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Abstract. Vegetation models are indispensable tools for in-
vestigating and projecting the terrestrial carbon cycle, both as
standalone models and embedded in global climate models.
However, current models vary widely in their representation
of ecosystem processes and consequently in their projected
future carbon dynamics. Eco-evolutionary optimality (EEO)
approaches, which derive and test hypotheses about optimal
plant behaviour under specific environmental conditions as
a consequence of natural selection, have been proposed as a
means to improve the reliability of vegetation models and
the robustness of their future projections. Here we embed
EEO-derived models for photosynthesis and leaf dark respi-
ration, and their acclimation to changing conditions, into the
widely used LPJ-GUESS vegetation model. We evaluated the
simulated gross primary production (GPP) patterns against
remotely-sensed GPP derived from sun-induced fluorescence
and found that the EEO configurations improved the spatial
distributions (a mean reduction in error of 15 % across grid-
cells) and global interannual variability (a mean reduction in
error of 32 % after accounting for differences in global totals)
compared to the standard version of LPJ-GUESS. Evaluation
against GPP fluxes from eddy flux covariance measurements
also showed improved performance, the R2 of 5 d GPP in-
creased from 0.45 to 0.48 (averaged across 147 sites). The
simulated global carbon pools, fluxes, burnt area and biome

distributions were not impacted substantially. The improve-
ments were achieved with no alteration to processes except
photosynthesis, respiration and plant water uptake, and with
no recalibration or tuning. The EEO configuration also re-
duced model run time and eliminated the need for poorly-
constrained PFT-dependent parameters governing the tem-
perature response of photosynthesis. As well as being a tangi-
ble improvement to LPJ-GUESS, this study further confirms
the usefulness of EEO approaches to improve global vegeta-
tion models.

1 Introduction

Aggregated terrestrial photosynthesis, known as gross pri-
mary productivity (GPP), is a major flux in the global carbon
cycle (Anav et al., 2015). Only about half of the carbon fixed
by photosynthesis is used to produce biomass (Collalti et al.,
2020), and a large proportion of the remainder is respired to
support maintenance of tissues (Atkin et al., 2015). The pho-
tosynthetic apparatus in leaves is particularly costly to main-
tain, and leaf maintenance respiration, referred to here as leaf
dark respiration (Rd), is estimated to use around 25 % of GPP
(Piao et al., 2013; Ren et al., 2024). Understanding the re-
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sponse of these large carbon fluxes to environmental condi-
tions is pivotal for understanding and simulating Earth sys-
tem dynamics (Lombardozzi et al., 2015), especially given
the strong coupling between the atmosphere and the bio-
sphere.

Models of the terrestrial biosphere, including dynamic
global vegetation models (DGVMs) and land surface mod-
els (LSMs), typically simulate GPP and Rd as part of their
terrestrial carbon cycle. Although there is some shared an-
cestry between such vegetation models, they make different
assumptions about the mechanisms controlling GPP and Rd,
and different choices about the number of plant functional
types (PFTs) they use and their associated parameter val-
ues. Whilst the models usually reproduce the present day
spatial patterns of GPP reasonably well, they show very di-
vergent patterns of carbon uptake by the biosphere under
future climate change projections (Arora et al., 2020) re-
flecting a lack of understanding of the controls on these ba-
sic processes (De Kauwe et al., 2014; IPCC, 2023; Pren-
tice et al., 2015). Most models simulate photosynthesis using
the Farquhar, von Caemmerer and Berry (FvCB) biochem-
ical model (Farquhar et al., 1980) or the modified version
proposed by Collatz et al. (1991, 1992), both of which re-
quire three parameters: Vcmax, the maximum carboxylation
rate; Jmax, the maximum electron transport rate; and ci : ca,
the ratio of leaf-internal to external CO2 concentration, χ .
Although the FvCB biochemical model (or Collatz variant)
is common across vegetation models, they take different ap-
proaches to defining these parameters. They also take dif-
ferent approaches to modelling Rd. Many models treat dark
respiration as a temperature dependent process, assume that
this is proportional to Vcmax at a fixed temperature (usually
25 °C) and treat this as a constant per PFT and model the
temperature dependence of Rd and Vcmax with separate Ar-
rhenius equations (Crous et al., 2022). However, some mod-
els consider respiration as a function of the available carbon
substrate pool or consider the requirements for maintenance
and growth separately (Atkin et al., 2017).

Photosynthesis and dark respiration respond to environ-
mental conditions on two different timescales. On short
timescales (i.e. near instantaneous), Vcmax, Jmax and Rd re-
spond to changes in temperature as they are governed by
enzyme kinetics. Over longer timescales (days to weeks)
plants optimize their photosynthetic capacities, dark respira-
tion and stomatal behaviour to changing environmental con-
ditions through acclimation (Kumarathunge et al., 2019; Re-
ich et al., 2016, 2021; Smith et al., 2019; Smith and Dukes,
2013). The representation of acclimation in current vegeta-
tion models is limited. Some models do not represent thermal
acclimation (e.g. Krinner et al., 2005; Niu et al., 2011), while
those that do use represent thermal acclimation using em-
pirical functions and PFT-specific parameters derived from
databases of plant trait measurements (Atkin et al., 2015;
Kattge and Knorr, 2007) but using different timeframes rang-
ing e.g. from the last 10 d or current monthly mean (Butler et

al., 2021; Haverd et al., 2018; Huntingford et al., 2017; Mer-
cado et al., 2018; Oliver et al., 2025; Vuichard et al., 2019).
Models that include acclimation to changing temperature do
not consider acclimation to other drivers such as atmospheric
CO2 concentration, [CO2] (Bagley et al., 2015; Sage et al.,
1989; Tissue et al., 1993), radiation (Atkin et al., 1998; Ghan-
noum et al., 1997; Liu et al., 2024), and VPD (Li et al., 2018;
Middleby et al., 2024).

The Lund-Potsdam-Jena (LPJ-) DGVM (Sitch et al., 2003)
and related models like LPJ-GUESS (Smith et al., 2014)
adopt a somewhat different approach for calculating Vcmax
and Rd. In this case an optimal daily Vcmax is calculated
based on the assumption that plants optimise the net leaf-
level photosynthetic gain, i.e. GPP−Rd, for a given daily
temperature, radiation, daylength and [CO2]. An additional
temperature-response of photosynthesis is included accord-
ing to an empirically-derived unimodal response function,
with fixed (and poorly constrained) parameters for tropical,
temperate and boreal PFTs (Sitch et al. 2003). Rd is linearly
related to Vcmax so is also adjusted daily. Whilst this formula-
tion allows plants to adjust their photosynthetic capacity and
Rd according to temperature, it is not a reasonable represen-
tation of acclimation as the timescale of this adjustment (1 d)
is unrealistically short.

Eco-evolutionary optimality (EEO) approaches have been
suggested as a means to improve the vegetation models and
enable more robust predictions by improving the represen-
tation of ecosystem processes and reducing the reliance on
poorly constrained parameters (Harrison et al., 2021). EEO
theory assumes that processes are optimised by natural selec-
tion and proposes concrete hypotheses about plant behaviour
in response to environmental conditions. EEO hypotheses fo-
cus on predicting optimal plant function given environmen-
tal conditions, whilst acknowledging that plants do not im-
mediately achieve this optimum but rather will adjust their
functioning towards the predicted optimum at an appropri-
ate time scale – i.e. they explicitly account for acclimation.
This time scale varies from days-to-weeks for ecophysiolog-
ical processes, to millennia or longer for evolutionary pro-
cesses. A further advantage of EEO approaches is that they
are based on equations derived from hypothesised plant be-
haviour rather than empirical relationships, and so they are
innately well-suited to represent the broad spectrum of plant
behaviour and dynamic traits, without discretising vegetation
into PFTs with fixed trait values.

The P-model (Prentice et al., 2014; Stocker et al., 2020;
Wang et al., 2017) is a universal model of GPP which
combines three EEO hypotheses (the least cost hypothesis,
the coordination hypothesis and the cost-benefit hypothesis
for Jmax: see Materials and Methods) and the FvCB model
of C3 photosynthesis. It simulates responses of photosynthe-
sis to temperature, solar radiation, vapour pressure deficit,
[CO2] and atmospheric pressure. The standard version of the
P-model (P model v1: Stocker et al., 2020) uses weekly or
monthly climate inputs and so implicitly includes acclima-
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tion of ecophysiological processes on a weekly-to-monthly
timescale. The sub-daily version of the P-model (Mengoli et
al., 2022), which was explicitly designed for incorporation in
LSMs, separates the instantaneous and acclimated response
of photosynthesis to temperature where the acclimated re-
sponse was determined from noontime conditions over a pe-
riod of ∼ 15 d (Mengoli et al., 2022). A similar acclimation
timescale has been identified for leaf dark respiration (Ren et
al., 2024). Ren et al. (2025) have incorporated both the sub-
daily P-model and an EEO-based scheme for Rd that repre-
sents the adjustment of leaf respiration to nighttime tempera-
ture and the coupling of Vcmax with canopy level Rd into the
Noah-MP LSM. They showed that overestimation of GPP
(10 %) and canopy respiration (200 %) in the standard ver-
sion of the Noah-MP model compared to observed values at
eddy covariance flux sites was substantially reduced (GPP:
2 % overestimation; canopy respiration: 8 % overestimation),
pointing to the utility of adopting these schemes in vegetation
models.

In this study we test the applicability of EEO-derived rep-
resentations of leaf-level processes, including explicit repre-
sentation of acclimation, in LPJ-GUESS (Smith et al., 2001,
2014). LPJ-GUESS is a widely-used, community-developed
DGVM, which has also been implemented as an LSM in a
number of climate models (Döscher et al., 2022; Forrest et
al., 2020; Weiss et al., 2014). Our focus here is to go beyond
the site-scale study with prescribed absorbed radiation and
vegetation types of the Noah-MP study global implementa-
tion (Ren et al. 2025) by testing globally and with fully prog-
nostically calculated light absorption and simulated vegeta-
tion dynamics. Specifically we (i) implemented the P-model
and a complementary representation of leaf dark respiration
in LPJ-GUESS, (ii) compared the simulated global GPP with
a remotely-sensed GPP product based on sun-induced fluo-
rescence (SIF), (iii) compared simulated GPP with measure-
ments from eddy flux covariance sites and (iv) evaluated the
effects of the new implementation on simulated global car-
bon pools and fluxes, water fluxes and the distribution of veg-
etation types.

