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Abstract. Accurately modeling gross primary productivity (GPP) is of great importance in diagnosing terrestrial carbon-
climate feedbacks. Process-based terrestrial ecosystem models are often subject to substantial uncertainties, primarily
attributed to inadequately calibrated parameters. Recent attention has identified carbonyl sulfide (COS) as a promising proxy
of GPP, due to the close linkage between leaf exchange of COS and carbon dioxide (CO>) through their shared pathway of
stomatal diffusion. However, most of the current modeling approaches for COS and CO, diddo not explicitly consider the
vegetation structural impacts, i.e-., the differences between the sun-shade-and-sunlit and shaded leaves in COS uptake. This
study used ecosystem COS fluxes data-from 7 sites to optimize GPP estimation across various ecosystems with the Boreal
Ecosystem—ProductivityBiosphere-atmosphere Exchange Process Simulator (BEPS), which was further developed for

simulating the leaf COS uptake under its state-of-the-art “two-leaf> framework. Our results demonstrated the substantial

improvement in GPP simulation across various ecosystems through the fusiendata assimilation of COS dataflux into the two-
leaf> model, with the ensemble mean of root mean square error (RMSE) for simulated GPP reduced by 18:9920.16 % to
66-64.12 %. Notably, we also shed light on the remarkable identifiability of key parameters within the BEPS model, including
the maximum carboxylation rate of Rubisco at 25 °C (Veyqxzs), minimum stomatal conductance (by,o), and leaf nitrogen
content (Nyeqr), despite intricate interactions among COS-related parameters. Furthermore, our global sensitivity analysis
delineated both shared and disparate sensitivities of COS and GPP to model parameters and suggested the unique treatment of
parameters for each site in COS and GPP modeling. In summary, our study deepened insights into the sensitivity, identifiability,

and interactions of parameters related to COS, and showcased the efficacy of COS in reducing uncertainty in GPP simulations.

Keywords: carbonyl sulfide, phetesynthesis—medel-gross primary productivity (GPP), data fusienassimilation, ecosystem

modeling, parameter optimization
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1 Introduction

Over the past five decades, terrestrial ecosystems have been absorbing about 30 % of anthropogenic carbon dioxide (CO,)
emissions, playing a crucial role in mitigating climate change (Friedlingstein et al., 2022). Driven by the photosynthesis of
terrestrial vegetation, the-gross primary productivity (GPP);) is the largest terrestrial carbon flux and plays an important role
in understanding terrestrial carbon-climate feedbacks (Luo, 2007; Wang et al., 2021). However, as the direct observations of
GPP using atmospheric CO; observations are confounded by respiration (Hilton et al., 2017), and the modeling of GPP areis
affected by a range of uncertainties; such as the poorly calibrated parameters (Macbean et al., 2022), the precise quantification
of GPP in terrestrial ecosystems has been a major challenge (Canadell et al., 2000; Yuan et al., 2007).

In-the-past-decade;—carbonyl-sulfide (COS)Carbonyl sulfide (COS) is the most abundant sulfur-containing trace gas in the

atmosphere with a lifetime of about 2 years (Montzka et al., 2007; Karu et al., 2023). The tropospheric atmospheric mole

fraction of COS is approximately 500 parts per trillion (ppt), exhibiting a typical seasonal amplitude of ~ 100-200 ppt
(Montzka et al., 2007; Ma et al., 2021; Hu et al., 2021; Remaud et al., 2022; Remaud et al., 2023; Ma et al., 2023). In the past
decade, COS has emerged as a promising tracer for terrestrial photosynthesis (Stimler et al., 2010; Asaf et al., 2013; Billesbach
etal2014-Maseyk-etal2044:-Launois et al., 2015; Hilten-etal2017Yang-etal2018:-Kooijmans et al., 2019;:-Spielmann
etal;2019: Hu-etal;-2021Kohenen-et-al—2022) and stomatal conductance (Commane et al., 2015; Wehr et al., 2017; Sun
et al., 2022;Cho-et-al;2023) as the leaf exchange of COS and carbon dioxide (COy) are tightly coupled through stomata
(Goldan-etal-1988:-Sandoval-Soto et al., 2005; Seibt et al., 2010; Wohlfahrt et al., 2012; Whelan et al., 2018). Unlike CO»,
which is emitted back to the atmosphere via leaf respiration (Sun et al., 2022), COS is completely destroyed by a hydrolysis

reaction catalyzed by carbonic anhydrase (Protoschill-Krebs et al., 1996) without back-flux in leaves under normal conditions
(Stimler et al., 2010). Consequently, the measurement of COS flux is able to provide a direct and independent way to estimate
GPP (Sandoval-Soto et al., 2005; Abadie et al., 2023).

In most of the early studies, GPP was directly estimated by scaling measurement of plant COS uptake with the empirically
derived leaf relative uptake (LRU) approach or its extensions that takeincorporate the effects of temperature, humidity, light
and CO; concentration on stomatal conductance-inte-acceunt (Kohonen et al., 2022; Sun et al., 2022; Abadie et al., 2023)
because of the simplicity of this approach and the sufficiency of it in many cases (Sandoval-Soto et al., 2005; Whelan et al.,
2018). In contrast, the process-based model that mechanistically simulates COS plant uptake by incorporating stomatal
transport processes were also developed and widely evaluated (Maignan et al., 2021; Kooijmans et al., 2021). Concurrently,
the significance of soil COS exchange has also been recognized, leading to the development of a suite of empirical or
mechanistic COS soil exchange models (Kesselmeier et al., 1999; Berry et al., 2013; Launois et al., 2015; Sun et al., 2015;
Oge et al., 2016; Whelan et al., 2022). Process-based COS plant uptake model and soil exchange medelmodels have been
integrated into land surface models (LSMs) (Berry et al., 2013; Maignan et al., 2021; Kooijmans et al., 2021:-Chen-et-ak;
2023). Consequently, by constraining the model parameters of LSMs with COS through data assimilation, not only the model
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variables like GPP are expected to be eptimizedimproved, but also our understanding of ecosystem processes is expected to

be significantly deepenedenhanced.
Currently, several studies have been endeavoredconducted to refine the model parameters of LSMs through assimilating the

COS data, and thereby eptimizedoptimizing the modeling of water-carbon fluxes (Chen et al., 2023; Abadie et al., 2023; Zhu

et al., 2023)-. Within a big-leaf framework, Abadie et al. (2023) demonstrated COS could provide mechanistic constraint on

stomatal diffusion, and the joint assimilation of COS and GPP can-alseis able to improve the model performance of GPP and
latent heat. Ecosystem carbon, water and energy processes are interactedinteracting and nonlinear, the changes in one process
could induce variations in the other processes. While COS assimilation has proven effective in constraining COS-related model
parameters and optimizing GPP, there remains a gap of systematic understanding of the ability of COS to optimize model

parameters from different processes;-e-g-. For example, how effective is the assimilation of COS in reducing model prediction

uncertainty of GPP as well as the relevant ecosystem processes in different ecosystems?

WhichDue to the dissimilar illumination conditions, there is the significant variability of leaf photosynthesis between sunlit

and shaded leaves (Chen et al., 1999; Pignon et al., 2017; Wang et al., 2018; Bao et al., 2022). It is now clearly recognized

that big-leaf models are conceptually flawed and practically inaccurate and sunlit-shaded leaf stratification is necessary to

make accurate canopy-level photosynthesis estimation (Chen et al., 1999; Chen et al., 2012; Luo et al., 2018). Consequently,

in the process-based LSM that simulates COS plant uptake and photosynthesis in a coupled manner (Ball et al., 1987; Berry

et al., 2013), the application of the two-leaf model shows promise for providing accurate simulation of plant COS uptake. In

this context, we have further explored the capacity of COS to constrain the model parameters of a LSM and to optimize GPP

within the two-leaf modeling framework.

Our goal is to address the following questions:

To which parameters is the COS simulation is-sensitive-te, and what are the differences in parameter sensitivities between
COS and GPP?

How effective is COS assimilation in erhancirgimproving model prediction and reducing prediction uncertainty of GPP?
Which process parameters can be well identified by the assimilation of COS?

How do process parameters interact in COS modeling across diverse ecosystems?

To address these questions, we utilized the-ecosystem COS flux data to optimize GPP across various ecosystems based on the
combinationcoupling of COS modeling with the Bereal-Ecosystem—Productivitytwo-leaf based Biosphere-atmosphere
Exchange Process Simulator (BEPS). SpecificalyThrough Monte Carlo simulations, we investigatedconducted a global

parameter sensitivity analysis to explore the usefulnesssensitivity of COS in-censtraining-the-ecosystem-processesand GPP
simulations to model parameters related te-not only to photosynthesis; but also theto water and energy. Furthermoreparameter

uneertainties-as-wel-as-the-uncertaintiesin-the-optimizationresults The interaction and identifiability of these parameters were




95

100

105

110

115

120

guantified using Monte Carlo optimized parameter sets. Additionally, the effectiveness of COS in constraining model

uncertainty in simulated COS and GPP is evaluated.

2 Materials and methods
2.1 Model description
2.1.1 BEPS basic model

The BEPS model (Liu et al., 1997; Chen et al., 1999; Chen et al., 2012) used in this study is a process-based diagnostic model
driven by remotely sensed vegetation parameters, including leaf area index (LAI;), clumping index, and land cover type, as
well as meteorological and soil data (Chen et al., 2019). With the-consideration-of coupling among terrestrial carbon, water,
and nitrogen cycles (He et al., 2021), it simulates photosynthesis, energy balance, and hydrological and soil biogeochemical
processes at hourly time steps (Ju et al., 2006; Liu et al., 2015). For photosynthesis, it stratifies whole canopies into sunlit and
shaded leaves and caleulatedcalculates GPP for each group of leaves by scaling Farquhar's leaf biochemical model (Farquhar
et al., 1980) up to canopy-level with a temporal and spatial scaling scheme (Chen et al., 1999). In this study, the BEPS model
stratifies the soil profile into five layers, and the model implicitly solves the soil water content values for these layers (Ju et al.,
2010). Over the last few decades, the BEPS model has been continuously improved and has been used in a wide variety of
terrestrial ecosystems (Schwalm et al., 2010; Liu et al., 2015). This study useduses the BEPS model that simulates water,
carbon and energy processes at hourly interval which enables the detection of diel variations of model variables (Xing et al.,
2023).

