and above-
to-belowground allocation. Other future developments may
add or refine representation fine root trait responses to warm-
ing, more realistic organic nutrient access, shifts in allo-
cation, and mycorrhizal fungal biomass turnover. Overall,
the new model is a useful tool for model-data integration,
hypothesis testing in ecosystem carbon-nitrogen-phosphorus
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cycling, and investigating boreal peatland responses to envi-
ronmental change.

Code and data availability. The ELM-OLD and ELM-MYCI
source codes used to conduct all simulations in this study are
available at https://doi.org/10.5281/zenodo.17582789 (Wang
and Ricciuto, 2025). The main branch of the E3SM model
is at https://github.com/E3SM-Project/E3SM (last access: 26
June 2026) and https://doi.org/10.11578/E3SM/dc.20240930.1
(E3SM Project, 2024). ELM simulations must be conducted as
land-only simulations in the E3SM framework, and the doc-
umentation for conducting such simulations are available at
https://docs.e3sm.org/E3SM/ELM/user-guide (last access: 26 June
2026). All the accelerated spin-up simulations in this study used
the ICB1850CNRDCTCBC compset. All the normal spin-up sim-
ulations in this study used the ICB20TRCNPRDCTCBC compset.
All the transient and treatment simulations in this study used the
ICB20TRCNPRDCTCBC compset. The analysis and plotting
codes are available at https://doi.org/10.5281/zenodo.17584835
(Wang, 2026).

The list of input and evaluation data used by this study is as fol-
lows:

— Environmental forcings:  https://doi.org/10.3334/CDIAC/
spruce.032 (Hanson et al., 2016b)

— Water table depth: https://doi.org/10.25581/spruce.079/
1608615 (Hanson et al., 2020b)

— Carbon fluxes: https://doi.org/10.25581/spruce.052/1433837
(Hanson et al., 2018a),
https://doi.org/10.25581/spruce.051/1433836 (Hanson et al.,
2018b), https://doi.org/10.25581/spruce.077/1607860 (Malho-
tra et al., 2020b), https://doi.org/10.25581/spruce.049/1426474
(Norby and Childs, 2018),
https://doi.org/10.25581/spruce.104/1922635  (Stelling et
al., 2024)

— Pore-water chemistry: https://doi.org/10.3334/CDIAC/spruce.
028 (Griffiths et al., 2016)

— Resin-exchange measurements:
https://doi.org/10.3334/CDIAC/spruce.036 (Iversen et
al., 2017a)

— Ectomycorrhizal  colonization of tree root  tips:

https://doi.org/10.25581/spruce.119/2476173 (Duchesneau et
al., 2024b).

Supplement. The supplement related to this article is available on-
line at https://doi.org/10.5194/gmd-19-5827-2026-supplement.
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