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ABSTRACT Land surface models (LSMs) have become indispensable for understanding the role of the terrestrial 
biosphere in the global climate system. However, the ability of LSMs to reproduce observed carbon, water, and 
energy fluxes varies considerably among models. Some of these deficiencies can be attributed to parameter uncer
tainties. Global sensitivity analysis (GSA) quantifies model output uncertainties caused by the uncertainty in 
model inputs. Our study conducts, for the very first time, a GSA for the Canadian Land Surface 
Scheme Including Biogeochemical Cycles (CLASSIC) model. Focusing on a site in the humid tropics, we evaluate 
the model’s sensitivity for a wide range of ecosystem variables (17 in total). Considering a total of 90 parameters, 
we identify the top five most influential parameters using the qualitative Morris method per output variable. These 
influential parameters are then analysed using the quantitative Sobol’ method. The analysis shows that the 
maximum carboxylation rate parameter has the greatest influence on almost all output variables considered. 
The impact of the maximum carboxylation rate is partially regulated by the canopy extinction coefficient’s uncer
tainty. The results of this research will guide future efforts to optimize the model’s performance more efficiently, 
focussing on a small subset of the 90 parameters.

RÉSUMÉ [Traduit par la rédaction] Les modèles de surface terrestre (MST) sont devenus indispensables pour 
comprendre le rôle de la biosphère terrestre dans le système climatique mondial. Cependant, la capacité des 
MST à stocker les flux de carbone, d’eau et d’énergie observés varie considérablement d’un modèle à l’autre. 
Certaines de ces lacunes peuvent être attribuées à l’incertitude des paramètres. L’analyse de sensibilité 
globale (ASG) quantifie les incertitudes de sortie du modèle causées par l’incertitude des entrées du modèle. 
Notre étude effectue, pour la première fois, une analyse de sensibilité globale pour le schéma canadien de la 
surface terrestre incluant le modèle des cycles biogéochimiques (CLASSIC). En nous concentrant sur un site 
des tropiques humides, nous évaluons la sensibilité du modèle pour un large éventail de variables écosystémiques 
(17 au total). Sur un total de 90 paramètres, nous identifions les cinq paramètres les plus influents au moyen de la 
méthode qualitative de Morris par variable de sortie. Ces paramètres influents sont ensuite analysés à l’aide de la 
méthode quantitative de Sobol. L’analyse révèle que le paramètre du taux de carboxylation maximal a la plus 
grande influence sur presque toutes les variables de sortie considérées. L’impact du taux maximal de carboxyla
tion est partiellement régulé par l’incertitude du coefficient d’extinction de la canopée. Les résultats de cette 
recherche guideront les efforts futurs pour optimizer le rendement du modèle plus efficacement, en se concentrant 
sur un petit sous-ensemble des 90 paramètres.

KEYWORDS global sensitivity analysis; land surface model; Morris method; Sobol’ method

1 Introduction

Land Surface Models (LSM) are components of climate 
models that simulate the exchange of mass, energy, and 
momentum between the land surface and the atmosphere. 
The complexity of LSMs has increased over time as more pro
cesses have been added (Fisher & Koven, 2020; Pitman, 

2003). Sellers et al. (1997) proposed a classification for 
LSMs based on their degree of complexity. They characterize 
the first generation of LSMs as those using a simple surface 
energy balance equation and processes related to a combined 
surface-vegetation layer (Manabe, 1969). The second gener
ation of LSMs took the first generation a step further by 
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dividing the surface-vegetation layer into a separate soil and 
vegetation layer. This approach recognizes that the canopy 
cover shields a fraction of the ground from incoming solar 
radiation. Additionally, moisture diffusion into multiple soil 
layers and the impact of snow cover on the soil are also con
sidered (Deardorff, 1978). The third generation of LSMs 
includes a representation of carbon fluxes through stomatal 
conductance, photosynthesis, and respiration (Farquhar 
et al., 1980). The next generation of LSMs included carbon 
pools, allowing climate models to simulate an interactive 
global carbon cycle. Further processes include competition 
among Plant Functional Types (PFTs), wildfires, land cover 
changes (Lawrence et al., 2019). The role of nutrients in 
photosynthesis has been incorporated through the addition 
of nitrogen (Lawrence et al., 2019) and phosphorous cycles 
(Goll et al., 2017; Reed et al., 2015; Yang et al., 2014). The 
increasing complexity of LSMs creates the demand for 
advanced methods of model evaluation, including a systema
tic approach to assessing model sensitivity.

LSMs require a wide range of inputs, such as meteorologi
cal data, atmospheric CO2 concentration, land cover change, 
initial conditions, and model parameter values. However, 
many of the model parameter values are not well constrained 
due to a lack of observations, and uncertain inputs lead to 
uncertain outputs. Sensitivity analysis allows for the quantifi
cation of parameter value uncertainties’ impact on model 
output variables (Saltelli et al., 2004; Wagener & Pianosi, 
2019). Two types of sensitivity analysis are commonly 
used: local sensitivity analysis, and global sensitivity analysis 
(GSA). Local sensitivity analysis evaluates the effect on the 
model output of small changes in input parameter values 
around a base point (e.g. local derivatives), and is typically 
performed one parameter at a time. In contrast, GSA com
putes the importance of parameters based on changes in 
model output(s) over the full uncertainty range of parameter 
values for multiple input parameters simultaneously (Saltelli 
et al., 2008). When parameters are allowed to vary, each par
ameter or combination of parameters accounts for a fraction 
of the total model output variance.

Sensitivity analysis is an important step for model develop
ment and optimization, which can be done by constraining 
very few parameters with optimal values using observations 
(Bagnara et al., 2019; J. Li et al., 2016; Y. Li et al., 2022; 
Ma et al., 2020; Zhu & Zhuang, 2014). LSM groups have 
used GSA methods to identify parameters that are influential 
on output variables by studying a single eddy covariance site 
(Ma et al., 2020; Tang & Zhuang, 2009; Verbeeck et al., 
2006), multiple sites (Alton et al., 2006; Arsenault 
et al., 2018; Hou et al., 2015; Y. Li et al., 2022; Pappas 
et al., 2013; Rosolem et al., 2012; Zhu & Zhuang, 2014) or 
by using global model data (J. Li et al., 2016; Lu et al., 
2013). The results of these studies consistently show that 
most of the model output uncertainty associated with par
ameters is governed by very few parameters. The most influ
ential parameters for the model output variables net 
ecosystem exchange, gross primary productivity (GPP), 

sensible heat flux, and latent heat flux are frequently identified 
as maximum carboxylation rate (vmax), quantum efficiency, 
specific leaf area, parameters related to stomatal conductance, 
and roughness length (Alton et al., 2006; Arsenault et al., 
2018; J. Li et al., 2016; Y. Li et al., 2022; Lu et al., 2013; 
Ma et al., 2020; Rosolem et al., 2012; Zhu & Zhuang, 
2014). Other studies have identified influential parameters 
such as the Clapp and Hornberger b parameter, soil respir
ation parameters, the canopy extinction coefficient (kn), and 
the scaling parameter from leaf to canopy (J. Li et al., 2013; 
Pappas et al., 2013; Verbeeck et al., 2006). The differences 
can be due to the choice of models, sites, sensitivity 
approaches, and/or parameter uncertainty ranges.

The Canadian Land Surface Scheme Including Biogeo
chemical Cycles (CLASSIC; Melton et al., 2020) model is 
the land surface component of the Canadian Earth System 
Model (CanESM; Swart et al., 2019) and has undergone 
decades of development. There has been no prior formal sen
sitivity analysis conducted on the CLASSIC model. Conduct
ing such an analysis is important for understanding the 
importance of various parameters and how different processes 
are affected based on parameter uncertainty interactions. 
Additionally, it provides valuable insights to support 
ongoing model development efforts and tuning.

In the present study, we use GSA methods to identify the 
most influential parameters for a broad range of model 
outputs, including variables that form part of the carbon, 
water, heat, and radiation fluxes simulated by the CLASSIC 
model at a single FLUXNET2015 site in the humid tropics. 
We consider 90 independent parameters in a screening test to 
identify a subset of parameters that are then used in a quantifi
cation test, wherein the effects of variations in input parameters 
on various model outputs such as gross primary productivity, 
autotrophic and heterotrophic respiration and transpiration 
rates, latent and sensible heat fluxes are studied. We also 
study the interactions of uncertainty ranges of the two most 
influential parameters on all model output variables.

The following Section 2 describes the model, site charac
teristics, parameter uncertainty ranges, GSA methods and 
sampling method used. Section 3 presents the results from 
the GSA methods, and the importance and interactions of 
the two most influential parameters’ uncertainty ranges on 
all processes. A discussion on limitations, future research, 
and conclusions are presented in Section 4.