2.1.2 The “two-leaf> scheme for GPP and COS modeling

The BEPS model simulates the canopy photosynthesis for the sunlit and sun-shadeshaded leaves separately,
GPP = GPPsyniit LAlgyniic + GPPspagealAlshagea €Y)
where- GPPg ;i and GPPgp, 4404 denote the GPP per unit area for sunlit and shaded leaves, LAl ;i and LAl 404 YEPresent

the LAI values of sunlit and shaded leaves, respectively. Fhe-detated-deseriptions—about-the-photosynthesisLAl,,,;;;.and
LAl q4e0q.are calculated as (Chen et al., 1999):

_0.5QLAltotal
LAy = 2 cos 0 (1 _ s )> -

LAIspagea = LAlorar — LALsynic 3

Where 6 is the solar zenith angle, LAI,,.;_is the total leaf area index of the canopy, and € is the clumping index.

GPP values of sunlit and shaded leaves are calculated using the Farquhar’s model (Farguhar et al., 1980) with consideration

of the large difference in incident solar irradiance between these two-leaf groups (Chen et al., 2012; Chen et al., 2019). Stomatal

conductances of sunlit and shaded leaves are determined separately according to photosynthesis rates of these leaves,
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atmospheric CO, concentration, relative humidity and soil moisture (Ball et al., 1987; Ju et al., 2010). The detailed descriptions

about the photosynthesis and stomatal conductance modeling approach of BEPS are illustrated in Appendix Al.
The ecosystem COS flux includes both plant COS uptake FeszmameFeos piane @nd soil COS flux exchange FegssirFros sou

(Whelan et al., 2016). In this work, the canopy-level COS plant uptake £zszramzFcos piane (Pmol m~2 s~1) was calculated by
upscaling the resistance analog model of COS uptake (Berry et al., 2013) with the <two-leaf> upscaling scheme (Chen et al.,
1999). Considering the different responses of foliage to diffuse and direct solar radiation (Gu et al., 2002), Fcospiant 1
calculated as:

FCOS,plant = FCOS,sunlitLAIsunlit + FCOS,shadedLAIshaded (4)
where Feos suniic and Feos snaaea denote the leaf-level COS uptake rate (pmol m~% s~*) for sunlit and shaded leaves. The leaf-

level COS uptake rate FCOSrleaf is determined by the formula (Berry et al., 2013):

; _ s (194 1.56 1\ c

cos,leaf = a (gsw + o + gcas) (5)

where cos, represents the COS mole fraction in the bulk air. Jsw and
E__ = E__ ,Cum”l AL Fo ‘C'"mwnl AL (7)9bw

are the stomatal conductance and leaf laminar boundary layer conductance to water vapor (H,0). The factors 1.94 and 1.56

account for the smaller diffusivity of COS with respect to H,0. g.os_indicates the apparent conductance for COS uptake from

the intercellular airspaces, which combined the mesophyll conductance (Evans et al., 1994) and the biochemical reaction rate

of COS and carbonic anhydrase (Badger and Price, 1994). It can be calculated as :

gcos = A Vemax (6)
Where «_is a parameter that is calibrated to observations of simultaneous measurements of COS and CO- uptake (Stimler et

al., 2012). V.,,xiS the maximum carboxylation rate of Rubisco. Analysis of these measurements yield estimates of a of ~1400

for C3 and ~7500 for C4 species. With reference the COS modelling scheme of the Simple biosphere model (version 4.2)

(Haynes et al., 2020), g-os_can be calculated as
Jcos = 1.4 % 10% * (1.0 + 5.33 * Fy) * 10™Fapar fiVemax 7

where F,, denotes the C4 plant flag, taking the value of 1 for C4 plants and 0 otherwise. f,,_is a soil moisture stress factor

describing the sensitivity of g.,, to soil water availability (Ju et al., 2006). F,p4z_is the scaling factor for leaf radiation (Smith

et al., 2008), calculated as:

Fapar = 1 — (7045140 )]
The soil COS fluxes are simulated by considering the abiotic and biotic components separately, as by Whelan et al. (2016).
We took the soil COS modeling scheme including the parameterizations from Abadie-et-al—{(2022)Whelan et al. (2016) and
Whelan et al. (2022) in this study (see Appendix A2) given that our focus is the COS and GPP relationships and the previous

studies have verified this approach over multiple sites with measurements.

5
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2.2 Site description

The model was evaluated on seven sites distributed on the Eurasian and American continents in boreal, temperate and
subtropical regions based on field observations collected from several studies. Those sites were representative of different
climate regions and land cover types (in the model represented by plant function types, and soil textures, as depicted in Table
1).

Table 1. Site characteristics. Site identification includes the country initials and a three-letter name for each site. locationsLocations of the
sites are provided by the latitude (Lat) and longitude (Lon). PFT stands for plant functional type. ENF and DBF denote evergreen needleleaf
forest and deciduous broadleaf forest respectively.

Sitename Lat(N) Lon(E) PFT Soil texture  Year References
AT-Neu 47.12 11.32 C3grass Sandy loam 2015 Spielmann et al. (2019)
DK-Sor 55.49 11.64 DBF Sandy loam 2016 Spielmann et al. (2019)
ES-Lma 39.94 -5.77 C3grass Sandy loam 2016 Spielmann et al. (2019)
Fl-Hyy 61.85 24.29 ENF Sandy loam 2013-2017 Vesala et al. (2022), Sun et al. (2018)
IT-Soy 45.87 13.08 C3crop Siltclay 2017 Spielmann et al. (2019), Abadie et al. (2022)
US-Hal 42.54 -712.17 DBF Sandy loam  2012-2013 Wehr et al. (2017), Commane et al. (2015)
US-Wrc  45.82 -121.95 ENF Loam 2014 Rastogi et al. (2018), Shaw et al. (2004)

2.3 Data

Data used in this study include LA, land cover type, meteorological and soil data, as well as CO, and COS mole fraction data.

The CO, and COS mole fractions in the bulk air were assumed to be spatially invariant over the globe but to vary annually.

The CO, mole fraction data in this study are taken from the Global Monitoring Laboratory

(https://gml.noaa.gov/ccqg/trends/global.html). For the COS mole fraction, we utilized the average of observations from sites
SPO (South Pole) and MLO (Mauna Loa, United States) to drive the model. These data are publicly available online at:

https://gml.noaa.gov/hats/gases/OCS.html.

2.3.1 LAI dataset

modek-The LAI dataset used here are the GLOBMAP global leaf area index product (Version 3) (see GLOBMAP global L eaf

Area Index since 1981 | Zenodo) and the Global Land Surface Satellite (GLASS) LAI product (Version 3) (acquired from
ftp://ftp.glcf.umd.edu/). They represent Leafarea-indexL Al at a spatial resolution of 8 km (Liu et al., 2012) and 1 km (Xiao et
al., 2016) respectively, and a temporal resolution of 8-day. With reference to the observed LAI at these sites (Wehr et al., 2017;
Rastogi et al., 2018; Spielmann et al., 2019; Kohonen et al., 2022), the-GLASS-LAwas-adepted-to-DK-Sorand-1T-Sey-and

the GLOBMAP-LALwas-utilizedfor-theremaining-fivesites:we used GLOBMAP products to drive the BEPS model at most
sites (5/7) due to its good agreement with the observed LAI. Specifically, as the GLOBMAP product had considerably
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underestimated LAI at DK-Sor and was not consistent with the vegetation phenology at ES-Lma during the measurement

campaign (Spielmann et al., 2019), GLASS LAI was used at these two sites. In addition, these LAI products were interpolated

into daily values by the nearest neighbor method for the simulation.

2.3.2 Meteorological dataset

Meteorological data required to force the BEPS model include air temperature, shortwave radiation, precipitation, relative
humidity and wind speed. As the simulations were conducted at the site scale, we utilized the FLUXNET2015 data (see
https://fluxnet.org for AT-Neu, DK-Sor and ES-Lma—and, FI-Hyy and US-Hal) and the AmeriFlux data (see
https://ameriflux.Ibl.gov for US-Hal and US-Wrc). SpecificalhyasAs FLUXNET2015 meteorological data for AT-Neu were
only accessible for the period 2002-2012, we conducted a linear fit between its ERA5 data-{(European Centre for Medium-

Range Weather Forecasts (ECMWF) Reanalysis v5) data (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-eras-

single-levels?tab=overview) and FLUXNET2015 meteorological data for the corresponding period. Then, we used the fitted

parameters to adjust the ERAS data -for 2015, thereby obtaining downscaling information for the meteorological data. In
addition, we utilized the FLUXNET data in 2012, and Ameriflux data and ERA5 shortwave radiation data efin 2013 to drive
the BEPS model at US-Hal-were-derivedfrom-ERAS5-, due to the absence of FLUXNET data in 2013 and the lack of
avaHableshortwave radiation data +-AmeriEhaxof Ameriflux.

