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ABSTRACT

In this dissertation, I assessed the sensitivity of the land surface carbon, water,
and energy fluxes to variations in model input parameters when simulated by a land
surface model (LSM). The terrestrial biosphere currently uptakes approximately 30%
of anthropogenic CO2 emissions. LSMs project that the biosphere will continue to
take up carbon till early to mid 22nd century, making it a net carbon sink. These
carbon sink projections are important for improving the future carbon predictions
and informing mitigation strategies. But, there are substantial uncertainties in the
strength of the simulated sink. For instance, the spread in the inter-model carbon
sink is 1 to 3.2 PgC yr−1 during 2014-2023 (Global Carbon Budget), and 2 to 7 PgC
yr−1 for the end of the 21st century (Intergovernmental Panel on Climate Change’s
Sixth Assessment Report).

Some of the mentioned uncertainties in the simulated carbon sink arises from
parameter uncertainties. While parameter tuning can help reduce these uncertainties,
optimizing all input parameters in a complex, non-linear LSM is computationally
prohibitive. Identifying influential parameters and understanding their influence on
the model output(s) is an essential step before tuning the parameters. The influence
of parameter uncertainties on the terrestrial carbon cycle output variables can be
assessed using global sensitivity analysis (GSA). In this dissertation, I apply a two-
step GSA to the output variables simulated by an LSM, the Canadian Land Surface
Scheme Including Biogeochemical Cycles (CLASSIC).

This research is divided into three parts, each applying GSA to CLASSIC output
variables under different conditions. The questions asked are: (1) Is there a common
set of parameters that substantially influence the majority of ecosystem output vari-
ables simulated at an eddy covariance site?, (2) Which parameters substantially affect
the uncertainty of the historical carbon sink for different biomes?, and (3) Which pa-
rameters substantially affect the uncertainty of future carbon sink projections for
different biomes?

Through GSA’s first step, a coarse sampled screening test, I found that only 15–
17% of input parameters show appreciable influence on any of the simulated output
variables. Through the second fine sampled quantitative analysis, I further narrowed
this subset, and identified between two and 15 parameters as the most influential for
different output variables and statistical measures. The influential parameters varied
depending on the meteorological forcing used. The maximum rate at which CO2
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is used during photosynthesis (vmax) and the loss of light along the canopy depth
(kn) are the most recurring influential parameters across all forcing scenarios, and
statistical measures. Additionally, other photosynthetic parameters, as well as those
related to rooting and phenology, play an important role when CLASSIC is forced
using reanalysis and Earth system model data. The sensitivity of the terrestrial
carbon sink to the uncertainty in vmax reduces by the end of the 21st century. In
many cases the analysis is unable to rank the most influential parameters because of
large sampling variations in the sensitivity indices.

GSA is a stepping stone before performing model optimization. However, the
computational demands of GSA are substantial. In this study, performing GSA for
just seven grid cells required approximately 25 CPU years. Scaling such analyses to a
global level using the full model would be computationally prohibitive. However, ad-
vancements in machine learning and emulator-based approaches present a promising
alternative for GSA and optimization efforts, drastically reducing computational costs
by requiring fewer input-output simulations than the full model. These innovations
could enable large-scale assessments of parameter uncertainty, ultimately leading to
more robust predictions of the terrestrial carbon sink, which will help in the shaping
of better mitigation efforts.

(Alton, Mercado, & North, 2006; Arsenault, Nearing, Wang, Yatheendradas, & Peters-Lidard, 2018; Baker, Harper, Williamson,

& Challenor, 2022; Bratley, Fox, & Niederreiter, 1992; Chan, Saltelli, & Tarantola, 2000; Farquhar, von Caemmerer, & Berry, 1980;

Harris, Jones, Osborn, & Lister, 2014; Klein Goldewijk, Beusen, Doelman, & Stehfest, 2017; Koven et al., 2021; Lawrence et al., 2019;

Y. Li, Wang, Sun, & Li, 2022; J. Lu et al., 2021; X. Lu, Wang, Ziehn, & Dai, 2013; McNeall, Robertson, & Wiltshire, 2023; Melton,

Arora, et al., 2019; Melton, Seiler, & Fortier, 2019; Melton, Shrestha, & Arora, 2015; Melton, Teckentrup, & Fortier, 2019; Pappas,

Fatichi, Leuzinger, Wolf, & Burlando, 2013; “Parameter optimization for global soil carbon simulations: Not a simple problem”, n.d.;

Petropoulos, Griffiths, Carlson, Ioannou-Katidis, & Holt, 2014; Reed, Yang, & Thornton, 2015; Rosolem, Gupta, Shuttleworth, Zeng, &

De Gonçalves, 2012; Saltelli, Tarantola, Campolongo, & Ratto, 2004; Seiler, Kou-Giesbrecht, Arora, & Melton, 2024; Senapati, Jansson,

Smith, & Chabbi, 2016; Shi et al., 2020; S. N., Seiler, & Monahan, 2024; Varney, Friedlingstein, Chadburn, Burke, & Cox, 2024;

Verbeeck, Samson, Verdonck, & Lemeur, 2006; Wang, Law, & Pak, 2010; Wu et al., 2024; Xiao, Davis, Urban, & Keller, 2014; X. Yang,

Thornton, Ricciuto, & Post, 2014)



v

Contents

Supervisory Committee ii

Abstract iii

Table of Contents v

List of Tables viii

List of Figures ix

Acknowledgements xi

1 Introduction 1
1.1 The Carbon Cycle . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 The Terrestrial Carbon Sink . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Land Surface Modelling . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Global Sensitivity Analysis . . . . . . . . . . . . . . . . . . . . . . . . 4
1.5 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.6 Dissertation Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 Global Sensitivity Analysis at an Evergreen Broadleaf Eddy Co-
variance site 9
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2.1 CLASSIC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2.2 Site Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.3 Global Sensitivity Analysis . . . . . . . . . . . . . . . . . . . 15

2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.3.1 Morris Elementary Effects Method . . . . . . . . . . . . . . . 20



vi

2.3.2 Sobol’ Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.4 Discussion and Conclusions . . . . . . . . . . . . . . . . . . . . . . . 26

3 Global Sensitivity Analysis of the Historical Carbon Sink Across
Biomes 32
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.2.1 CLASSIC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.2.2 Biomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.2.3 Global Sensitivity Analysis . . . . . . . . . . . . . . . . . . . 41

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
3.3.1 Morris Elementary Effects Method . . . . . . . . . . . . . . . 47
3.3.2 Parametric Uncertainty of Historical NBP . . . . . . . . . . . 50
3.3.3 Sobol’ Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.4 Discussion and Conclusions . . . . . . . . . . . . . . . . . . . . . . . 66

4 Global Sensitivity Analysis of the Future Land Carbon Sink 73
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

4.2.1 CLASSIC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
4.2.2 Biomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
4.2.3 Global Sensitivity Analysis . . . . . . . . . . . . . . . . . . . 79

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
4.3.1 Morris Elementary Effects Method . . . . . . . . . . . . . . . 85
4.3.2 Parametric Uncertainty of NBP . . . . . . . . . . . . . . . . . 86
4.3.3 Sobol’ Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 87

4.4 Discussion and Conclusions . . . . . . . . . . . . . . . . . . . . . . . 95

5 Conclusions 103
5.1 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
5.2 Research Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
5.3 Concluding remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

A Appendix 108
A.1 Supplemental Equations: Common for All

Chapters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108



vii

A.1.1 Gross Primary Productivity Calculation . . . . . . . . . . . . 108
A.1.2 Dependency Conversion Using Spherical Coordinates . . . . . 111
A.1.3 Morris Elementary Effects Method . . . . . . . . . . . . . . . 112
A.1.4 Sobol’ Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 113

A.2 Supplemental for Chapter 4 . . . . . . . . . . . . . . . . . . . . . . . 118
A.2.1 Historical CRUJRAv2 vs CanESM5 . . . . . . . . . . . . . . . 120
A.2.2 Different time-periods . . . . . . . . . . . . . . . . . . . . . . 124

A.3 Common Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
A.4 Code and Data Availability . . . . . . . . . . . . . . . . . . . . . . . 133
A.5 Computational Demand . . . . . . . . . . . . . . . . . . . . . . . . . 134

Bibliography 135



viii

List of Tables

Table 2.1 Most influential parameters from Morris . . . . . . . . . . . . . 22

Table 3.1 PFTs, and parameter uncertainties of vmax and kn . . . . . . . 37
Table 3.2 Chapter 3’s experimental design . . . . . . . . . . . . . . . . . . 39
Table 3.3 Annual output variables used. . . . . . . . . . . . . . . . . . . . 40
Table 3.4 Influential parameters grouped according to the processes for the

30-year mean NBP, for each biome grid cell. . . . . . . . . . . . 58
Table 3.5 Influential parameters for the 30-year trends of NBP, grouped

according to the processes. . . . . . . . . . . . . . . . . . . . . . 65

Table 4.1 Chapter 4’s experimental design . . . . . . . . . . . . . . . . . . 77
Table 4.2 Annual output variables used. . . . . . . . . . . . . . . . . . . . 78
Table 4.3 Influential parameters for the projected 20-year NBP mean, grouped

according to the processes . . . . . . . . . . . . . . . . . . . . . 89
Table 4.4 Influential parameters for the projected change in 20-year NBP

means, grouped according to the processes . . . . . . . . . . . . 97

Table A.1 Fine details about the chosen biome grid cells . . . . . . . . . . 128
Table A.2 Input parameters and their uncertainty ranges . . . . . . . . . . 129



ix

List of Figures

Figure 1.1 Schematic representation of the carbon cycle . . . . . . . . . . 2
Figure 1.2 Evolution of LSMs . . . . . . . . . . . . . . . . . . . . . . . . . 4
Figure 1.3 Schematic representation of CLASSIC . . . . . . . . . . . . . . 5

Figure 2.1 Normalized Euclidean distances (κ) . . . . . . . . . . . . . . . . 21
Figure 2.2 Sensitivity indices for all variables . . . . . . . . . . . . . . . . 23
Figure 2.3 Conditional distribution of GPP . . . . . . . . . . . . . . . . . 25
Figure 2.4 Influence of vmax and kn on GPP . . . . . . . . . . . . . . . . 27

Figure 3.1 Biome locations . . . . . . . . . . . . . . . . . . . . . . . . . . 42
Figure 3.2 Morris top-ranked parameter for different output variables . . . 48
Figure 3.3 Parametric Uncertainty of Historical NBP . . . . . . . . . . . . 51
Figure 3.4 Variation in NBP due to vmax . . . . . . . . . . . . . . . . . . 52
Figure 3.5 Sensitivity indices for the 30-year mean NBP . . . . . . . . . . 54
Figure 3.6 Conditional distributional of 30-year mean NBP . . . . . . . . . 59
Figure 3.7 SIvmax for all output variables . . . . . . . . . . . . . . . . . . 61
Figure 3.8 Sensitivity indices for the 30-year NBP trend . . . . . . . . . . 63
Figure 3.9 Conditional distribution of the 30-year trends of NBP . . . . . 67

Figure 4.1 Biome locations . . . . . . . . . . . . . . . . . . . . . . . . . . 80
Figure 4.2 Parametric uncertainty of historical, projected, and projected

changes in NBP . . . . . . . . . . . . . . . . . . . . . . . . . . 86
Figure 4.3 Sensitivity indices for the projected 20-year NBP mean . . . . . 88
Figure 4.4 Conditional distributional of projected 20-year NBP mean . . . 91
Figure 4.5 Conditional distribution of the components of the projected 20-

year NBP mean . . . . . . . . . . . . . . . . . . . . . . . . . . 94
Figure 4.6 Conditional distribution of the projected 20-year NBP due to

different influential parameters . . . . . . . . . . . . . . . . . . 95
Figure 4.7 Sensitivity indices of the projected change in 20-year means . . 96



x

Figure A.1 Sobol indices for an example equation . . . . . . . . . . . . . . 117
Figure A.2 Standardized precipitation and temperature anomalies for trop-

ical broadleaf location . . . . . . . . . . . . . . . . . . . . . . . 119
Figure A.3 Conditional distribution of NBP for different climate forcing . . 120
Figure A.4 Conditional distribution of GPP and Ra for different climate

forcing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
Figure A.5 Conditional distribution of Rh and fF ire for different climate

forcing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
Figure A.6 Evolution of NBP from 1850-2100 . . . . . . . . . . . . . . . . 125
Figure A.7 Sensitivity indices of the projected changes in NBP means when

2015-2034 is used instead of 2081-2100 . . . . . . . . . . . . . . 126



xi

ACKNOWLEDGEMENTS

This dissertation is the outcome of six years’ worth of journey, filled with hard
work. I am grateful to everyone who has stood by me through these years, especially
during the times when I did not believe in myself.

First and foremost, to Christian and Adam. Thank you for being the best super-
visors a researcher could ask for. Thank you for your unwavering support since day
one, when I took a leap of faith to pursue my Ph. D. Thank you for your invaluable
mentorship and support for both within and out of this journey. I could not have
done a better job without your supervision.

I sincerely appreciate my committee members Joe and Julie for providing me with
constructive criticism and thoughtful suggestions, which have greatly improved the
quality of my work.

I am grateful for all the members of the CLASSIC group. Vivek, Joe, and Paul,
your valuable input for parameter uncertainties and model expertise has helped me
become a better modeller. Gesa, thank you for your help with the numerous errors I
had encountered. Mike, I highly appreciate your help with the model’s technicalities
during my initial stage. Charles, I enjoyed working with you. It was good to know
and connect with someone who was on a very similar boat as I was. Every other
member is also appreciated in terms of their knowledge about the model, even if I
have had minimal interactions.