2 Methods
a The CLASSIC Model
The CLASSIC model can be used both in a coupled mode 
inside CanESM, and offline as a standalone model. The 
model is composed of two main components, namely the 
Canadian Land Surface Scheme (CLASS; Verseghy, 2017) 
and the Canadian Terrestrial Ecosystem Model (CTEM; 
Melton & Arora, 2016). The CLASS component simulates 
physical processes such as radiation, heat, and water fluxes 
of the land surface vegetation, soil, and snow. CTEM is the 
dynamic vegetation model in the CLASSIC model that 
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simulates biogeochemical processes such as photosynthesis, 
phenology, allocation of carbon to the live and dead carbon 
pools, canopy conductance, and tissue turnover (Arora & 
Boer, 2005); maintenance, growth and heterotrophic respir
ation (Melton et al., 2015) and dynamic root distribution 
(Arora & Boer, 2003). For the present study, for the current 
model configuration, some processes, such as competition, 
land use change, fire, moss, and the diffusion of carbon in 
the soil, are turned off, as these processes are either not rel
evant for the site considered or are under active development 
in the model. The CLASSIC model has 134 input parameters, 
of which only parameters that are site-relevant (91) are con
sidered in this study. The processes represented by these par
ameters are generally non-linear and are obtained empirically.

For our analysis, the model has been spun up to a state of 
equilibrium with the observed meteorological data that is 
obtained from the site. The spin-up is performed separately 
for each combination of input parameter values. The spin-up 
starts from a bare ground state, where the leaf, stem, root, 
litter biomass and soil carbon pools are each set to values of 
zero. The model is determined to be in an equilibrium state if 
the annual soil carbon changes are less than 0.1% and/or the 
absolute net biome productivity value for the last two sets of 
spin-up years is less than 2× 10− 12 kgC m− 2 year− 1. To 
reach equilibrium, we spin the model up for 500 years by 
looping over the available 11-year meteorological dataset, for 
the FLUXNET2015 site location (described in detail in Subsec
tion b). Once the equilibrium state is attained, the model is run 
for an additional 11 years using the observed meteorological 
forcing. The 11-year annual average value of each output vari
able is chosen for analysis by the GSA methods.

The photosynthesis module of the CLASSIC model simu
lates the net canopy-level photosynthetic rate that includes 
GPP ( Eqs. (S1)–(S8); Melton & Arora, 2016) and autro
trophic respiration fluxes, which are computed from the 
living components: the vegetation carbon pools (cVeg, 
cRoot, cStem). Heterotrophic respiration is the respiration 
from microbes that decompose litter (dead leaves, stems and 
roots) and soil organic carbon (cSoil). The carbon pool in 
the land is referred to as cLand. The model also simulates 
variables such as the leaf area index and vegetation height. 
The net canopy-level photosynthetic rate, along with the 
atmospheric CO2 concentration and vapour pressure is used 
to compute the canopy conductance, which is used by the 
physical component of the CLASSIC model to obtain the 
surface energy budget variables, such as latent heat flux and 
sensible heat flux; and water cycle variables, such as the 
total run-off (including drainage through the base of the soil 
model) per unit area leaving the land portion of the grid 
cell, and transpiration. The net longwave and net shortwave 
radiation fluxes and the surface albedo are also simulated by 
the physical component of the CLASSIC model.

The response of modelled processes to changes in par
ameter uncertainties can be studied by identifying the influen
tial parameters. In this study, the following variables have 
been analysed using GSA methods: individual carbon cycle 

components (GPP, autotrophic respiration, heterotrophic res
piration, leaf area index, vegetation height, cLand, cLitter, 
cRoot, cStem, cSoil, cVeg); turbulent heat fluxes (latent and 
sensible heat fluxes); radiation fluxes (net longwave 
and shortwave); and water cycle components (transpiration 
and total run-off). The subsections that follow provide 
further detail on the site selection process, parameter uncer
tainty ranges, and sensitivity analysis methods used. A more 
comprehensive discussion of the model equations used to 
compute GPP is provided in Supplementary Information.

b Site Selection
The FLUXNET2015 database provides measurements from 
204 eddy covariance sites around the world (Pastorello et al., 
2017). The CLASSIC model has been evaluated for the per
formance at 31 sites (Melton et al., 2020), of which 17 have 
various degrees of gap-filling (Pastorello et al., 2020). Multiple 
selection criteria have been considered before choosing a site 
for our analysis. These include the gap-filling score, age of 
the forest, time from previous catastrophic disturbance, avail
able number of years of measured meteorological data, and 
homogeneity of the landscape and vegetation.

The site chosen for this study is a tropical wet primary forest 
(evergreen broadleaf forest) located in French Guiana, South 
America (5◦16′54′′N, 52◦54′44′′W; Pastorello et al., 2017). The 
site is surrounded by over 400 ha of undisturbed forest, in the 
northernmost region on the Guiana Plateau with small hills 
ranging from 10 to 40 m a.s.l. This forest site is home to old- 
growth trees, with the oldest trees over 300 years of age. The 
average canopy height is 35 m, with an overgrowth of 5 m. The 
flux tower is 55 m tall, and the sensors are placed 3 m above 
the top of the tower. The positioning of the sensors are such 
that there is little disturbance to the upper canopy, with the pres
ence of over 1 km of forest cover in the direction of the prevailing 
winds (Bonal et al., 2008). The tower was erected in 2003 and 
continuous meteorological data such as atmospheric pressure, 
precipitation, specific humidity, atmospheric temperature and 
horizontal winds; and fluxes such as net radiation, GPP, ecosys
tem respiration (RECO), and net ecosystem exchange are avail
able for 11 years from 2004 to 2014 (Pastorello et al., 2017). 
The gap-filling score for this site is high, where the data for 121 
out of 132 months are available (Pastorello et al., 2020).

FLUXNET2015 sites measure various fluxes between the 
land and the atmosphere, typically employed for model 
optimization. The reader should note that our study does not 
involve any optimization. Instead, we use the observed 
meteorological data from the FLUXNET2015 site as the 
forcing for our model, which is forced from a bareground 
state. Spinning up and running the separately for each set of 
parameter uncertainty values is crucial for computing differ
ences in outputs during GSA sensitivity measure calculations.

c Parameter Uncertainty Ranges
Parameter ranges represent a critical choice for any sensitivity 
analysis, and these ranges will inevitably affect the sensitivity 
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results (Wallach & Genard, 1998). Of the 134 input par
ameters, only 91 were used for the GSA (Table S1), of 
which 88 are independent by definition. As mentioned 
earlier, some parameters were not considered as they corre
spond to processes that are turned off in the present model 
configuration, or are not relevant to our site, or have virtually 
no uncertainty. The parameter uncertainty ranges were deter
mined in the following ways: vmax, a well-documented par
ameter, has been assigned a specific range based on 
observations of the evergreen broadleaf plant function type 
(from the TRY plant traits database; Kattge et al., 2020); 35 
parameters (38.5%) have been assigned plausible ranges 
based on our modelling experience and expert advice, and 
30 parameters (32.3%) have been assigned values based on 
a literature survey, of which the ranges for the lower and 
upper temperature thresholds for photosynthesis (tlow and 
tup) have been modified to include the default values used 
in the CLASSIC model. All other parameters for which docu
mented uncertainty ranges are not available (28.5%) were 
assigned ±10% ranges, except for the lower temperature 
threshold used to estimate cold stress-related leaf loss rate 
(lwrtrsh). The parameter lwrtrsh was assigned a ±2 K range 
(Table S1).

All parameters considered in GSA methods must be inde
pendent, and thus the three dependent parameters, namely, 
the base allocation parameters for leaf (epsilonl, epsilons, 
epsilonr in Table S1) have to be converted to independent var
iants. The dependent parameters are transformed using the 
spherical coordinate system to achieve the required parameter 
independence ( Eqs. (S10)–(S12)). With just two spherical 
parameters, the three dependent parameters can be converted 
to independent parameters. This transformation further 
reduces the total number of independent parameters used in 
the screening test to 90. For interested readers, more details 
about the spherical coordinate conversion used in this 
article are available in the Supplemental document.

d Global Sensitivity Analysis
GSA can be described as the class of statistical methods 
where the relationship between variations in the input par
ameters and variations in single or multiple output variables 
can be quantified across the specified uncertainty range of 
multiple input parameters (Saltelli et al., 2004). GSA 
methods can be used to identify parameters that individually 
do or do not influence the model outputs, as well as identify 
the interactions among parameters.