2 Materials and methods

2.1 LPJ-GUESS (Lund-Potsdam-Jena General
EcoSystem Simulator)

LPJ-GUESS (Smith et al., 2001, 2014) integrates processes
ranging from ecophysiology and tree population dynamics
to biogeochemical cycles, global vegetation biome changes,
disturbances by wildfires and (in specific versions, not here)
land use. The processes described in this section are en-
abled for all simulations presented here, unless specifically
mentioned as modified or disabled for the EEO version of
the model. Vegetation dynamics are simulated as the emer-
gent outcome of growth and competition for light, space

and soil resources (here nitrogen and water) among woody
plant individuals and a herbaceous understorey in each of
a number of replicate patches representing “random sam-
ples” of each simulated locality or grid cell. These replicate
patches differ due to the stochastic processes of establish-
ment, mortality and disturbance, and so represent landscape
heterogeneity driven by succession dynamics. The simulated
plants are classified into one of a number of Plant Functional
Types (PFTs) discriminated by growth form, phenology, pho-
tosynthetic pathway (C3 or C4), bioclimatic limits for estab-
lishment and survival and, for woody PFTs, allometry and
life history strategy. These traits determine which PFT com-
petes most successfully in a given environment and, thereby,
the relative cover of each PFT. Here we used the standard
global PFTs set with ten tree PFTs and two herbaceous PFTs
following Smith et al. (2014).

LPJ-GUESS’s existing photosynthesis scheme follows the
approach of LPJ-DGVM (Sitch et al., 2003), with the addi-
tion of a nitrogen limitation on photosynthetic rates follow-
ing (Smith et al., 2014). Canopy fluxes of CO2 and water
vapour are calculated by a coupled photosynthesis and stom-
atal conductance scheme based on the approach of BIOME3
(Haxeltine and Prentice, 1996a, b). The scheme first calcu-
lates optimal photosynthesis in the absence of water stress
by calculating the Vcmax which maximises net photosynthe-
sis after accounting for leaf dark respiration (i.e. GPP−Rd)
assuming fully open stomata i.e. χ = χmax = 0.8. Rd is cal-
culated as a fixed fraction of Vcmax. This Vcmax is used to
calculate the unstressed photosynthesis and the correspond-
ing transpirational water demand (via the requisite canopy
conductance and the Priestly-Taylor representation of evap-
otranspiration). This demand is then compared to the water
supply through roots from the soil to determine if the plant
is water stressed. If this is the case, and the canopy conduc-
tance is down-regulated until the demand matches the sup-
ply, which also reduces χ and photosynthesis. Water sup-
ply here was calculated using LPJ-GUESS’s default water
update take scheme (referred to as “ROOTDIST”) which
calculates supply as the product of plant root-distribution-
weighted soil moisture and a maximum transpiration rate
(5 mm d−1). In this water uptake scheme, plant water avail-
ability is not limited by soil moisture content until the wilting
point is reached, at which point available water is zero.

Nitrogen limitation is introduced to LPJ-GUESS’s stan-
dard photosynthesis calculation as a scalar on Vcmax before
any consideration of water stress (i.e. at the calculation of
unstressed photosynthesis above). The scalar is the ratio of
current photosynthetically-active leaf N content to the op-
timal leaf nitrogen. The latter is calculated based on un-
stressed Vcmax following (Haxeltine and Prentice, 1996a) and
the former depends on soil N availability and the individual’s
uptake strength which depends on root surface area (Smith et
al., 2014).

After subtracting respiration costs, the net primary pro-
duction (NPP) accrued by an individual woody plant or the
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herbaceous layer each simulation year is allocated to leaves,
fine roots and, for woody PFTs, sapwood, following a set of
allometric relationships for each PFT, resulting in biomass,
height and diameter growth (Sitch et al., 2003). Popula-
tion dynamics (recruitment and mortality) are represented as
stochastic processes, influenced by current resource status,
demography and the life history characteristics of each PFT
(Hickler et al., 2004). In the global standard version here,
vegetation-stand-destroying disturbances are simulated as a
stochastic process, affecting individual vegetation patches
with an expectation of 0.01 yr−1, which very roughly mim-
ics natural disturbances such as tree diseases, storms and
bark beetle attacks. In addition, wildfires are modelled prog-
nostically using the SIMFIRE model (Knorr et al., 2014)
with fire emissions and mortality calculated with the BLAZE
model (Rabin et al., 2017) and are enabled in all simulations
presented here. Litter arising from phenological turnover,
mortality and disturbances enters the soil decomposition cy-
cle. The carbon and nitrogen soil decomposition dynam-
ics are jointly simulated using a scheme adapted from the
CENTURY model (Parton et al., 1993). The soil hydrology
scheme follows Gerten et al. (2004) which includes intercep-
tion, infiltration, and percolation, and was recently updated
to use 15 soil layers (Zhou et al., 2024).

2.2 The P-model

The P-model v1.0 (Stocker et al., 2020) combines an
optimality-derived light-use efficiency (LUE) prediction
with the Farquhar–von Caemmerer–Berry model for C3 pho-
tosynthesis (FvCB). The LUE prediction is based on three
EEO hypotheses. The Coordination Hypothesis (Chen et al.,
1993; Haxeltine and Prentice, 1996a; Maire et al., 2012) as-
sumes that plants equalise their RuBisCo-limited rate of pho-
tosynthesis (Vcmax) and their electron-transport limited rate
of photosynthesis (limited by both Jmax, the maximum rate
of electron transport, and absorbed light) under growth con-
ditions on a weekly-to-monthly timescale to optimise the use
of available light. The Least Cost Hypothesis (Prentice et al.,
2014) states that plants minimise the sum of the costs per unit
assimilation for maintaining their apparatus for photosynthe-
sis and transpiration. The Cost-Benefit Hypothesis for Jmax
(Peng et al., 2020; Wang et al., 2017) posits that plants opti-
mise their Jmax so as to maximise the net benefit i.e. the ben-
efit to their assimilation rate minus the cost of maintaining
their electron transport chain. Predictions for Vcmax, Jmax,
and χ (the ratio of leaf intercellular CO2 concentration to
atmospheric CO2 concentration) are derived from these as-
sumptions and used to calculate gross assimilation rates us-
ing the FvCB model (Stocker et al., 2020; Wang et al., 2017).
The P-model v1.0 also includes a temperature-dependent
quantum yield of photosynthesis, ϕ0, and an empirical soil
moisture limitation factor which was calibrated from a sub-
set of the globally available eddy flux covariance measure-
ment sites (Stocker et al., 2020). The model calculates LUE

on a monthly timestep (to implicitly account for acclimation
assuming an acclimation time scale of one month) but calcu-
lates photosynthesis on a finer timestep, with both daily and
8 d averages giving similar results. Cai and Prentice (2020)
extended the P-model to include C4 photosynthesising plants
by accounting for their increased LUE due to their CO2 con-
centrating mechanism at the cost of a lower ϕ0. The model
was further developed by Mengoli et al. (2022) to calculate
photosynthesis on a subdaily time step and to explicitly ac-
count for acclimation with an acclimation period of approxi-
mately 15 d.

The P-model as implemented in this study takes the
v1.0 model as a starting point (including the temperate-
dependent ϕ0 and the empirical soil moisture stress function)
and also includes the extension for C4 photosynthesis and the
explicit 15 d acclimation period from Mengoli et al. (2022) in
place of the implicit monthly acclimation used in Stocker et
al. (2020). However, as LPJ-GUESS uses daily mean values
for climate inputs, we do not implement the full subdaily P-
model. Instead, we use daily mean values both for acclima-
tion and for the calculation of GPP. Thus the model presented
here is a hybrid between the P-model v1.0 (Stocker et al.,
2020) and the subdaily P-model (Mengoli et al., 2022), with
the additional approximation that plants acclimate to daily
mean conditions.

Conceptually, GPP is calculated as the product of light
use efficiency and absorbed photosynthetically active radi-
ation (Iabs):

GPP= Iabs ·LUE (1)

where Iabs is in turn calculated the product of incoming solar
radiation (PAR, mol s−1 m−2), the fraction absorbed of PAR
absorbed by a vegetation (fAPAR, dimensionless) and the
canopy-to-leaf scaling parameter, αa (dimensionless), which
accounts for inefficiencies in the canopy absorption of PAR
(i.e. losses due to absorption by woody tissues and gap in the
canopy), i.e.

Iabs = PAR · fAPAR ·αa. (2)

However, in practical terms, LPJ-GUESS photo-
synthesis is calculated per individual and in terms
of Aindiv (mol s−1 m−2), the assimilation rate of a veg-
etation individual. Accordingly, the daily GPP of one
individual (g C m−2 d−1) for 1 d is defined as

GPPindiv = Aindiv ·Cmass · daylength (3)

where Cmass is the molar mass of carbon and daylength is the
number of seconds in day. Grid cell total GPP is then the sum
of all GPPindiv.

In LPJ-GUESS, each individual intercepts its own share
the incoming solar radiation depending on its position in the
canopy, thus giving rise to its own Iabs, i.e.

Iabs,indiv = PAR · fAPARindiv ·αa (4)
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where fAPARindiv is calculated following LPJ-GUESS’s
standard light interception scheme (Smith et al., 2001).

To calculate Aindiv we require acclimated values for the
photosynthetic capacities Vcmax and Jmax, and for χ , the ra-
tio of leaf-internal to ambient CO2 concentration, also rep-
resented as ci : ca, where ci is the leaf internal CO2 par-
tial pressure and ca is the atmospheric CO2 partial pressure
(calculated as ca = [CO2] ·p× 10−6). Calculating these re-
quires first calculating daily optimal values (which we de-
note Vcmax,opt, Jmax,opt and χopt) via the P-model based on
the daily temperature (T ), vapour pressure deficit (D), and
atmospheric pressure (p). These optimal values are done sep-
arately for C3 and C4 photosynthesis but apply to all vege-
tation individuals of a given photosynthesis pathway as all
individuals are assumed to experience the same daily T , D
and p.