I am deeply grateful to Ed for his technical support and computing expertise.
Without his help, I would not have made any computational progress, let alone com-
plete 25 CPU years’ worth of (bug-free) simulations. I also sincerely appreciate my
peers Jo, Liang, Ruth, Kyle, Ameneh, Camille, Dan, Julia, and everyone else in the
Climate lab, for their patience and understanding, especially when I occupied all the
nodes and processors. Thank you for being amazing colleagues. You can definitely
generate a “Blame Raj” folder. Jia-Xuan, Patrick Duke and Parsa, thank you for
cheering loudly for me.

My friends near and far, thank you for rooting for me. Ross, thank you for being
a mental support when things got out of hand. I look forward to expanding our
friendship to many more years to come. Dan, thank you for the numerous photo
walks that we went on. I really needed them, especially when I was stressed out these
past few months, while writing this document. Singu and family, thank you for being
my family here. Prathyusha, Prerna, and Harish, you all made the transition from



xii

India to here, feel less of a burden. We’ve seen each other grow through the thick
and thin of academic life. Miles, thank you for making the house feel less of a house
and more of a home. Samay and Kavi, your phone calls through these years always
felt like a soothing balm; thank you for standing by me in this chapter of my life
and many more to come. And to my numerous other friends who have supported me
through and through, I thank you from the depths of my heart.

Darcey, thank you for being a person I connected with on a very fine level. You
were the beacon to my ship caught in a storm, and I am glad I could be that person
for you as well. I wish you all the peace in the world. Trevor, thank you for being
more than a friend, and showing me a new world.

Mom, Dad, brother, and everyone in my family, thank you for trusting me to live a
life by myself. Thank you for your unconditional love, patience, and encouragement.
Homesickness is a thing and I did not realise it until after I stepped out (of course!).
I have grown to be a better person who can hold his ground, and I know you are
proud of me.

And lastly, a thank you to myself. I have been on high waves and on low tides
through this journey. I have had times where I doubted myself, thought I was not
fit, and talked bad about myself, be it due to imposter syndrome or even worse, self
doubt. I am more than that. I am proud of the work I have done in this research and
on myself. I am proud to stand tall like a tree, like the forests I study in this research
work. “Raj, you have come a long way, and you are more level-headed than you were
a few years ago. I am proud of you, and the person you have become.”



Chapter 1

Introduction

1.1 The Carbon Cycle
We are part of the carbon cycle and we are disrupting it at a tremendous pace.
Carbon is the fundamental building block of life and is present in a majority of
things we consume and interact with, including ourselves, the food we eat, the air
we breathe, plants and animals, oceans, transportation, fuels, and some rocks and
minerals. The carbon that exists today has been cycling through Earth’s systems for
billions of years, moving from one carbon stock to another (Figure 1.1). One such
carbon stock is the atmosphere, which held a global average of 855 GtC between 2014
and 2023 (Friedlingstein et al., 2024). Carbon continuously gets exchanged between
the atmosphere, land, and ocean.

Atmospheric CO2 is absorbed by the terrestrial biosphere and the ocean, cycles
through organisms via the food chain, and transfers within various parts of the the
ocean and the ocean floor. In both terrestrial and aquatic environments, microor-
ganisms feeding on decomposing organic matter, along with respiration from plants
and animals, release carbon back into their surroundings. On land, wildfires also con-
tribute to carbon emissions. Some carbon is sequestered as dying plants and carbon-
rich ocean sediments become buried beneath Earth’s surface, eventually returning to
the atmosphere through geological processes such as subduction and volcanic out-
gassing. Since industrialization, large-scale fossil fuel extraction and combustion for
energy, along with limestone use in cement production, have released vast amounts
of stored carbon into the atmosphere at an extreme rate. There was a near carbon
balance during the Holocene period, but the release of copious amounts of CO2 into
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Figure 1.1: A schematic representation of the carbon cycle perturbation due to an-
thropogenic activities for the decade 2014-2023 (Friedlingstein et al., 2024).

the atmosphere has disrupted the carbon budget since then.

1.2 The Terrestrial Carbon Sink
The atmospheric carbon sink consists of the terrestrial biosphere, the ocean from shal-
low waters to deep depths, and underground hydrocarbon reserves (Global Carbon
Budget 2024 assessment; GCB; Friedlingstein et al., 2024). Over many millennia, the
terrestrial biosphere has functioned as a net carbon sink, absorbing more carbon from
the atmosphere than it releases. Through photosynthesis, plants capture atmospheric
CO2 and store it as biomass in leaves, stems, and roots, contributing to a global aver-
age of 450 GtC of the 3,550 GtC stored in the terrestrial biosphere during 2014–2023.
Simultaneously, respiration by living plant cells, microbial decomposition of organic
matter, and natural disturbances such as wildfires contribute to CO2 emissions. The
balance between carbon uptake and release within the terrestrial biosphere fluctuates
across diurnal, seasonal, decadal, and millennial timescales.

Anthropogenic activities such as land-use change (excluding processes like af-
forestation), human-induced wildfires, and fossil fuel combustion serve as substantial
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sources of atmospheric carbon. These additional sources disrupt the natural carbon
budget. Since the Industrial Revolution (1850) to the present day, atmospheric CO2

concentrations ([CO2]) have risen from 284.32 ppm to 424 ppm (2024) due to an-
thropogenic emissions (Friedlingstein et al., 2024). The GCB assessment shows the
terrestrial biosphere has absorbed about 30% of anthropogenic CO2 emissions over
the past decade. Earth system models (ESMs) project that while the total land car-
bon uptake will continue to rise with increasing emissions, the fraction of emissions
sequestered through photosynthesis will decline by the late 21st century (Canadell
et al., 2023). However, the strength of the terrestrial carbon sink remains highly
uncertain, both in present-day estimates and future projections, as simulated by land
surface models (LSMs).

1.3 Land Surface Modelling
LSMs are integral components of ESMs, designed to simulate the exchange of mass,
energy, and momentum between the land surface and the atmosphere. Over the
decades, LSMs have progressively incorporated more processes to better represent
the terrestrial biosphere as illustrated in Figure 1.2 (Fisher & Koven, 2020). Through
the evolution process, these models have become complex over the decades. Highly
complex models require input parameters to interact and/or require a large number of
input parameters. Some parameters lack direct observational constraints, leading to
uncertainties that propagate through the model and affect the reliability of simulated
outputs.

One such LSM is the Canadian Land Surface Scheme Including Biogeochemical
Cycles-version 1.0 (CLASSIC; Melton et al., 2020), which serves as the terrestrial
component of the Canadian Earth System Model (CanESM; Swart et al., 2019). As
illustrated in Figure 1.3, CLASSIC simulates a wide range of processes and is highly
complex. CLASSIC is one of the 17 participants in the Trends and Drivers of the
Regional Scale Terrestrial Sources and Sinks of Carbon Dioxide (TRENDY) project
(Sitch et al., 2024). The GCB assessments (e.g., Friedlingstein et al., 2023, 2024)
analyse the TRENDY models to provide one of the most comprehensive estimates
of global carbon fluxes. Additionally, ESMs such as the CanESM participate in the
Coupled Model Intercomparison Projects (CMIP) to simulate future environmen-
tal conditions, including projections of the terrestrial carbon sink. The outcomes
from CMIP are used in the Intergovernmental Panel on Climate Change Assessment



4

Figure 1.2: A representation of evolution of land surface model processes, depicting
increasing complexity from 1970’s to 2010’s (Fisher & Koven, 2020).

Reports (e.g., the Sixth Assessment Report; Lee et al., 2023). Even after decades of
evolution, broad inter-modal uncertainty ranges are noticed for the present and future
terrestrial carbon sink simulated by LSMs (Arora et al., 2019; ?; ?). Most signatories
of the Paris Agreement stated that the land carbon sink would be utilized to help
achieve mitigation targets for reducing greenhouse gas emissions (Horowitz, 2016).
Given its influential role in mitigation plans, assessing current carbon fluxes, and
projecting future changes, reducing uncertainties in the output variables simulated
by an LSM is essential.

1.4 Global Sensitivity Analysis
LSMs require a wide range of inputs, such as meteorological data, atmospheric CO2

concentration ([CO2]), land cover change, initial conditions, and parameter values.
However, many of the input parameter values are not well constrained due to a lack
of observations, and uncertain inputs lead to uncertain outputs. One way to reduce
uncertainties in the output variables is through parameter tuning, where uncertain
input parameters are adjusted to improve the model’s performance. When parameters
are allowed to vary, each parameter or combination of parameters accounts for a
fraction of the total model output variation. However, tuning all input parameters in
a highly complex model like CLASSIC is computationally prohibitive. Understanding
how input parameter uncertainties influence model outputs is essential for improving
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Figure 1.3: Schematic representation of different processes simulated by CLASSIC
(Melton et al., 2020).

the model’s performance. Identification of influential parameters allows optimization
efforts to focus on a small subset of parameters. Global sensitivity analysis (GSA)
allows for the quantification of parameter value uncertainties’ impact on model output
variables, thereby identifying a small subset of highly influential parameters (Saltelli
et al., 2004; Wagener & Pianosi, 2019).

Global sensitivity analysis (GSA) quantifies the uncertainties in the output vari-
ables due to uncertainties in the input parameters. In the research work presented,
GSA is used to evaluate the sensitivity of carbon cycle variables to parameter uncer-
tainty using CLASSIC. There are no previous GSA studies performed on the outputs
simulated by CLASSIC. By identifying the most influential parameters through GSA,
this research aims to enhance the understanding of the LSM and provide insights for
future model development and optimization. GSA can help identify a subset of the
most influential parameters, allowing for a better optimization process (e.g., Baker et
al., 2022; McNeall et al., 2023, 2020; Petropoulos et al., 2014). By narrowing down
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the number of parameters to be tuned, GSA facilitates model refinement while reduc-
ing computational costs. While the results of GSA will be discussed in detail, model
optimization itself is beyond the scope of this work.

1.5 Research Questions
Previous LSM studies have evaluated parameter uncertainty in terrestrial carbon cy-
cle variables through GSA methods (e.g., Y. Li et al., 2022; Ma et al., 2020; Pappas et
al., 2013; Zhu & Zhuang, 2014). Most of these studies relied on outputs from eddy co-
variance sites, which provide observed meteorological data. However, these data are
too short to simulate carbon stocks (e.g., the soil carbon pool), that eventually affect
long-term carbon sink dynamics. The TRENDY protocol recommends running LSMs
in a fully transient mode over extended periods to examine the terrestrial carbon
balance. In transient simulations, models respond dynamically to changing environ-
mental conditions. To study the carbon sink under such conditions, meteorological
data from reanalysis or ESMs can be used.

GSA has not yet been conducted for CLASSIC using output variables simulated
at an eddy covariance site. No GSA studies have quantified parameter uncertainty
in the historical terrestrial carbon sink, nor have they assessed the uncertainty in
future carbon sink projections. This research is the first to evaluate the uncertainty
of both present and future terrestrial carbon cycle variables simulated by CLASSIC.
The study is structured into three main chapters, each applying GSA under different
conditions. The research questions addressed in the work presented here, include:

1. Is there a common set of parameters that substantially influence the majority
of ecosystem output variables simulated at an eddy covariance site?

2. Which parameters substantially affect the uncertainty of the historical carbon
sink for different biomes?

3. Which parameters substantially affect the uncertainty of future carbon sink
projections for different biomes?
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1.6 Dissertation Outline
The GSA methodology is consistent across the three main chapters. The analysis per-
turbs all parameters within their respective uncertainty ranges and runs CLASSIC for
each unique parameter combination. Since quantitatively assessing the sensitivity of
any output variable simulated by CLASSIC to all input parameters is computationally
prohibitive, the GSA is conducted in a two-step process. First, a qualitative screening
method is used to identify an influential subset of parameters for a range of output
variables, including carbon cycle variables and turbulent heat fluxes. The top-ranked
parameters from this screening are then analyzed using a quantitative variance-based
method. This two-step approach reduces computational expense while maintaining a
systematic evaluation of the sensitivities.

Chapter 2 establishes the framework for performing GSA on all input parameters
in CLASSIC. The analysis is conducted for a single eddy covariance measurement
site in the Amazon rainforest, characterized by homogeneous evergreen broadleaf
trees (Pastorello et al., 2020). This study identifies the most influential parameters
for a wide range of output variables, and focuses on the uncertainties of the carbon
uptake term as an example. This study did not simulate the long-term carbon sink,
as capturing the long-term dynamics requires extended transient simulations that
account for the carbon exchange between the atmosphere and biosphere, which are
not available from the eddy covariance site.

To address questions related to the uncertainty in the historical carbon sink, long
transient simulations spanning centuries were conducted. In Chapter 3, CLASSIC
is forced with reanalysis data at seven grid cells each located in a different biome.
This chapter also accounts for CO2 emissions from wildfires, increasing the number
of parameters considered compared to Chapter 2. This chapter mainly assesses the
sensitivity of the historical carbon sink to influential parameters for two statistical
measures.

Chapter 4 quantifies the sensitivity of carbon cycle variables to influential pa-
rameters under a future climate condition. CLASSIC is forced with the output data
from CanESM5. By incorporating transient conditions, this chapter provides a com-
prehensive understanding of how input parameter uncertainties influence carbon sink
projections over time. The influential parameters obtained are compared for the pro-
jected future carbon sink, and the difference between the future and historical mean
carbon sinks.
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Chapter 5 provides a compilation of the findings and summaries of the three main
chapters. This chapter also answers the broad research questions mentioned earlier.
Future avenues for GSA studies performed on the outputs of LSMs and how it will
be helpful for future research are also provided in this chapter.

The contents of Chapter 2 have been published in Atmosphere-Ocean (S. N. et
al., 2024). Contents of Chapters 3 and 4 have been submitted for peer review in the
same journal as two separate manuscripts.