1 SCREENING: MORRIS ELEMENTARY EFFECTS METHOD

Pareto’s principle is an empirical observation stating that in 
general the variability of model output is largely determined 
by the uncertainty of only a few parameters (Box & Meyer, 
1986). If variations of a parameter over its range of uncer
tainty induce larger output variations than comparable vari
ations of other parameters, the input parameter is influential 
(Wagener & Pianosi, 2019). The method of distinguishing 

significant parameters from those with the least impact is 
referred to as screening or qualitative GSA. The Morris 
elementary effects method, proposed by Morris (1991) and 
later modified by Campolongo and Braddock (1999), is a 
screening test based on the one-at-a-time design. This 
method perturbs only one parameter between consecutive 
steps in a realization/simulation, generating a random walk 
through the parameter space ( Eqs. (S14)–(S15)). Multiple 
realizations of such random walks are performed to sample 
the parameter space for all parameters. The ratio of difference 
of any two consecutive random walks to the step size is an 
elementary effects value. Statistical measures, such as the 
absolute mean and standard deviation of the elementary 
effects value from multiple evaluations, are the sensitivity 
measures used to determine the influence of the parameters 
on the model output(s). The elementary effects method is 
simple, and effective at identifying the set of important par
ameters among all parameters considered and distinguishing 
between those with negligible effects (small absolute mean 
and standard deviation values), linear and additive effects 
(large absolute mean and small standard deviation values), 
and non-linear effects (large absolute mean and standard devi
ation values) on the model output variable(s). While the 
method can allow parameters to be ranked according to the 
type of effect, it cannot quantitatively assess the individual 
importance or parameter interactions.

The statistical measures mean (μ), absolute mean (μ∗), and 
standard deviation (σ) are given by Saltelli et al. (2008):

μi =
1
r

􏽘r

j=1

(EEj
i), (1) 

μ∗i =
1
r

􏽘r

j=1

|EEj
i|, (2) 

σ2
i v =

1
r − 1

􏽘r

j=1

(EEj
i − μi)

2, (3) 

where r is the total number of realizations, and EEj
i is the 

elementary effects value for the ith parameter and jth realiz
ation. We have used the Euclidean distance (κ) from the 
origin and points (μ∗i ,σi) as the sensitivity measure to identify 
the influential parameters ( Eq. (S19)). The influential par
ameters will have a larger value of κ, which is indicative of 
greater sensitivity of the output variable to the parameter(s). 
Details about the hypercube, step-size, and random-walk tra
jectory used by the Morris method, are provided in the Sup
plemental document for interested readers.

To compute one elementary effects value for a single par
ameter, two points in the unit hypercube are necessary. For 
n parameters, which yields n elementary effects values, 
(n+ 1) model evaluations are required. In addition, r realiz
ations/trajectories result in a total of r × (n+ 1) evaluations 
(Saltelli, 2002; Saltelli et al., 2004). In this study, 90 
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independent parameters and 80 realizations were used for the 
elementary effects method, requiring 7280 runs. The top five 
influential parameters for each of the output variables were 
obtained from the elementary effects method, which were 
further analysed to quantify their individual contributions 
and interactions using the Sobol’ variance-based GSA 
method. The screening test robustly identifies the most influ
ential parameters, but the ranking of less influential par
ameters experiences substantial sampling variability. There 
is no perfect way to select the subset of parameters for the 
Sobol’ method, as the same selection procedure applied to 
two sets of realizations in the screening test would produce 
the same most influential parameters but would differ in 
some of the less influential parameters. When repeating the 
screening test with a different set of realizations, we find 
that those parameters which are not robustly identified as 
influential have negligible contribution to the variance- 
based sensitivity analysis to which we now turn.

2 VARIANCE-BASED SENSITIVITY TEST: SOBOL’ 

METHOD

A GSA method used to quantify the uncertainty of output 
variables due to the uncertainty in input parameters is the 
Sobol’ method, based on a variance decomposition. The influ
ence of individual parameters on the output can be determined 
by calculating the variance of conditional expectation 
(V[E( · | · )]). To study variations in the output with the 
uncertainty in a single input parameter (Y | xi), the output 
can be split into subsets based on quantile ranges of the ith 
parameter’s uncertainty range. For each quantile slice, an 
average can be computed, representing the conditional expec
tation (Ex≏i (Y | xi)) of the output when the ith parameter is held 
constant, while the expectation is estimated by sampling over 
all other (≏i) parameters. The variance of the conditional 
expectation, Vxi [Ex≏i (Y | xi)], quantifies the influence of a 
single parameter on the output variable when all other par
ameters change. We use the first-order and total-order sensi
tivity indices (SI) in this study to quantify influential input 
parameters and their interactive effects. The first-order SI 
for the ith parameter (SI1i ) is given as Saltelli et al. (2008):

SI1i =
Vxi [Ex≏i (Y | xi)]

V(Y)
, (4) 

where V(Y) represents the output variance. The total-order SI 
for the ith parameter (Stoti ) is given as Saltelli et al. (2008):

SItoti = 1 −
Vxi [Exi (Y | x≏i)]

V(Y)
, (5) 

where Vxi [Exi (Y | x≏i)] represents the variance of the con
ditional expectation of the output when all parameters other 
than the ith are varied, while the expectation is estimated by 
sampling over the (ith) parameter. STi close to zero implies 
that the influence of a parameter is negligible, and an error 

bar crossing zero implies that even if the mean is away from 
zero the influence of the parameter is not robust. Fixing the par
ameter within its uncertainty range will not affect the output 
variable if SItoti ≃ 0. We have included the derivation of 
equations to obtain the sensitivity indices using the Sobol’ 
method, and a tutorial example in the Supplemental document. 
Interested readers are requested to view the document.

To compute the first-order and total sensitivity indices 
using the Sobol’ variance-based method, a total of 
N × (k + 2) model evaluations are required, where N is the 
number of perturbation points for each parameter (Saltelli 
et al., 2008). The computational cost to run each perturbation 
is the main drawback of variance methods. As the dimensionality 
(k) increases, more points have to be sampled to evaluate the 
whole variability space. The parameter values are drawn ran
domly from their range, so a large number of realizations is 
necessary to adequately cover the parameter space. In this 
study, 14 parameters and 512 perturbation points were used for 
the Sobol’ analysis, resulting in a total of 8192 model evaluations.

Various sampling techniques can be used to perform var
iance-based GSA, but in this study, quasi-random numbers 
were used. Quasi-random or Quasi-Monte Carlo (QMC) 
methods were employed to improve sampling of the whole 
variability space of each parameter (Morokoff & Caflisch, 
1994; Niederreiter, 1978, 1992; Sobol’, 1998). QMC 
methods consider the position of previously generated 
samples to create a spread of samples that are neither 
random nor completely predictable. These methods utilize 
an algorithm that generates distributions of points with a 
low measure of deviation from uniformity, known as low- 
discrepancy sequences. These methods have low disorderli
ness and gaps, resulting in efficient utilization of the 
sampling space. We have used the Sobol’ low-discrepancy 
sequences, which produces successive points in a determi
nistic pattern, while performing the Sobol’ analysis. This 
sampling technique is known for producing a highly 
uniform distribution as the sample size increases, making 
it an efficient method for sampling the input space in var
iance-based sensitivity analysis (Bratley et al., 1992; 
Sobol’, 1967, 1976). This technique has been shown to be 
faster than pseudorandom Monte Carlo methods because 
of its improved sampling of parameter uncertainty ranges 
(Chan et al., 2000; Kucherenko & Sytsko, 2005; Sobol’, 
1967; Sobol’ & Kucherenko, 2005).

It is important to consider the sampling uncertainty of the 
outputs when considering model output statistics based on a 
finite number of runs. In this study, the sampling uncertainties 
of the sensitivity indices that are computed by the bootstrap 
confidence intervals span from the 2.5th to 97.5th percentiles. 
It is possible to have slightly negative values of the Sobol’ 
indices and the confidence intervals due to properties of the 
estimator used for the sample estimates ( Eq. (S20); Saltelli 
et al., 2008). If the SI values are close to zero, or if zero 
falls well within the confidence interval of the parameters of 
interest, it suggests that the parameter might be non-influen
tial, particularly if the interval has a small spread in range.
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3 Results
a Morris Elementary Effects Method
All model variables evaluated in this study are sensitive to 
fewer than 15% (10–11) of the total number of parameters 
(90; Fig. 1). The relative sensitivity to each parameter 
varies among output variables. At least five parameters 
that are part of the photosynthesis module, especially 
vmax, are highly influential across all output variables 
(Fig. 1). At least two parameters that are part of the phenol
ogy parameterization are influential across all output vari
ables. Most of the least influential parameters form part of 
parameterizations related to physical processes and hetero
trophic respiration.

The elementary effects method used in this study assesses 
the relative influence of each parameter on the individual 
model output variables, rather than quantifying the individual 
contribution of each parameter to changes in the model 
outputs. To further investigate the influential parameters, the 
Morris method was utilized to identify a subset of 14 par
ameters for more detailed analysis using the Sobol’ var
iance-based decomposition (Table 1). While the allocation 
fractions are not found to be influential, they are included in 
the Sobol’ analysis along with rtsrmin as otherwise the 
model was found to crash.

b Variance-based Sobol’ Analysis
1 FIRST AND TOTAL ORDER SOBOL’ INDICES

The output values from all the runs were analysed using the 
Sobol’ method for each of the model output variables con
sidered. We first consider the main order effects, where the 
SI values denote the conditional variance of the model 
output(s) for a single conditioning variable. The results indi
cate that the variance of all model output variables is primar
ily dominated by only one parameter, vmax, which accounts 
for approximately 50–80% of the output variance for all 

model variables (Fig. 2a). For most model outputs, the impor
tance of vmax is comparable, as the ranges of confidence 
intervals of the sensitivity indices overlap. However, for net 
shortwave radiation (denoted as RSS in  Figs. 1 and 2), the 
importance of near-infra-red albedo (albnir) and vmax are 
comparable (Fig. 2a). The parameter kn is the second most 
influential parameter for most output variables except for 
net shortwave radiation, vegetation height (denoted as 
vegHeight) and cStem. All other parameters considered 
have negligible influence on a majority of model outputs, as 
their SI values are very small. The confidence intervals of 
the first order SI of all other parameters except for vmax, 
for all variables (except net shortwave radiation), cross 
zero, indicating that the first order SI values for these par
ameters cannot robustly be distinguished from zero (Fig. 2a).