2.3.3 COS and GPP datasets

The hourly ecosystem COS flux observations were utilized to perform optimization and to evaluate the optimization results.
They were derived from existing studies with pre-processing with regard to the data quality check, as listed in Fablel-Table 1.
Specifically, following the recommendations regarding the standardized processing of eddy covariance flux measurements of
COS by Kohonen et al. (2020), both the measured and gap-filled COS flux observations are provided in Vesala et al. (2022),

and the latter were utilized in this study. To assess the model performance of GPP, the GPP observations were also collected
from FLUXNET (DK-Sor, ES-Lma-and, FI-Hyy and US-Hal in 2012), AmeriFlux (US-Hal in 2013), and YS-\W+e)—and
existing studies (Spielmann et al. (2019)-(A+-Neu-and-H-Sey). for AT-Neu and IT-Soy and Rastogi et al. (2018) for US-Wrc).
Given that only CO; turbulent flux (FC) or net ecosystem exchange (NEE) data were available at AT-Neu, IT-Soy;-US-Hal
and US-WreHal in 2013, a night flux partitioning model (Reichstein et al., 2005) was employed to derive GPP. This model

assumes that nighttime NEE represents ecosystem respiration R,,, and thus partitions FC or NEE into GPP and R,., based
on the semi-empirical models of respiration, which use air temperature as a driver (Lloyd and Taylor, 1994; Lasslop et al.,
2012).

2.4 The Monte Carlo-based parameter ealibration-optimization approach

To evaluate the sensitivity, equifinality and interaction of model parameters, and-the-uncertainty-of modeloutputs,-the Monte
Carlo-based parameter ealibration-methedelegyoptimization approach was employed here- (Figure 1). The methodology calls

7
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for rejecting the concept of a unique global optimum parameter set within some particular model structure, instead recognizing
the “equifinality” of parameter sets that exhibit similarly good performance in producing the observed data (Beven and Freer,
2001). i }

framework, a large number of random sets of parameters are derived across specified parameter ranges (Staudt et al., 2010)

In a Monte Carlo simulation

and employed to drive the model. Subsequently, model realizations are grouped into behavioral and non-behavioral model

runs and associated parameter sets based on the values of the single or multiple performance measures and the predefined

threshold value (Houska et al., 2014). The former describes acceptable model realizations conditioned on the available
observational data (Blasone et al., 2008; Beven and Binley, 2014). Fhis-methodThe latter describes parameter sets that produce

behavior inconsistent with observed behavior. Given the gradual transition of performance measures between behavioral and

non-behavioral model runs within the Monte Carlo framework, the threshold value used to distinguish between behavioral and

non-behavioral parameter sets was often determined by an acceptable samples rate, i.e., ranking model runs and taking the top

X% as behavioral (Beven and Binley, 2014). In the past few decades, this approach has been extensively used in ecosystem

modeling with multiple parameters to be calibrated and shown high ability in constraining multiple ecosystem processes
(Tonkin and Doherty, 2009; Houska et al., 2014; He et al., 2016; Wu et al., 2019; Wu et al., 2020; Xing et al., 2023).

9 selected parameters with prior
ranges (bhzo, Dscatar, flear, KSatscalar,
M0, Nleaf, rdecay: chax25: VJsIope)

v

Monte Carlo (20,000) sampling
and simulations

COS observations (7 sites)

v

Model performance (RMSE)
for COS

l

The 100 smallest RMSEs? No
l Yes
Behavioral simulations Non-behavioral simulations

Figure 1. Flowchart of the Monte Carlo-based parameter optimization approach used in this study.




230

235

2.4.1 Parameter selection and sampling strategy

Based on current understanding of COS exchange (Wohlfahrt et al., 2012; Berry et al., 2013; Whelan et al., 2016; Whelan et
al., 2018; Cho et al., 2023) and photosynthesis processes (Ball et al., 1987; Raines, 2003; Blankenship, 2021) and related
parameter sensitivity studies (Liu et al., 2011; Chen et al., 2012; Chen et al., 2023; Xing et al., 2023; Abadie et al., 2023; Zhu

et al., 2023), 9 parameters were selected to be calibrated in this study (for details see Table B22). These parameters are related

to formulas describing four processes: 1) photosynthesis (Vemaxzs: Visiopes Niear), 2) SOil hydrology (Ksatscqiars bscatar
Tagecay): 3) Stomatal gas exchange (by,o, my, ), and 4) energy balance (fieqr). Specifically, Ksatscqiqr and bycq 4, are scaling
factors designed to optimize the saturated hydraulic conductivity (Ksat) and the Campbell parameter (b) for each soil layer in
the BEPS model. The defaultprior values and prior ranges for these parameters (Table B12) were chosen based on literature
(Jackson et al., 1996; Medlyn et al., 1999; Kattge et al., 2009; Miner et al., 2017; Ryu et al., 2018) and default model settings.

Uniform distributions were assigned to all parameters, and 20,000 sets of parameters were generated through random sampling.

Table 2. Descriptions of the 9 parameters that were selected to be calibrated. The prior values and prior ranges (in parentheses) of these
parameters are given for each plant function type (PFT) or for each soil texture or globally according to the parameter dependency. ENF and
DBF denote evergreen needleleaf forest and deciduous broadleaf forest respectively.

Prior value and prior range

Parameter ~ Description Dependent  ENF/ Sand DBF/Slit C3 grass/
C3 crop
loam loam Loam
) 0.0175 0.0175 0.0175 0.0175
by,o The intercept of the Ball-Berry model (mol m™2s~1) PFT
(0-1) 0-1) (0-1) (0-1)
) . 1(0.25-
bscatar The scaling factor of Campbell parameter b (unitless) Texture 1(0.25-1.75) 1 (0.25-1.75) 175 1(0.25-1.75)
Ratio of photosynthetically active radiation to shortwave
fiear o ] Global 0.466 (0.42-0.51)
radiation (unitless)
The scaling factor of saturated hydraulic conductivity 1(0.25-
Ksatscqiar ] Texture 1(0.25-1.75) 1(0.25-1.75) 1(0.25-1.75)
Ksat (unitless) 1.75)
My, 0 The slope of the Ball-Berry model (unitless) PFT 8 (2-14) 8 (2-14) 8 (2-14) 8 (2-14)
) 3.10 (0.40- 1.74 (0.32- 1.75 (0.23- 1.62 (0.40-
Nieas Leaf nitrogen content (m? g~*) PET
5.80) 3.16) 3.27) 2.84)
o _ 0.95 (0.80- 0.97 (0.80- 0.96 (0.80- 0.95 (0.80-
Tdecay Decay rate of root distribution (unitless) PFT
0.99) 0.99) 0.99) 0.99)
v Maximum carboxylation rate of Rubisco at 25 °C oET 62.5 (13.1- 57.7 (15.3- 78.2 (16- 100.7 (27.5-
MEXTS - (imol m~2s~1) — 111.9) 100.1) 140.4) 173.9)
Slope of the V,,,,4x.and J,,,4,_(maximum electron transport
Vsiope PFT 2.39 (1-4) 2.39 (1-4) 2.39 (1-4) 2.39 (1-4)

rate) relationship (unitless)
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2.4.2 Selection of behavioral simulations

To measure the agreement between model simulations and observations, a variety of performance metrics have been proposed
and utilized in in-previous studies (Beven and Binley, 1992; Moradkhani et al., 2005; Staudt et al., 2010). In this study, we

employed the root mean square error (RMSE) to distinguish between behavioral and non-behavioral simulations.

N
1
RMSE = NZ(obsi — sim;)? 3)
i=1

where N is the total number of observations.“obs” and “sim” denote the observations and simulations, respectively. sim;
denotes the simulation corresponding to the i th observation obs;.

ific;Specifically, here we chose an acceptable samples rate of 0.5%, i.e., the top 8-5%100 model runs with the lowest
SPEcITICally, nere p LUU MOGEl

RMSE values for COS as behavioral simulations. Thus, the deterministic model prediction is given by the ensemble mean of
the 100 behavioral simulations.

2.4-35 Uncertainty quantification

The model prediction limits or uncertainty bounds can be determined by forming the cumulative density function (CDF) of
the ensemble of simulations (Beven and Binley, 2014), normally chosen at the 5 % and 95 % confidence level in most of the
previous studies (Blasone et al., 2008). Similarly, we chose the 5 % and 95 % quantiles of the 20,000 simulations and the 100

behavioral simulations to quantify the model output uncertainty in this study.

2.56 Parameter sensitivity

In order to take full advantage of the Monte Carlo sampled-parameter—setssimulations, a density-based global sensitivity
analysis approach (Plischke et al., 2013) was used to investigate the sensitivity of COS and GPP simulations to the selected
model parameters via the Sensitivity Analysis Library (SALib) (Iwanaga et al., 2022). This approach aims at assessing the
influence of the entire input distribution on the entire output distribution without reference to a particular moment of the output
(Borgonovo, 2007). According to Borgonovo (2007), the sensitivity index (8) is always between 0 and 1, -it equals O if the

output is not dependent upon the model parameter, and it equals unity if all model parameters isare considered.

2.67 Parameter uncertainty

Due to the functional and structural complexity of ecosystemecosystems, ecosystem models often require a substantial number
of parameters to realize the modeling of various ecosystem processes, and some parameters are compensating with-each other
(Mo et al., 2008). While the parameter interactions related to photosynthesis have been systematically studied (Tang and
Zhuang, 2009; Lu et al., 2013; Wu et al., 2019; Xing et al., 2023), the parameter interactions related to COS flux simulation

have not been reported. Based on the Monte Carlo-based methodology, the numerous behavioral parameter sets around the
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“optimum” (Beven and Freer, 2001) provide us with the opportunity to analyze the interactions between the selected
parameters. In this study, the Pearson correlation coefficient and the confidence level were employed to identify the parameter
interactions.

Parameter identifiability (PI) is the concept of whether uncertain parameters can be correctly estimated from the observed data
(Yi et al., 2019). The failure in PI is supposed to be caused by ‘over-parameterization’ and parameter interactions (due to
high nonlinearity of model equations) (Gan et al., 2014). Inspired by Yi et al. (2019) who used likelihood confidence interval
as a measure of PI, here we used parameter distribution range for the same purpose. Taking into account the influence of the
prior distribution teof the behavioral parameter sets, the P is defined as the reduction of the parameter range width. Hence, a

large value of Pl indicates that the parameter is well identified in the ealibrationroptimization process.