The following chapter answers the question “Is there a common set of parameters
that drive the majority of ecosystem output variables simulated at an eddy covariance
site?”
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Chapter 2

Global Sensitivity Analysis at an
Evergreen Broadleaf Eddy
Covariance site

Land surface models 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 mod-
els. Some of these deficiencies are attributed to parameter uncertainties. Global
sensitivity analysis (GSA) quantifies model output uncertainties caused by the un-
certainty in model inputs. Our study conducts, for the first time, a GSA for the
Canadian Land Surface Scheme Including Biogeochemical Cycles (CLASSIC). Focus-
ing 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 analyzed using the quan-
titative 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 ex-
tinction coefficient’s uncertainty. The results of this research will guide future efforts
to optimize the model’s performance more efficiently, focusing on a small subset of
the 90 parameters.
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The contents of this chapter appeared in Atmosphere-Ocean Journal as A Global
Sensitivity Analysis of Parameter Uncertainty in CLASSIC (S. N. et al., 2024).

2.1 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 atmo-
sphere. The complexity of LSMs has increased over time as more processes 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
generation of LSMs took the first generation a step further by 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 radia-
tion. Additionally, moisture diffusion into multiple soil layers and the impact of snow
cover on the soil are also considered (Deardorff, 1978). The third generation of LSMs
include a representation of carbon fluxes through stomatal conductance, photosyn-
thesis, 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, wildfires, and
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; X. Yang et al., 2014). The
increasing complexity of LSMs creates the demand for advanced methods of model
evaluation, including a systematic approach for assessing model sensitivity.

Some of the uncertainties seen in the output variables are due to uncertainties in
the input parameters, as these parameters are not well constrained due to a lack of
observations. Sensitivity analysis can be used to quantify these uncertainties in the
output variable caused by uncertainties in the input parameters. Two types of sen-
sitivity analysis are commonly used: local sensitivity analysis, and global sensitivity
analysis (GSA). Local sensitivity analysis evaluates the effect on 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 computes the im-
portance of parameters based on changes in model output(s) over the full uncertainty
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range of parameter values for multiple input parameters simultaneously (Saltelli et
al., 2008). GSA is an important step for model development and optimization, which
can be done by constraining very few parameters with optimal values using obser-
vations (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; X. Lu et al., 2013). The results of these studies consistently show that
most of the model output uncertainty associated with parameters is governed by very
few parameters. The most influential 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 rough-
ness length (Alton et al., 2006; Arsenault et al., 2018; J. Li et al., 2016; Y. Li et al.,
2022; X. 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 respiration 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 Biogeochemical Cycles (CLASSIC;
Melton et al., 2020) 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 GSA conducted on CLASSIC. Conducting such an analysis is
important for understanding the importance of various parameters and how different
processes are affected based on parameter uncertainty interactions. Additionally,
GSA provides valuable insights to support ongoing model development efforts and
tuning.

In the present study, we use GSA methods to identify the most influential pa-
rameters for a broad range of model outputs, including variables that form part of
the carbon, water, heat, and radiation fluxes simulated by CLASSIC at a single eddy
covariance FLUXNET2015 site in the humid tropics. We consider 90 independent pa-
rameters in a screening test to identify a subset of parameters that are then used in
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a quantification test, wherein the effects of variations in input parameters on various
model outputs such as gross primary productivity, autotrophic and heterotrophic res-
piration 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 Methods section provides an overview of CLASSIC, the input parameters
along with their uncertainty ranges, the chosen FLUXNET2015 site, and the GSA
techniques and sampling method employed. The Results section presents findings
from the GSA methods, and the importance and interactions of the two most in-
fluential parameters’ uncertainty ranges on all processes. The Discussion section
covers insights gained from this analysis, limitations in this study, the implications
for parameter tuning, and the relevance of GSA to the terrestrial biosphere modelling
community.

2.2 Methods

2.2.1 CLASSIC

CLASSIC 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 Terres-
trial Ecosystem Model (CTEM; Melton & Arora, 2016). CLASS 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 CLASSIC that simulates
biogeochemical processes such as photosynthesis, phenology, allocation of carbon to
the live carbon pools, canopy conductance, and tissue turnover (Arora & Boer, 2005);
maintenance, growth and heterotrophic respiration (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 turbation of carbon in the soil, have been deactivated, as these processes are ei-
ther not relevant for the site considered or are under active development in the model.
CLASSIC has 134 input parameters, of which only parameters that are site-relevant
(91) are considered in this study. The processes represented by these parameters are
generally non-linear and are obtained empirically.

For our analysis, the model is run in the offline mode, and has been spun up to
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a state of equilibrium with the observed meteorological data 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 Section 2.2.2). 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 variable is chosen for analysis by
the GSA methods.

The photosynthesis module of CLASSIC simulates the net canopy-level photosyn-
thetic rate that includes GPP (Eq. A.1-A.8; Melton & Arora, 2016) and autrotrophic
respiration fluxes, which are computed from the living components: the vegetation
carbon pools (leaf, root, stem). Heterotrophic respiration is the respiration from mi-
crobes that decompose litter (dead leaves, stems and roots) and soil organic carbon.
The combined carbon pool present on 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. Canopy conductance
is used by the physical component of CLASSIC 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 long-
wave and net shortwave radiation fluxes and the surface albedo are also simulated by
the physical component of CLASSIC.

The response of modelled processes to changes in parameter uncertainties can be
studied by identifying the influential parameters. In this study, the following vari-
ables have been analyzed using GSA methods: individual carbon cycle components
(GPP , autotrophic respiration, heterotrophic respiration, leaf area index, vegetation
height, carbon pools of the land, leaf, litter, root, stem, soil); 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 uncertainty ranges, and
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sensitivity analysis methods used. A more comprehensive discussion on the model
equations used to compute GPP is provided in Appendix A.1.1.

Parameter Uncertainty Ranges

Parameter ranges represent a critical choice for any sensitivity analysis, and these
ranges will inevitably affect the sensitivity results (Wallach & Genard, 1998). Of
the 134 input parameters, only 91 were used for the GSA (Table A.2), of which 88
are independent parameters, and three are dependent. As mentioned earlier, some
parameters were not considered as they correspond to processes that are deactivated
in the present model configuration, or are not relevant to our site, or have virtually
no uncertainty. The parameter uncertainty ranges were determined in the following
ways: vmax, a well-documented parameter, 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% of the total number of
parameters) have been assigned plausible ranges based on our modelling experience
and expert advice, and 30 parameters (32.3% of the total number of parameters)
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 CLASSIC. All other parameters for
which documented uncertainty ranges are not available (28.5% of the total number of
parameters) 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, as including a ±10% range would correspond to an
unnatural range of 45-50 K (Table A.2).

All parameters considered in GSA methods must be independent, and thus the
three dependent parameters, namely, the base allocation parameters for carbon (ep-
silonl, epsilons, epsilonr in Table A.2) have to be converted to independent variants.
The dependent parameters are transformed using the spherical coordinate system to
achieve the required parameter independence (Eq. A.10-A.12). With just two spher-
ical 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. Details about the spherical coordinate
conversion used in this article are available in Appendix A.1.2.
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2.2.2 Site Selection

The FLUXNET2015 database provides measurements from 204 eddy covariance sites
around the world (Pastorello et al., 2017). CLASSIC has been evaluated for the
performance 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, available 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
presence 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 , ecosystem respiration, and
net ecosystem exchange are available for 11 years from 2004 to 2014 (Pastorello et
al., 2017). The data obtained from this site has the least gap among a wide range of
sites, as 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 model separately for each set of
parameter uncertainty values is important for computing differences in outputs during
GSA sensitivity measure calculations.

2.2.3 Global Sensitivity Analysis

GSA can be described as the class of statistical methods where the relationship be-
tween variations in the input parameters and variations in single or multiple output
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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.

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 uncertainty induce
larger output variations than comparable variations of other parameters, the input
parameter is influential (Wagener & Pianosi, 2019). The method of distinguishing
influential parameters from those with least impact is referred to as screening or qual-
itative GSA. The Morris elementary effects method, proposed by (Morris, 1991) and
later modified by (Campolongo & 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 (Eq.A.14-A.15). 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. Statisti-
cal measures, such as the absolute mean and standard deviation of the elementary
effects value from multiple evaluations, are the sensitivity measures used to deter-
mine the influence of the parameters on the model output(s). The elementary effects
method is simple, and effective at identifying the set of important parameters among
all parameters considered and distinguishing between those with negligible effects
(small absolute mean and standard deviation values), linear effects (large absolute
mean and small standard deviation values), and non-linear effects (large absolute
mean and standard deviation 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
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(σ) are given by (Saltelli et al., 2008):
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where r is the total number of realizations, and EEj
i is the elementary effects value

for the ith parameter and jth realization. We have used the Euclidean distance (κ)
from the origin and points (µ∗

i ,σi) as the sensitivity measure to identify the influ-
ential parameters (Eq. A.19). The influential parameters will have a larger value
of κ, which is indicative of greater sensitivity of the output variable to the parame-
ter(s). Details about the hypercube, step-size, and random-walk trajectory used by
the Morris method, are provided in Appendix A.1.3.

To compute one elementary effects value for a single parameter, 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 realizations/trajectories
result in a total of r× (n+1) evaluations (Saltelli, 2002; Saltelli et al., 2004). In this
study, 90 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 analyzed to quantify their individual contributions and interactions using
the Sobol’ variance-based GSA method. The screening test robustly identifies the
most influential parameters, but the ranking of less influential parameters experiences
substantial sampling variability. From our experience with the Morris method, 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.
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Sobol’ Analysis

A GSA method used to quantify the uncertainty of output variables due to the uncer-
tainty in input parameters is the Sobol’ method, based on a variance decomposition.
The influence 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 expectation
(Ex∼i

(Y |xi)) of the output when the ith parameter is held constant, while the expec-
tation 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 parameters change. We use the first-order and
total-order sensitivity indices (SI) in this study to quantify influential input param-
eters 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 )
, (2.4)

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 )
, (2.5)

where Vxi
[Exi

(Y |x∼i)] represents the variance of the conditional expectation of the
output when all parameters other than the ith are varied, while the expectation is
estimated by sampling over the (ith) parameter. SItoti 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
parameter 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 (Eq.
A.20-A.24) using the Sobol’ method, and a tutorial example in Appendix A.1.4.

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 com-
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putational 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 randomly 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 variance-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 meth-
ods 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 disorderliness and gaps, resulting in efficient utilization of the sampling space. We
have used the Sobol’ low-discrepancy sequences, which produces successive points in a
deterministic 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 variance-based sen-
sitivity analysis (Bratley et al., 1992; Sobol’, 1967, 1976). This technique has been
shown to be faster than pseudo-random 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 consid-
ering 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 prop-
erties of the estimator used for the sample estimates (Eq. A.20; 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-influential,
particularly if the interval has a small spread in range.
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2.3 Results

2.3.1 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; Figure 2.1). 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 out-
put variables (Figure 2.1). At least two parameters that are part of the phenology
parameterization are influential across all output variables. Most of the least influ-
ential parameters form part of parameterizations related to physical processes and
heterotrophic 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 parameters for more detailed analysis using the Sobol’ variance-based
decomposition (Table 2.1).

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.

2.3.2 Sobol’ Analysis

First and Total Order Sobol’ Indices

The output values from all the runs were analyzed using the Sobol’ method for each
of the model output variables considered. 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 indicate that the variance of all model output
variables is primarily dominated by only one parameter, vmax, which accounts for
approximately 50 - 80% of the output variance for all model variables (Figure 2.2a).

For most model outputs, the importance of vmax is comparable, as the ranges
of confidence intervals of the sensitivity indices overlap. However, for net shortwave
radiation (denoted as RSS in the Figures 2.1,2.2), the importance of near-infra-red
albedo (albnir) and vmax are comparable (Figure 2.2a). The parameter defined as
kn is the second most influential parameter for most output variables except for net
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Figure 2.1: Normalized Euclidean distances (κ) of each parameter (p) computed from the sensitive indices (µ∗, σ) of
the Morris elementary effects method for the output variables (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. Red arrows denote the parameters in Table 2.1 (theta and phi are the spherical components of epsilonl, epsilonr,
and epsilons).
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Table 2.1: List of parameters selected for Sobol’ analysis, their minimum and maximum uncertainty ranges, default values,
units, and description.

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)
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Figure 2.2: First order (a) and total order (b) sensitivity indices, and their confidence intervals for all outputs for the 14
parameters.
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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 parameters cannot robustly
be distinguished from zero (Figure 2.2a).

Total order indices include the interactive effects of all the parameters considered
(Figure 2.2b). The total order of each output variable includes the first-order effect
and is theoretically greater in value for the same set of input parameters analyzed.
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%; Figure 2.2b), of which the individual effect is about 75% (confidence
intervals 52 to 90%; Figure 2.2a), 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 interactive effects that are not generally robust (Figure
2.2b), which is 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 (as shown in Figure A.1).

Interactions of Influential Parameters

Figure 2.3 shows the distributions of GPP variability conditioned on the top four
influential parameters from the first-order SI. Values were plotted on conditional
distributions along with their variations in conditional means. The distributions
illustrate the conditional dependence of the output on individual parameters. As
described in the previous section, the influence of the parameter is measured by the
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Figure 2.3: Conditional distribution of mean GPP (kgC m−2 month−1) for the top-
four highly influential parameters. Solid line denotes the conditional expectation.
Horizontal black dot-dashed line denotes the mean observed GPP , with the ±2 stan-
dard deviation in grey. The vertical yellow line denotes the default parameter value
for evergreen broadleaf plant functional type. Blue diamond corresponds to GPP
when simulated with default parameter values and the respective parameter ((a)
vmax, (b) kn, (c) alpha_phtsyn, and (d) lfespany). Coloured stipples in (a) denote
the mean kn values for individual hexagonal cells containing multiple simulations.
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variance of the conditional mean. If the variance of the conditional mean for the model
output is strong for the parameter, that parameter is highly influential. Conversely, if
the variance of the conditional mean for the model output is weak for the parameter
, that parameter has low influence.