Total order indices include the interactive effects of all the 
parameters considered (Fig. 2b). The total order of each 
output variable includes the first-order effect and is theoreti
cally greater in value for the same set of input parameters ana
lysed. The ranking of parameters follows similar patterns of 
importance as of the first order, wherein the photosynthetic 
parameter vmax has the highest total SI values for all model 
outputs. This parameter also exhibits the largest interactive 
features for all output variables (except for total run-off, 
denoted as MRRO, and sensible heat flux, denoted as 
HFSS), due to the fact that the strength of the interactions is 
based on the difference between the total and first-order 
indices. As most of the output variables behave similarly to 
each other, we focus on GPP as broadly representative of 
the GSA. The total variance in GPP explained by vmax is 
about 88% (confidence intervals 68 to 100%; Fig. 2b), of 
which the individual effect is about 75% (confidence intervals 
52 to 90%; Fig. 2a), such that the interactions account to about 
13%. Most of the parameters that did not exhibit any first- 
order influence on the model outputs have some positive inter
active effects that are not generally robust (Fig. 2b), which is 

Fig. 1 Normalized distances (κ) of each parameter (p) computed from the sensitive indices (μ∗, σ) of the Morris elementary effects method for the output vari
ables (represented as coloured symbols, v). The κ values were normalized with the maximum distance across parameters for a given output variable, as the 
output variables have different units.
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TABLE 1. List of parameters selected for Sobol analysis, their minimum and maximum uncertainty ranges, default values, units, and description used in Sobol’.

Parameter Min. Max. Default Unit Description

vmax 10.0e 
−06

80.0e 
−06

35.0e 
−06

molCO2m− 2s− 1 Max. carboxylation rate

lfespany 0.6466 2.5979 1.50 years Leaf life span
alpha_phtysn 0.05 0.120 0.08 μmolCO2 

(μmol photon)− 1
Quantum efficiency

kn 0.4 0.7 0.50 – Canopy light extinction coefficient
rtsrmin 0.1 1 0.16 – Minimum rootshoot ratio for support and stability
thrprcnt 30 60 40 % Percentage of max. leaf area index that can be supported, used as a threshold for 

determining leaf phenology status
avertmas 0.1 8.7 2.45 kgC m− 2 Average root biomass
ZOLNG −6.908 −0.5108 −4.605 – Natural log of roughness length of soil
albnir 20.7 25.3 23 – Near IR albedo
maxage 100 2100 600 years Maximum plant age. used to calculate intrinsic mortality rate
mm 9 15 12 – Used in photosynthesis-stomatal conductance coupling
kappa 1.44 1.76 1.6 – Exponential parameter of allometric relations, required to support green leaf 

biomass
epsilonl 0.15 0.5 0.35 – Base allocation fraction for leaf (epsilon L)
epsilons 0.01 0.1 0.05 – Base allocation fraction for stem (epsilon S)
epsilonr 0.4 0.8 0.60 – Base allocation fraction for roots (epsilon R)

Fig. 2 First order (a) and total order (b) sensitivity indices, and their confidence intervals for all outputs for the 14 parameters.
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indicative of the interactions of each parameter considered with 
other parameters. For almost all model outputs the interactive 
effects add on to the first order indices, while for a few 
model outputs (e.g. sensible heat flux, total run-off and net 
shortwave radiation) the total order is less than the first order, 
which cannot be true theoretically, and must be the result of 
sampling variability in the estimators used for the indices.

2 INTERACTIONS OF INFLUENTIAL PARAMETERS

Figure 3 shows the distributions of GPP variability con
ditioned on the top four influential parameters from the 
first-order SI. Values were plotted on conditional hexagonal 

histogram distributions along with their variations in con
ditional means. The histograms illustrate the conditional 
dependence of the output on individual parameters. As 
described in the previous section, the influence of the par
ameter is measured by the variance of the conditional mean. 
If the conditional mean depends strongly on the parameter, 
the model output is sensitive to the uncertainty of the par
ameter value, and if the conditional mean’s dependence on 
the parameter is low, the sensitivity of the model output is 
low to the uncertainty of the parameter value.

The first four influential parameters for GPP (from highest 
to lowest first-order SI values) are vmax, canopy light 

Fig. 3 Conditional hexagonal plot of the distribution spread, modelled value using default configuration, annual mean observed value with +2 standard devi
ation, conditional mean of GPP and modelled GPP using default configurations for (a) vmax, with average kn for runs in each hexagonal grid as coloured 
dots, (b) kn, (c) alpha phtsyn and (d) lfespany.
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extinction coefficient along the depth (kn), quantum efficiency 
(alpha phtsyn) and leaf lifespan (lfespany; Fig. 2a). As is 
illustrated graphically by the variation of the conditional 
means in each plot (Fig. 3a–d), the parameter vmax has the 
greatest variation in the conditional mean, followed by kn, 
alpha phtsyn (Fig. 3a–c). The variation of the conditional 
mean of GPP to lfespany (Fig. 3d) is the least among the 
four parameters, reflecting that lfespany has the least influence 
among the four parameters. The dependencies of the con
ditional means of GPP on the other parameters are close to 
zero, as the sensitivity of the output to the inputs reduces as 
the ranking increases (not shown).

As mentioned in the previous section, the parameter kn 

represents the rate at which the canopy reduces the avail
ability of light. To investigate interactions between kn and 
vmax, the average kn values for simulations falling within 
each hexagonal grid have been included as coloured stipples 
along with the conditional distribution of GPP on vmax (Fig. 
3a). For a given vmax value, the GPP values tend to reduce 
as the average kn values increase. Figure 4 further illustrates 
the dependence of GPP on vmax and kn for an instantaneous 
state obtained from Eqs. (S1)–(S8). To obtain this state, the 
output variable leaf area index is fixed, and no soil moisture 
stress effects are considered. The instantaneous dependence 
of GPP reflects the pattern seen in the conditional distri
bution in Fig. 3(a). The slope of GPP vs vmax reduces as 
kn values are increased. This analysis shows that even if 
vmax values are high, GPP may be less depending on the 
availability of light. Since all output variables are directly 

or indirectly affected by the vegetative biomass present, 
all output variables are sensitive to vmax and kn. Our analy
sis also highlights the importance of interactions between 
the influential parameters’ uncertainty in driving the 
carbon cycle.

4 Discussion and conclusions

This study screened the influence of 90 independent input par
ameters in the CLASSIC model using the Morris elementary 
effects method and found a small number of influential par
ameters for any given model output. The most influential par
ameters across output variables, when combined and 
quantified using Sobol’ analysis, a variance-based GSA 
method, showed that the photosynthetic parameter vmax by 
far has the greatest impact on the model output variance for 
all output variables, regardless of the type of variable. The 
overall importance of photosynthetic parameters is consistent 
with previous studies that analysed carbon fluxes, latent heat 
flux, and carbon pools (Alton et al., 2006; Arsenault et al., 
2018; J. Li et al., 2013, 2016; Lu et al., 2013; Pappas et al., 
2013; Rosolem et al., 2012; Verbeeck et al., 2006).

Remarkably, a wide range of output variables are sensitive 
to the same set of primarily photosynthetic parameters (e.g. 
vmax and kn). An upper limit of how much CO2 a plant can 
assimilate and how the slope of the reaction rate versus 
inter-cellular CO2 concentration changes is given by vmax, 
while kn determines the amount of light in the depth of the 
canopy and thereby the absorption of photons as a function 
of leaf area index. The autotrophic respiration is a function 
of vmax and the factor for scaling photosynthesis from the 
leaf to the canopy (fPAR in the Supplementary document), 
the latter depending on kn, as in Eq. (S9). For heterotrophic 
respiration to occur, a sustained supply of litter and detritus 
is required and is provided by the biomass, which is sensitive 
to the parameters vmax and kn. Parameters such as the litter 
respiration rate (bsratelt) and soil carbon respiration rate 
(bsratesc) may be expected to be more influential for hetero
trophic respiration but, as shown by the results from Morris 
elementary effects, are far less influential in comparison to 
vmax. The variance in biomass, in response to photosynthetic 
parameter variations, affects the amount of carbon that enters 
the litter pool and ultimately the soil pool, and thus affecting het
erotrophic respiration more compared to the variations of indi
vidual respiration parameters. We note that there are far more 
parameters in the model’s photosynthesis parameterization 
compared to respiration, and more complex parameterizations 
may lead to more uncertainty. We also note that the site in this 
study is tropical, and soil-related parameters may be of more 
importance in colder climates where decomposition is slower.