3 Results
3.1 Parameter sensitivity

The sensitivity indexes of COS and GPP simulations to the model parameters for the seven sites are illustrated in Fig. 1. It can

be seen that both COS and GPP simulations exhibit high sensitivity to leaf nitrogen content (Ny.,r) and the maximum

carboxylation rate of Rubisco at 25 °C (Vymax2s), While showing low sensitivity to energy balance related parameter f;,,r as
well as soil hydrology related parameters:-_(including bscqiar, KSatscqiar aNd Tgecqy=). With the average values of sensitivity

index of 0.24--0-2211 and 0.9810, the photosynthesis related parametersfzz—and-parameter VJg,,. as well as stomata

conductance related parameter s5my, o can significantly impact the simulation of GPP. However, those parameters do not
exhibit high sensitivity in the modeling of COS. Furthermere—ourOur results also highlight the crucial role of the intercept of
the Ball-Berry model (by,0) in the modeling of COS, yet its impact on the simulation of GPP is limited. In summary, our
results suggest that the simulated COS and GPP share some similarities in their sensitivities to parameters, but there are also
notable differences. Specifically, the parameters ineluding—fzzr——my,0 and V]g.p. strongly influence GPP
medelingsimulations but have minimal impacts on COS medelingsimulations. Conversely, the parameter by, plays a more

crucial role in COS simulation.

With the-mean values of 0.3033, 0.29 and 0.09 respectively, the sensitivity indexes of COS simulations t0 Ny.qr, Vemaxzss
Nrzzr and by, o are much larger than those of GPP simulations. However, the patterns of the sensitivity of these parameters for
COS and GPP simulations are very similar atacross these sites. Speeificalhy-eurOur results reveal that the simulated COS and
GPP are more sensitive to Ny, ¢, While less sensitive-te-influenced by Ve, qxo5-at-evergreen-needleleafforestsites (Fi-Hyy-and
US-Wre).. In eontrast—at-comparison to other sites, the erop-site{FF-Sey)-role of V. ux2s Plays—a-more-crucialrole-in the

simulation of COS and GPP-whereasN-does-the-oppesite—We-also-found at IT-Soy is less significant. Additionally, we
observed that my,, is-much-mere-importantholds greater importance in the modeling of GPP at US-Wrc than at other sites
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hermore. Moreover, our results suggest

that the modeling of GPP at deciduous broadleaf forest sites (DK-Sor and US-Hal) are more sensitive to V/g;,,. While less

sensitive to my,, than at other sites.
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Figure 1.- Sensitivity indexes of the modelled ecosystem COS fluxes (a) and GPP (b) to model parameters.

3.2 Posterior parameter distributions

The cumulative frequency distribution as well as the boxplots of each of the parameters for the 0.5 % best runs were plotted
in Fig. 12, with a comparison to the uniform parameter distributions and the default-parameters-prior parameter values. As
shown in Fig. 12, the posterior distributions of these parameters differ significantly, indicating that the response of these

parameters to the assimilation of COS is quite different. Our results demonstrated that COS fluxes have similar constraining
effects to the same parameters in different ecosystems although the posterior distributions of the same parameter at different
sites depicted variations. In general, parameters related to plant growth and stomatal conductance were strongly constrained
by the assimilation of COS, while the parameters related to energy balance as well as soil hydrology were inadequately
constrained.

With distinct shape and remarkably narrow range of the cumulative frequency curves, by, , (the intercept of the Ball-Berry
model, representing minimum stomatal conductance) was strongly eenstraintconstrained by the assimilation of COS in this
study. For most sites (AT-Neu, DK-Sor, FI-Hyy, IT-Soy and US-Hal), the values of by,, were confined to a very limited

range of 0 to 0.0908 mol m~2 s~ -with. At these five sites, the average valuevalues of the posterior by, o tess-than-0-04all
located from 0.01 to 0.03 mol m™2 s~ fForDK-Serand-ES-Lma;, aligning well with the posterior-range-widthdefault value
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of by, arerauch-targer(0.0175 mol m~2 s~*) for the BEPS model. By contrast, with vakies-6f-0-39-melm=2s=>and-0-26
mol-m==s—* respectively-With-posterior by, , values ranging from 0.2103 to 0.9918 and 0.03 t0 0.91 mol m~? s™*,-US-Wre

is-the-only-site-where the default value of -by, , {0-0175-melm==2s=%)-for the BEPS model was rejected by the assimilation of
COS at ES-Lma and US-Wrc. Despite the broad distribution of posterior by, , at US-Wrc, the cumulative frequency curve still

indicates that by, is well-constrained at this site, with 8580 % of the posterior by, located in a narrow range of 0.2%15 to
0.50 mol m~2 s~1, Overall, our results are reasonable as literature-documented values of -by, o are highly variable and they
align well with the compilation provided by Miner et al. (2017), in which more than 83-9%5/6 of the by, , values are located
between 0 and 0.4518 mol m~2 s~ 1, and about half are located between 0 and 0.04 mol m~2 s~. Moreover, the mean values
of posterior by, o for altmost (5/7) sites are larger than the default by, value of the BEPS model, suggesting that the current
by, value utilized in BEPS may be underestimated.

Identified as the most sensitive parameters in COS modeling, the plant growth related parameter Vi, qx25 and Ny, Were
generally well constrained in this study. However, unlike by, Which is strongly constrained at all sites, the posterior
cumulative frequency curves of V425 and Nigqr exhibit considerable variation across sites. Except for the—evergreen
needleleafforestsitesUS-Hal and US-Wrc, the posterior Vip,q.25 and Ny, Were mostly distributed in the upper half of the
parameter range. Particularly, all of the lower half values of V4425 and N, s were excluded by the behavioral parameter sets
at Di-Ser-and-ES-Lma. In contrast, at-Fl-Hyy-beth-the posterior cumulative frequency curves of Ve,,qx,s ane-Negz-deviated
slightly from the original uniform distribution_at US-Hal, indicating that they are not well-constrained by the assimilation of

COS. Notably-the-assimiation-of COS-effectively-excluded-the-upper-halfAs for US-Wrc, both the largest 7 % and smallest
4 % values of N, in-JS-Wirewhile-notfor ¥ oare effectively excluded by the assimilation of COS.

Another stomatal conductance-related parameter, my,,, demonstrated effective constraint through COS assimilation at
specific sites (AT-Neu, DK-Sor, ES-Lma, FI-Hyy, and IT-Soy), with parameter range width reductions comparable to V4125
and Nyeqr. However, at the-remaining-sitesUS-Hal and US-Wrc, the posterior cumulative frequency curves of my,, show

minimal deviation from the original uniform distribution. Nevertheless, the optimization of m,_, is generally achievable

through COS assimilation, as supported by our results in good agreement with the compilation of Miner et al. (2017)-, in which

the average historical values of my, ,_grouped by PFT (referred to as the PFT-grouping values below) are provided. As

indicated in Table 23, the average absolute bias between the default my,, and the PET-grouping value reached as high as 2.87

for these sites. Through COS assimilation, the mean absolute bias was reduced to 2.43—n-partictlar-the-disparities-between

14



350

355

360

Table 23. Mean posterior my, , values for seven study sites in comparison with the default values and the PFT-grouping-values{mean=

standard-deviation)}-(Mineretalk2017)-grouping values (mean #standard deviation) in Miner et al. (2017). Within the compilation of Miner
et al. (2017), FI-Hyy and US-Wrc are classified under the PFT of evergreen gymnosperm tree, while DK-Sor and US-Hal fall under the

PFT of deciduous angiosperm tree.

Site name AT-Neu DK-Sor ES-Lma Fl-Hyy IT-Soy US-Hal US-Wrc
defaultDefault 8 8 8 8 8 8 8
This study 8266.41  11.469.53 10.6937 5.8913 9.6333 8.6500 8.557.76
Miner 2017 13.3+3.1 8.7%51 133+3.1 6.7*x25 135#31 8751 6.7%25
The photosynthesis-related parameters V/g,p. and fi.q5 also influence COS simulation. tn-behavieral-parametersetsfor DI~

or—and ma,—excessively-smallvalues(less—than—0.2)for £ were—effectively rejected-—However, the posterior

distributions of f.,r resemble the original uniform distribution, suggesting that it is not a crucial parameter for COS
simulations. The posterior cumulative frequency curve of V/,,. also generally deviates slightly from the uniform distribution.
Yet, at DK-Sor_and US-Hal, more than three-guarterstwo-thirds of the posterior V/,,. Vvalues are situated in the upper half
of the parameter range, indicating that V/,,. can also be well-constrained by the assimilation of COS in specific cases.

Among these seven sites, the soil hydrology-related parameters Ksatseqqy5aNd bgcqiaraRe-+azzz5 did not exhibit a strong

response during the assimilation of COS. However, the posterior cumulative frequency curves of these-parametersr,,.,, _show

notable deviations from the uniform distribution in certain cases. Specificaly—at-F-HyyAt US-Wrc, higher values of bezr
Ksatszamahd-Tgecqy are more prevalent within the behavioral parameter sets, leading to the posterior means—for-these

parameters-that-are-allmean of r,..,,,_much greater than the prior meansmean. Moreover, the largest 14 % values of .., are

effectively excluded by the assimilation of COS at IT-Soy.
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Figure 2-3. Cumulative frequency distributions and boxplots for the posterior model parameters-_obtained by COS assimilation. The grey
area represents a-uniform parameter distribution-and-the-black-squarerepresentsdistributions, while the colored areas denote posterior CDF
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distributions, with parameters for different sites represented using different colors. The box extends from the defaultfirst quartile to the third
quartile of the parameter valuevalues, with a line at the median. X" markers denote outliers, and the whiskers represent the lowest or highest
parameter values excluding any outliers. The black squares represent the prior parameter values, and the axis ranges denote the prior ranges
of the parameters. Pl denotes parameter identifiability, defined as the reduction of the parameter range width.