The first four influential parameters for GPP (from highest to lowest first-order SI
values) are vmax, canopy light extinction coefficient along the depth (kn), quantum
efficiency (alpha_phtsyn) and leaf lifespan (lfespany; Figure 2.2a). As is illustrated
graphically by the variation of the conditional means in each plot (Figure 2.3 a-d),
the parameter vmax has the greatest variation in the conditional mean, followed by
kn, alpha_phtsyn (Figure 2.3 a, b and c). The variation of the conditional mean of
GPP to lfespany (Figure 2.3d) is the least among the four parameters, reflecting
that lfespany has the least influence among the four parameters. The dependencies
of the conditional 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 availability 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 (Figure 2.3a). For a given vmax value, the GPP values tend to
reduce as the average kn values increase. Figure 2.4 further illustrates the dependence
of GPP on vmax and kn for an instantaneous state obtained from the equations
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 distribution in Figure 2.3(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 analysis also helps
in understanding the importance of interactions between the influential parameters’
uncertainty in driving the carbon cycle.

2.4 Discussion and Conclusions
This study screened the influence of 90 independent input parameters in CLASSIC
using the Morris elementary effects method and found a small number of influential
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Figure 2.4: Functional dependence of GPP vs vmax and kn for a particular state
with site-specific PPFD = 2100 mol photons m−2 s−1, 2009 atmospheric [CO2] =
387.64 ppm, mean atmospheric pressure = 1005.93 hPa, and defined leaf internal
[CO2] (ci = 240 ppm) and canopy temperature (Tc = 29 ◦C)

parameters for any given model output. The most influential parameters across out-
put variables, when combined and quantified using Sobol’ analysis, a variance-based
GSA method, showed that the photosynthetic parameter vmax by far has the great-
est 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 analyzed carbon fluxes, latent heat flux, and carbon pools
(Alton et al., 2006; Arsenault et al., 2018; J. Li et al., 2013, 2016; X. 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 Eq. A.8), the latter
depending on kn, as in Eq. A.9. For heterotrophic respiration to occur, a sustained
supply of litter and detritus is required and is provided by the biomass, which is
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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 heterotrophic 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
heterotrophic respiration more compared to the variations of individual 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 conduc-
tance, changes in the two photosynthetic parameters also influence the water cycle
outputs, transpiration and total run-off. The photosynthetic parameters affect stom-
atal conductance and thereby the latent heat flux, which then affects soil moisture.
The most influential photosynthetic 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 Eq.
A.1-A.9 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 CLASSIC, 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 parameters 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 A.2) 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; X. 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
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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 carefully, as the sensitivity of an output variable strongly depends on the
uncertainty range of each parameter, indicating the importance of carefully examining
and evaluating the ranges assigned to all parameters. Plant function type-specific
uncertainty ranges must be used whenever possible (e.g., from the TRY plant traits
database; 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 met-
rics like root mean square error, squared correlation coefficient, and absolute errors.
As we have shown in our study, GSA can identify the influential parameters for the
output variables simulated by CLASSIC. This knowledge can then be used to opti-
mize CLASSIC model’s output variables. Since CLASSIC is the land component of
CanESM, improvements in CLASSIC will ultimately enhance CanESM as well. Cur-
rently, 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 limita-
tions. 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 identified may vary if a different
FLUXNET2015 site is chosen, or if a greater number of available years are consid-
ered 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 performing 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,
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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 param-
eters 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 pa-
rameter search space should be kept in mind while performing the Sobol’ method.
We did not perform a test with various perturbation sizes due to time constraints.
Additionally, this study focuses on the sensitivity of the average annual mean of out-
put 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
CLASSIC. An alternative to ease computational load while performing GSA is to
use emulators. Emulators are statistical proxies of complex models such as LSMs or
even Earth system models. These models provide a statistical relationship between
model input parameters 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.,
2023, 2020; 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 CLASSIC and considering an evergreen
broadleaf forest site in French Guiana, the photosynthetic parameters, maximum
carboxylation rate (vmax) and canopy extinction coefficient (kn), are the most influ-
ential among 90 input parameters. This influence is observed across the mean state of
17 output variables 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 dominates the sensitivity of all the output variables while kn

controls the slope of the output variables. Together these two parameters account for
a majority of the interactive effects on the output variables.
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This finding brings forth the critical importance of vmax (and kn) in LSMs, and
that the most influential parameters have to be accurately parameterized to improve
model performance and reliability. As mentioned earlier, the influential parameters
may vary for different biomes, and for different statistical measures. The main objec-
tive of this study was to develop a framework to identify the most influential param-
eters in CLASSIC using GSA. This study does not delve into optimizing CLASSIC
for optimal values or ranges of these influential parameters but forms the basis for
future optimization work. We leave the development of an optimization framework
for future research. Chapter 3 assesses the impacts of parameter uncertainties on the
uncertainty of the historical carbon sink simulated by CLASSIC.
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Chapter 3

Global Sensitivity Analysis of the
Historical Carbon Sink Across
Biomes

The terrestrial biosphere currently acts as a carbon sink, mitigating atmospheric CO2

increases caused by human activities. However, the sink’s strength remains highly
uncertain, with recent estimates from terrestrial biosphere models ranging from 1
to 3.2 PgC yr−1 during 2014-2023. Some of this inter-model difference is caused by
the uncertainty of model input parameters. This study employs global sensitivity
analysis to quantify how parametric uncertainty affects the uncertainty of the land
carbon sink of the last three decades, as well as its rate of change. Using the Canadian
Land Surface Scheme Including Biogeochemical Cycles (CLASSIC) as an example, we
conduct a GSA for seven grid cells located in different biomes. While focusing on net
biome productivity (NBP), the analysis also considers other variables that are relevant
for the carbon cycle. The Morris method screened 124 input parameters, reducing the
set to fewer than 20 influential parameters per biome. The Sobol’ method quantified
the absolute effects of these parameters, revealing that the maximum carboxylation
rate (vmax) was consistently the most influential across five of the seven biomes for
both the mean and trend of NBP. However, due to substantial sampling variability,
model tuning should incorporate influential parameters from multiple processes rather
than focusing predominantly on vmax. Despite extensive sampling using almost 10
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CPU years, sensitivity index values showed broad uncertainty ranges, complicating
parameter ranking. By pinpointing influential processes, this research advances our
understanding of the historical carbon sink’s parametric uncertainty and identifies
a low-dimensional space of influential parameters suitable for future model tuning
efforts.

The contents of this Chapter have been submitted to Atmosphere-Ocean for peer
review as “Global Sensitivity Analysis of the Historical Carbon Sink Across Biomes”.

3.1 Introduction
The terrestrial biosphere currently functions as a carbon sink, absorbing more CO2

through photosynthesis than it releases through respiration and disturbance. This
enhanced absorption slows the increase in atmospheric CO2 concentrations ([CO2])
caused by anthropogenic sources (Matthews et al., 2021). According to the Global
Carbon Budget 2023 Assessment (Friedlingstein et al., 2024), terrestrial biomes, in-
cluding tropical, temperate, and boreal forests, have been acting as carbon sinks since
the 1960s, absorbing approximately 30% of anthropogenic CO2 emissions since the
mid-1990s. The strength of the carbon sink is given by the difference of photosyn-
thetic uptake, and release of carbon due to ecosystem respiration and disturbances.
The Global Carbon Budget 2023 shows that while the strength of the carbon sink has
been increasing over the past few decades due to the increased photosynthetic uptake,
the relative amount of emissions taken up by the land has remained around 29% over
the past decade, with annual variations influenced by climatic factors (Friedlingstein
et al., 2024). Despite its critical role, the strength of the carbon sink as measured
by the net biome productivity (NBP) remains highly uncertain. Terrestrial biosphere
models play a key role in determining the strength of the carbon sink in the global
carbon budget. To address the uncertainty of the carbon sink simulated by terrestrial
biosphere models, we use the Canadian Land Surface Scheme Including Biogeochem-
ical Cycles (CLASSIC; Melton et al., 2020) as an example and perform a global
sensitivity analysis (GSA). CLASSIC is part of the Trends and Drivers of the Re-
gional Scale Terrestrial Sources and Sinks of Carbon Dioxide (TRENDY) project,
which is used for the global carbon sink estimation (Sitch et al., 2024). We aim to
quantify the uncertainty in the simulated NBP due to parameter uncertainty using
GSA. We focus on the sensitivity of NBP but also evaluate the sensitivity of other
ecosystem variables relevant for the carbon cycle, including sensible and latent heat
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fluxes.
Estimating the uncertainty of CO2 fluxes remains a challenge due to both mod-

elling and measurement limitations. Much of this difficulty arises from the fact that
NBP is the difference of two almost equal fluxes (gross primary productivity and
ecosystem respiration rate), along with smaller contributions from ecosystem distur-
bance. Previous studies have emphasized the complexity of the carbon sink, noting
persistent uncertainties in the global terrestrial carbon sink despite advances in mod-
elling and observational techniques (Arora & Scinocca, 2016; Ciais et al., 2013; Friend
et al., 2014; Schimel, Stephens, & Fisher, 2015). According to the Global Carbon Bud-
get 2023, the strength of the global carbon sink estimated from terrestrial biosphere
models’ average is 2.1 PgC yr−1 during 2013-2022. The corresponding uncertainty
range in the terrestrial carbon sink based on the standard deviation of the inter-
model spread over the same period equals 1 to 3.2 PgC yr−1 (Friedlingstein et al.,
2024). Since all the simulations follow the same modelling protocol, the uncertainty
arises from the combined effects of structural and parameter uncertainty (Booth et
al., 2012; Dietze, 2017; Fisher et al., 2019; Knorr et al., 2024; Zheng et al., 2018).
Studies have found that carbon fluxes simulated by terrestrial biosphere models are
influenced by parametric uncertainties (Kaminski et al., 2013; Raoult et al., 2024;
Xiao et al., 2014; Xing et al., 2023). Raoult et al. (2024) recently emphasized the
importance of identifying influential parameters, so that uncertainties in model out-
puts related to parametric uncertainties can be reduced. By doing so, their study
noted that the outputs simulated by land surface models could be improved. GSA is
a valuable method for quantifying how variations in parameter values impact model
output (e.g., Bastrikov et al., 2018; Saltelli et al., 2004; Senapati et al., 2016; Wagener
& Pianosi, 2019; Y. Yang et al., 2022; Zhang et al., 2019; Zhu & Zhuang, 2014).

Previous studies have assessed the sensitivity of carbon fluxes and turbulent heat
fluxes simulated by land surface models to input parameter uncertainties across vari-
ous biomes using GSA. These assessments often included site-level GSA performed at
eddy covariance sites, such as the ChinaFLUX sites (Xing et al., 2023; Q. Yang et al.,
2021), and FLUXNET2015 sites (Alton et al., 2006; Arsenault et al., 2018; Hou et al.,
2015; Y. Li et al., 2022; X. Lu et al., 2013; Pappas et al., 2013; Ricciuto, Sargsyan,
& Thornton, 2018; Rosolem et al., 2012; Zhu & Zhuang, 2014). Other studies have
performed GSA at a single grid cell location (Massoud et al., 2019); regional scale
(Rodriguez & Espíndola, 2024); and global scale (J. Li et al., 2016). These studies
consistently indicate that the outputs are sensitive to only a small subset of input
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parameters. Specifically, studies focusing on gross primary productivity, net primary
productivity, net ecosystem exchange (or net ecosystem productivity), and leaf area
index have found that photosynthetic parameters such as the maximum carboxyla-
tion rate (vmax), quantum efficiency (alpha_phtysn), and the growth respiration
coefficient (grescoef) are highly influential (J. Li et al., 2016; Y. Li et al., 2022; Ma
et al., 2020; Massoud et al., 2019; Xing et al., 2023; Q. Yang et al., 2021; Zhu &
Zhuang, 2014).

These previous GSA studies of land surface models have evaluated 13-87 param-
eters, and typically focused on short transient simulation times (2-20 years) cor-
responding to the time periods of observations at the eddy covariance sites after
spinning up the model or on the final 20-30 years of the spin-up period (Bagnara et
al., 2019; J. Li et al., 2016; Y. Li et al., 2022; X. Lu et al., 2013; Ma et al., 2020;
Massoud et al., 2019; Ricciuto et al., 2018; Xing et al., 2023; Q. Yang et al., 2021;
Zhu & Zhuang, 2014). None of these studies employed long transient runs to generate
output variables for the present, corresponding to the simulation protocol used in the
TRENDY project. During the spinup, models reach an equilibrium in the terrestrial
carbon cycle, whereas in a transient run, models respond to changing environmental
conditions. Studies using shorter transient timescales risk producing incomplete or
misleading sensitivity analyses because they may not capture longer-term dynamics
that drive the carbon cycle, including the CO2-fertilization effect or wildfires (Raoult
et al., 2024). To assess the NBP, which results from the imbalance of carbon fluxes
between the atmosphere and the biosphere, the model must be run in a fully transient
mode over extended time periods (as prescribed by the TRENDY protocol).

The TRENDY project is used for the global carbon sink calculation based on
various terrestrial biosphere models (Sitch et al., 2024). The project synthesizes
different data streams to provide our current best estimate of global carbon fluxes for
an evolving environment. CLASSIC is one of the terrestrial biosphere models used
in the TRENDY project. In our previous study, we used meteorological data from
a single tropical FLUXNET2015 site to drive CLASSIC (Chapter 2). The model
underwent a spin-up phase to reach equilibrium by repeatedly cycling through 11
years of meteorological observations for a total of 495 years. Following this, we ran
the model for an additional 11 years under transient conditions, and the resulting
outputs were used for the GSA. As mentioned in Section 4.1, 11 years is a short time
span to quantify the uncertainty of NBP, and thus we did not simulate CLASSIC
using the TRENDY simulation protocol.
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In the present study, we address the research gap mentioned above, as we are
interested in the sensitivity of NBP. To do so, we spin up CLASSIC to equilibrium
and then conduct a transient run for the period 1901-2017. We then quantify various
output variables related to the carbon cycle using a two-step GSA, as in Chapter 2.
The first step is a qualitative screening using the Morris method, and the second is
the variance based Sobol’ method. We perform the GSA for two statistical measures,
the 30-year mean and 30-year trend, where the 30 years correspond to the last three
decades of our study period (1986-2017). To study how the sensitivity of the output
variables to parameters vary at different biomes, we perform the experiment at seven
grid cells, each located within a different biome. The research questions in focus are:
(1) what percentage of the total parameters considered are influential?; (2) can we
identify the influential parameters for each biome location, for the two statistical mea-
sures?; (3) if not, can we group the influential parameters according to the processes?
From the previous studies, we expect a big proportion of the input parameters to be
non-influential, and we expect parameters such as the vmax, canopy light extinction
coefficient (kn), alpha_phtsyn, and grescoef to be influential. As NBP is the differ-
ence between the net uptake and the net release of carbon, we expect its parametric
uncertainty to be high. We also expect more parameters to be influential than previ-
ous studies. We may be able to group the most influential parameters based on their
related processes if we are unable to identify the influential parameters by rank.