Since the carbon and water cycle are directly linked through 
stomatal conductance, changes in the two photosynthetic par
ameters also influence the water cycle outputs, transpiration 
and total run-off. The photosynthetic parameters affect stoma
tal conductance and thereby the latent heat flux, which then 
affects soil moisture. The most influential photosynthetic 

Fig. 4 Functional dependence of GPP vs vmax and kn for a particular state 
with site-specific PPFD = 2100 mol photons m− 2 s− 1, atmospheric 
CO2 (2009’s) = 387.64 ppm, mean atmospheric pressure = 
1005.93 hPa, and defined leaf internal CO2 concentration 
(ci = 240 ppm) and canopy temperature (Tc = 29◦C).
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parameters (vmax, kn) affect the carbon cycle variables (GPP, 
autotrophic respiration, heterotrophic respiration, leaf area 
index, vegetation height, and the carbon pools) directly 
through processes described in Eqs. (S1)–(S9) and indirectly 
affect the heat, water, and radiation fluxes through stomatal 
conductance and plant growth.

The parameter vmax dominates the sensitivity of a wide 
range of output variables simulated by the CLASSIC model, 
but the kn controls the slope of this dependence (e.g. GPP 
vs. vmax as depicted in the previous section). For the tropical 
site selected in this study, vmax and kn were the only par
ameters that had robust interactive effects for various output 
variables, as observed in the Sobol’ method. It is important 
to note that different biomes may exhibit different interactive 
effects among various influential parameters.

The uncertainty range for quantum efficiency (alpha phtsyn, 
Table S1) in our study is narrower than that used by previous 
sensitivity analyses of LSMs. This decision was motivated 
after performing the GSA methods using uncertainty ranges 
provided by earlier studies (J. Li et al., 2013; Lu et al., 2013; 
Ma et al., 2020; Pappas et al., 2013), where assigning 
broader ranges to alpha phtysn and vmax resulted in 
alpha phtsyn being much more influential for all model 
outputs compared to vmax. The extreme values of these two 
photosynthetic parameters interacted to produce unrealistic 
low and high biomass states, which are not observed when 
plant function type-specific and/or narrower ranges are used. 
Uncertainty ranges must be chosen with caution, as the sensi
tivity of an output variable strongly depends on the uncertainty 
range of each parameter, highlighting the importance of care
fully examining and evaluating the ranges assigned to all par
ameters. Plant function type-specific uncertainty ranges must 
be used whenever possible (e.g. from the TRY plant traits data
base; Kattge et al., 2020), especially if the parameter could be 
highly influential (e.g. alpha phtsyn and vmax).

Insights from GSA allow for the targeted optimization of 
specific parameters, making the optimization process more 
efficient. Better optimized parameters in a model should in 
principle lead to improved output results. Model performance 
can be optimized by comparing observed output variables 
with model outputs, using metrics like root mean square 
error, squared correlation coefficient, and absolute errors. 
As we have shown in our study, GSA can identify the influen
tial parameters for the CLASSIC model’s output variables. 
This knowledge can then be used to optimize CLASSIC 
model’s output variables. Since the CLASSIC model is the 
land component of CanESM, improvements in the 
CLASSIC model will ultimately enhance CanESM as well. 
Currently, parameter optimization using a machine learning 
algorithm is under progress by one of the co-authors.

Our study, like many other GSA studies performed on 
LSMs, is not without limitations. As mentioned earlier, this 
research was conducted for a tropical FLUXNET2015 site 
with 11 years of available observed meteorological forcing. 
The 11-year period considered for the mean state is too 
short to represent the historical period, and this affects the 

mean state of the model. While the site was well suited 
given a high gap-filling score, the influential parameters ident
ified may vary if a different FLUXNET2015 site is chosen, or 
if a greater number of available years are considered for GSA.

To address the high dimensionality of the parameter space 
considered in the study, we performed the GSA in two steps. 
Various other GSA techniques are available, but by perform
ing the Morris and Sobol’ methods sequentially, we were able 
to screen out parameters that have limited influence on the 
output variables and quantify the absolute effects of the 
most influential parameters. We chose to use the first and 
total-order sensitivity indices to study the individual effects 
of parameters and their interactive effects. We assume that 
the difference between total index and first-order index is 
dominated by interactions between two parameters namely 
vmax and kn, since only these two parameters showed 
robust differences between the first-order and total-order 
indices. In such cases, second-order effects could be studied 
instead of/or in addition to the total-order effects to identify 
parameters that have interactive effects on the output 
variables.

Based on the computational load, we chose to use the top 
five influential parameters from all output variables for the 
Sobol’ method. This number is arbitrary, as even three or ten 
could be used. Modelers should keep in mind that as the dimen
sionality increases, so does the number of runs. They should 
also consider the extent to which the parameter space needs 
to be studied and will be studied. With 512 perturbation 
points, the confidence intervals computed through the Sobol’ 
method are broad. The confidence intervals would be smaller 
if the number of perturbation points were increased. Just like 
the Morris method, the computational time and parameter 
search space should be kept in mind while performing the 
Sobol’ method. We did not perform a test with various pertur
bation sizes due to time constraints. Additionally, this study 
focuses on the sensitivity of the average annual mean of 
output variables. The influential parameters may vary if a 
different statistical measure such as the trend over the period 
concerned is chosen instead of the mean state.

Our analysis involved performing a large number (15,472) 
of simulations with the CLASSIC model. An alternative to 
ease computational load while performing GSA is to use emu
lators. Emulators are statistical proxies of complex models 
such as LSMs or even Earth system models. These models 
provide a statistical relationship between model input par
ameters and model output, and are less complex, thereby, 
are far less computationally demanding. Emulators can be 
used for identifying optimum parameter ranges, and global 
sensitivity analysis (Baker et al., 2022; McNeall et al., 
2020, 2023; Petropoulos et al., 2014). Using the original 
model is more reliable than using a proxy when identifying 
influential parameters.

To conclude, we have identified that for the CLASSIC 
model and considering an evergreen broadleaf forest site in 
French Guiana, the photosynthetic parameters, maximum car
boxylation rate (vmax) and canopy extinction coefficient (kn), 
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are the most influential among 90 input parameters. This 
influence is observed across the mean state of 17 output vari
ables representing the budgets of carbon, water, and turbulent 
energy fluxes. Our findings were derived from a two-step 
global sensitivity analysis (GSA). The parameter vmax dom
inates the sensitivity of all the output variables while kn con
trols the slope of the output variables. Together these two 
parameters account for a majority of the interactive effects 
on the output variables.

This finding underscores the critical importance of vmax 
(and kn) in LSMs, and that the most influential parameters 
have to be accurately parameterized to improve model per
formance and reliability. As mentioned earlier, the influential 
parameters may vary for different biomes, and for different 
statistical measures. Our future research will assess how the 
sensitivity of various output variables varies across biomes, 
and what effect a changing climate might have on the influen
tial parameters. The main objective of this study was to develop 
a framework to identify the most influential parameters in the 
CLASSIC model using GSA. This study does not delve into 
optimizing the CLASSIC model for optimal values or ranges 
of these influential parameters but forms the basis for future 
optimization work. We leave the development of an optimiz
ation framework for future research.

Acknowledgments

We would like to thank Vivek K. Arora, Joe R. Melton, Gesa 
Meyer and Paul Bartlett from Environment Climate Change 
Canada (ECCC) for their help with assigning parameter 
uncertainty ranges and overcoming difficulties with model 
runs. Mike Brady’s (ECCC) and Edward Wiebe from Univer
sity of Victoria’s help with shell scripts is acknowledged and 
appreciated as well. We are grateful for the constructive com
ments and suggestions provided by the two anonymous 
reviewers.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

Raj Deepak S.N., Christian Seiler and Adam H. Monahan 
acknowledge the support of the Canadian Network for 
Research and Innovation in Machining Technology, Natural 
Sciences and Engineering Research Council of Canada 
(NSERC) [funding reference RGPIN-03787-2018].

Author contribution

All three authors defined the experimental setup; RDSN 
designed, tested, and performed the experimental framework 
for the model runs; CS provided the input data for the model; 
RDSN performed the analysis and wrote the manuscript with 
inputs from CS and AHM.

Supplemental data

Supplemental data for this article can be accessed online at 
http://dx.doi.org/10.1080/07055900.2024.2396426.

Code and data availability

This study has been conducted using the R Statistical Soft
ware (v3.6.3; R Core Team, 2020). The GSA was performed 
using the sensitivity R package (v1.27.1; Iooss et al., 2022), in 
which the screening test was performed using the morris() 
function, and the quantitative analysis was performed using 
the sobol2002() function. Quasi-random numbers for the 
quantitative method were generated using the sobol() function 
within the randtoolbox R package (v1.31.1; Christophe & 
Petr, 2021).