3.3 The optimization performance in COS fluxes

The posterior simulated COS fluxes were evaluated against the prior simulations and observations. Table 34 lists the mean
RMSEs and range widths of the prior and posterior simulated COS fluxes for all the sites. The RMSE,, .. Of the posterior
COS simulations are smaller than the prior, and the mean RMSE reduction for all sites is 32:0935.51 % +13.4972 % (mean %
SD). At the same time, the simulation range widths of COS fluxes are also well constrained, with a mean reduction of 76:42%
#13.3181.46 % =+7.32 % from the prior. The reduction of RMSE,,.., and range width is particularly significant in US-Wrc,
with a value of 61.3914 % and 96-7794.70 %, respectively.

In Fig. 24, the daily and monthly variations of COS during the observation period at each site are shown. It can be observed
that both the prior and posterior simulations are able to accurately capture the daily variation or the seasonal cycle of COS
across these sites, with the exception of IT-Soy. As IT-Soy is a temporary observatory with no continuous in-situ
meteorological observations available, the ERA-5 meteorological data were used to drive the model for this site, resulting in
the simulation not being able to characterize the COS changes very well. Although the simulations perform well in modeling
the variations of COS for other sites, our results also suggest that they tend to underestimate the magnitude of COS fluxes at
both ends of the growing season (e.g. Fig. 2d4d). Furthermore, the model markedly underestimates the magnitude of COS
during rainy days (DOY 126-134) at ES-Lma (Fig. 3e4c). These findings suggest substantial deficiencies in modeling the
mechanistic process of COS exchange. Nevertheless, it can be stated that the fusion of COS observations with the BEPS model
has the capacity in constraining the predictive uncertainty of COS, as evidenced by significantly reduced uncertainty bounds
that largely encapsulate observations.

The prior simulations terd-tesignificantly underestimate the COS fluxes at BK-Ser-and-ES-Lma, with the ensemble mean of
prior simulations being only about halfone-third of that of the observations. After ealibrationoptimization, the simulated COS
fluxes show a substantial increase and generally align with the observations. However, some observed peaks are still not
included in the posterior simulation uncertainty bounds. In contrast, the prior simulations tend to overestimate COS fluxes at
the-evergreen-needleleatforest sitesespeciallysite FI-Hyy, US-Wre—whereHal and US-Wrc. At US-Wrc and US-Hal, the
ensemble meanmeans of prior simulations are #8:4365.70 % and 64.81 % larger than the observations. The assimilation of
COS alse-effectively corrected the overestimation but, at the same time, led to a further-underestimateslight underestimation
of the magnitude-ofvariationinthe-simulated COS for US-Wrc. tr-additionwithWith the down-regulation of COS simulations,
the model-observation difference at both ends of the growing season for FI-Hyy further increased. Particularly, significant

underestimation is found in the posterior simulations in 2017 for FI-Hyy, despite remarkable-improvementis-attached-by-the

posterior simulations_showing a remarkable improvement in reproducing COS fluxes over the entire period (2013-2017). As

the prior simulations neither noticeably overestimate nor underestimate, there is little difference between the ensemble mean
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of the prior and posterior simulations at the remaining three sites (AT-Neu, DK-Sor and I1T-Soy-and-JS-Hal). Nevertheless,
the assimilation of COS resulted in a remarkable reduction in both RMSE,, ..., and uncertainty bounds for COS simulations at
these sites, with mean reductions of 24-2523.93 % and 79-4375.11 %, respectively.

Overall, there are considerable uncertainties in the prior simulations, with the uncertainty bounds comparable to or much larger
than the uncertainties of observations, and the ensemble mean deviate-remarkablestrongly deviates from observations in some
sites, i.e., BK-SerES-Lma. Our results suggest that significant improvement in both the ensemble mean and predictive
uncertainty of COS simulations can be achieved through the addition of the information provided by the COS observations

with the Monte Carlo-based parameter calibrationoptimization approach , especially for evergreen needleleaf forest sites.

However, limited by various factors, such as uncertainty in model-driven data and model structure (Cho et al., 2023), currently
the model often underestimates the simulation at both ends of the growing season, and lacks proficiency in modeling the

magnitude of COS during rainy days.

Table 34. Comparison of model performance indices for the prior and posterior COS simulations. The RMSEzzzRMSE ;04 Of the prior
and posterior simulations are the mean values of the RMSEs of 20,000 prior COS simulations and 100 behavioral COS simulations with
COS observations, respectively. The range widths of the prior and posterior COS simulations are defined as the mean values of the difference

between the 95th and 5th percentile of the prior and posterior simulations, respectively. The reduction (%) of RMSE ;¢4 and range width

is calculated as (1-posterior/prior) <100.

) RMSE 0qn (pmol m=2 s71) Range width (pmol m~2 s71)
Site name

Prior Posterior Reduction (%) Prior Posterior Reduction (%)

AT-Neu 16:0424.10 11691430 2706240.67 227946.40 5:596.79 #5-4585.36
DK-Sor 32.0369 22:0924.07 3%0426.36 23854541 105413.33 55:8170.64
ES-Lma  129617.10 10:4214.66 19.6214.26 6.8510.35 2.7675 59.6873.47
FI-Hyy 1473515.87 10.4387 39.-8431.52 35-8520.96 5:593.88 84-40681.50
IT-Soy 16.8449 43221135 2%5331.16 225827.26 4.605.12 #9-6181.21
US-Hal  20:2430.08 17.0215:34 24.2243.44 43.8850.47 #358.42 83.2431

US-Wrc 36.2276 143951428 61.3914 #0-1478.04 2274.13 96-7794.70
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Figure 34. Comparison of prior and posterior simulated ecosystem COS fluxes. The ensemble means of the prior (red) and posterior
(greenblue) simulations are plotted around the uncertainty bounds (5th and 95th quantile). The mean observed COS and its uncertainty (=%
estimated by the standard deviation) are represented by blueblack dots with error bars. The means and uncertainties of these hourly

425 observations and simulations are calculated and plotted on a daily or monthly scale. Particularly—errorError bars are not plotted when more
than 3/4 of the observations are missing. The subplot numbers are assigned based on the alphabetical order of the site names.
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3.4 The performance of simulated GPP

The mean RMSEs and range widths of both prior and posterior simulated GPP for all sites are presented in Table 45. With
reduction ratios of RMSE,,, .., ranging from 18.9920.16 % to 66.64.12 %, the assimilation of COS effectively enhanced the
model performance of GPP to varying degrees. Concurrently, the range widths of GPP simulations were well confined,
exhibiting a mean reduction ratio of 54:83-%=265.81 % *+6.77 %. The17-02-%Netably-the maximum reduction in beth
RMSE,, ..n-2nd-range-width for GPP occurred at US-Wrc, aligning with the substantial improvement observed in the posterior

simulated COS at this site. In contrast, a relatively limited impact on improving the prediction of GPP was observed at AT-
NeuFI-Hyy, as evidenced by both the smaller reduction in RMSE,,, ., and range width of GPP simulations.

The BEPS model demonstrated excellent performance in capturing the daily variation and seasonal cycle of GPP, as illustrated
in Fig. 35. However, similar to the COS simulations, the ensemble averages of the prior simulated GPP notably deviated from
observations at several sites. SpecificalhyFor example, at DK-Sor; and ES-Lma, the ensemble averages of the prior simulated
GPP were only approximately half of the observations. After the assimilation of COS, GPP simulations exhibited a significant
increase, aligning well with observations at DK-Sor and ES-Lma. Conversely, substantial overestimation in prior GPP
simulations was effectively corrected through the assimilation of COS at US-Wrc, resulting in a remarkable enhanced

modeling performance in both RMSE and range width. For FI-Hyy and US-Hal, minimal differences were observed between

the ensemble mean of prior and posterior simulations, as the ensemble mean of prior simulated GPP had already consistently
fit the observations. Nevertheless, our results highlight notable enhancements in the predictive uncertainty of GPP through

COS assimilation- at these two sites. In Fig. 3d5d, it is evident that, likely due to the absence of in situ meteorological data at

IT-Soy, GPP trends are not well represented, although the ensemble averages of the GPP simulations are very close to the
observations in magnitude. However, with a reduction of range width as high as 60-3974.72 %, our finding suggestsuggests
that the assimilation of COS can significantly reduce the predictive uncertainty of GPP, despite the presence of substantial

meteorological data uncertainty.

Table 45. Comparison of model performance indices for the prior and posterior GPP simulations. The RMSE ;4 Of the prior and posterior
simulations are the mean values of the RMSEs of 20,000 prior GPP simulations and 100 behavioral GPP simulations with GPP observations,
respectively. The range widths of the prior and posterior GPP simulations are defined as the mean values of the difference between the 95th

and 5th percentiles of the prior and posterior simulations, respectively. The reduction (%) of RMSE ,,.,,.and range width is calculated as

(1-posterior/prior) * 100.