In the P-model, χ , is calculated via ξ , the parameter that
controls how strongly stomatal behaviour responds to VPD.
It is in fact ξ that is optimised, and following the Prentice
et al. (2014) application of the Least Cost Hypothesis, opti-
mal ξ and χ are given by

χopt =
0∗

ca
+

(
1−

0∗

ca

)
·

ξopt

ξopt+
√
D

(5)

where

ξopt =

√
β · (K +0∗)

1.6 · η∗
(6)

where β is the ratio of carboxylation to transpiration cost
25 °C, taken as a globally-fitted constant value of 146 for
C3 photosynthesis (Stocker et al., 2020) and 146/9 for
C4 photosynthesis (Bernacchi et al., 2001); K(T ) is the ef-
fective Michaelis–Menten coefficient for Rubisco kinetics
(see Sect. A1); 0∗(T ,p) is the photorespiratory point in the
absence of dark respiration (see Sect. A2); and η∗(T ,p) is
the correction factor for the viscosity of water relative to its
value at 25 °C calculated following (Huber et al., 2009).

Daily optimal Vcmax and Jmax (Vcmax,opt and Jmax,opt) are
calculated based on Mengoli et al. (2022, their Eqs. 1 and 2)
but on a per unit Iabs basis (so Iabs removed) and refactored
in terms of mC and mJ defined as:

mC =
χopt−0

χopt+ κ
(7)

mJ =
χopt−0

χopt+ 20
. (8)

0 = 0∗/ca and κ =K/ca for convenience. Defining via mC
and mJ allows us to conveniently adopt the approximation
that for C4 photosynthesis mC =mJ = 1 following (Cai and
Prentice, 2020).

Thus

Vcmax,opt =
ϕ0

√
m2
J − c

∗2/3 ·m
4/3
J

mC
(9)

Jmax,opt =
4 ·ϕ0√

1/
{

1−
(
c∗

mJ

)2/3
}
− 1

(10)

where c∗ is a cost factor estimated to be 0.41 (Wang et al.,
2017) and ϕ0(T ) is the temperature-dependent quantum yield
for photosynthesis which differs for C3 and C4 photosynthe-
sis (see Sect. A3). Under conditions of very high T and D,
the square root term in Eq. (10) yields an imaginary number;
in this case all photosynthesis rates are set to zero.

The values are then standardised to 25 ◦C:

Vcmax25,opt = Vcmax,opt/fV(T ) (11)
Jmax25,opt = Jmax,opt/fJ(T )(12) (12)

where fJ(T ) and fV(T ) are Arrhenius functions (see
Sect. A4) with activation energies of 71 513 and
49 884 J mol−1 for Vcmax and Jmax respectively.

To acclimate these values for day, d, we apply the
weighted-mean method with α = 0.067 which corresponds
to an acclimation time of approximately 15 d (Mengoli et al.,
2022). These must be calculated on a per-individual basis be-
cause individuals intercept different Iabs and so values are
scaled by their specific Iabs,indiv. We use the indiv subscript
to indicate values that are both acclimated and specific to a
vegetation individual, the acclim subscript indicates quanti-
ties that are acclimated but are common to all vegetation in-
dividuals (but still depends on their photosynthetic pathway).
In full:

V dcmax25,indiv = (1.0−α) ·V
d−1
cmax25,indiv+ Iabs,indiv ·α

·Vcmax25,opt (13)

J dmax25,indiv = (1.0−α) · J
d−1
max25,indiv+ Iabs,indiv ·α

· Jmax25,opt (14)

ξdacclim = (1.0−α) · ξ
d−1
acclim+α · ξ

d
opt. (15)

The standardised values at 25 °C are then scaled back to the
daily temperature to give rates for that individual for that day,

Vcmax,indiv = V
d
cmax25,indiv · fV(T ) (16)

Jmax,indiv = J
d
max25,indiv · fJ(T )(17) (17)

(dropping the superscript d for convenience).
We also calculate acclimated χ , χacclim, from Eq. (5) us-

ing ξdacclim in place of ξdopt.
Given these acclimated values for the day, we can cal-

culate Aindiv as the minimum of the electron transport
rate, AJ,indiv, and the carboxylation rate AC,indiv (both
in µmol CO2 m−2 s−1) i.e.

Aindiv =min
(
AC,indiv,AJ,indiv

)
(18)
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where

Ac,indiv = Vcmax,indiv ·mC (19)
AJ,indiv = J ·mJ/4 (20)

and where

J =
4 ·ϕ0 · Iabs,indiv√

1+
(

4·ϕ0·Iabs.indiv
Jmax,indiv

)2
(21)

and mJ and mC are calculated following Eqs. (7) and (8) but
with χacclim in place of χopt.

The final daily GPP values are scaled using LPJ-GUESS’s
soil moisture (θ , distinct from the parameter in Table 1) and
the soil moisture correction (β ∈ [0,1]) described in Stocker
et al. (2020). The correction has two relationships: the first
defines the response to soil moisture as a quadratic expres-
sion below a certain threshold (θ∗) and 1 (i.e. no soil mois-
ture stress) above this threshold,

β =

{
q(θ − θ∗)2+ 1, θ ≤ θ∗

1, θ > θ∗
(22)

where θ∗ is set to 0.6 globally and q is a sensitivity parame-
ter related to the aridity regime of the location, quantified by
the mean annual ratio of actual to potential evapotranspira-
tion (AET/PET), and is defined by

q =
β0− 1
θ∗− θ0

(23)

where θ0 is 0 in the global calibration and β0 is given by

β0 = âθ + b̂θ (AET/PET). (24)

The parameters âθ and wideb̂θ are calibratable parameters,
here set to 0 and 0.685, respectively, following Stocker et
al. (2020).

2.3 Leaf dark respiration

Given that we use mean daily climate inputs in LPJ-GUESS,
we cannot implement the acclimation of respiration scheme
proposed by Ren et al. (2025) which considers acclimation
to both daytime and nighttime temperatures. Instead we use
a simpler EEO-scheme which assumes that the dark respira-
tion rate at standard temperature (25 °C), Rd,25, is a constant
fraction of Vcmax,25 (Wang et al., 2020). Thus,

Rd,25 = b25×V
d
cmax25,indiv (25)

where b25 = 0.03 based on fits to experimental data (Wang
et al., 2020).

Daily leaf dark respiration rates are calculated from Rd,25
and the daily mean temperature using an empirical relation-
ship from Heskel et al. (2016),

Rd = Rd,25× e
0.1012(T−25)−0.0005

(
T 2
−252)

. (26)

2.4 Overview of integration into LPJ-GUESS

All P-model and leaf respiration functions were included via
a new source code module. Program control was modified
using a switch use the P-model photosynthesis which also
automatically uses the EEO leaf dark respiration formula-
tion. To improve runtime efficiency by taking advantage of
the parameter-sparse nature of the P-model, the P-model op-
timality calculation (Eqs. 5 and 6) was only performed once
per day for C3 and once per day for C4 photosynthesis us-
ing the daily mean temperature, atmospheric pressure and
VPD of that day. After scaling to a standard temperature of
25 °C, this produced daily optimal values for C3 and C4 pho-
tosynthesis for Vcmax,25 and Jmax,25 on a per unit Iabs basis.
These daily optimal values are universal for all PFTs of a
given photosynthetic pathway because the P-model has no
PFT-specific parameters. However, in LPJ-GUESS, individ-
uals have PFT-specific parameters for structural, phenologi-
cal, and demographic traits which are unchanged here. This,
combined with their position in the canopy, gives each in-
dividual its own daily Iabs. So the daily optimal values (per
unit Iabs) were then multiplied by the daily Iabs value to give a
daily optimal Vcmax,25 and Jmax,25 for each tree individual as
well as for C3 and C4 grasses. These values were then used
to calculate the acclimated values per individual following
the weighted mean approach of Mengoli et al. (2022). This
technical optimisation works without any loss of precision
because the first use of Iabs is in Eqs. (13) and (14) where it
enters linearly, so optimal Vcmax,25, and Jmax,25 can be cal-
culated universally on a per unit Iabs basis.

The interface for the coupling of carbon and water fluxes
with the rest of LPJ-GUESS was unchanged except that the
standard water uptake mechanism, which is the lower of the
demand from photosynthesis and supply from the soil, was
replaced such that water uptake is determined by the de-
mand from photosynthesis after adjustment by an empirical
soil water stress function from Stocker et al. (2020). This
results in water uptake being fully consistent with the photo-
synthetic requirement without consideration of whether the
governing mechanism is supply or demand as in standard
LPJ-GUESS. In the rare case that available soil water was
above zero but insufficient to satisfy the P-model demand
at a given time step, photosynthesis is scaled down propor-
tionally to the fraction of the demand satisfied by the avail-
able water. Thus, if the P-model water demand is 1.0 mm but
only 0.4 mm are available in the soil, photosynthesis would
be reduced to 40 %. The standard water supply functional-
ity in LPJ-GUESS was still used, however, to calculate the
daily water stress to determine the phenological state of the
raingreen tree PFT and grasses to ensure consistency with
phenology calculations in LPJ-GUESS which were other-
wise unchanged. We used the SMART water uptake scheme
(Lapides et al., 2024) since this is most consistent with the
EEO assumption that plants will derive water from the to-
tal soil volume rather than having a PFT-specific fixed root-
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Table 1. Comparison of LPJ-GUESS’s original photosynthesis scheme with the P-model implementation of this study.

LPJ-GUESS photosynthesis
based on Haxeltine and
Prentice (1996a, b)

P-model photosynthesis – this
study following (Cai and
Prentice, 2020; Mengoli et al.,
2022; Stocker et al., 2020)

Notes

Environmental drivers

Temperature Temperature Daily mean air temperature in
both cases

Absorbed photosynthetically
active radiation

Absorbed photosynthetically
active radiation

Determined per-individual by
LPJ-GUESS’s fAPAR scheme
in both cases.

Atmospheric CO2 partial
pressure

Atmospheric CO2 partial
pressure

Soil moisture availability
(multiple soil water uptake
schemes available, see below)

Soil moisture availability (via a
non-EEO empirical function
fitted to eddy flux covariance
data, see below)

Equilibrium evapotranspiration
(EET, depends on temperature
and incoming solar radiation)

Vapour pressure deficit, D Original formulation does not
use observed atmospheric
humidity

PFT-dependent
parameters

Four to control the shape of the
temperature response scalar for
photosynthesis.