The scripts used to perturb the name list files, to run the 
CLASSIC model, and to produce the Morris elementary 
effects, Sobol’ SI, hexagonal distribution plots and instan
taneous state of GPP are available at https://doi.org/10. 
5281/zenodo.10582208. The repository also includes the 
input matrices and the output files that can be used to repro
duce the results shown in this study.

The source code and the model data for the CLASSIC 
model v1.0 used to run all model simulations for the 
GSA in this article can be downloaded from https://doi. 
org/10.5281/zenodo.3522407, the singularity container 
with required packages to run the model is at https://doi. 
org/10.5281/zenodo.3525249 and site-level meteorological 
input files used for the model runs are available through 
https://doi.org/10.5281/zenodo.3525336. The three exter
nal open-access components of the CLASSIC model men
tioned here, have to be downloaded and, if needed, 
installed to produce data for other FLUXNET2015 sites, 
but are not necessary for the reproduction of GSA/ par
ameter uncertainty interaction results shown in our 
study. All datasets and software used in this article are 
licensed under the Creative Commons Attribution 4.0 
International.

The runs presented in this study were performed on a single 
shared server with two CPUs of 8 cores each and one node. 
Since each run is independent, 14 cores were used simul
taneously to run the CLASSIC model. Under these con
ditions, the run time for each core for one run was 45 
minutes, totalling almost four weeks for all the Morris and 
Sobol’ runs. The runs for each Morris and Sobol’ analysis 
were set up with a model spin-up of 500 years looped over 
with the available meteorological data, and a transient 
period of 11 years.

ORCID

Raj Deepak S. N. http://orcid.org/0000-0002-8622-0025
Christian Seiler http://orcid.org/0000-0002-1900-1957
Adam H. Monahan http://orcid.org/0000-0002-5000-9826

A Global Sensitivity Analysis of Parameter Uncertainty in the CLASSIC Model / 11

ATMOSPHERE-OCEAN iFirst article, 2024, 1–13 https://doi.org/10.1080/07055900.2024.2396426 
© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group

http://dx.doi.org/10.1080/07055900.2024.2396426
https://doi.org/10.5281/zenodo.10582208
https://doi.org/10.5281/zenodo.10582208
https://doi.org/10.5281/zenodo.3522407
https://doi.org/10.5281/zenodo.3522407
https://doi.org/10.5281/zenodo.3525249
https://doi.org/10.5281/zenodo.3525249
https://doi.org/10.5281/zenodo.3525336
http://orcid.org/0000-0002-8622-0025
http://orcid.org/0000-0002-1900-1957
http://orcid.org/0000-0002-5000-9826


References
Alton, P., Mercado, L., & North, P. (2006). A sensitivity analysis of the land- 

surface scheme JULES conducted for three forest biomes: Biophysical par
ameters, model processes, and meteorological driving data. Global 
Biogeochemical Cycles, 20(1), 1–11. https://doi.org/10.1029/ 
2005GB002653

Arora, V. K., & Boer, G. J. (2003). A representation of variable root distri
bution in dynamic vegetation models. Earth Interactions, 7(6), 1–19. 
https://doi.org/10.1175/1087-3562(2003)007<0001:AROVRD>2.0.CO;2

Arora, V. K., & Boer, G. J. (2005). A parameterization of leaf phenology for 
the terrestrial ecosystem component of climate models. Global Change 
Biology, 11(1), 39–59. https://doi.org/10.1111/gcb.2005.11.issue-1

Arsenault, K. R., Nearing, G. S., Wang, S., Yatheendradas, S., & Peters- 
Lidard, C. D. (2018). Parameter sensitivity of the Noah-MP land surface 
model with dynamic vegetation. Journal of Hydrometeorology, 19(5), 
815–830. https://doi.org/10.1175/jhm-d-17-0205.1

Bagnara, M., Gonzalez, R. S., Reifenberg, S., Steinkamp, J., Hickler, T., 
Werner, C., Dormann, C. F., & Hartig, F. (2019). An R package facilitating 
sensitivity analysis, calibration and forward simulations with the LPJ- 
GUESS dynamic vegetation model. Environmental Modelling & 
Software, 111, 55–60. https://doi.org/10.1016/j.envsoft.2018.09.004

Baker, E., Harper, A. B., Williamson, D., & Challenor, P. (2022). Emulation 
of high-resolution land surface models using sparse Gaussian processes 
with application to JULES. Geoscientific Model Development, 15(5), 
1913–1929. https://doi.org/10.5194/gmd-15-1913-2022

Bonal, D., Bosc, A., Ponton, S., GORET, J. Y.., Burban, B., Gross, P., 
Bonnefond, J.-M., Elbers, J., Longdoz, B., Epron, D., Guehl, J.-M., & 
Granier, A. (2008). Impact of severe dry season on net ecosystem exchange 
in the neotropical rainforest of French Guiana. Global Change Biology, 14 
(8), 1917–1933. https://doi.org/10.1111/j.1365-2486.2008.01610.x

Box, G. E., & Meyer, R. D. (1986). An analysis for unreplicated fractional 
factorials. Technometrics, 28(1), 11–18. https://doi.org/10.1080/ 
00401706.1986.10488093

Bratley, P., Fox, B. L., & Niederreiter, H. (1992). Implementation and tests of 
low-discrepancy sequences. ACM Transactions on Modeling and 
Computer Simulation, 2(3), 195–213. https://doi.org/10.1145/146382. 
146385

Campolongo, F., & Braddock, R. (1999). The use of graph theory in the sen
sitivity analysis of the model output: A second order screening method. 
Reliability Engineering & System Safety, 64(1), 1–12. https://doi.org/10. 
1016/S0951-8320(98)00008-8

Chan, K., Saltelli, A., & Tarantola, S. (2000). Winding stairs: A sampling tool 
to compute sensitivity indices. Statistics and Computing, 10(3), 187–196. 
https://doi.org/10.1023/A:1008950625967

Christophe, D., & Petr, S. (2021). randtoolbox: Generating and testing 
random numbers [Computer software manual]. R package version 1.31.1.

Deardorff, J. W. (1978). Efficient prediction of ground surface temperature 
and moisture, with inclusion of a layer of vegetation. Journal of 
Geophysical Research: Oceans, 83(C4), 1889–1903. https://doi.org/10. 
1029/JC083iC04p01889

Farquhar, G. D., Caemmerer, S. v. von, & Berry, J. A. (1980). A biochemical 
model of photosynthetic CO2 assimilation in leaves of C3 species. Planta, 
149(1), 78–90. https://doi.org/10.1007/BF00386231

Fisher, R. A., & Koven, C. D. (2020). Perspectives on the future of land 
surface models and the challenges of representing complex terrestrial 
systems. Journal of Advances in Modeling Earth Systems, 12(4), 1–24. 
https://doi.org/10.1029/2018MS001453

Goll, D. S., Vuichard, N., Maignan, F., Jornet-Puig, A., Sardans, J., Violette, A., 
Peng, S., Sun, Y., Kvakic, M., Guimberteau, M., Guenet, B., Zaehle, S., 
Penuelas, J., Janssens, I., & Ciais, P. (2017). A representation of the phosphorus 
cycle for ORCHIDEE (revision 4520). Geoscientific Model Development, 10 
(10), 3745–3770. https://doi.org/10.5194/gmd-10-3745-2017

Hou, T., Zhu, Y., Lü, H., Sudicky, E., Yu, Z., & Ouyang, F. (2015). Parameter 
sensitivity analysis and optimization of Noah land surface model with field 

measurements from Huaihe River Basin, China. Stochastic Environmental 
Research and Risk Assessment, 29(5), 1383–1401. https://doi.org/10.1007/ 
s00477-015-1033-5

Iooss, B., Veiga, S. D., Janon, A., Pujol, G.,  with contributions from Baptiste 
Broto, Boumhaout, K., Clouvel, L., Delage, T., El Amri, R., Fruth, J., 
Gilquin, L., Guillaume, J., Herin, M., Il Idrissi, M., Le Gratiet, L., 
Lemaitre, P., Marrel, A., Meynaoui, A., Nelson, B. L., & Weber, F. 
(2022). sensitivity: Global sensitivity analysis of model outputs [R 
package version 1.27.1]. https://CRAN.R-project.org/package=sensitivity

Kattge, J., Bönisch, G., Díaz, S., Lavorel, S., Prentice, I. C., Leadley, P., 
Tautenhahn, S., Werner, G. D. A., Aakala, T., Abedi, M., Acosta, 
A. T. R., Adamidis, G. C., Adamson, K., Aiba, M., Albert, C. H., 
Alcántara, J. M., Alcázar, C., Aleixo, I., Ali, H., & Wirth, C. (2020). 
TRY plant trait database–enhanced coverage and open access. Global 
Change Biology, 26(1), 119–188. https://doi.org/10.1111/gcb.14904