) RMSE pqn (dmaelumol m™2 s71) Range width (4melumol m~2 s~1)
Site name Prior Posterior  Reduction (%) Prior Posterior Reduction (%)
AT-Neu 11481352 9.3048 18:9929.90 17522714 1184841  32.4069.01
DK-Sor 16-5115.39 7.5108 54.5200 18:0419.65 12147.19  32+4%63.39
ES-Lma 640735 5:274.63 2%4337.06 10-5511.99 #094.75 32-7560.39
FI-Hyy 5.4914 3:604.10 34-3420.16 27508.51  9-653.98 64.9253.20

IT-Soy 10.9398 7.5919 30-6034.57 20.5492 8-145.29 60-3974.72
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Figure 45. Comparison of prior and posterior simulated GPP. The ensemble means of the prior (red) and posterior (greenrblue) simulations
are plotted around the uncertainty bounds (5th and 95th quantile). The mean observed GPP and its uncertainty (=1-estimated by the standard
deviation) are represented by blueblack dots with error bars. The means and uncertainties of these hourly observations and simulations are
calculated and plotted on a daily or monthly scale. Particularhy—errorError bars are not plotted when more than 3/4 of the observations are
missing. The subplot numbers are assigned based on the alphabetical order of the site names.
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4 Discussion
4.1 Parameter sensitivity

As mentioned before, here we utilize the conductance analog model proposed by Berry et al. (2013) to simulate COS plant
uptake. Thus, it is not surprisedsurprising that both the stomatal conductance related parameter by, and my,, would impact
the modeling of COS flux. Specifically,—consideringConsidering the stress of soil moisture on stomatal conductance, the
stomatal conductance was calculated by a modified version (Woodward et al., 1995; Ju et al., 2010) of the Ball-Berry model
(Ball et al., 1987) based on the close relationship of stomatal conductance and photosynthesis rate. Consequently, both the soil
hydrology related parameters and the photosynthesis related parameters can ultimately play roles in the simulation of COS
plant uptake by influeneceinfluencing the modeling of the stomatal conductance.

It has been recognized that the photosynthetic capacity simulated by terrestrial ecosystem models is highly sensitive to V..., 4+
Jmax: @nd light conditions (Zaehle et al., 2005; Bonan et al., 2011; Rogers, 2014; Sargsyan et al., 2014; Koffi et al., 2015;
Rogers et al., 2017; Xing et al., 2023). Our study corroborates these findings, highlighting the pronounced sensitivity of

simulated GPP t0 Va5, followed by Vgpe and fioqr. Specificallyourresultsreveal-that GPP-simulations-exhibit-lower

an VILAVA fa m Where ample ah hla h veoetation a a Madan\—e 018 Helmanp-e

COS simulations are not notably sensitive to fi.qr and V/gope While Vepa.25 plays a crucial role in the modeling of COS. Itis

because V,,qax25 NOt only affects the estimation of stomatal conductance through photosynthesis, but also is used to
characterize the apparent conductance for COS uptake from the intercellular airspaces, as both mesophyll conductance and
carbonic anhydrase activity tend to scale with V..., (Badger and Price, 1994; Evans et al., 1994; Berry et al., 2013). Yet, as
the hydrolysis reaction of COS by carbonic anhydrase is not dependent on light, VJs,p. and fi.,r do not play any roles in the
modeling of apparent conductance and thus have little effect on the simulation of COS.

As the COS plant uptake and photosynthesis are tightly coupled through stomata, one would naturally expect similar sensitivity
in simulated COS and GPP to stomatal conductance related parameters my,, and by, o. However, the relationship between

COS and stomatal conductance significantly differs from that efbetween GPP and stomatal conductance within the model (e.g.,

Eq. A185 and the Ball-Berry model). Consequently, a notable difference in sensitivity between simulated GPP and COS to
my,o and by, o Was identified in this study. Specifically, my,, exhibited more pronounced effects on photosynthesis, while
by, o played a crucial role in the simulation of COS.

Given that a significant portion of nitrogen is invested in_the photosynthetic machinery (Mu and Chen, 2021), there exists a
close association between leaf nitrogen content and leaf photosynthetic capacity (Sage and Pearcy, 1987). Additionally, the
well-established relationship between leaf nitrogen content and carboxylation capacity (Kattge et al., 2009; Lu et al., 2022)

further emphasizes this connection. ta-speeificSpecifically, carboxylation capacity in leaf scale is assumed to be linearly related
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to leaf nitrogen content in the BEPS model (Medlyn et al., 1999; Chen et al., 2012). Consequently, both Ve,,qx25 and Nieqr

play crucial roles in influencing carboxylation capacity, thus having a substantial impact on the simulation of COS.

The soil hydrology related parameters can also affect the simulation of COS plant flux as we take the stress effect of soil

moisture on both stomatal conductance and mesophyll conductance into account (Ju-et-al—2010; Knauer-et-al;2020)TFhese

2010; Knauer et al., 2020). These parameters also affect the modeling of COS soil exchange since soil moisture is a significant

factor in COS soil biotic flux (Whelan et al., 2016). However, given the smaller magnitude of soil COS exchange compared

to plant uptake (Whelan et al., 2018) and the minimal impact of soil moisture stress on photosynthetic capacity (Ma et al.,

2022), these soil hydrology relevant parameters do not significantly influence the modeling of COS.

4.2 Parameter interactions

For all seven sites, Pearson correlation coefficients and econfidentconfidence levels between the selected parameters were
calculated, as depicted in Fig. 5-and-Fig—C1.6. Generally, each site exhibits approximately 43 to 468 parameter combinations
with significant correlations (p < 0.05). A total of 248 parameter combinations demonstrate significanthr-correlatedsignificant
correlations at more than one site, while 2011 parameter combinations exhibit significant correlations at only one site.
Specifically, with a mean correlation coefficient of -0.4855 +0.2114 (negative value representing a negative correlation), the
correlations between V425 and Nyqf are very significant (p < 0.01) at akmest-all sites{6/7);, indicating a robust interaction
between them. In addition t0 Va5 and Nyeqf, four parameter combinations show highly significant correlations (p < 0.01)

at a minimum of two sites, they are by, , and

meaﬁﬂg—theh;“*ea‘k_eqmenee_e%_e{_al?zgi‘g)?mHz OJ_mHZOﬂchaxz 5_:_mH2OﬂNZeaf_x_bscalarﬂV]slope

respectively. Such results indicate the strong interactions among parameters related to stomatal conductance, photosynthesis

as well as soil hydrology, even if some of them do not significantly impact the modeling of COS.
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Figure 56. Parameter correlation matrix plots with significance levels between the parameters of the behavioral parameter sets-at-AF-Neu
{a)-and-BK-Ser(b).. Correlation coefficients are shown in red font when the confidence level is greater than 95 % (p < 0.05), with a
525  superscript "*" indicating the confidence level greater than 99 % (p < 0.01).
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We-alse observed substantial variations in parameter interactions across different sites. For instance, at 1-Sey;-bgAT-Neu

My, o and fzzzN,.qr exhibited a highly significant negative correlation with a correlation coefficient as high as -0.4945.
However, these two parameters seemed irrelevant at US-\WreDK-Sor with a correlation coefficient of only -0.0203. As for soil
hydrology related parameters, none of them showed significant correlations with any parameter at IT-Soy, YS-HatFI-Hyy and
US-WreHal, yet there were four parameter combinations related to them significantly correlated at DK-Sor (Fig. 5b6b).
Furthermore, while V425 is highly correlated with Ny, at all sites, the correlation coefficients varied considerably, ranging
from -0.2441 to -0.9387.

We also observed interactions not only between two parameters but also among several parameters (e.9-.. bzso—Frear—

mﬂ@'bscalar;vcmaxzs;vjslope in Flg
correlated—parameter—combinations—we—generated6a). Fig. 6—Thisfigure—not-onlyelucidatesB1 showcases the intricate

interactions among multiple parameters relevant to COS simulations and illustrates the distribution of behavioral parameter

he. The parameter combinations
depicted in Fig. 6B1 are particularly representative as they originate from diverse sites and include nearly all highly significant
correlated combinations. Overall, since aHthe six plant growth related parameters used in this study are positively correlated
with the simulation of COS, they consistently constrain each other, demonstrating a negative correlation, as shown in Fig. 6a,
Fig. 6¢, and Fig. 6d. However, due to the nonlinearity of the model, there is not a simple linear relationship between these
parameters. For example, at ES-LmaAT-Neu, where the COS observations significanthy-surpassnotably exceed the ensemble
mean of prior simulations, Veyqxz2s and Vg, are-net-tinearly-correlated-with-each-otherexhibit a non-linear correlation, but
are-both wel-confinedtend to the-region-aroundbe distributed near their upper limits (Fig. 6bB1).
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4.3 Parameter identifiability

As the parameter identifiability is quantified based on the range of the behavioral parameter, its results were presented in Fig.
550 23 along with the plots of the cumulative likelihood distributions of the behavioral parameters. These results underscore the
remarkable ability of COS assimilation to identify by, ,, with a mean Pl of by, , as high as 0.7681 £0.2528. Identified as the
most sensitive parameters for COS modeling, Vemaxzs and Ny, also exhibit remarkable identifiability, with mean Pls of 0.39
#+=0.25-and-0-4229 +0.19 and 0.26 £0.22 respectively.
frear)Mu,0 demonstrate varying levels of identifiability, with Pls ranging from 0.0601 to 0.42,-0-03-t6-0-30-and-0-te-0-09;
555  respectively\While-these28. In contrast, the light reaction related parameters V/;,,._and fi.q5_are not well identified, with the
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maximum value of Pl of only 0.04. The soil hydrology related parameters are-wel-identified-at-some-sites—theyprove
abmest-bycqiqr KStseqqr_and 14004, are also generally unidentifiable—at—others. Notably, ¥fzm—achieves—optimal

identification-at-DK-Ser-wherer,, .., _is well identified at IT-Soy, in which its PI value (0.14) is approximately eightseven

times that of the other sites.

Fhe-In this study, the identifiability of a parameter with-input-data-closely eerrelates-withrelated to the sensitivity of the-input
dataCOS simulations to the parameter, although it eanis known to be influenced by model over-parameterization and parameter
interactions (Gan et al., 2014). For instance, eurresults-demeonstrateat ES-Lma, where the erders-6fCOS simulations exhibited
the greatest sensitivity t0 Nje,r and Ve, qx25, these parameters were also found to have the highest identifiability for¥memrs

and-Nrare-almostconsistent-atthe-same-site-(Fig. 22a and Fig. 3). Given the high sensitivity of COS modeling to Veqx2s.