None LPJ-GUESS parameters are
poorly constrained and in
actuality only distinguish
boreal, temperature and
tropical responses

Global parameters

αa (= 0.6) αa (= 0.95) Leaf-to-canopy scaling factor,
poorly constrained.

χmax (= 0.8) χmax (= 0.95) Maximum χ , P-model value
demonstrably more plausible
(Wang et al., 2017)

θ (= 0.7) – Shape parameter governing
colimitation between Vcmax
and Jmax (Haxeltine and
Prentice, 1996b)

– β (= 146 for C3, = 146/9 for
C4)

Ratio of carboxylation to
transpiration cost (Stocker et
al., 2020)

– c∗ (= 0.41) Unit cost relating to
maintaining Jmax (Stocker et
al., 2020)

– ĈL (= 0.087182) Calibratable parameter
capturing leaf absorption
properties and the maximum
quantum yield (Stocker et al.,
2020)

Quantum yield
efficiency of
photosynthesis

Fixed values Temperature dependent
(Bernacchi et al., 2003)

Acclimation No explicit representation,
plants adjust Vcmax to daily
temperature and moisture
availability without memory of
previous days

Explicit representation of
acclimation with a 15 d period
(Mengoli et al., 2022)
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Table 1. Continued.

LPJ-GUESS photosynthesis
based on Haxeltine and
Prentice (1996a, b)

P-model photosynthesis – this
study following (Cai and
Prentice, 2020; Mengoli et al.,
2022; Stocker et al., 2020)

Notes

Temperature response
of KO, KC and 0∗

Q10 (Haxeltine and Prentice,
1996a)

Arrhenius (Bernacchi et al.,
2001)

Temperature response
of Vcmax and Jmax

None needed (daily values are
calculated at growth
temperature)

Arrhenius (Bernacchi et al.,
2001, 2003)

Water uptake Depends on root distribution,
no dependence on soil water
content until wilting point

Follows Stocker et al. (2020)
empirical scheme which uses
soil water content and aridity
regime to modulate plant
behaviour

Nitrogen limitation Nitrogen limitation on Vcmax
(Smith et al., 2014)

No nitrogen limitation Nitrogen availability depends
on many uncertain processes
and parameters.

ing distribution. The SMART scheme also produces some-
what better results than other water uptake schemes in LPJ-
GUESS.

The P-model does not consider nitrogen limitation, so the
nitrogen limitation of Vcmax of the standard version (Smith et
al., 2014) was not enabled in the EEO configuration. How-
ever, the full nitrogen cycle, including soil organic matter dy-
namics, was enabled in the simulations to confirm that the
full model code was functioning correctly after the modifi-
cations. With one exception, this nitrogen cycling does not
affect the GPP calculation or vegetation functioning. The ex-
ception is that nitrogen availability does, in principle, affect
the relative allocation of biomass to foliage versus fine roots
(Smith et al., 2014). However this was found to be a negligi-
ble effect here, when this was disabled in the EEO simulation
global GPP changed by only ∼ 0.1 % (data not shown).

2.5 Simulation setups

We tested two model configurations: the current LPJ-GUESS
trunk version (git a3506d14, svn r14188), here referred to
“LPJ-GUESS Standard”, and the EEO version with both
the new photosynthesis and leaf dark respiration changes,
here referred to as “LPJ-GUESS EEO”. Both configurations
were run globally (with 30 replicate patches) and at each
of the FLUXNET sites (with 100 replicate patches). The
FLUXNET run configurations differed from the global set-
ting only in their use of the FLUXNET climate data and,
in the case of biomes with clear dominant vegetation types
such as the forest and grassland biomes, restricted PFT lists
to match the vegetation present at the sites (see Table A1).
All simulations followed the standard LPJ-GUESS proce-
dure which comprises a 500 years spin-up period (made

from detrending and repeating the first 30 years of the cli-
mate dataset) followed by a fully transient period from 1901–
2022. For the LPJ-GUESS Standard simulations, the first
100 years was simulated without N limitation to build up
N pools, and then the vegetation was killed and allowed to
re-establish with N limitation enabled (Smith et al., 2014).
Following standard LPJ-GUESS protocol, soil C and N pools
were extrapolated to an estimate of their long-term equilib-
rium using 200 years of modelled fluxes recorded during spin
up.

2.6 Model forcing data

2.6.1 Global forcing data

We used the current standard forcing setup for LPJ-GUESS
at 0.5° spatial resolution for the global simulations. This in-
cludes meteorological forcing (daily mean 2 m temperate,
daily total precipitation, daily total downward shortwave so-
lar radiation, daily atmospheric pressure, daily specific hu-
midity, daily mean wind speed) from the CRU-JRA v2.4 cli-
mate dataset (University of East Anglia Climatic Research
Unit, 2023) from 1901 to 2022. Daily mean relative humid-
ity was calculated from atmospheric pressure, specific hu-
midity and temperature. Vapour pressure deficit (VPD) in-
puts for the P-model were calculated from relative humid-
ity, temperature and atmospheric pressure. The P-model also
requires atmospheric pressure as an input. Here we used at-
mospheric pressure derived from elevation as opposed to the
atmospheric pressure from climate dataset. This is consis-
tent with the approach taken in the P-model development
papers. The other standard LPJ-GUESS input datasets used
were: CO2 concentration (Friedlingstein et al., 2023); nitro-
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gen deposition (Lamarque et al., 2013) and population den-
sity (Klein Goldewijk et al., 2010, used only for the SIM-
FIRE fire model).

2.6.2 FLUXNET forcing data

We started with all 212 sites available in the
FLUXNET2015 dataset (Pastorello et al., 2020),
downloaded from the FLUXNET data portal
(https://fluxnet.org/data/download-data/, last access: 9
August 2024). We extracted daily climatic variables for each
site, including near-surface air temperature, daily maximum
and minimum temperature, wind speed, precipitation, short-
wave radiation, atmospheric pressure, and relative humidity.
Using the site-specific periods of record, bias correction was
applied to the CRU-JRA v2.4 climate dataset for each of the
climatic variables with the Python package ibicus (Spuler
et al., 2024), following the ISIMIP3BASD (Lange, 2019)
bias correction methodology. Sites with less than one year of
valid data for any required climate variable were excluded,
resulting in a final set of 205 sites. For each retained site,
observed FLUXNET meteorological data were merged with
the bias-corrected forcing time series over the overlapping
period, ensuring that in situ observations were used wherever
available.

2.7 Evaluation data

The GOSIF GPP product (Li and Xiao, 2019) was used for
global evaluation of spatial patterns, interannual variability
and trend. The monthly GOSIF GPP data for 2001-2022
were aggregated from 0.05 to 0.5° using simple averaging.
GOSIF GPP has recently been reported to overestimate peak
seasonal GPP (Chen et al., 2024) and show decreased accu-
racy under high temperature, low VPD and drought (Qian
et al., 2024). Furthermore, asynchronicity in SIF emission
and GPP has been reported (Yang et al., 2022). Since these
shortcomings could introduce systematic biases in its sea-
sonal cycle of GPP, we evaluated model skill in reproducing
the seasonal cycle with daily eddy flux covariance data from
the FLUXNET2015 dataset (Pastorello et al., 2020). We ex-
cluded cropland (CRO) and wetland (WET) sites since the
EEO configuration does not simulate these land cover types.
Open and closed shrublands (OSH and CSH respectively)
were included to represent arid sites even though the global
LPJ-GUESS configuration does not include shrub PFTs. Par-
titioning of GPP and ecosystem respiration was done using
the nighttime method (Reichstein et al., 2005) and only mea-
surement with quality control value> 0.5 used. We selected
sites with at least 2 years of data in which at least 30 % of the
days had measurements which exceeded the> 0.5 threshold.
This left a total of 147 sites (see supplementary material for
full list and metadata). We focused on GPP averaged over 5 d
with the additional requirement that there were valid mea-

surements on at least four of those days, although we also
report daily and monthly values.

To examine the effect of the EEO implementation on
biome distributions globally, we used potential natural veg-
etation (PNV) data from Haxeltine and Prentice (1996b)
and a matching biome classification scheme for LPJ-GUESS
output (Smith et al., 2014). Whilst newer datasets exist
(e.g. Hengl et al., 2018), the Haxeltine and Prentice (1996b)
dataset, and the accompanying classification scheme, is
widely used in the LPJ-GUESS community and provides a
well-understood point of reference.

GPP is linearly dependent on both light use efficiency and
absorbed radiation and thus any error in fAPAR will propa-
gate to simulated GPP. We therefore investigated the relation-
ship between the error in simulated GPP versus GOSIF GPP
and the error in simulated fAPAR versus observed fAPAR.
To quantify fAPAR we selected a dataset based on AVHRR
LTDR V5 which has had cross-sensor calibration applied,
and has been corrected for orbital drift and cloud cover and
harmonized with MODIS (Jeong et al., 2024). For our calcu-
lation of the modelled fAPAR error, we used data from 2001
to 2021, temporally aggregated to single annual average val-
ues and spatially aggregated from 0.05 to 0.5° using simple
averaging.

2.8 Evaluation metrics

For comparing spatial maps of GPP we use the normalised
mean error (NME, Kelley et al., 2013):

NME=6i |yi − xi |/6i |xi − x| (27)

where yi is the modelled value in grid cell i, xi is the ob-
served value and x is the mean of the observed values across
all grid cells.

As our simulations had different global total GPP, we
used the “normalised mean error – step 2” (NME_2, Kel-
ley et al., 2013) when comparing the interannual variability
of global total GPP. This metric removes the influence of the
mean values by subtracting the mean values from yi and xi
(i.e. xi→ xi − x and yi→ yi − y in Eq. 24). The subscript i
now indexes over globally summed averaged values.

When evaluating the seasonal cycle against eddy flux co-
variance data we used the root mean squared error (RMSE)
and coefficient of determination (r2).