In the following, the Methods section outlines CLASSIC, the experimental de-
sign, the input parameters and their uncertainty ranges, the chosen biome grid cells,
and the GSA methods used. The Results section documents the outcomes from the
Morris elementary effects method, the general uncertainty in NBP due to parametric
uncertainty, and the results from the Sobol’ method. The Sobol’ method contains
the results from the sensitivity indices, conditional distribution of NBP when varying
vmax, and an overview of vmax’s influence on all the output variables considered, for
the climatological mean and the trend. The Discussion section covers the takeaways,
limitations related to sampling uncertainty and parameter interactions, the practi-
cal implementation of our findings in current projects, the broader relevance of our
research to the terrestrial biosphere modelling community, and concluding remarks.
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3.2 Methods

3.2.1 CLASSIC

CLASSIC is the land surface component of the Canadian Earth System Model (CanESM;
Swart et al., 2019), and is one of the models used in the TRENDY project. In our
study, CLASSIC is run offline using quasi-observed meteorological data as a forc-
ing. One of CLASSIC’s components, the Canadian Land Surface Scheme (CLASS;
Verseghy, 2017) simulates physical processes such as energy and water fluxes of vegeta-
tion, soil, and snow; while the other component, the Canadian Terrestrial Ecosystem
Model (CTEM; Melton & Arora, 2016) is the dynamic vegetation model. The Cana-
dian Terrestrial Ecosystem Model simulates biogeochemical processes such as the allo-
cation of carbon to the carbon pools, photosynthesis, phenology, tissue turnover, and
canopy conductance (Arora & Boer, 2005); growth, maintenance and heterotrophic
respiration (Melton et al., 2015) and dynamic root distribution (Arora & Boer, 2003).
The version of the model used here is capable of simulating nine different plant-
function types (PFTs; Table 3.1). The minimum, default, and maximum PFT-specific
values of vmax and kn, the two parameters that were found to be influential in Chap-
ter 2 are presented in Table 3.1.

Table 3.1: PFTs in CLASSIC and the corresponding default, minimum, and maximum
values of the two most influential parameters obtained from Chapter 2, vmax (derived
from Kattge et al., 2020) and kn (Pappas et al., 2013).

PFT names vmax
Default (min, max)
(µ mol CO2 m−2 s−1)

kn
Default (min, max)

(-)
Evergreen Needleleaf 42 (16, 123) 0.5 (0.4, 0.7)
Deciduous Needleleaf 47 (37, 54) 0.5 (0.4, 0.7)
Evergreen Broadleaf 35 (13, 80) 0.5 (0.4, 0.7)
Deciduous Broadleaf (Cold) 57 (12, 110) 0.5 (0.4, 0.7)
Deciduous Broadleaf (Dry) 40 (12,110) 0.5 (0.4, 0.7)
C3 Crops 55 (15,125) 0.4 (0.4, 0.7)
C4 Crops 40 (22, 121) 0.48 (0.4, 0.7)
C3 Grass 55 (15, 125) 0.46 (0.4, 0.7)
C4 Grass 15 (15, 121) 0.44 (0.4, 0.7)
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Experimental Design

The meteorological forcing used is the Climate Research Unit Japanese 55-year re-
analysis version 1.1 (CRUJRAv1.1; Harris, 2019). The dataset is a combination of
Japanese Meteorological Agency’s reanalysis data (JRA; Kobayashi et al., 2015) ad-
justed and aligned with Climate Research Unit’s (CRU) data (Harris et al., 2014).
Population density was obtained from TRENDY and the History Database of the
Global Environment (HYDE version 3.3, Klein Goldewijk et al., 2017). The PFT
covers per grid cell were prescribed from the European Space Agency Climate Change
Initiative (ESA-CCI; CCI, 2018). Lightning flash extent density was from ?. Forcing
data such as precipitation, near-surface air temperature (increase of 1.1◦C from 1901
to present day; Lee et al., 2023), and atmospheric [CO2] (from 295.8 ppm in 1901
to 405.19 ppm in 2017; Friedlingstein et al., 2024) exhibit trends that are caused by
anthropogenic greenhouse gas emissions.

The model’s experimental design used in our study is similar to that of the
TRENDY protocol. The main difference is the transient time period for the me-
teorological forcing used in our study is from 1901-2017 vs. in the TRENDY protocol
is 1700-present. For our model spin-up, we use constant 1901 values for [CO2], plant-
functional type’s cover, population density, and annual cloud-to-ground lightning
strike rate, and the meteorological forcing data are recycled from 1901 to 1920 (500
years). Equilibrium is reached when annual soil carbon changes fall below 0.1% at
each biome grid cell. The transient period is then simulated from 1901–2017 (Table
3.2). Starting our analysis with the data from 1901 is a compromise that allows us to
manage computational costs. The spin-up used in our study is for 500 years, which
was found to be sufficient to ensure the model has reached equilibrium for all extreme
parameter combinations.

On the other hand, the TRENDY protocol uses constant values of [CO2], land use
change, population density, and annual cloud-to-ground lightning strike rate from the
year 1700 for the spin-up along with meteorological data from looped data of 1901-
1920. For equilibrium conditions, a threshold of 0.05 PgC yr−1 for the global net
atmosphere-land CO2 flux is considered. The historical transient period from 1700-
present is split into two portions. For the runs starting from 1701 to 1900, varying
[CO2] is used, while the looped meteorological data from 1901-1920 is retained. The
rest of the time period from 1901-2019 is simulated with fully transient conditions.

We do not include all state variables when simulating CLASSIC. We do not use



39

Table 3.2: Summary of the experimental design used in Chapter 3.
Forcing Type Forcing

based on
Spin-up Historical

(500 years) (117 years)
CO2 TRENDY 1901

(295.8 ppm)
1901-2017

(295.8-
405.19 ppm)

Meteorology TRENDY-
CRUJRA

1901-1920 1901-2017

Land cover ESA-CCI 1901 1901-2017

Population density TRENDY-
HYDE

1901 1901-2017

Lightning strike rate LIS/OTD 1901 1901-2017

the prognostic nitrogen cycle in our simulations, because vmax is predicted, but in our
study, vmax values are prescribed. The model’s performance also generally decreases
when the nitrogen cycle is used (Seiler et al., 2024). Additionally, the number of
years to reach equilibrium state increases to over 5000 years when the nitrogen cycle
is used. Methane cycle, peatlands, and mosses are not included in our study, as
they will increase the number of parameters considered, which in turn increases the
number of runs and the computational expense. Additionally, these processes are not
active in all the biome locations. Since the fractional PFT cover per grid cell are
prescribed, competition has not been included.

Output variables

Given the coupling between the carbon cycle and turbulent heat fluxes, and recog-
nizing that tuning for influential parameters of one output variable can adversely
impact other outputs, we analyzed a broad set of variables (Table 4.2) to determine
the most influential parameters. For the primary analysis, NBP was used, which
encompasses multiple carbon fluxes, including gross primary productivity (GPP),
ecosystem respiration rate (consisting of autotrophic respiration rate (Ra) and het-
erotrophic respiration rate (Rh)), and disturbances (that include CO2 emissions from
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Table 3.3: Annual output variables used.
Short name Long name Units
GPP Gross primary productivity kgC m−2 s−1

Ra Autotrophic respiration rate kgC m−2 s−1

Rh Heterotrophic respiration rate kgC m−2 s−1

fFire CO2 emissions from wildfire kgC m−2 s−1

NPP Net primary productivity kgC m−2 s−1

NEP Net ecosystem productivity kgC m−2 s−1

NBP Net biome productivity kgC m−2 s−1

cLand Land carbon pool kgC m−2

cLitter Litter carbon pool kgC m−2

cRoot Root carbon pool kgC m−2

cSoil Soil carbon pool kgC m−2

cStem Stem carbon pool kgC m−2

cVeg Vegetation carbon pool kgC m−2

HFLS Latent heat flux W m−2

HFSS Sensible heat flux W m−2

wildfires (fFire) and land-use (ELUC)), expressed as:

NBP = GPP −Ra−Rh− fF ire− ELUC .

As a complementary analysis, additional output variables, such as net primary pro-
ductivity (NPP = GPP − Ra), net ecosystem productivity (NEP = GPP − Ra −
Rh), the different carbon pools (land, litter, soil, stem, root and vegetation), latent
heat flux (HFLS) and sensible heat flux (HFSS), were considered.

Parameter Uncertainty Ranges

We have used 126 input parameters (Table A.2) of which 120 are independent, and six
parameters are dependent (discussed further below). Each independent parameter is
varied within its uncertainty range. Some of these independent parameters have PFT-
specific values with individual uncertainty ranges (e.g., vmax; Table 3.1). All PFT-
specific values of a particular parameter are perturbed such that the new values are
scaled proportionally within their respective uncertainty ranges. Proportional scaling
also helps avoid inconsistencies which may lead to unrealistic parameter combinations.
Treating each PFT separately would increase the number of parameters by a factor
of nine and result in a numerically intractable analysis. Proportional scaling across
PFTs thus helps reduce the computational expense.
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Parameter uncertainty ranges have been assigned based on (1) well-documented
values from observations (e.g., vmax, from the TRY plant traits database; Kattge et
al., 2020); (2) literature survey; (3) our modelling experience and expert advice; and
(4) ±10% ranges for parameters that do not have documented uncertainty ranges. A
±2 K range was used for the lower temperature threshold that is used to estimate cold
stress-related leaf loss rate (lwrthrsh). The parameter ranges for a few parameters
such as upper (tup) and lower (tlow) temperature limits for photosynthesis obtained
from the literature do not include the default values used in CLASSIC and thus the
uncertainty ranges have been modified to include those values.

Some parameters depend on each other. Parameters that must add up to unity
such as allocations to leaf, stem and root; and percentages of deforested biomass that
is combusted, used in short-term storage as paper and in long-term storage as furni-
ture, have been converted to independent parameters using spherical coordinates (as
described in Appendix A.1.2). This conversion results in 124 independent parameters
that are used in the GSA method.

3.2.2 Biomes

Our study examines how parameter uncertainties influence the uncertainty of carbon
cycle variables and turbulent heat fluxes at grid cells within each of the seven largest
biomes worldwide. Our GSA implementation used between 17,168 and 18,704 indi-
vidual model runs per grid cell (details provided in Section 4.2.3), amounting to over
87,300 CPU hours for all seven grid cells combined. For computational feasibility,
a single grid cell was selected from each of the biomes considered, as shown in Fig-
ure 4.1. Single grid cells do not fully capture the spatial heterogeneity and diverse
ecological dynamics present across the entire biome. More grid cells are desirable,
but not practical due to computational expenses. Grid cells were carefully chosen to
minimize the influence of land-use changes between 1901 and 2017. The latitude and
longitude, soil composition, and PFT types and percentages found at each of these
selected grid cells are given in Table A.1.

3.2.3 Global Sensitivity Analysis

GSA quantifies the relationship between variations in input parameters and varia-
tions in single or multiple output variables. This quantification is conducted across
the entire uncertainty range of multiple input parameters (Saltelli et al., 2004). GSA
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Figure 3.1: Biomes and single grid locations chosen. The biomes are, (1) TrBd: trop-
ical and subtropical moist broadleaf forest, (2) TrGr: tropical and subtropical grass-
lands, savannas, and shrublands, (3) TeBd: temperate broadleaf and mixed forest, (4)
TeGr: temperate grasslands, savannas, and shrublands, (5) TeCo: temperate conifer
forest, (6) BoDc: boreal deciduous forests, and (7) Tu: tundra. Biomes that were
not chosen due to time constraints are excluded from the analysis and are shaded in
grey. In-land areas marked in white represent water bodies, glaciers, or snow-covered
mountains.

methods can identify parameters by their influence on the model output variable.
Knowing which parameters a model output is most sensitive is important for in-
terpreting the output and guiding future model development. The most influential
parameters from GSA can be tuned to optimize model output variables, and must
be carefully identified, whereas weakly influential parameters may be disregarded
in future model optimization problems. However, tuning parameters based on only
one output variable (e.g., NBP) could lead to disruptive effects in other output vari-
ables (e.g., sensible heat flux), so GSA should include various interconnected output
variables, such as the carbon cycle variables and turbulent heat fluxes.

The number of input parameters considered for GSA is 124. The computational
cost of the variance decomposition-based Sobol’ analysis increases rapidly with the
number of parameters considered and is impractical for all parameters in CLASSIC
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to be used in the Sobol’ analysis. The first step in GSA is to obtain the top ranked
parameters by screening out the non-influential parameters using a qualitative Morris
elementary effects method, and the second step is to quantify the uncertainty in the
model outputs due to the uncertainties of the top ranked parameters obtained from
Morris using the quantitative Sobol’ method. We expand the two-step GSA approach
used in Chapter 2 by studying the sensitivities of 30-year means and 30-year trends
computed over 1988-2017 for all output variables, as the parameters influencing the
mean state may differ from those affecting trends.