Nieqr and by, o, itis unsurprising that these parameters can be effectively identified by the assimilation of COS. However, our

findings indicate that the sensitivity of Vip,qx25, Nieqs is much greater than that of by, o, yet the latter is much more identifiable.
This outcome can be attributed to the highly significant correlation between V4,25 and Ny, as parameter interaction is a
primary contributor to parameter unidentifiability (Gan et al., 2014).

In Sect. 3.1, it was demonstrated that the modeling of COS exhibits a low sensitivity to fieqr, My, and Vjg,y.. Consequently,
it is reasonable that the assimilation of COS maydid not effectively identify fie,r, my,o and Vg,op. at-certain-sites-(Fig. 23).

However, due to their significant correlations with other plant growth-related parameters, effective identification is possible

in specific cases. Notably, combinations such as fregrNear+Mu,0~Yemazzs_~ bu,0 aNd My, 0 = Vemaxos~sope are very
significantly correlated (Fig. 566b), and both Mgzbyy, 0 and Vepaxos Were effectively-identified at DK-SerFI-Hyy. As aresult,
FrearMu, 028 555 also attain highly identifiability at this site.

It has been previously demonstrated that soil hydrology-related parameters exert a minimal impact on COS simulations (Fig.

2) and cannot be effectively constrained through COS assimilation-_in general (Fig. 3). Consequently, these parameters exhibit

low identifiability, although significant combinations of correlations associated with soil hydrology-related parameters were
observed at certain sites (e.g., DK-Sor).

4.4 Relationship between COS and GPP simulation performaneeperformances

In this study, we identified the top 100 parameter sets, whose corresponding simulations displayed the smallest RMSE

concerning COS observations, as the behavioral parameter sets. Subsequently, these behavioral parameter sets were employed
to derive the posterior simulated COS and GPP, and to estimate prediction uncertainty. Therefore, it is necessary to investigate
howthe distribution of RMSEs for COS simulations and GPP simulations+espend-te-RMSE, and to understand the relationship
between the model performance of COS and that of GPP.
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Figure 7. Comparison of RMSE for COS (RMSEcos) and GPP (RMSEcee) in the Monte Carlo simulations. Each data point represents a
parameter set, with color indicating data density. The gray dashed line represents the RMSE threshold for COS simulatiensimulations,
calculated as the mean of the 100th and 101st smallest values of the RMSE.

In Fig.7, scatter plots of RMSEs for COS and GPP are presented. It can be observed that at most sites, where the scatters are
most densely distributed, there tend to be relatively small RMSEs for both COS and GPP. These results indicate that the current

model is generally capable to simulate COS and GPP well at the same time. However—given-the-unecertainties—-of-model
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and GPP as well as the uncertainties of model structure and driving data etc., there are also numerous parameter sets that

perform well for either COS or GPP but exhibit significant discrepancies with the observations of the other. Mere
specificallyFor example, the model runs with the 3 % highest RMSE for GPP instead exhibit good performance in terms of
COS at ES-Lma, with their mean RMSE values (15.42 pmol m~2 s™1) less than that of the prior (17.10 pmol m~2 s™1).

Overall, our results suggest that these behavioral parameter sets, which demonstrate good performance in COS simulation,
also generally perform well in modeling GPP. However, the parameter sets with relatively good GPP simulation results exhibit
significant variability in the performance of COS modeling.

4.5 Caveats and implication

Compared to the big leaf model, the two-leaf model has been demonstrated to better describe the canopy radiation distribution,

GPP, and stomatal conductance (Luo et al., 2018). In this study, we take the advantage of two-leaf model to simulate COS

fluxes from plant and soil based on the BEPS model within the two-leaf framework. Ecosystem COS flux data were used to

calibrate the model parameters belong to BEPS and to optimize GPP simulations among diverse ecosystems within the Monte

Carlo-based methodology. Our results demonstrate that COS not only improves the accuracy of GPP simulations but also

reduces GPP simulation uncertainty. However, due to the lack of in-situ COS concentration and flux data, as well as BEPS

model driving data (e.g., meteorological data, LAI data and clumping index data), we are still facing challenges in evaluating

the performance of the two-leaf model compared to other models in COS simulation. issue. Therefore, there is an urgent need

for more in situ meteorological data, vegetation canopy structural parameters, as well as COS observations.

The spatial and temporal variation in atmospheric COS concentrations has a considerable influence on the COS plant uptake
(Ma et al., 2021; Kooijmans et al., 2021) due to the linear relationship between the two (Stimler et al., 2010). With the lack of

continuous ground-based COS concentration observations, COS concentrations in the bulk air are assumed to be spatially

invariant over the globe but to vary annually in this study, which may lead to significant biases in COS simulations. Currently,

several recent studies have simulated COS vegetation fluxes based on atmospheric transport model-derived COS concentration
data within the big-leaf framework (Kooijmans et al., 2021; Maignan et al., 2021; Abadie et al., 2023). These COS fluxes

simulated based on big-leaf models were in turn used to drive atmospheric transport models (Remaud et al., 2023; Ma et al.,

2023). Within an atmosphere inversion framework, recent studies indicate an underestimation of the biosphere COS sink in

high-latitude regions of the Northern Hemisphere (NH) (Ma et al., 2021; Remaud et al., 2023). Larger underestimations of

ecosystem COS exchange based on big-leaf model at high latitudes have also been confirmed at the site scale, and the

underestimations of COS are consistent with biases in GPP for some sites (Kooijmans et al., 2021). Interestingly, Luo et al.
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(2018) demonstrated that the reason for the underestimation of GPP by the big-leaf model is that it fails to accurately describe

the instantaneous radiation distribution in the canopy, and the underestimation increases with the increase of LAI. The NH

high-latitude regions have relatively high LAI (Fang et al., 2019), therefore the deficiency of the big leaf model in simulating

radiation distribution may contribute to the existence of the missing COS sink in the NH high latitude in summer, and this
deficiency is amplified by the larger LAI. In fact, the spatial distribution of LAI (i.e., GLOBMAP LAI) retrieved through

remote sensing not only in NH high-latitude regions but also in central Africa aligns with the spatial distribution of the missing

sink revealed by the “objective” inversion conducted by Ma et al. (2021) (as illustrated in Figure 7 in Ma et al. (2021)), which

further validates the reasonableness of this hypothesis. Therefore, conducting COS simulations under the two-leaf framework

at a global scale holds the promise of providing insights into the global COS vegetation sink and benefiting the simulation of

the spatial and temporal distribution of COS concentrations. Thus, it is necessary to conduct regional and global COS

simulations within the two-leaf model framework in the future.

Taking advantage of the Monte Carlo-based parameter optimization approach, we analyzed the global sensitivity,

identifiability as well as interactions of COS-related parameters in this study. Furthermore, we quantified the uncertainty in

simulated COS and GPP, thereby revealing the capacity of COS to constrain the uncertainty in GPP simulations. However,

the Monte Carlo-based parameter optimization approach is subject to controversy (Sambridge and Mosegaard, 2002) due to

the numerous subjective decisions involved in its implementation, such as the selection of parameter range, sample size and

performance metric, etc. Further research is needed to investigate the impact of these factors on the parameter optimization

results related to COS and the assessment of model prediction uncertainty.

5 Conclusions

In this study, carbonyl sulfide flux data were utilized to calibrate the ecosystem model parameters and to optimize GPP

simulations among various ecosystems within thea Monte Carlo-based methodelogy-base-on-the-coupling-ef-approach using
COS modeling and-thewithin BEPS-medel-Glebal. A global parameter sensitivity analysis was conducted to identify the most

sensitive ones among a set of 9 pre-selected parameters-fer-COS-and-GPP-medeling;-the. The identifiability and interaction of
model parameters were investigated by the behavioral parameter sets._The effectiveness of COS in improving the model

performance of GPP was evaluated. The major findings are as follows:

(1) Similar to GPP, we found the modeling of COS is sensitive to parameters Ve, qxz57.aNd Nyoq p-aR6-bg, While insensitive

to soil hydrology related parameters- as well as the energy related parameter f., . Unlike GPP, COS is alsesensitive to by,

while being insensitive to my, , and the-light-reaction-related-parameters Vi sameant-fraarV /siope -

(2) The assimilation of COS within the Monte Carlo-based approach effectively improved model performance of GPP and
significantly reduced the model predictive uncertainty, with a mean RMSE reduction of 35:42-%==17.0140.56 % +13.77 %
and a mean range width reduction as high as 51-83%=17.0265.81% +6.77 %.
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(3) Complex and significant two-parameter or multi-parameter interactions existsexist between the model parameters. a

particularlyParticularly, Vi, 4.5 and Ny are-significantly-correlatedshow highly significant correlations (p < 0.8501) at all
sites.

(4) Generally, by, o, Vemaxzs and Nyqp can be well identified through the assimilation of COS, especially by, o, whereas the

soil hydrology related parameters and the light-reaction related parameters cannot be identified effectively-—srg o Vsppeand

Appendix A:

Al- BEPS photosynthesis and stomatal conductance modeling approach
In the BEPS model, the net photosynthesis rate (A) is calculated using the Farquhar model (Farquhar et al., 1980; Chen
etal., 1999):

A =min(4;, 4;) — R, (A1)
J
A G-I
c chax —0 (AZ)
C+K(1+ K—;)
G-I
A; (A3)

where 4; and A; are Rubisco-limited and RuBP-limited gross photosynthetic rates (umol m~2s™1), respectively. R, is leaf
dark respiration (umol m~2s71). V..., is the maximum carboxylation rate of Rubisco (umol m~2s~1); J is the electron
transport rate (pmolm~2s71); Ci and Oi are the intercellular carbon dioxide (CO2) and oxygen (O2) concentrations
(mol mol™?) , respectively; Kc and Ko are Michaelis—Menten constants for CO, and O (mol mol~1), respectively.