3 Results

3.1 Spatial and temporal patterns of global GPP

Both model configurations produce spatial patterns of GPP
broadly consistent with the observed patterns (Fig. 1). How-
ever, the mean annual GPP simulated by LPJ-GUESS EEO
is 131.9 Pg C yr−11, very similar to the GOSIF GPP esti-
mate of 136.5 Pg C yr−1, whereas the LPJ-GUESS Standard
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Figure 1. Spatial distribution of mean annual GPP (kg C m−2 yr−1) for GOSIP GPP and the LPJ-GUESS simulations (mean 2001–2022).
The inset numbers are mean annual global GPP.

simulation has a larger annual total of 169.5 Pg C yr−1. The
LPJ-GUESS Standard overestimated GPP in most regions
of the world except in some tropical regions and very high
latitudes (Fig. 2). The overall overestimation was much re-
duced in the LPJ-GUESS EEO simulation, but this config-
uration underestimates GPP in the tropical forests (Fig. 2).
The LPJ-GUESS EEO configuration reduced the NME of the
spatial distribution from 0.48 to 0.41 compared to the LPJ-
GUESS Standard, an error reduction of 15 %. The simulated
GPP vs. GOSIF GPP at the grid cell level (Fig. 3) show rea-
sonable agreement with the one-to-one line, with the LPJ-
GUESS Standard showing slightly better fit (goodness-of-fit,
r2
= 0.82; gradient of fitted line, m= 0.87) than the LPJ-

GUESS EEO simulation (r2
= 0.79; m= 0.72). However,

the LPJ-GUESS EEO simulation has an intercept closer to
zero (0.25) than the LPJ-GUESS Standard simulation (0.38).
These comparisons show that the main improvements pro-
duced by the LPJ-GUESS EEO configuration are concen-
trated in regions with lower GPP (< 1 kg C m−2 yr−1) while

the underestimation of GPP by the LPJ-GUESS EEO config-
uration at high GPP values, corresponding to tropical forests,
is responsible for the poorer r2 and gradient.

Given the large difference in mean total GPP between
the two simulations, we compared the trend and interan-
nual variability in global annual GPP (Fig. 4) after multi-
plicatively scaling the model simulations to match the first
year of the GOSIF GPP data. Both configurations show an
increasing trend in GPP over the last two decades, simi-
lar though slightly greater than the trend shown by GOSIF
GPP. The LPJ-GUESS EEO simulation showed larger inter-
annual variability than either the standard configuration or
the GOSIF GPP. However, quantification of model skill using
the NME step 2 (NME_2, to account for differences in the
mean) shows an error improvement of 32 % in LPJ-GUESS
EEO (NME_2= 0.35) compared to LPJ-GUESS Standard
(NME_2= 0.51).
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Figure 2. Spatial distribution of difference in mean annual GPP (kg C m−2 yr−1) for the LPJ-GUESS simulations GOSIF GPP (mean 2001–
2022). The inset numbers are the normalised mean errors (NME).

Figure 3. Scatter plot of gridcell-level mean annual (2001–2022) simulated GPP vs. GOSIF GPP (kg C m−2 yr−1). Black dotted lines are
the one-to-one lines, cyan solid lines are fitted lines.

3.2 Comparison to FLUXNET GPP

There is small but tangible improvement in the simulation of
the seasonal cycle with the EEO configuration, (r2

= 0.48,
calculated for 5 d periods at each site and then averaged
across all sites) compared to the standard configuration (r2

=

0.45) at the 147 eddy flux covariance sites (Fig. 5, Table B2).
Overall RMSE was the same for the EEO and standard con-
figurations (both 2.7 g C m−2 d−2). The EEO configuration

improved the r2 fairly evenly across almost all of the IGBP-
defined biomes (Fig. 5, Table B2) and improved the shape of
the seasonal cycle in the seasonal forest biomes (DBF, MF,
ENF) by better capturing the spring increase and the tim-
ing of peak GPP better, although underestimating the mag-
nitude of the peak (Fig. 6). The EEO configuration had a
poorer r2 than the standard configuration for CSH (r2

= 0.39
compared to 0.54, Table B2), but there are only two sites
and the standard configuration does not include a shrub PFT.

https://doi.org/10.5194/gmd-19-10365-2026 Geosci. Model Dev., 19, 10365–10393, 2026



10376 M. Forrest et al.: Leveraging leaf-level optimality processes improves simulated GPP

Figure 4. Time series of mean annual GPP (Pg C yr−1) for the GOSIF GPP data and simulations. The simulations have been scaled to match
the first year of the GOSIF GPP data.

The performance was also worse for EBF (Table 2), although
this is the least well simulated biome in both configura-
tions. Model performance was generally poorer in grassland,
shrubland, and savanna biomes than in the seasonal forests,
but the EEO configuration generally outperformed the stan-
dard model (Table B2, Fig. C1).

3.3 Leaf dark respiration

The LPJ-GUESS EEO simulation showed significantly lower
Rdthan the LPJ-GUESS Standard simulation (Fig. 7). This
occurred most obviously in the tropical forest regions where
LPJ-GUESS EEO also underestimated GPP (Fig. 2). This un-
derestimation of GPP is likely to be, at least in part, due to
an underestimation of Vcmax, which would directly cause the
underestimation in Rd observed here. The time series (Fig. 8,
scaled to the starting value of the LPJ-GUESS EEO simula-
tion), shows the broad features expected based on the global
results of Ren et al. (2024), with Rd increasing in both simu-
lations but less so in the LPJ-GUESS EEO simulation due to
the explicit representation of acclimation.

3.4 Impact on global properties

The use of the EEO configuration broadly conserved the sim-
ulated global biome distributions (Fig. 9), with only 28 % of
the land area changing biome. These changes are concen-
trated into two distinct zones (Fig. C2). The largest changes
occurred at high latitudes, with a large decrease in Arc-
tic/Alpine Tundra which was replaced by Boreal Decidu-

ous Forest/Woodland class (which better matches the PNV
biome map) and sharp contraction of Arctic/Alpine Tundra
from the highest latitudes (in disagreement with the PNV
biomes map). There are also changes in ecotones around
arid areas (e.g. the Rocky Mountains, around the Mediter-
ranean Sea, and seasonal tropical areas such as the Cer-
rado and the African savannas), where biomes switched var-
iously between arid shrublands and woodlands, grasslands,
and savanna biomes. In the biome classification scheme these
biomes are distinguished by thresholds of woody and grassy
LAI (leaf area index) and the ratio between them, so changes
of this nature imply shifts in tree and grass competitiveness
in water-limited ecosystems. However these changes were
not large enough to produce a shift from non-forest to for-
est biomes (Fig. 9).

Global total vegetation C, NPP, LAI, transpiration, and
run-off were minimally affected by the EEO changes (Ta-
ble 2). The broad picture was a little less vegetation biomass,
accompanied by a reduction in transpiration and an expected,
counter-balancing rise in run-off. Net primary productiv-
ity was slightly reduced by −2.9 %. The total number of
tree vegetation individuals (a specific property of the LPJ-
GUESS model state without a direct real-world analogue)
showed a reduction of 10.1 %, a little more than the biomass
reduction and so indicated a small effect on tree demograph-
ics. Simulated burnt area was not significantly impacted as
demonstrated by a small change of +1.2 %.
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Figure 5. Agreement between site-simulated LPJ-GUESS GPP and FLUXNET2015 averaged across the IGBP classified biomes as quantified
by (A) coefficient of determination (r2, dimensionless) and (B) root mean squared error (RMSE, g C m−1 d−1).

Table 2. Global total values for LPJ-GUESS simulations (mean 2001–2020).

Quantity LPJ-GUESS LPJ-GUESS Percentage
standard EEO change

Total vegetation C (Pg C) 717 671 −6.4 %
Total transpiration (×103 km3 H2O yr−1) 56.9 53.1 −6.7 %
Total runoff (×103 km3 H2O yr−1) 37.2 39 +4.8 %
Total leaf area (Mm2) 376 347 −7.7 %
Net primary productivity (Pg C yr−1) 62.4 60.6 −2.9 %
Burnt Area (Mha yr−1) 230.2 232.9 +1.2 %
Number vegetation individuals (×1012 indiv) 47.0 42.0 −10.1 %

3.5 GPP error with respect to fAPAR error

Errors in the fAPAR simulated by LPJ-GUESS will directly
lead to errors in simulated GPP since we assume that GPP
is linearly proportional to fAPAR. Comparison of the error
in simulated GPP versus the error in simulated fAPAR on a
per-biome basis showed two distinctive patterns, one in the
tropical forest biomes (Tropical Rain Forest, Tropical Sea-

sonal Forest and Tropical Deciduous Forest) and one for all
other biomes (Fig. 10). In non-tropical forest biomes, the er-
rors in GPP and fAPAR are highly correlated. The correlation
of errors in the LPJ-GUESS EEO configuration (Pearson’s
r = 0.72) is stronger than in LPJ-GUESS Standard configu-
ration (r = 0.53), but both lines of best fit pass very close the
origin and most points lying in the lower-left and upper-right
quadrants. In the tropical forest biomes, there is a tendency
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Figure 6. Seasonal cycle of GPP (g C m−2 d−1) from the LPJ-GUESS site simulations and the FLUXENT2015 data aggregated for deciduous
broadleaf forest (DBF), evergreen broadleaved forest (EBF), evergreen needle-leaved forest (ENF) and mixed forests (MF).

for both simulations to overestimate fAPAR whilst simulta-
neously underestimating GPP (slightly more marked in the
LPJ-GUESS EEO simulation), resulting in steeper regression
lines that did not pass close to the origin. The correlation be-
tween the errors was slightly better for LPJ-GUESS Standard
for the tropical forest biomes compared to the other biomes
(r = 0.58), but noticeable worse for the LPJ-GUESS EEO
simulation (r = 0.53).

4 Discussion

The implementation of EEO hypotheses for leaf-level pro-
cesses, including explicit acclimation, produced realistic re-
sults which were in general somewhat better than the original
configuration of LPJ-GUESS. This implementation did not
degrade the model in other respects.

4.1 Compatibility of EEO formulations with
LPJ-GUESS

Overall, we found that including the EEO formulations in
LPJ-GUESS produced reasonable results without the need to
make major compensating changes elsewhere in the model
in terms of process representations or parameter values. This
indicates that the EEO formulations did not cause large dis-
ruptions in the model functioning and highlights a good de-
gree of compatibility between LPJ-GUESS and the EEO hy-
potheses. There were changes in biome classification due to
simulated changes in tree and grass competition, but these
often occurred in areas where shrubs are an important com-
ponent of the vegetation (shrubs which are not considered in
the simulations). This suggests that further improvements to
the simulation of arid ecosystems could be made by includ-
ing a shrub PFT and refining the competition between grass
and woody plants.
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Figure 7. Spatial distribution of mean annual Rd (kg C m−2 yr−1) for the LPJ-GUESS simulations (mean 2001–2022). The inset numbers
are mean annual global Rd.