Kucherenko, S., & Sytsko, Y. (2005). Application of deterministic low-dis
crepancy sequences in global optimization. Computational Optimization 
and Applications, 30(3), 297–318. https://doi.org/10.1007/s10589-005- 
4615-1

Lawrence, D. M., Fisher, R. A., Koven, C. D., Oleson, K. W., Swenson, S. C., 
Bonan, G., Collier, N., Ghimire, B., van Kampenhout, L., Kennedy, D., 
Kluzek, E., LawrenceV, P. J., Li, F., Li, H., Lombardozzi, D., Riley, W. 
J., W. J. Sacks, Shi, M., Vertenstein, M., & Zeng, X. (2019). The commu
nity land model version 5: Description of new features, benchmarking, and 
impact of forcing uncertainty. Journal of Advances in Modeling Earth 
Systems, 11(12), 4245–4287. https://doi.org/10.1029/2018MS001583

Li, J., Duan, Q., Gong, W., Ye, A., Dai, Y., Miao, C., Di, Z., Tong, C., & Sun, 
Y. (2013). Assessing parameter importance of the common land model 
based on qualitative and quantitative sensitivity analysis. Hydrology and 
Earth System Sciences, 17(8), 3279–3293. https://doi.org/10.5194/hess- 
17-3279-2013

Li, J., Wang, Y. P.., Duan, Q., Lu, X., Pak, B., Wiltshire, A., Robertson, E., & 
Ziehn, T. (2016). Quantification and attribution of errors in the simulated 
annual gross primary production and latent heat fluxes by two global 
land surface models. Journal of Advances in Modeling Earth Systems, 8 
(3), 1270–1288. https://doi.org/10.1002/2015MS000583

Li, Y., Wang, Y., Sun, Y., & Li, J. (2022). Global sensitivity analysis of the 
LPJ model for Larix olgensis Henry forests NPP in Jilin Province, China. 
Forests, 13(6), 874. https://doi.org/10.3390/f13060874

Lu, X., Wang, Y. P.., Ziehn, T., & Dai, Y. (2013). An efficient method for 
global parameter sensitivity analysis and its applications to the 
Australian community land surface model (CABLE). Agricultural and 
Forest Meteorology, 182–183, 292–303. https://doi.org/10.1016/j. 
agrformet.2013.04.003

Ma, H., Ma, C., Li, X., Yuan, W., Liu, Z., & Zhu, G. (2020). Sensitivity and 
uncertainty analyses of flux-based ecosystem model towards improvement 
of forest GPP simulation. Sustainability, 12(7), 2584. https://doi.org/10. 
3390/su12072584

Manabe, S. (1969). Climate and the ocean circulation: I. The atmospheric cir
culation and the hydrology of the Earth’s surface. Monthly Weather 
Review, 97(11), 739–774. https://doi.org/10.1175/1520-0493(1969)097 
¡0739:CATOC¿2.3.CO;2

McNeall, D., Robertson, E., & Wiltshire, A. (2023). Constraining the carbon 
cycle in JULES-ES-1.0. Geoscientific Model Development Discussions, 
2023, 1–38.

McNeall, D., Williams, J., Betts, R., Booth, B., Challenor, P., Good, P., & 
Wiltshire, A. (2020). Correcting a bias in a climate model with an augmen
ted emulator. Geoscientific Model Development, 13(5), 2487–2509. https:// 
doi.org/10.5194/gmd-13-2487-2020

Melton, J. R., & Arora, V. (2016). Competition between plant functional 
types in the Canadian terrestrial ecosystem model (CTEM) v.2.0. 
Geoscientific Model Development, 9(1), 323–361. https://doi.org/10. 
5194/gmd-9-323-2016

12 / Raj Deepak S. N. et al.

ATMOSPHERE-OCEAN iFirst article, 2024, 1–13 https://doi.org/10.1080/07055900.2024.2396426 
© 2024 La Société canadienne de météorologie et d’océanographie

https://doi.org/10.1029/2005GB002653
https://doi.org/10.1029/2005GB002653
https://doi.org/10.1175/1087-3562(2003)007%3C0001:AROVRD%3E2.0.CO;2
https://doi.org/10.1111/gcb.2005.11.issue-1
https://doi.org/10.1175/jhm-d-17-0205.1
https://doi.org/10.1016/j.envsoft.2018.09.004
https://doi.org/10.5194/gmd-15-1913-2022
https://doi.org/10.1111/j.1365-2486.2008.01610.x
https://doi.org/10.1080/00401706.1986.10488093
https://doi.org/10.1080/00401706.1986.10488093
https://doi.org/10.1145/146382.146385
https://doi.org/10.1145/146382.146385
https://doi.org/10.1016/S0951-8320(98)00008-8
https://doi.org/10.1016/S0951-8320(98)00008-8
https://doi.org/10.1023/A:1008950625967
https://doi.org/10.1029/JC083iC04p01889
https://doi.org/10.1029/JC083iC04p01889
https://doi.org/10.1007/BF00386231
https://doi.org/10.1029/2018MS001453
https://doi.org/10.5194/gmd-10-3745-2017
https://doi.org/10.1007/s00477-015-1033-5
https://doi.org/10.1007/s00477-015-1033-5
https://CRAN.R-project.org/package=sensitivity
https://doi.org/10.1111/gcb.14904
https://doi.org/10.1007/s10589-005-4615-1
https://doi.org/10.1007/s10589-005-4615-1
https://doi.org/10.1029/2018MS001583
https://doi.org/10.5194/hess-17-3279-2013
https://doi.org/10.5194/hess-17-3279-2013
https://doi.org/10.1002/2015MS000583
https://doi.org/10.3390/f13060874
https://doi.org/10.1016/j.agrformet.2013.04.003
https://doi.org/10.1016/j.agrformet.2013.04.003
https://doi.org/10.3390/su12072584
https://doi.org/10.3390/su12072584
https://doi.org/10.1175/1520-0493(1969)097&iexcl;0739:CATOC&iquest;2.3.CO;2
https://doi.org/10.1175/1520-0493(1969)097&iexcl;0739:CATOC&iquest;2.3.CO;2
https://doi.org/10.5194/gmd-13-2487-2020
https://doi.org/10.5194/gmd-13-2487-2020
https://doi.org/10.5194/gmd-9-323-2016
https://doi.org/10.5194/gmd-9-323-2016


Melton, J. R., Arora, V. K., Wisernig-Cojoc, E., Seiler, C., Fortier, M., Chan, 
E., & Teckentrup, L. (2020). CLASSIC v1.0: The open-source community 
successor to the Canadian land surface scheme (CLASS) and the Canadian 
terrestrial ecosystem model (CTEM)–part 1: Model framework and site- 
level performance. Geoscientific Model Development, 13(6), 2825–2850. 
https://doi.org/10.5194/gmd-13-2825-2020

Melton, J. R., Shrestha, R., & Arora, V. (2015). The influence of soils on het
erotrophic respiration exerts a strong control on net ecosystem productivity 
in seasonally dry Amazonian forests. Biogeosciences, 12(4), 1151–1168. 
https://doi.org/10.5194/bg-12-1151-2015

Morokoff, W. J., & Caflisch, R. E. (1994). Quasi-random sequences and their 
discrepancies. SIAM Journal on Scientific Computing, 15(6), 1251–1279. 
https://doi.org/10.1137/0915077

Morris, M. D. (1991). Factorial sampling plans for preliminary computational 
experiments. Technometrics, 33(2), 161–174. https://doi.org/10.1080/ 
00401706.1991.10484804

Niederreiter, H. (1978). Quasi-Monte Carlo methods and pseudo-random 
numbers. Bulletin of the American Mathematical Society, 84(6), 957– 
1041. https://doi.org/10.1090/S0002-9904-1978-14532-7

Niederreiter, H. (1992). Random number generation and quasi-Monte Carlo 
methods. SIAM.