Morris Elementary Effects Method

According to the widely recognized empirical observation, Pareto’s principle, model
output uncertainty is generally influenced only by a few parameters’ uncertainties
(Box & Meyer, 1986). An input parameter is considered influential when variations
within its uncertainty range leads to substantial changes in the output, compared
to similar variations in other parameters (Wagener & Pianosi, 2019). Screening or
qualitative analysis is the technique through which influential parameters can be sep-
arated from non-influential ones. The screening test we use in our study is the Morris
elementary effects method, initially proposed by Morris (1991) and later refined by
Campolongo and Braddock (1999). This test follows a one-at-a-time design, where
only one parameter is perturbed between consecutive steps in a random walk through
the parameter space. All parameter uncertainty ranges are scaled to a zero to one
range thus making the parameter space a unit hypercube. The elementary effects
value is given as the ratio of differences of the output values between two consecu-
tive steps in the same random walk to the step size. The model output’s sensitivity
to the influential parameters is assessed using sensitivity measures like the absolute
mean (µ∗) and standard deviation (σ) of the elementary effects values over multiple
realizations of the random walk. The Morris elementary effects method is straight-
forward yet effective in identifying the subset of influential parameters among those
considered. The Morris screening test coarsely samples the uncertainty ranges of
individual parameters so the sensitivity analysis qualitatively ranks the parameters,
but does not provide a quantitative assessment of importance or interactive effects
of parameters.

The statistical indices, mean (µ), µ∗, and σ are determined for all input parameters
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by (Saltelli et al., 2008):

µi =
1

r

r∑
j=1

(EEj
i ), (3.1)

µ∗
i =

1

r

r∑
j=1

∣∣EEj
i

∣∣ , (3.2)

σi =

√√√√ 1

r − 1

r∑
j=1

(EEj
i − µi)2, (3.3)

where EEj
i is the elementary effects value of the ith of n parameters and jth of r

realizations. The sensitivity metric used in our study, the Euclidean distance (κ)
from the origin to the point (µ∗

i , σi) identifies the influential parameters:

κ =
√
µ∗2 + σ2.

Influential parameters will exhibit a higher value of κ, indicating a stronger sensi-
tivity of the output variable to these parameters. To aid in comparison across multiple
output variables, we normalized each parameter’s value of κ for a given variable by
the largest value of κ across all parameters for that variable. This normalization pro-
cess allows for a consistent evaluation of κ values across different output variables,
enabling meaningful comparisons of parameter sensitivities. The κ values are applied
for each biome location individually.

Two points within the unit hypercube of parameters are required to determine
one parameter’s elementary effect value. For n parameters, with n elementary effect
values for a single realization, (n + 1) model evaluations are needed. A total of
r × (n + 1) evaluations are needed for r realizations (Saltelli, 2002; Saltelli et al.,
2004). We have chosen to use 80 realizations for 124 independent parameters, and a
total of 80 × (124 + 1) = 10, 000 unique runs for each biome location for the Morris
screening test. For each output variable and biome location, the top five influential
parameters were obtained from the Morris screening test (and will be denoted as the
top-ranked subset hereon). The top-ranked subset from all output variables and the
two statistical measures (mean and trend) for each biome are combined to form a
targeted set. The targeted set of parameters underwent further analysis to assess
their individual contributions and interactions using the variance-based Sobol’ GSA
method for each biome separately. While the screening test reliably identifies the most
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influential parameters, the ranking of moderately influential parameters is subject
to substantial sampling variability. Based on computational constraints, we have
chosen only the five most influential parameters for each output variable for the
Sobol’ method.

While it is simpler and requires less computational effort to focus on the carbon
sink-related parameters alone, such a focused approach could potentially overlook the
links between carbon-related variables and other processes, such as turbulent energy
fluxes. Mechanisms like stomatal conductance regulate both carbon dioxide uptake
and water loss. These mechanisms link the carbon cycle dynamics with the latent and
sensible heat fluxes. By broadening the targeted set to include influential parameters
from all output variables (Table 4.2), we ensure that our analysis captures the cross-
variable links that may otherwise be missed. This approach is critical for avoiding
compensating errors, where tuning parameters for one variable (such as NBP) might
degrade the optimization of other variables (like latent heat flux). Therefore, obtain-
ing the full targeted set of influential parameters across various variables ensures a
more balanced contribution to model optimization.

Though we do not perform any optimization, our study forms the foundation for
model optimization, and obtaining the correct targeted set of parameters is important
for optimizing different variables. To keep the analysis focused, we have chosen to
concentrate on the uncertainty quantification of NBP and its components in this
study, thereby focusing on the terrestrial carbon sink while still maintaining a broader
context. The other variables will also be considered despite the emphasis on the
carbon sink, as they will be used to determine the targeted set for Sobol’ analysis.

Sobol’ Analysis

The Sobol’ method uses variance decomposition to compute the sensitivity measures.
Such GSA methods can quantify the relative uncertainty in output variables due to
input parameters’ uncertainties. The Sobol’ method is based on calculations of the
variance of the conditional expectation for one or more conditioning parameters. To
examine how the output varies with the uncertainty in a single ith input parameter
(Y |xi), we compute the conditional expectation of the output (Ex∼i

(Y |xi)), by fixing
the ith parameter, and varying all other parameters (∼ i). The conditional expecta-
tion’s variance (Vxi

[Ex∼i
(Y |xi)]), measures an output variable’s sensitivity to the fixed

individual parameter. This approach can be extended to explore sensitivities related
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to interactions between parameters by fixing pairs, triplets, and larger combinations
of parameters (e.g., Hou et al., 2015; Ricciuto et al., 2018). In our study, we have
chosen to use the first-order sensitivity indices (SI) and total-order SIs to understand
the individual and interactive influences of the input parameters. The first-order SI
that provides individual effects for the ith parameter (SI1i) is given as (Saltelli et al.,
2008):

SI1i =
Vxi

[Ex∼i
(Y |xi)]

V (Y )
, (3.4)

where V (Y ) is the output variance when all parameters are perturbed. The total-
order SI for the ith parameter (Stoti) that provides all interactive effects is given as
(Saltelli et al., 2008):

SItoti = 1− Vxi
[Exi

(Y |x∼i)]

V (Y )
, (3.5)

where the output’s variance of the conditional expectation when all parameters other
than the ith are fixed is given by Vxi

[Exi
(Y |x∼i)]. By sampling over the ith parameter,

we can compute the expectation. The Sobol’ indices must be estimated from finite
samples of model simulations. Through the use of a bootstrapping method, sampling
uncertainties in the index values can also be estimated. If SIorderi is close to zero, the
corresponding parameter’s influence is negligible. Even if the mean estimate of SI is
away from zero, if the confidence interval crosses zero for a parameter, we judge it to
not be robustly influential. We have used the Sobol’ low discrepancy quasi-random
technique to produce the initial matrices required for parameter perturbations. Low
discrepancy sequences improve the sampling of the uncertainty space. A simple tu-
torial example is presented in Appendix A.1.4.

Sobol’ is computationally more expensive than Morris. While Morris sparsely
samples the high-dimensional parameter space, the variance-based decomposition re-
quires a more extensive sampling of the parameter space. If more parameters are
included in the analysis, more perturbation points are required to ensure effective
sampling. As an empirical rule of thumb, a total of N × (k + 2) evaluations are
required to compute the first and total-order SIs., where the number of perturba-
tion points per parameter is N and k is the number of parameters in the targeted
set (Saltelli et al., 2008). In this study, a targeted set of 13 to 15 parameters and
512 perturbation points were used for the Sobol’ analysis for each biome. The to-
tal numbers of model evaluations were 7,168 to 8,704 depending on the targeted set
of parameters obtained from the Morris elementary effects method for each biome.
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Note that Sobol’ analysis has been performed only for the targeted set of 13-15 input
parameters obtained for each biome and not for the combined parameter pool from
all biomes that total to 29 parameters.

Due to an artifact of the estimator used (Appendix A.1.4), Sobol’ indices can be
negative or greater than one. Additionally, as shown in Section 3.3.3, the confidence
intervals (2.5th to 97.5th percentiles) may cross the values zero or/and one. It is also
possible that sample values of SItoti can be less than SI1i . The latter case indicate
that there are no robust interactions of two or more parameters.

Influence of vmax

As mentioned in the Section 4.1, many of the previous GSA studies related to land
surface models, have identified vmax as one of the most influential parameters across
carbon fluxes, pools and turbulent heat fluxes. A few studies have analysed the net
ecosystem productivity (or net ecosystem exchange rate), but not NBP, which has
to be simulated for extended time periods. NBP is dependent on the soil carbon
stock and disturbances, and requires long evolving climate conditions. To provide
a representation of how changes in vmax alone influence NBP over the historical
time period (1901-2017), we have assigned vmax to its 25th and 75th percentile values
within the uncertainty range, and fixed all other parameters to their default values.
NBP simulated with these vmax values were then compared with NBP values when all
parameters are set to their default values. This complementary analysis was helpful
to investigate the effects of vmax on NBP, and to visualize the differences in the
effects among different biome locations.

3.3 Results

3.3.1 Morris Elementary Effects Method

The Morris screening test reveals that more than four-fifths (more than 100/124)
of the parameters exhibit negligible influence across biomes and output variables.
Analysing individual scatter plots of µ∗ against σ, and plots related to κ (not shown),
it is evident that among the remaining one-fifth of parameters, only a modest subset,
ranging from five to ten show appreciable influence on any output variable for any
biome. These influential parameters fall under processes such as photosynthesis,
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Figure 3.2: Normalized Morris elementary effects distance for vmax (as shaded cells), top-ranked parameter (as text) for
the seven biomes (on the horizontal axis) and all output variables (on the vertical axis) for the two statistical measures (a)
30- year mean, and (b) 30-year trend. fFire is not simulated for the tundra biome and thus is left blank.
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phenology, rooting, autotrophic respiration, physical fluxes, mortality and carbon
allocation. The rest of the parameters tend to cluster closely near (µ∗,σ) = (0,0) and
are thus screened out by the Morris elementary effects method. The non-influential
parameters are from processes such as turnover, heterotrophic respiration, and fire.
Fire-related parameters are non-influential in this study as we have chosen specific
grid cells, and the fire model within CLASSIC performs reasonably better for large
scales. The majority of the parameters related to physical fluxes are non-influential.
There could be more parameters within the older physical component of CLASSIC,
the CLASS, that we might not have considered in this study.

Figure 3.2 displays the highest ranked parameter for each output variable and
biome, for the two statistical measures, mean and trend, as obtained from the nor-
malized Euclidean distances. In addition, the figure also provides the ranking of the
photosynthetic parameter vmax relative to the aforementioned top-ranked parameter
(as colour gradients). Almost all the carbon variables for the mean state (88/90 com-
binations of variables and biomes) and a majority for the trend (79/90 combinations)
have vmax as the highest-ranked parameter. While vmax appears prominently in
the ranking list, other parameters also show some degree of influence for a few of
the output variables. In the tundra site, physical parameters such as the natural
logarithm of roughness length of soil (ZOLNG), thermal conductivity of sand par-
ticles (TCSAND), natural logarithm of roughness length of snow (ZOLNS), and
phenology parameter leaf lifespan (lfespany) are also influential. For the temper-
ate broadleaf and temperate grassland locations, a phenology parameter, the leaf-fall
threshold temperature (coldthrs) is the most influential parameter for the trend.
For the boreal deciduous site, along with a phenology parameter (lfespany) and
that related to physical fluxes (TCSAND), a rooting parameter, the average root
biomass (avertmas) is the most influential for a few output variables. The presence
of ZOLNG and ZOLNS for the sensible heat flux at the tropical grassland, temper-
ate grassland, and tundra locations is expected, as these locations have short-stature
vegetation type, and the roughness length of the ground and snow play an important
factor for this output variable. The boreal deciduous and tundra locations chosen for
this study have a high percentage of sandy soil (Table A.1), and thus, TCSAND is
influential at these locations. For all cases, the relative ranking of vmax is within the
top five parameters.

We see a remarkable consistency in the presence of certain parameters across
different biomes and output variables which emphasize their role in shaping the model
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outputs’ sensitivity to these parameters. The 30-year trends can be influenced by
different parameters than those for the mean state. The Morris screening test has
helped reduce the dimensionality of the parameter search space from 124 to 13-15 for
the Sobol’ method.

3.3.2 Parametric Uncertainty of Historical NBP

The uncertainty in the 30-year mean NBP strongly depends on parametric uncer-
tainties across biome locations, at the grid cell scale. Figure 3.3 illustrates how
uncertainties in the targeted parameters, identified using the Morris method, influ-
ence the mean NBP across different biomes. Positive NBP values indicate carbon
sinks, while negative values represent carbon sources. Under the default parameter
settings (red dot), all biomes except the temperate conifer location function as carbon
sinks, though their strengths vary. As we can see, perturbing the targeted parameters
within their uncertainty ranges leads to drastic shifts in the 30-year mean NBP values.
Some locations, such as tropical broadleaf, temperate broadleaf, and boreal deciduous
forests, consistently act as carbon sinks for a broad range within the inter-quartile
range (from 2.5th to 97.5th percentile). In contrast, for the other locations, the range
of uncertainty spans the boundary between source and sink. These uncertainties hint
at the strong influence of parametric uncertainty on carbon dynamics at the grid-cell
scale and suggest that some biomes are more susceptible to parametric uncertainty
than others.

Sole Influence of vmax on NBP

The parameter vmax has been found to be influential for the carbon sink for both
the mean state and trend across a majority of biome locations, through the Morris
method. Figure 3.4 provides a representation of how changes in vmax alone influence
NBP over the historical time period (1901-2017), for a few biome locations.