Figure 8. Time series of mean annual Rd (Pg C yr−1) for the LPJ-GUESS simulations. The simulations have been scaled to match the first
year of the LPJ-GUESS EEO simulation.

The EEO formulations improved the representation of the
spatiotemporal patterns of GPP at both global scale and at
site level, albeit modestly. These improvements come only
from adjusting the light use efficiency (and related water up-
take) aspect of the GPP calculation whilst the fAPAR com-
ponent is simulated using LPJ-GUESS’s existing allocation,
allometry, phenology, and tree population dynamics and dis-
turbance schemes. These schemes exert a major controlling
influence on GPP: allocation, allometry, and the balance be-
tween tree recruitment and mortality (in particular wildfires)

govern the maximum fAPAR and therefore the maximum
GPP attained in the growing season. Phenology (determined
by both soil moisture and accumulated temperature sums) is
key in determining the seasonal development of fAPAR and
hence the timing of GPP. Similarly, both LUE and fAPAR de-
pend on available soil moisture from LPJ-GUESS’s standard
soil hydrology which substantially underestimate soil perco-
lation rates under saturated conditions and therefore under-
estimate plant-available soil moisture (Lapides et al., 2024).
These comparatively coarse and simple global representa-
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Figure 9. Biome distributions simulated by both LPJ-GUESS configurations based on average LAI between 1961 and 1990 using the
classification scheme from Smith et al. (2014) compared to a biome map from Haxeltine and Prentice (1996b).

tions obscure the effects of the P-model on GPP, so the fact
that there are nevertheless observed improvements demon-
strates the capability of the P-model to improve GPP sim-
ulation in vegetation models generally and its compatibility
with LPJ-GUESS specifically.

This high level of compatibility may be due to the fact that
LPJ-GUESS does not use prescribed PFT-specific Vcmax,25
unlike many other vegetation models. Instead LPJ-GUESS
performs a daily calculation of Vcmax based on maximising
GPP−Rd. This daily calculation could be considered to be
a crude form of optimisation and acclimation, albeit with
an unrealistically short timescale for acclimation and non-
rigourously defined optimality criteria. This representation of
light use efficiency in standard LPJ-GUESS was first formu-
lated approximately three decades ago (Haxeltine and Pren-
tice, 1996a, b) in a comparatively data-poor era. The new for-
mulations implemented here are based on better understand-
ing of how plants behave in a universal (i.e. PFT indepen-
dent) way and more extensive evaluation than possible then,
which increases confidence that the model is doing the right
thing for the right reasons and thus will produce more robust
future projections.

Previous applications and validations of the P-model have
predicted mean responses at the ecosystem level, using ei-
ther eddy flux covariance data with their implicit footprint

(Mengoli et al., 2022; Ren et al., 2025) or aggregated across
0.5° gridcells (Cai and Prentice, 2020; Stocker et al., 2020).
Here we apply a P-model variant separately to individuals
in LPJ-GUESS’s cohort-based vegetation state. All individu-
als experience the same temperature and VPD and there are
no PFT specific parameters in the P-model, so the model
yields the same optimal Vcmax and Jmax on a per Iabs basis
on a given day for all individuals of a given photosynthetic
pathway. However, individuals experience different Iabs de-
pending on their position in the canopy and their phenology
and thus have different acclimated Vcmax and Jmax. We have
shown that this approach gives reasonable results when ag-
gregated to the ecosystem level, implying that the P-model
can be applied separately to different vegetation elements
within a simulated structure. This approach also gives rise
to a degree of trait/functional diversity within a modelled
locality, even within a given PFT. This topic warrants fur-
ther study, both in terms of a more detailed analysis of how
the P-model affects vegetation structure and succession dy-
namics in LPJ-GUESS, and how the application of the EEO
principles to different vegetation elements generates trait di-
versity which departs from the community means generally
predicted by the theory.

Although LPJ-GUESS’s “population mode” (which uses a
single average individual per PFT instead of the full cohort
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Figure 10. Comparison of error in simulated GPP and error in simulated fAPAR, split into tropical forest biomes and all other biomes (mean
2001–2022). Blue lines are fitted lines.

structure) is now very rarely used and has not been devel-
oped for quite some time, we tested it with EEO configura-
tion to give some indication of how the EEO formulations
might work with average-individual type models. The global
total GPP increased moderately to 143 Pg C yr−1 and the spa-
tial NME remained unchanged at 0.41 (data not shown). This
rather good performance indicated that the EEO approach
works well with an average individual representation, which
is perhaps to be expected as the EEO formulations were
mostly developed and tested at the ecosystem, as opposed
to individual plant, level.

4.2 Model performance

In terms of global spatial patterns, the use of the P-model
strongly reduced overestimation of GPP in extratropical ar-
eas. However, it also significantly exacerbated a small pre-
existing underestimation in tropical forest areas and at high
latitudes. GOSIF GPP is known to have considerable un-
certainty particularly under extreme conditions, with a ten-
dency to overestimate GPP under high temperature and/or
high VPD conditions (Qian et al., 2024) and peak season

GPP (Chen et al., 2024). This may be responsible for some of
the apparent model underestimation in the humid tropics, but
cannot explain the smaller model overestimation over much
of the seasonal tropics and extratropics.

The P-model configuration improved year-to-year interan-
nual variability in GPP, resulting in a 32 % reduction in er-
ror (even after accounting for differences in the mean val-
ues). The evaluations using eddy flux covariance measure-
ments showed the EEO configuration improved the repre-
sentation of the seasonal cycle of GPP in almost all biomes,
although it underestimated peak summer values in the EBF,
DBF, MF and SAV biomes. The P-model predicts a decline
in light use efficiency with increasing temperatures (beyond
20 °C) which is not supported by observations (Bloomfield
et al., 2023) which may be responsible for this discrepancy.
The P-model configuration reduced the positive bias during
the spring green up. Nevertheless, there is still a bias; this is
a known issue with the P-model (Stocker et al., 2020). The
GPP scores were lower those found by Ren et al. (2024) and
Mengoli et al. (2022). This is to be expected as the configura-
tion tested here used a fully prognostic framework rather than
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prescribing fAPAR, leaf area index or soil moisture which in-
troduces additional model error. It also only used daily mean
rather than subdaily inputs and so does not resolve the diur-
nal cycle of photosynthesis.

The high correlation between GPP error and fAPAR error
in most biomes (i.e. excluding tropical forests) is revealing as
it implies that much of the error in GPP is not due to the error
in light use efficiency calculation but rather from the fAPAR
calculation. This is particularly encouraging for the P-model
as in most biomes it showed notably higher correlation than
standard LPJ-GUESS. Dynamics of fAPAR are controlled by
LAI in LPJ-GUESS and LAI in turn has two controls; the al-
lometry scheme, which determines the carbon allocated to
leaves and therefore seasonal maximum leaf area, and the
phenology scheme, which determines how leaf area responds
to soil moisture and temperature. Both of these could be tar-
geted to improve LAI and consequently fAPAR and GPP.
Recent EEO theory about the controls on LAI (Zhou et al.,
2025) may prove informative for both aspects.

The biggest weakness of the EEO setup is the strong un-
derestimation of GPP in tropical forest biomes. We also
found the relationship between the errors in GPP and the
error in fAPAR to be different in the tropical forests com-
pared to the other biomes. The lines of best fit were steeper
and did not pass through the origin, and many of the points
were in the “positive fAPAR error, negative GPP error” quad-
rant, indicating that even if fAPAR was perfectly simulated,
GPP would be considerably underestimated, particularly by
the EEO configuration. This implies that something different
is going on in the tropical forests, particularly when using
the P-model. One possible cause of the underestimation is
that both the formulation of P-model and the calculation of
fAPAR in LPJ-GESS use the Big Leaf approximation (Sell-
ers et al., 1992) which does not account for diffuse radia-
tion. Plants are believed to make more effective use of dif-
fuse radiation, especially in dense canopies through which it
can better penetrate (Gu et al., 2003), thus potentially caus-
ing the underestimation in tropical forests. Another possible
cause is the previously noted decline in light use efficiency at
higher temperatures; this will likely strongly impact the trop-
ical forests results. The use of daily climate data may also be
a contributing factor.

Another area where the EEO configuration falls short is
the very high latitudes where it underestimates GPP and
therefore also the extent of the tundra, although the stan-
dard configuration shows the same behaviour to a lesser de-
gree. In this case the underestimation can be attributed to
the lack of vegetation adapted to extreme conditions (result-
ing in very short growing seasons) in LPJ-GUESS’s standard
global PFT set. Other models with more focus on the tundra
vegetation, such as BIOME4 (Kaplan et al., 2003), include
arctic-focused evergreen shrub types and deciduous PFTs
with lower accumulated heat sum requirements (which al-
lows them to respond more rapidly to spring warming and so
better take advantage of the short growing season), as does an

arctic wetland and methane focussed version of LPJ-GUESS
(Miller and Smith, 2012; Wolf et al., 2008).

4.3 Effects of acclimation

There is no indication of a large effect of long-term accli-
mation to changing climate and [CO2] on GPP which would
cause the two LPJ-GUESS simulations to diverge. This may
be because standard LPJ-GUESS does not rely on fixed per-
PFT values for Vcmax,25 and already includes a daily optimi-
sation of Vcmax which depends on temperature and [CO2].
This is a form of acclimation, albeit an unrealistically fast
one. However, the inclusion of explicit acclimation may be
playing a role in the reduction of the positive bias in the
northern hemisphere spring seen in the eddy flux covari-
ance comparisons. The simulations did show a larger ef-
fect of acclimation on Rd, as the LPJ-GUESS EEO simu-
lations showed less than half of the increase over 2001–2022
than the LPJ-GUESS Standard simulation in relative terms.
In comparison to the global results of Ren et al. (2024) all
features are somewhat muted; with lower Rd in the LPJ-
GUESS EEO simulation than their equivalent H3 hypothe-
sis results (particularly in the tropics), a smaller increase in
overall in Rd, and a smaller difference between the EEO and
non-EEO times series. As Rd,25 is linked to Vcmax,25, these
differences are likely due, at least in part, to the underestima-
tion of GPP in tropics.