Pappas, C., Fatichi, S., Leuzinger, S., Wolf, A., & Burlando, P. (2013). Sensitivity 
analysis of a process-based ecosystem model: Pinpointing parameterization 
and structural issues. Journal of Geophysical Research: Biogeosciences, 118 
(2), 505–528. https://doi.org/10.1002/jgrg.20035

Pastorello, G., Papale, D., Chu, H., Trotta, C., Agarwal, D., Canfora, E., 
Baldocchi, D. D., & Torn, M. S. (2017). A new data set to keep a sharper 
eye on land-air exchanges [Dataset]. Eos, Transactions American 
Geophysical Union (Online), 98(8). http://doi.org/10.1029/2017EO071597

Pastorello, G., Trotta, C., Canfora, E., Chu, H., Christianson, D., Cheah, Y. W., 
Poindexter, C., Chen, J., Elbashandy, A., Humphrey, M., Isaac, P., Polidori, 
D., Reichstein, M., Ribeca, A., van Ingen, C., Vuichard, N., Zhang, L., 
Amiro, B., Ammann, C., & Papale, D. (2020). The FLUXNET2015 
dataset and the ONEFlux processing pipeline for eddy covariance data. 
Scientific Data, 7(1), 1–27. https://doi.org/10.1038/s41597-020-0534-3

Petropoulos, G. P., Griffiths, H. M., Carlson, T. N., Ioannou-Katidis, P., & 
Holt, T. (2014). SimSphere model sensitivity analysis towards establishing 
its use for deriving key parameters characterising land surface interactions. 
Geoscientific Model Development, 7(5), 1873–1887. https://doi.org/10. 
5194/gmd-7-1873-2014

Pitman, A. (2003). The evolution of, and revolution in, land surface schemes 
designed for climate models. International Journal of Climatology: A 
Journal of the Royal Meteorological Society, 23(5), 479–510. https://doi. 
org/10.1002/joc.893

R Core Team (2020). R: A language and environment for statistical comput
ing [Computer software manual]. Vienna, Austria. https://www.R-project. 
org/

Reed, S. C., Yang, X., & Thornton, P. E. (2015). Incorporating phosphorus 
cycling into global modeling efforts: A worthwhile, tractable endeavor. 
New Phytologist, 208(2), 324–329. https://doi.org/10.1111/nph.13521

Rosolem, R., Gupta, H. V., Shuttleworth, W. J., Zeng, X., & L. G. G. De 
Gonçalves (2012). A fully multiple-criteria implementation of the Sobol’ 
method for parameter sensitivity analysis. Journal of Geophysical 
Research: Atmospheres, 117(D7), 357–375. https://doi.org/10.1029/ 
2011JD016355

Saltelli, A. (2002). Sensitivity analysis for importance assessment. Risk 
Analysis, 22(3), 579–590. https://doi.org/10.1111/0272-4332.00040

Saltelli, A., Ratto, M., Andres, T., Campolongo, F., Cariboni, J., Gatelli, D., 
Saisana, M., & Tarantola, S. (2008). Global sensitivity analysis: The 
primer. John Wiley & Sons.

Saltelli, A., Tarantola, S., Campolongo, F., & Ratto, M. (2004). Sensitivity 
analysis in practice: A guide to assessing scientific models. Wiley 
Online Library.

Sellers, P., Dickinson, R., Randall, D., Betts, A., Hall, F., Berry, J., Collatz, 
G. J., Denning, A. S., Mooney, H. A., Nobre, C. A., Sato, N., Field, C. B., 
& Henderson-Sellers, A. (1997). Modeling the exchanges of energy, water, 
and carbon between continents and the atmosphere. Science, 275(5299), 
502–509. https://doi.org/10.1126/science.275.5299.502

Sobol’, I. M. (1967). On the distribution of points in a cube and the approxi
mate evaluation of integrals. Zhurnal Vychislitel’noi Matematiki i 
Matematicheskoi Fiziki, 7(4), 784–802. https://doi.org/10.1016/0041- 
5553(67)90144-9

Sobol’, I. M. (1976). Uniformly distributed sequences with an additional 
uniform property. USSR Computational Mathematics and Mathematical 
Physics, 16(5), 236–242. https://doi.org/10.1016/0041-5553(76)90154-3

Sobol’, I. M. (1998). On quasi-Monte Carlo integrations. Mathematics and 
Computers in Simulation, 47(2–5), 103–112. https://doi.org/10.1016/ 
S0378-4754(98)00096-2

Sobol’, I. M., & Kucherenko, S. S. (2005). On global sensitivity analysis of 
quasi-Monte Carlo algorithms. Monte Carlo Methods and Applications, 11 
(1), 83–92. https://doi.org/10.1515/1569396054027274

Swart, N. C., Cole, J. N., Kharin, V. V., Lazare, M., Scinocca, J. F., Gillett, N. 
P., Anstey, J., Arora, V., Christian, J. R., Hanna, S., Jiao, Y., Lee, W. G., 
Majaess, F., Saenko, O. A., Seiler, C., Seinen, C., Shao, A., Sigmond, M., 
Solheim, L., & Winter, B. (2019). The Canadian Earth system model 
version 5 (CanESM5.0.3). Geoscientific Model Development, 12(11), 
4823–4873. https://doi.org/10.5194/gmd-12-4823-2019

Tang, J., & Zhuang, Q. (2009). A global sensitivity analysis and Bayesian 
inference framework for improving the parameter estimation and predic
tion of a process-based terrestrial ecosystem model. Journal of 
Geophysical Research: Atmospheres, 114(D15), 22–41. https://doi.org/ 
10.1029/2009JD011724

Verbeeck, H., Samson, R., Verdonck, F., & Lemeur, R. (2006). Parameter 
sensitivity and uncertainty of the forest carbon flux model FORUG: A 
Monte Carlo analysis. Tree Physiology, 26(6), 807–817. https://doi.org/ 
10.1093/treephys/26.6.807

Verseghy, D. (2017). CLASS-the Canadian land surface scheme (v.3.6.2). 
Climate Research Division, Science and Technology Branch, 
Environment Canada, 35.

Wagener, T., & Pianosi, F. (2019). What has global sensitivity analysis ever 
done for us? A systematic review to support scientific advancement and to 
inform policy-making in Earth system modelling. Earth-Science Reviews, 
194, 1–18. https://doi.org/10.1016/j.earscirev.2019.04.006

Wallach, D., & Genard, M. (1998). Effect of uncertainty in input and par
ameter values on model prediction error. Ecological Modelling, 105(2– 
3), 337–345. https://doi.org/10.1016/S0304-3800(97)00180-4

Yang, X., Thornton, P. E., Ricciuto, D. M., & Post, W. M. (2014). The role of 
phosphorus dynamics in tropical forests – a modeling study using CLM- 
CNP. Biogeosciences, 11(6), 1667–1681. https://doi.org/10.5194/bg-11- 
1667-2014

Zhu, Q., & Zhuang, Q. (2014). Parameterization and sensitivity analysis of a 
process-based terrestrial ecosystem model using adjoint method. Journal 
of Advances in Modeling Earth Systems, 6(2), 315–331. https://doi.org/ 
10.1002/2013MS000241

A Global Sensitivity Analysis of Parameter Uncertainty in the CLASSIC Model / 13

ATMOSPHERE-OCEAN iFirst article, 2024, 1–13 https://doi.org/10.1080/07055900.2024.2396426 
© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group

https://doi.org/10.5194/gmd-13-2825-2020
https://doi.org/10.5194/bg-12-1151-2015
https://doi.org/10.1137/0915077
https://doi.org/10.1080/00401706.1991.10484804
https://doi.org/10.1080/00401706.1991.10484804
https://doi.org/10.1090/S0002-9904-1978-14532-7
https://doi.org/10.1002/jgrg.20035
http://doi.org/10.1029/2017EO071597
https://doi.org/10.1038/s41597-020-0534-3
https://doi.org/10.5194/gmd-7-1873-2014
https://doi.org/10.5194/gmd-7-1873-2014
https://doi.org/10.1002/joc.893
https://doi.org/10.1002/joc.893
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1111/nph.13521
https://doi.org/10.1029/2011JD016355
https://doi.org/10.1029/2011JD016355
https://doi.org/10.1111/0272-4332.00040
https://doi.org/10.1126/science.275.5299.502
https://doi.org/10.1016/0041-5553(67)90144-9
https://doi.org/10.1016/0041-5553(67)90144-9
https://doi.org/10.1016/0041-5553(76)90154-3
https://doi.org/10.1016/S0378-4754(98)00096-2
https://doi.org/10.1016/S0378-4754(98)00096-2
https://doi.org/10.1515/1569396054027274
https://doi.org/10.5194/gmd-12-4823-2019
https://doi.org/10.1029/2009JD011724
https://doi.org/10.1029/2009JD011724
https://doi.org/10.1093/treephys/26.6.807
https://doi.org/10.1093/treephys/26.6.807
https://doi.org/10.1016/j.earscirev.2019.04.006
https://doi.org/10.1016/S0304-3800(97)00180-4
https://doi.org/10.5194/bg-11-1667-2014
https://doi.org/10.5194/bg-11-1667-2014
https://doi.org/10.1002/2013MS000241
https://doi.org/10.1002/2013MS000241

	deepak_sn_AtmosOcean_2024_COVER.pdf
	deepak_sn_AtmosOcean_2024.pdf
	Abstract
	Introduction
	Methods
	The CLASSIC Model
	Site Selection
	Parameter Uncertainty Ranges
	Global Sensitivity Analysis
	Screening: Morris Elementary Effects Method
	Variance-based Sensitivity Test: Sobol' Method


	Results
	Morris Elementary Effects Method
	Variance-based Sobol' Analysis
	First and Total Order Sobol' Indices
	Interactions of Influential Parameters


	Discussion and conclusions
	Acknowledgments
	secS005
	Disclosure statement
	secS004-S2001

	Author contribution
	Supplemental data
	Code and data availability
	ORCID
	secS012
	References