In general, higher values in vmax lead to higher inter-decadal variability of NBP.
For many biome locations, a change to the 25th percentile in vmax results in small
NBP values with relatively small inter-decadal variability. In contrast, the inter-
decadal variability becomes more pronounced for the default and changes to the 75th

percentile, characterized by noticeable peaks and troughs. For instance, between 1965
and 1980, the tropical broadleaf location acts as a source of carbon for the changes
to the 75th percentile in vmax but remains a sink for the default value (Figure 3.4a).
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Figure 3.3: Uncertainty of NBP (× 10−9 kgC m−2 s−1) for variations in targeted pa-
rameters obtained through the Morris method for each biome location, for the 30-year
mean (1986-2017). The whiskers enclose the 95th percentiles, while the box encloses
the interquartile range. NBP associated with the default parameters is denoted as
the red dot.

Similarly, between 1940 and 1970, the tropical grassland location behaves as a strong
carbon source under the change to the 25th percentile value in vmax, but as a sink
for the default and 75th percentile values. These variations indicate that changes
in vmax not only affect the magnitude of NBP but also influence the timing of
transitions between carbon source and sink states. At certain locations, particularly
in the tropical broadleaf and temperate conifer biomes, a change to the 75th percentile
in vmax results in abrupt transitions from sink to source, introducing substantial
variability in the carbon balance. This increased variability suggests that increasing
vmax amplifies the uncertainty in NBP values, both in terms of its mean state and
trend. Notably, a higher vmax does not always lead to a stronger positive NBP trend
over the last three decades (e.g., Figure 3.4c). For situations where all three values
produce carbon sinks (e.g., last 30 years in boreal deciduous) or carbon sources (e.g.,
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Figure 3.4: The 10-year running mean of NBP (solid lines) due to variations in vmax alone, for four biome locations. The
trends for the last 30 years (annual means) are denoted as dashed lines.
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late 1990s to early 2000s in the temperate coniferous location), the strength of the
sink/source varies for different values of vmax. The influence of vmax on NBP
depends on biome-specific responses, with some locations exhibiting more pronounced
inter-decadal fluctuations rather than a consistent enhancement of the strength of
NBP.

Over the last 30 years (based on running means), the tropical broadleaf and boreal
deciduous biome grid cells consistently act as carbon sinks across all three experimen-
tal variations of vmax. At the temperate conifer location, although the 30-year mean
NBP values are close to zero for all three vmax scenarios, there are distinct variations
in NBP over this period, as indicated by the strong trend magnitudes. In contrast, at
the tropical grassland location, the 30-year mean NBP values are near zero for higher
vmax values but become negative (or a carbon source) under the variation to the 25th

percentile. The influence of increasing values of vmax on the trends are strongest for
the temperate conifer, and tropical grassland biome locations and relatively weaker
for the boreal deciduous location, as shown by the slope of the trend lines. Though
we notice that the variations in NBP differ vastly among different biome locations,
we have not identified how sensitive the uncertainty of NBP is to vmax’s uncertainty.
Additionally, the uncertainty of NBP noticed here is only a fraction of that in Fig-
ure 3.3, which contains uncertainties due to various influential parameters obtained
from the Morris method. The contributions of individual parametric uncertainties to
overall parametric uncertainty can be quantified by the Sobol’ method.

3.3.3 Sobol’ Analysis

The first-order SIs (SI1) for the 30-year mean NBP for each parameter/biome are
shown in Figure 3.5a. Note that the parameters displayed represent a combination of
targeted sets from all biomes, and not all parameters are included for each biome, as
the parameters screened out differ among locations. Filled symbols represent indices
with confidence intervals that do not intersect zero, whereas open symbols represent
indices where the confidence intervals do intersect zero. Only those index values with
confidence intervals distinctly different from zero are considered robustly influential.

A few parameters stand out with robust influence for a few biome locations, but
assigning a clear rank to the influential parameters is not meaningful because of large
overlapping confidence intervals. We can also see parameters with SI1 values close
to zero (e.g., for the boreal deciduous location, the photosynthetic parameters kn,
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Figure 3.5: First (a) and total-order (b) SIs, and their confidence intervals for NBP
for the top-ranked parameters across biomes (open symbols) for the mean state.
Filled symbols represent SI values that are robustly different than zero as they have
confidence interval ranges not crossing zero. Total-order indices are plotted only where
SItot is greater than SI1. The parameters are grouped according to the processes.
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alpha_phtsyn, the exponent for soil moisture stress (sn), the photosynthesis coupling
coefficient (beta2)). These parameters are weakly influential in the first-order, and if
the corresponding SItoti is close to zero or if SItoti is less than SI1i , these parameters
can be considered non-influential. The mean SI1 values for a few other parameters
are less than zero, but with confidence intervals crossing zero. These parameters are
non-influential in the first-order. While the Morris test showed that vmax is the most
influential parameter for the carbon sink in the boreal deciduous location, SI1 shows
that lfespany has a greater influence. This could be due to the fact that the Morris
uses a coarse sampling space, while the Sobol’ uses a finer sampling space. In fact,
the close κ values of vmax and lfespany for the boreal deciduous location supports
this finding (not shown).

With broad confidence intervals and a number of non-robust parameter SIs, we
are unable to identify the individually most influential parameters based on SI1, but
can group them based on the processes they belong to. Among the photosynthetic
parameters, vmax and kn are influential across a majority of biome locations, with
the photosynthesis down regulation parameter with equivalent CO2 fertilization effect
(gamma_w) influencing the tropical and temperate broadleaf locations and temper-
ate conifer, and vapour pressure deficit (vpd0) influencing the tropical grassland.
Phenology parameter lfespany is influential at the boreal deciduous and temperate
conifer locations, while minimum storage leaf area index (minslai) is influential at
grass dominated locations such as the tundra and temperate grassland locations. The
influential rooting parameters are avertmas (at temperate conifer, boreal deciduous
and tropical grassland), the exponential factor for root distribution profile (alpha) (at
the tropical broadleaf and temperate conifer), and abar (at temperate conifer). The
autotrophic respiration parameter grescoef is influential at the tropical locations and
boreal deciduous. Parameters related to physical fluxes ZOLNG, TCSAND, ther-
mal conductivity of clay particles (TCCLAY ) and ZOLNS are primarily influential
at the tundra location. Additionally, the leaf dimension factor used in calculating
the leaf boundary resistance (XLEAF ) influences the tropical grassland, temperate
conifer and boreal deciduous locations, while near infra-red albedo (albnir) is influ-
ential at the tropical grassland location. Parameters related to mortality and carbon
allocation have negligible SI1 values for the mean state.

Even though some parameters have low SI1 values, they may be influential due to
interactive effects. We identify these interactive effects using the total-order indices.
Only those sample estimates of total-order SIs (SItot) for each parameter/biome for
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the 30-year mean NBP where SItoti is greater than SI1i are shown in Figure 3.5b.
Fewer SI values are plotted in Figure 3.5b than in Figure 3.5a showing that there
is robust evidence of parameter interactions for NBP only for a few input param-
eters. The photosynthetic parameter vmax shows interactive effects among five of
seven biome locations. The temperate grassland location has prominent interactive
effects for multiple phenology related parameters such as lfespany, the required days
of sub-threshold temperature to trigger leaf loss (coldlmt), coldthrs, the exponential
parameter for allometric scaling of green leaf biomass (kappa) and minslai. Simi-
larly, the tropical grassland location has notable interactive effects for the rooting
parameters such as avertmas and maximum root depth (mxrtdpth). There are no
robust interactive effects for the phenology related parameters in the tropics, tem-
perate conifers or boreal deciduous locations. Rooting parameters do not have robust
interactive effects at the broadleaf locations. Of all the biome locations considered,
the temperate conifer location has the weakest interactive effects among all processes,
as there are only three parameters where SItoti is greater than SI1i .

The process-based influential parameters obtained from the Sobol’ method are in-
cluded below. These parameters correspond to those obtained from SItot, and those
from SI1 where there is no robust interactive influence. Photosynthetic parameters
from the targeted set are influential for the 30-year mean NBP at all biome locations,
and without considering the absolute ranking, vmax is among the most influential
across all biome locations, kn at five locations, alpha_phtsyn at four and gamma_w

at three. Rooting parameters are influential at six locations, except the temperate
broadleaf. Of these parameters, avertmas is shown to be influential at five locations,
along with mxrtdpth, alpha, and abar at one location each. Parameters related to
phenology such as lfespany, minslai, coldthrs, coldlmt, and kappa are influential
at four locations. The parameters related to physical fluxes XLEAF , ZOLNG,
ZOLNS, TCSAND and albnir are influential at locations dominated by grass such
as tropical and temperate grasslands, and tundra. The parameter used in the allo-
cation formula (omega) is only influential at the tropical broadleaf location through
interactive effects. The parameter related to mortality has negligible or no influence
on any biome location for the mean state. The influential parameters mentioned
are based on the grid cells chosen. Though processes that these parameters belong
to might remain the same for other grid cells, the lesser of the most influential pa-
rameters obtained from the Morris may vary for other grid cells. A summary of the
influential parameters for the 30-year means of NBP, based on the mean SI values,
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grouped according to the processes are provided in Table 3.4.
Since vmax has shown prominent influence, we illustrate the relationship between

the 30-year mean NBP and vmax for the seven biome locations chosen, allowing for
variations in all parameters in the targeted set within their respective uncertainty
ranges (Figure 3.6). The density of points shown in the shaded hexagons represents
the conditional distribution of NBP values for different values of vmax. Areas with
darker shades represent multiple model runs where combinations of NBP and vmax

are more frequently observed. The solid magenta-coloured line represents the con-
ditional expectation of NBP as vmax increases, showing the overall direction and
strength of the relationship between NBP and vmax. The extent of changes in the
conditional expectation for changes in vmax determines the conditional variance of
NBP as measured by SI1. The spread of the hexagons around the conditional expec-
tation indicates the variability in NBP due to the simultaneous variation of the other
targeted set of parameters in the Sobol’ analysis for given values of vmax. The blue
lines represent the conditional 25th and 75th percentile curves, which can be helpful
in identifying the noise in the conditional spread. The simultaneous variation of all
parameters in the targeted set may produce outliers with high or low NBP values
for a specific value of vmax (e.g., the faintest shaded hexagons in Figure 3.6). The
spread of the conditional distributions provide insights into the estimates of sampling
variability based on bootstrapping. The abundance and spread of isolated regions or
hexagons present influence the confidence intervals in Figure 3.5a. Larger deviations
of outliers from the conditional spread correspond to even broader confidence inter-
vals. The red floating levers represent the default 30-year mean NBP values obtained
when no input parameter is perturbed. A single value of vmax does not exist, as
each location has multiple PFTs corresponding to multiple vmax values.

The response of the 30-year mean NBP to variations in vmax reveals distinct
biome-specific patterns, emphasizing the complexity of carbon cycle dynamics (Fig-
ure 3.6). Biomes such as tropical grassland transition from acting as carbon sources at
lower vmax values to being near neutral at higher values. The tropical and temperate
broadleaf locations, temperate grassland, boreal deciduous, and tundra biomes gener-
ally act as carbon sinks across vmax’s range. While many of the biome locations are
predominantly carbon sinks as vmax changes, numerous simulations in the tropical
grassland and temperate conifer biomes are carbon sources. The tropical broadleaf
location acts as a source of carbon for very few simulations, where vmax values are
higher. As vmax increases, the number of occurrences where the tundra location act
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Table 3.4: Influential parameters grouped according to the processes for the 30-year
mean NBP, for each biome grid cell.

Biome Photo-
synthesis

Phenology Rooting Auto-
trophic
respiration

Physical Mort-
ality

Alloc-
ation

TrBd vmax,
alpha_phtsyn,
kn,
gamma_w

- avertmas grescoef - - omega

TrGr vmax,
alpha_phtsyn,
kn,
vpd0

- avertmas,
mxrtdpth,
alpha

grescoef XLEAF ,
albnir,
ZOLNG

- -

TeBd vmax,
kn,
gamma_w,
beta2

- - grescoef - - -

TeGr vmax,
alpha_phtsyn

lfespany,
coldthrs,
coldlmt,
kappa,
minslai

mxrtdpth grescoef ZOLNG - -

TeCo vmax,
gamma_w

lfespany avertmas,
abar

- - - -

BoDc vmax,
alpha_phtsyn,
beta2

lfespany,
thrprcnt

avertmas grescoef - - -

Tu vmax,
alpha_phtsyn,
kn

lfespany
minslai

avertmas grescoef ZOLNG,
TCSAND,
ZOLNS

- -
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Figure 3.6: Conditional distributional of mean state of NBP (× 10−9 kgC m−2 s−1)
for all biomes, for changes in vmax, along with the conditional expectation (magenta
line), the conditional 25th and 75th percentile curves (blue lines), and the default
mean NBP value (red arrow heads). Multiple vmax values are used for each biome
location. PFT-specific vmax values are scaled to (0,1) for representation purposes.
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as sources of carbon increases. At the boreal deciduous location, there is no clear
pattern of how vmax’s values cause the biome location to act as a source of carbon.

Most biome locations exhibit an increase of the conditional expectation of NBP
as vmax increases, indicating the higher values of vmax generally enhance the car-
bon sink or weaken a carbon source. The temperate conifer location is an exception,
showing the decrease of NBP as vmax increases, which indicates a stronger carbon
source. The variance of the conditional expectation for vmax is highest for tem-
perate broadleaf biome and decreases sequentially across tropical grassland, tropi-
cal broadleaf, temperate conifer, temperate grassland, boreal deciduous, and tundra
biomes, as reflected in the reducing SI1 values (Figure 3.5). While the conditional ex-
pectation remains linear for lower vmax values, it saturates at higher values, as seen
in the tropical broadleaf biome where the conditional expectation increases over the
lower three-fifths of the vmax range before plateauing. This saturation indicates di-
minishing direct sensitivity to further increases in vmax. For higher vmax values, the
spread of 30-year mean NBP values from the conditional expectation is greatest for
the tropical broadleaf and temperate conifer biomes. An obvious outlier at the tundra
location stands out far away from the conditional percentile curves (Figure 3.6g). This
outlier, along with the spread of the distribution around the conditional percentile
curves, is a good example of how the conditional spread can affect the estimates of
the width of the conditional distribution, as seen in Figure 3.5. In comparison, at
the temperate broadleaf location, the spread around the conditional expectation (and
conditional percentile curves) is less, and the corresponding confidence intervals in
SI1vmax is the least among all biome locations.