4.4 Other advantages of the EEO configuration in
LPJ-GUESS

In addition to improvements in model skill, the EEO config-
uration provides other scientific and technical benefits. One
key advantage is the reduced reliance on poorly-constrained
parameter values and process representations. There are four
poorly-constrained PFT-specific parameters in the standard
LPJ-GUESS which control the shape of the temperature re-
sponse of photosynthesis. Furthermore, these parameters are
fixed, which limits the capacity of photosynthesis to accli-
mate to changing temperature. These parameters are not used
in the P-model configuration. There are also global parame-
ters which are set to more plausible values when using the
P-model. The most important is αa, a canopy-to-leaf scaling
parameter that accounts for inefficiencies in plant canopies
that cause reductions in PAR utilisation, such as absorption
by non-photosynthetic material, leaf clumping, and gaps in
the canopy. The standard LPJ-GUESS uses a value of αa =
0.6, which implies that plants lose 40 % of the potential ra-
diation they could collect due to canopy inefficiencies. The
value of 0.95 used in the P-model simulations appears more
plausible. The value of 0.95 was an initial guess at a rea-
sonable value and was found to produce reasonable global
GPP, but could be further tuned or constrained in future appli-
cations. The P-model implementation also sets a maximum
value of χ (χmax) of 0.95, whereas the default LPJ-GUESS
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value is 0.8. Values of χ > 0.8 are not uncommon (Wang et
al., 2017), thus the P-model value is more plausible.

The standard LPJ-GUESS has four water uptake schemes
but there is no clear rationale for choosing one over
the others. The current default choice for global simula-
tions (“ROOTDIST”) calculates water uptake based on soil
water and root profile distribution but does not take soil water
content into account until plant-available soil water is zero,
and so allows the plants to transpire soil water without re-
striction until it is fully depleted. Two model choices reduce
water uptake before plant-available soil water reaches zero,
but the parameters have not been derived from observational
data. In contrast, the soil moisture stress function used in the
P-model configuration was empirically derived from obser-
vations (Stocker et al., 2020). Thus, a further benefit of the
EEO configuration is to replace an unconstrained model for-
mulation by a formulation that has been calibrated and vali-
dated against eddy flux covariance data.

The EEO configuration also has technical advantages.
Model runtime was reduced by ∼23% for the global sim-
ulations presented here, from 7 h for the standard simula-
tion to 5 h 22 min for the EEO simulation on 384 AMD
7763 CPU cores. This is partly a consequence of the reduced
number of vegetation individuals being simulated (∼ 10 %),
which also has the added benefit of reducing the RAM foot-
print of the model. The remaining runtime reduction was
due to the avoidance of the iterative numerical solver routine
that standard LPJ-GUESS uses to account for water stress
by finding a value of χ that simultaneously balances the
transpiration required for photosynthesis and the water up-
take possible from the soil. In the LPJ-GUESS EEO config-
uration the photosynthesis-transpiration calculations take a
much smaller share of the runtime.

4.5 Consideration of nutrient limitation

One change introduced by our EEO implementation is that
photosynthetic rates are no longer directly affected by nutri-
ent availability as they are in standard LPJ-GUESS, whereby
Vcmax is a function of leaf active N (Smith et al., 2014), or
by active N and active P in the case of a phosphorus-enabled
version (Dantas de Paula et al., 2025). The inclusion of nu-
trient cycling and the effects of nutrient availability on Vcmax
has been considered as a significant achievement of vege-
tation models, including in LPJ-GUESS (Dantas de Paula et
al., 2025; Smith et al., 2014). However, although correlations
between Vcmax, as well as Jmax, with leaf N and P have been
observed in global datasets (Walker et al., 2014), there is lit-
tle evidence supporting a direct causal relationship that soil N
controls Vcmax at the global scale. Recent metanalyses have
shown no relationship between soil N and Vcmax,25 at the
community level (Peng et al., 2021) and no increase in Vcmax
under N fertilisation (Stocker et al., 2025). This is not to say
that nutrient availability is not important. The study of Peng
et al. (2021) did find a relationship between soil phospho-

rous and photosynthetic capacity. The study of Stocker et
al. (2025) showed that increasing N fertilisation causes in-
creased investment in leaves, and therefore increases GPP
via by increasing fAPAR. Furthermore, they presented an
optimality-based model (Stocker and Prentice, 2024) which
correctly predicts plant responses to both elevated [CO2]
and N fertilisation, which could form the basis for includ-
ing N limitation on plants in vegetation models on a sounder
theoretical footing. However, a simpler and more pragmatic
approach for including N limitation in LPJ-GUESS could
be to constrain the formation of new leaf biomass based on
the N that is available to fulfil the optimal stoichiometry of
the new tissue (Smith et al., 2014). This optimal stoichiome-
try could be determined based on EEO-derived relationships
which predict leaf mass per unit area (LMA) purely from
climatic growing conditions (Dong et al., 2023; Wang et al.,
2023) and leaf N from LMA and Vcmax,25 (Dong et al., 2022).
In such a framework the existing LPJ-GUESS formulations
for N uptake and other aspects of the N cycle could be main-
tained. Even though the results here suggest that N limitation
of GPP might be less important than previously thought, this
topic deserves further attention in the future. In the mean-
time, removing the direct dependence of Vcmax on available
N uncouples photosynthesis from the N cycle, and thus re-
moves the dependence of photosynthesis on many uncer-
tain input datasets, parameters, and processes involved in the
N cycle, such as deposition data, soil decomposition, opti-
mal C : N ratios, soil leaching, and translocation. The result
is a simpler and more robust model which, as we have seen
above, gives better GPP predictions.

4.6 Study limitations and outlook

We have combined the standard daily climate input used in
LPJ-GUESS with an explicit 15 d acclimation period. This
configuration deviates from the subdaily P-model (Mengoli
et al., 2022) in two ways: (1) the model acclimates to daily
mean conditions and not noontime conditions, and (2) the
model uses a single daily time step to calculate the fast re-
sponse and actual photosynthetic rates rather than resolving
the diurnal cycle. We have not quantified how far these ap-
proximations degrade model performance compared to the
full subdaily implementation. This could be investigated in
a future study. Alternatively, LPJ-GUESS could be adapted
to use a subdaily timestep, as has already been done in a
version of LPJ-GUESS modified to function as an LSM
(Martín Belda et al., 2022) and maybe also be useful in
the context of several coupled models involving LPJ-GUESS
(Döscher et al., 2022; Forrest et al., 2020; Weiss et al., 2014).
Adopting the full subdaily model is comparatively easy with
the current implementation if the subdaily data is available, it
is only necessary to use noontime climate variables when cal-
culating Vcmax,opt, Jmax,opt and ξopt and subdaily (e.g. hourly)
values for calculating Vcmax,indiv, Jmax,indiv and ξacclim at the
subdaily timestep.
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The simulations presented here focus exclusively on po-
tential natural vegetation (PNV) and do not consider crop-
lands, grazed lands or deforested areas. This results in a con-
ceptual mismatch between the global evaluation data (GOSIF
GPP data) and the LPJ-GUESS simulations. However, there
are no major discrepancies between simulated and observed
GPP in highly agricultural areas (for example in the Mid-
western United States) or in grazing lands in either sim-
ulation, showing that both the standard and EEO versions
of LPJ-GUESS captures GPP in anthropogenically modified
landscapes reasonably well. The P-model has been success-
fully applied to simulate wheat yields globally (Qiao et al.,
2021, 2023, 2026), so a full integration with LPJ-GUESS’s
land use functionality (Lindeskog et al., 2013, 2021) is likely
a feasible further development. This would open the door to
including such simulations into global carbon cycle initia-
tives such as the Global Carbon Project (Friedlingstein et al.,
2023) and model intercomparison projects such as ISIMIP
(Frieler et al., 2024).

We did not exclude FLUXNET sites that could potentially
be affected by land use history or anthropogenic disturbance.
This choice is reasonable given that we did not model these
processes or prescribe PFTs abundances, and our intent was
to evaluate performance globally, a scale at which implicitly
includes a diverse array of land use and disturbance processes
which causes deviations from PNV. Nevertheless, a more rig-
orous selection of test sites could improve the validation pro-
cedure.

5 Conclusions

We incorporated the P-model and a complementary represen-
tation of leaf dark respiration into the LPJ-GUESS DGVM.
We tested this model configuration globally with full inte-
gration with the rest of LPJ-GUESS, i.e. with dynamic veg-
etation, fully prognostic fAPAR and leaf area index, and
full coupling with hydrological cycle. Compared to the stan-
dard LPJ-GUESS version we saw moderate improvements
in GPP patterns (both globally and at eddy flux covariance
sites) accompanied by comparatively minimal impacts on
the rest of the model functioning, as quantified by compar-
atively small (< 10 %) changes in global carbon and water
fluxes and pools, negligible change in global burnt area, and
limited changes to the global biome distribution. Whilst we
consider these improvements to be valuable in and of them-
selves (especially given that no tuning or calibration was ap-
plied), this approach brings other advantages, including: an
embodiment of recent but well-validated theory which in-
cludes sensitivity to previously unconsidered drivers, namely
VPD and atmospheric pressure; a reduced reliance on poorly-
constrained PFT-specific parameters; decreased model run
time; and better motivated scheme for plant water uptake.
This work demonstrates the potential for EEO-derived the-
ory to improve vegetation models, both as a general proof-of-

concept and as specific, concrete first step for incorporating
EEO theory into LPJ-GUESS.

Appendix A: Additional equations

To preserve the flow of the main model description some
standard formulations were omitted but are included here for
completeness.

A1 Michaelis–Menten coefficient

The effective Michaelis–Menten coefficient for Rubisco ki-
netics, K(T ), was calculated as

K =Kc ·

(
1+

o

Ko

)
(A1)

where o is the atmospheric partial pressure of oxygen (pa)
given by

o= [O2]× 10−6
·p (A2)

and [O2] is the mole fraction of oxygen taken as
2.09476×105 ppm (parts per million). Kc and Ko are the
Michaelis–Menten coefficients for carboxylation and oxy-
genation given by

Kx =Kx,25 · farrh (TK,1Ha) (A3)

where x can denote either carboxylation (Kc,25 = 39.97 Pa,
1Ha = 79430 J mol−1) or oxygenation (Ko,25 = 27480 Pa,
1Ha = 36380 J mol−1) (Stocker et al., 2020).