The electron transport rate, J, is dependent on incident photosynthetic photon flux density (PPFD, umol m™2s™1) as:

_ Jmax 1
I+ 2100,

Where J,,q. is the maximum electron transport rate (umol m~2s~1),- I is the incident PPFD calculated from the incident

J (A4)

shortwave radiation Rg,, (W m™2):
I' =B Rgy fleaf (A5)

where g = 4.55 is the energy — quanta conversion factor (umol J™'), fi.qr is the ratio of photosynthesis active radiation to the

shortwave radiation (unitless).
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The maximum carboxylation rate of Rubisco V.,,,.,.was calculated according to the modified Arrhenius temperature function

(Medlyn et al., 2002) and the maximum carboxylation rate of Rubisco at 25 °C (V.ax2s). Vemax 1S generally proportional to

leaf nitrogen content. Considering both the fractions of sunlit and shaded leaf areas to the total leaf area and the leaf nitrogen

content vary with the depth into the canopy, the V,,,,,,_values of sunlit (V. ax suniic) @nd shaded (Ve ax shadea) 1€aVES can be

obtained through vertical integrations with respect to canopy depth (Chen et al., 2012; De Pury and Farquhar, 1997):
k[l _ e(kn+k)L]

chax,sunlit = chax)(aneaf (kn + k)(l _ e"‘L) (A6)
ki [1—ehnt] — 1+ £ [1 - ellartior]
n n

chax,shaded = chax)(aneaf (A7)

L—p(1-ek)
where y,, (m? g~1) is the relative change of V., to leaf nitrogen content; Ny, (g m~2) is the leaf nitrogen content at the top
of the canopy;- k,,-{unitless) is the leaf nitrogen content decay rate with increasing depth into the canopy, taken as 0.3; L is the
canopy depth described in total LAI. k is calculated as:

k=G(0)2cos(0) (A8)
where G(0) is the projection coefficient, taken as 0.5-2-is-the-clumping-index—and-8-is-the-is-the-solarzenith-angle.

After V..., values for the representative sunlit and shaded leaves are obtained, the maximum electronic transport rate for the

sunlit and shaded leaves are obtained from Medlyn et al. (1999):

Jmax = Visiope Vemax — 14.2 (A9)
where Vg pe (Unitless) is the slope of the relationship of V4, and Jqy-
The leaf stomatal conductance to water vapor (g, in Ymol m~2s™1) is estimated using a modified version of Ball-Berry (BB)
empirical model (Ball et al., 1987) following Woodward et al. (1995):

myoA R
G = by + 1202 T (A10)
a

where by, is the intercept of the Bal-BerryBB model, representing the minimum g, (mol m—2

s™1), my, o is the empirical
slope parameter in the BB model (unitless), Ry, is the relative humidity at the leaf surface (unitless), f,, is a soil moisture stress
factor describing the sensitivity of g, to soil water availability (Ju et al., 2006), C, is the atmospheric CO, concentration
(umol mol™1).
Soil water availability factor f,, ; in each layer i is calculated as:
1.0

= - All
W) fi(Ts,) (ATD

fw,i
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where f;(1;) is a function of matrix suction ; (m) (Zierl, 2001), f;(Ts,) is a function describing the effect of soil temperature
(Ts; in °C) on soil water uptake (Bonan, 1991).
To consider the variable soil water potential at different depths, the scheme of Ju et al. (2006) was employed to calculate

the weight of each layer (w;) to f,,:

_ Rifw,i
Z?=1 Rifw,i

where n is the number of soil fayerlayers (five were used in this study) of the BEPS model, R; is the root fraction in layer i,

(A12)

Wi

calculated as:

1— rdecay 100cd; i=1
— 100cd;— 100cd; :
R; = {Taecay 1 — Tdecay ¢ 1<i<n (A13)
100cd;— -
Tdecay -1 L=n

where cd; is the cumulative thicknessdepth (m) of layer i. In this study, each soil layer depth (from top to bottom) of the BEPS
model is 0.05 m, 0.10 m, 0.20 m, 0.40 m and 1.25 m, respectively.

The overall soil water availability f;, is then calculated as:

n
fo= D fuw (A14)
i=1
The hydraulic conductivity of each soil layer K; (m s™1) is expressed as:
2b;+3
SWC;
K; = Ksatl-< ) (A15)
Hs,i

where Ksat; is the saturated hydrological conductivity of soil layer i (m s™1); SWC; is the volumetric liquid soil water content
of soil layer i (ms™1); 5 is the porosity of soil layer i (unitless); b; is the Campbell parameter for soil layer i, determining

the change rate of hydraulic conductivity with SWC (unitless). In this study, Ksat; and b; are expressed as:

Keat — Koot Koat (A16)
T Soseatar o Uit < 7

h — b b (A17)

3 SCELaF - art < 7
Ksat; = KsatsqorKsatgs; (A16)
bi = bscala‘rbdf,i (A17)

where Ksat,r; and by ; are the default values of Ksat; and b; respectively.

A2 -BEPS leafsoil COS modeling approach
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The total soil COS flux Feos 501 1S the sum of abiotic COS flux Fios apiotic -and biotic COS flux Feos piotic-

Feye,Ts’eH = F, OS-abtott -!-F, TS, Dol (AQ—D)
Feossoit = Feos,abiotic T Fcos piotic (A18)

Here, we take the approach developed in Whelan et al. (2016) for the modeling of Fis 505. In this approach, Feos apiotic

is described as an exponential function of the temperature of soil Ty,;; -(°C).

' Feos.aviotic = alpha ePet@ Tsoil
where alpha and beta were parameters determined using the least-squares fitting approach. We assigned the values of alpha

and beta to BEPS according to the parameterizations scheme of Whelan et al. (2016).

Feospiotic 15 described as the product of a power function and an exponential function.

E _F%{/ SWe \9_&%—) (A22)

e \ [, [WEe\ [ SWE )

(=3 1227 \RE Iy

sy )\ sy | S 7))

SWC \ —afs3e 1)
Frospiotic = Fopt | =——=——]e \SWCopt (A20)
COS,biotic opt <SWCopt)
-1
F(,pt> (swcopt> (swcg )
a=1In In + -1 (A21)
<stcg SW(¢, SWCop¢

Here a is the curve shape constant. The maximum biotic COS uptake F,,, and the biotic COS uptake Fswc,are the COS

fluxes (pmol m~? s~*) at optimum soil water content SWC,,,, and a secondary soil water content SWC,, and SWC,; > SWC,pe.

A more detailed description of the modeling of Fcos pioric @nd the parameterization scheme adopted in this study can be found

in Whelan et al. (2022).

Appendix B: Additional tablefigure

(A19)



Parameter Description SR Grass/ Crop/Sandy
sand Silty-leam clay-loam
bro Fhe-interceptot-the-Ball-Berry-modal 0.0175 0.0175 0.0175 0.0175
(molm—2s~%) (0-004375-1)  (0.004375-1)  (0.004375-1) (0.004375-1)
Fhesealing-factor-of-Camphelt
becarar 1025075  1{0:25-075)  1{0:26-075)  1H{0-25-075)
ioof . .
T ina f : .
e Fheslope-ofthe Ball-Berry-meodel &(2-14) &2-14) &2-14) 8(2-14)
Mosar . I 4.45(1- 2.45(1- 2.695 (1- 2.375(1-
Leaf nitrogen-content (=)
7.7875) 4.2875) 4.71625) 4.15625)
Yaeeay Decay rate of root distribution
6-99) 06-99) 06-99) 06-99)
. . ‘ .
Vemazzs . I 62.5(15-75) 57.7-(15-75) 48-(15-75) 84.5(15-120)
Al 25 Cpmolm T s
Slene i e Lt s
SR R R e e e R
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Figure Si—Parameter—ecorrelation—atrixB1. Scatter plots with-significancelevels—between—theparameters—ofshowing the behavioral
parameter sets at-ES-Lmain 3D parameter space at AT-Neu (), FI-Hyy (b}+F-Sey{e);-) and US-Hal (dc) and US-Wrc. The scatter colors
represent the magnitude of the corresponding parameters using RGB values. The projection of the scatter is illustrated with smaller markers.

Data availability. Measured eddy covariance carbonyl sulfide fluxes data can be found at https://zenodo.org/record/3406990

for AT-Neu, DK-Sor, ES-Lma and IT-Soy, https://zenodo.org/record/6940750 for FI-Hyy, and from the Harvard Forest Data

Archive under record HF214 (https://portal.edirepository.org/nis/mapbrowse?packageid=knb-Iter-hfr.214.4 ) for US-Hal.The

raw COS concentration data of US-Wrc can be obtained at https://zenodo.org/record/1422820. The meteorological data can

be obtained from the FLUXNET database (https://fluxnet.org/) for AT-Neu, DK-Sor, ES-LMa, FI-Hyy and US-Ha1l; from the
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AmeriFlux database (https://ameriflux.lbl.gov/) for US-Hal (except shortwave radiation data) and US-Wrc; from the ERAS

dataset (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=overview) for AT-Neu, IT-Soy
and US-Hal. The GPP data can be obtained from the FLUXNET database for DK-Sor, ES-LMa, FI-Hyy and US-Hal; from
the AmeriFlux database for US-Hal-and-US-\Wre:and; from https://zenodo.org/record/6940750 for AT-Neu and IT-Soy—TFhe;
and from https://zenodo.org/record/1422820 for US-Wrc. The GLASS LAI is available at ftp:/ftp.glcf.umd.edu/ and the
GLOBMAP LAl is available at https://zenodo.org/record/47002644#.YzvSYnZBxD8%2F—the-GLASSLAHs—availableat
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