A2 Photorespiratory compensation point

The photorespiratory compensation point at a given tempera-
ture and pressure, 0∗(T ,p) is calculated by scaling from 0∗25,
its value at 25 °C and sea-level pressure (Bernacchi et al.,
2001):

0∗(T ,p)= 0∗25 · f0(T ) ·
p

psealevel
(A4)

where 0∗25 = 4.332 Pa and f0(T ) the Arrhenius function
with activation energy= 37 830 J mol−1.

A3 Intrinsic quantum yield of photosynthesis

The intrinsic quantum yield of photosynthesis, ϕ0, is calcu-
lated separately for C3 (Bernacchi et al., 2003) and C4 pho-
tosynthesis (Cai and Prentice, 2020). ĈL is a calibratable pa-
rameter encompassing maximum quantum yield and leaf ab-
sorption properties, here set to 0.087182 following (Stocker
et al., 2020).

ϕ0,c3 = ĈL ·
(

0.352+ 0.022 · T ∗− 3.4× 10−4
· T 2

)
(A5)

ϕ0,c4 = ĈL ·
(
−0.008+ 0.00375 · T ∗− 0.58× 10−4

· T 2
)

(A6)
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A4 Arrhenius function

When scaling variables to and from their values at 25 °C,
the normalised Arrhenius function (or its inverse) was used
(Bernacchi et al., 2001)

farrh (TK,1Ha)= e

(
1Ha·(TK−Tref)
R·TK·Tref

)
(A7)

where TK is the temperature in Kelvin, Tref is the reference
temperature (298.15 K= 25 °C) and R is the universal gas
constant (8.3145 J mol−1 K−1) and 1Ha is the activation en-
ergy for the particular quantity.

Appendix B: Additional tables

Table B1. IGBP biome types and enabled PFTs used in the LPJ-GUESS simulations of the FLUXNET2015 sites. The full PFT set is: BNE –
boreal needle-leaved evergreen tree, BINE – boreal shade-intolerant needle-leaved evergreen tree, BNS – boreal needle-leaved summergreen
tree, IBS – boreal/temperate shade intolerant broadleaved summergreen tree, TeBS – temperate broadleaved summergreen tree, TeBE – tem-
perate broadleaved evergreen tree, TrBE – tropical broadleaved evergreen tree, TrIBE – tropical shade-intolerant broadleaved evergreen tree,
TrBR – tropical broadleaved raingreen tree, C3G – boreal/temperate C3 photosynthesising grass, and C4G – tropical C4 photosynthesising
grass.

IGBP biome Enabled PFTs

DBF Deciduous broadleaved forest TeBS, IBS, TrBR, TrIBR
EBF Evergreen broadleaved forest TeBE, TrBE, TrIBE
ENF Evergreen needle-leaved forest BNE, BINE, BNS, TeNE
MF Mixed forest All
OSH Open shrubland All
CSH Closed shrubland All
GRA Grassland C3G, C4G
SAV Savanna All
WSA Woody savanna All
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Table B2. Coefficient of determination (r2) and root mean squared error (RMSE) for the LPJ-GUESS simulations compared to
FLUXNET2015 sites averaged across all sites and within the IGBP biome categorisation. Bold text indicates better agreement.

r2 RMSE

IGBP Aggregation N sites Standard EEO Standard EEO

All
Daily 147 0.45 0.48 2.9 2.8
5Day 147 0.45 0.48 2.7 2.7
Monthly 147 0.55 0.56 2.3 2.4

CSH
Daily 2 0.47 0.35 1.9 1.9
5Day 2 0.54 0.39 1.8 1.8
Monthly 2 0.65 0.45 1.5 1.6

DBF
Daily 22 0.57 0.6 3.1 3.4
5Day 22 0.56 0.60 2.8 3.4
Monthly 22 0.64 0.65 2.5 3.2

EBF
Daily 13 0.25 0.22 2.9 3.2
5Day 13 0.31 0.28 2.6 2.9
Monthly 13 0.42 0.37 2.3 2.7

ENF
Daily 44 0.57 0.58 2.5 2.3
5Day 44 0.56 0.57 2.2 2.3
Monthly 44 0.64 0.65 1.9 2.1

GRA
Daily 32 0.35 0.39 3.5 3.1
5Day 32 0.34 0.39 3.2 2.9
Monthly 32 0.47 0.47 2.5 2.4

MF
Daily 10 0.54 0.57 2.7 2.7
5Day 10 0.51 0.54 2.5 2.7
Monthly 10 0.59 0.61 2.2 2.4

OSH
Daily 10 0.36 0.41 3.3 2.4
5Day 10 0.34 0.42 3.1 2.4
Monthly 10 0.45 0.50 3 2.2

SAV
Daily 8 0.29 0.39 2.7 2.2
5Day 8 0.33 0.42 2.6 2.3
Monthly 8 0.35 0.48 2.4 2.1

WSA
Daily 6 0.39 0.39 2.2 2.1
5Day 6 0.46 0.46 1.9 2
Monthly 6 0.52 0.55 1.7 1.9
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Appendix C: Additional figures

Figure C1. Seasonal cycle of GPP (g C m−2 d−1) from the LPJ-GUESS site simulations and the FLUXENT2015 data aggregated for closed
shrublands (CSH), open shrublands (OSH), woody savannas (WSA), grasslands (GRA), and savannas (SAV).

Figure C2. Areas where the biome classifications match or differ between the LPJ-GUESS Standard and LPJ-GUESS EEO simulation.
Biomes as derived in Fig. 10.
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developers repository) and the scripts for preparing input
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ting are available at is available at the Zenodo repository
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ulations are available in the Zenodo repository
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T., Štefănescu, S., Haarsma, R., van Ulft, L. H., Hazeleger, W.,
Le Sager, P., Smith, B., and Schurgers, G.: Contribution of Dy-
namic Vegetation Phenology to Decadal Climate Predictability,
J. Climate, 27, 8563–8577, https://doi.org/10.1175/JCLI-D-13-
00684.1, 2014.

Wolf, A., Callaghan, T. V., and Larson, K.: Future changes in veg-
etation and ecosystem function of the Barents Region, Climatic
Change, 87, 51–73, https://doi.org/10.1007/s10584-007-9342-4,
2008.

Yang, J. C., Magney, T. S., Albert, L. P., Richardson, A. D.,
Frankenberg, C., Stutz, J., Grossmann, K., Burns, S. P., Seyed-
nasrollah, B., Blanken, P. D., and Bowling, D. R.: Gross primary
production (GPP) and red solar induced fluorescence (SIF) re-
spond differently to light and seasonal environmental conditions
in a subalpine conifer forest, Agr. Forest Meteorol., 317, 108904,
https://doi.org/10.1016/j.agrformet.2022.108904, 2022.

Zhou, H., Tang, J., Olin, S., and Miller, P. A.: A compre-
hensive evaluation of hydrological processes in a second-
generation dynamic vegetation model, Hydrol. Process., 38,
e15152, https://doi.org/10.1002/hyp.15152, 2024.

Zhou, B., Cai, W., Zhu, Z., Wang, H., Harrison, S. P., and Pren-
tice, I. C.: A General Model for the Seasonal to Decadal
Dynamics of Leaf Area, Global Change Biol., 31, e70125,
https://doi.org/10.1111/gcb.70125, 2025.

https://doi.org/10.5194/gmd-19-10365-2026 Geosci. Model Dev., 19, 10365–10393, 2026

https://doi.org/10.1029/2024MS004599
https://doi.org/10.1104/pp.89.2.590
https://doi.org/10.1016/0034-4257(92)90102-P
https://doi.org/10.1046/j.1365-2486.2003.00569.x
https://doi.org/10.1046/j.1466-822X.2001.t01-1-00256.x
https://doi.org/10.5194/bg-11-2027-2014
https://doi.org/10.1111/j.1365-2486.2012.02797.x
https://doi.org/10.1111/ele.13210
https://doi.org/10.5194/gmd-17-1249-2024
https://doi.org/10.1101/2024.04.25.591063
https://doi.org/10.5194/gmd-13-1545-2020
https://doi.org/10.1111/nph.20178
https://doi.org/10.1111/j.1365-3040.1993.tb00508.x
https://catalogue.ceda.ac.uk/uuid/aed8e269513f446fb1b5d2512bb387ad
https://catalogue.ceda.ac.uk/uuid/aed8e269513f446fb1b5d2512bb387ad
https://doi.org/10.5194/gmd-12-4751-2019
https://doi.org/10.1002/ece3.1173
https://doi.org/10.1038/s41477-017-0006-8
https://doi.org/10.1111/gcb.14980
https://doi.org/10.1126/sciadv.add5667
https://doi.org/10.1175/JCLI-D-13-00684.1
https://doi.org/10.1175/JCLI-D-13-00684.1
https://doi.org/10.1007/s10584-007-9342-4
https://doi.org/10.1016/j.agrformet.2022.108904
https://doi.org/10.1002/hyp.15152
https://doi.org/10.1111/gcb.70125

	Abstract
	Introduction
	Materials and methods
	LPJ-GUESS (Lund-Potsdam-Jena General EcoSystem Simulator)
	The P-model
	Leaf dark respiration
	Overview of integration into LPJ-GUESS
	Simulation setups
	Model forcing data
	Global forcing data
	FLUXNET forcing data

	Evaluation data
	Evaluation metrics

	Results
	Spatial and temporal patterns of global GPP
	Comparison to FLUXNET GPP
	Leaf dark respiration
	Impact on global properties
	GPP error with respect to fAPAR error

	Discussion
	Compatibility of EEO formulations with LPJ-GUESS
	Model performance
	Effects of acclimation
	Other advantages of the EEO configuration in LPJ-GUESS
	Consideration of nutrient limitation
	Study limitations and outlook

	Conclusions
	Appendix A: Additional equations
	Appendix A1: Michaelis–Menten coefficient
	Appendix A2: Photorespiratory compensation point
	Appendix A3: Intrinsic quantum yield of photosynthesis
	Appendix A4: Arrhenius function

	Appendix B: Additional tables
	Appendix C: Additional figures
	Code availability
	Data availability
	Supplement
	Author contributions
	Competing interests
	Disclaimer
	Acknowledgements
	Financial support
	Review statement
	References