Figure 3.7a,b shows the absolute first and total-order SI values for vmax, for all
biome locations and output variables, for the 30-year means. Figure 3.7c shows the
corresponding differences between the SItot and SI1. As a general pattern for the
mean state, the broadleaf locations and temperate conifer biome have higher SI1vmax

for the mean gross primary productivity and respiration rate, but lower SI1vmax for
NBP and net ecosystem productivity (Figure 3.7a). SI1vmax for the boreal deciduous
biome location is lesser than all other biomes for all output variables. The SItotvmax

is greater for the tropical broadleaf biome site compared to the boreal deciduous or
tundra locations (Figure 3.7b). We also see that there are small but robust interactive
effects for the mean state (Figure 3.7c). There are very few instances where the
SItotvmax is less than SI1vmax (e.g., sensible heat flux for the temperate conifer and
tundra biome locations). The interactive effects of vmax are lesser for the tropical



61Figure 3.7: Absolute SI values for vmax for all the biomes and output variables. The upper row corresponds to the mean
state, and the lower row corresponds to the trends; the left column is the first-order indices, the middle column gives the
total-order indices and the right column shows the differences between the corresponding total and first-orders. Empty cells
other than tundra-fFire in (a), (d), and (e) represent SI values less than 0. Empty cells other than tundra-fFire in (c) and
(f) represent output/biome combinations where SItotvmax is less than SI1vmax .
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grassland, temperate broadleaf, temperate conifer and boreal deciduous biome lo-
cations than for tropical broadleaf, temperate grassland or tundra locations for a
majority of output variables, which denotes that at the former locations, vmax’s
interactions with other parameters are comparatively lesser.

Figure 3.8a represents the SI1 and confidence intervals for the 30-year trend of
NBP for each parameter/biome. Compared to the mean state (Figure 3.5a), the SI1i
values for the trend are generally smaller for all biome locations except at the boreal
deciduous location. Confidence intervals for the trend are generally broad across all
parameters, with varying degrees of overlap, and we cannot identify the individual
influential parameters in a robust way. The boreal deciduous biome exhibits the
highest sampling uncertainty among all locations. Unlike the mean state, photosyn-
thetic parameters have limited first-order influences on the trend across most biomes,
except the boreal deciduous biome, where vmax, kn, alpha_phtsyn, sn, and beta2

are influential. The parameter vmax for the temperate conifer biome is uniquely
influential, as it is the parameter for this biome for which the confidence intervals of
the SI do not overlap those of other parameters. While vmax also shows influence at
the grasslands and boreal deciduous locations, its confidence intervals overlap with
those of other parameters. Additionally, the vpd0 for the temperate grassland stands
out as a notable photosynthetic influential parameter. The phenology-related param-
eters lfespany and percentage of maximum leaf area index that can be supported
(thrprcnt) for the boreal deciduous, coldthrs and coldlmt for temperate grassland,
and coldlmt for temperate broadleaf locations are influential. All other rooting and
phenology parameters have negligible individual effects across biome locations. For
the boreal deciduous location, the autotrophic respiration parameter grescoef , pa-
rameters related to physical fluxes XLEAF , TCSAND, and the mortality parameter
maximum plant age (maxage) are influential among the specific processes. For all
other biome locations, these processes have low first-order influence.

The only photosynthetic parameters to have moderate to high interactive influence
at any of the biome locations are vmax, kn, and alpha_phtsyn (Figure 3.8b). Out of
these parameters, the interactive effects are greatest for vmax at all biome locations
except at the boreal deciduous location. The parameter kn interacts with other pa-
rameters in the tropics and alpha_phtsyn at topical grassland, temperate broadleaf
and tundra locations. Among the parameters related to phenology, coldthrs and
minslai at the temperate broadleaf location show interactive influence. For the tem-
perate grassland location, the parameters are kappa and minslai, and for the tropical
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Figure 3.8: First (a) and total-order (b) SIs, and their confidence intervals for NBP
for the top-ranked parameters across biomes (open symbols) for the trends. Filled
symbols represent higher robustness where confidence interval values are greater than
0. Total-order indices are plotted only where SItot is greater than SI1. The parameters
are grouped according to the processes.
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broadleaf location, they are lfestapny and thrprcnt. The parameter lfespany also
has interactive effects at the tundra location. The rooting parameter avertmas has
interactive effects at the boreal deciduous and tundra locations, mxrtdpth and alpha

show influence at the tropical grassland location. The autotrophic respiration param-
eter grescoef has interactive effects at the tropical broadleaf and tundra locations.
Physical parameters such as ZOLNG, TCSAND and TCCLAY have interactive ef-
fects at the tundra location, while ZOLNG also has interactive effects at the tropical
grassland location. All other parameters in the each targeted set have negligible or
zero interactive effects across biome locations. A summary of the influential parame-
ters for the 30-year trends of NBP, grouped according to the processes are provided
in Table 3.5.

The corresponding conditional distributions in Figure 3.9 illustrate the variation of
the 30-year NBP trend across biomes with vmax (not all biomes are shown). Similar
to the mean state, we see distinct biome-specific patterns for the 30-year NBP trends
to variations in vmax. Over the last 30 years, biomes such as the temperate broadleaf,
and tropical grassland locations have positive values in a majority of the 30-year trend
NBP simulations for changes in vmax. The 30-year trends at the boreal deciduous
location is positive, but close to zero. At the tundra location, even though there is
a comparable spread of positive and negative trends for increasing values of vmax,
the conditional expectation changes from small negative for smaller values of vmax

to small positive for higher values of vmax. At the temperate conifer location, the
conditional spread of NBP trends is predominantly negative. On the other hand, at
the tropical broadleaf location, small negative values and weak positive trends are
dominant for the lower half of vmax’s range, and small positive values and strong
negative trends are dominant for the upper half of vmax values. At the tropical
grassland location, isolated negative 30-year NBP trends are present across vmax’s
uncertainty range.

The 30-year trends of NBP at the tropical broadleaf and temperate conifer lo-
cations become more negative for changes in vmax. The corresponding NBP trend
values at the boreal deciduous location is close to zero. The temperate conifer biome
location exhibits the largest variance of the conditional expectations for trends, and
is seen as the highest SI1vmax value in Figure 3.8. The spread around the conditional
expectation increases for increasing values of vmax for the temperate biome locations
and for tundra. While isolated outliers are less prominent compared to the mean
state, the spread of model simulations with low counts remains noticeable across
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Table 3.5: Influential parameters for the 30-year trends of NBP, grouped according
to the processes.

Biome Photo-
synthesis

Phenology Rooting Auto-
trophic
respiration

Physical Mort-
ality

Alloc-
ation

TrBd vmax
kn

lfespany,
thrprcnt

avertmas grescoef ,
minlvfr

- - omega

TrGr vmax,
alpha_phtsyn,
kn,
vpd0

kappa avertmas,
mxrtdpth,
alpha

grescoef XLEAF ,
ZOLNG

- -

TeBd vmax,
alpha_phtsyn,
sn,
gamma_w,
beta2
tlow

thrprcnt,
coldthrs,
coldlmt,
minslai

- grescoef ZOLNG - -

TeGr vmax coldthrs,
coldlmt,
kappa,
minslai

mxrtdpth grescoef ZOLNG -

TeCo vmax - - grescoef - - -
BoDc vmax,

alpha_phtsyn,
kn,
sn,
beta2
vpd0

lfespany,
thrprcnt

avertmas grescoef XLEAF ,
TCSAND,
TCCLAY

maxage -

Tu vmax,
alpha_phtsyn,
kn

lfespany,
minslai

avertmas grescoef ZOLNG,
TCSAND,
ZOLNS

- -
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biome locations (e.g., tropical grassland and boreal deciduous). The spread is small
around the conditional curves at the temperate broadleaf locations for increasing val-
ues of vmax. This feature corresponds to lesser noise, and is seen as narrower width
of confidence interval in Figure 3.8a. On the other hand, at the boreal deciduous
location, the spread of the conditional distribution around the conditional curves is
broad, denoting that the noise is comparatively larger. As previously discussed, these
large conditional spreads lead to sampling uncertainty in the simulated 30-year NBP
trends and correspond to the broader confidence intervals observed for the boreal
deciduous location in Figure 3.8a.

Analyzing the SIvmax values for 30-year trend values of NBP (Figure 3.7d-f),
interactive effects of vmax are evident, as the first-order SI values are smaller than
the total-order SI. Extending the analysis to the sensitivity of all output variables to
vmax, we find that the SI1vmax values for the trends (Figure 3.7d) are comparatively
lesser than the corresponding mean state for a majority of output variables, across
biome locations. The SItotvmax values for the trends are also lesser than the mean
state for many instances, except for the tundra biome site, where the total-order
index is greater for the trends than the mean state for all the carbon variables (Figure
3.7e). For the tropical broadleaf biome, the total-order index for the net ecosystem
productivity and NBP are also higher for the trends than the mean state. For many
other output variables, especially at the broadleaf locations and tundra location, the
evidence of parameter interactions of vmax with other parameters for the trends are
stronger than the mean state (as given by the differences). This finding is consistent
with the fact that SI1 values are generally smaller for the trend than for the mean.
The upper limit of differences for SItotvmax −SI1vmax is 0.71 (Figure 3.7f). This range
is almost twice as that of the mean state, which is 0.33 (Figure 3.7c), and thus we
observe more influential interactions for the trends than for the mean state.

3.4 Discussion and Conclusions
Previous studies of the terrestrial carbon budget have acknowledged that the uncer-
tainty in the carbon sink can be due to the model’s structure and/or due to parametric
uncertainty (Booth et al., 2012; Dietze, 2017; Fisher et al., 2019; Knorr et al., 2024;
Zheng et al., 2018). Our analysis quantifies how the estimated carbon sink’s strength
is sensitive to parameter uncertainties in terrestrial biosphere models using CLASSIC
as an example. This is the first study assessing the sensitivity of the carbon sink to
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Figure 3.9: Conditional distribution of the 30-year trends of NBP (× 10−10 kgC
m−2 s−1 year−1) for four biomes, for changes in vmax, along with the conditional
expectation (magenta coloured line), the conditional 25th and 75th percentile curves
(blue lines), and the default 30-year NBP trend value (red arrow heads).
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parameter uncertainties simulated under evolving conditions. We find that the sen-
sitivity of the carbon sink is high, which agrees with previous studies that focused
on other flux-components of the carbon balance (Kaminski et al., 2013; Raoult et al.,
2024; Xiao et al., 2014; Xing et al., 2023). Using GSA, we have assessed the influ-
ential parameters that drive this uncertainty as done by previous studies (Bastrikov
et al., 2018; Senapati et al., 2016; Y. Yang et al., 2022; Zhang et al., 2019; Zhu &
Zhuang, 2014). But mainly, we have assessed how the uncertainties in parameter
values contribute to the uncertainty in the historical carbon sink across individual
grid cells for seven biomes.

To investigate the uncertainty in the historical NBP, a different experimental
setup is required than those used in previous studies (e.g., Bagnara et al., 2019; J. Li
et al., 2016; Y. Li et al., 2022; X. Lu et al., 2013; Ma et al., 2020; Massoud et al.,
2019; Ricciuto et al., 2018; Rodriguez & Espíndola, 2024; Q. Yang et al., 2021; Zhu
& Zhuang, 2014). Our study quantifies the sensitivity of 30-year mean and trends
of NBP under increasing atmospheric [CO2] and transient environmental conditions
for the historical period (1901-2017). The simulation protocol closely follows the
TRENDY simulation protocol (Sitch et al., 2024). By simulating output variables
over the historical period following a prolonged spin-up, we allow sufficient time for
the model to move away from the equilibrium state.

We show that many of the biome locations considered in this study can act as both
sources or sinks of carbon within the range of parameter uncertainty. The largest 30-
year mean NBP uncertainties are observed at the tropical grassland location and the
smallest at the tundra location. The influence of parameters within the targeted set
obtained from the Morris method, on the 30-year mean NBP and the 30-year trends
varies across biomes. The first takeaway from our analysis is that, out of a very
large number of parameters considered for the GSA (124), only a small subset is are
found to be influential (18-20) across biome locations, output variables and sensitivity
measures. Second, tuning efforts should account for influential parameters from mul-
tiple processes rather than focusing solely on maximum carboxylation rate (vmax), as
establishing a definitive ranking of parameters is challenging due to substantial sam-
pling variation. Third, despite extensive sampling requiring the equivalent of almost
10 CPU years for seven grid cells, the sensitivity indices exhibit broad uncertainty
ranges, suggesting that these results should be interpreted with caution.

Previous sensitivity analyses conducted on regional or multi-biome carbon fluxes
within land surface models have consistently identified photosynthesis-related param-
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eters such as vmax, quantum efficiency (alpha_phtsyn), and those governing stom-
atal conductance, as among the most influential (J. Li et al., 2016; Ma et al., 2020;
Massoud et al., 2019; Xing et al., 2023; Zhu & Zhuang, 2014). Similarly, respiration-
related parameters, including those affecting autotrophic respiration through the
growth respiration coefficient (grescoef), and other parameters linked to the ecosys-
tem respiration process, have also been identified to be influential (Massoud et al.,
2019; Ricciuto et al., 2018; Zhu & Zhuang, 2014). Added to parameters related to pho-
tosynthesis and autotrophic respiration, our study shows that those related to rooting,
phenology, physical fluxes, mortality and carbon allocation are also influential for the
historical output variables. Parameters related to heterotrophic respiration, turnover,
and fire do not have any influence on the carbon cycle variables at any biome location
assessed in our study.

While these previous studies provide valuable insights, most have focused on the
absolute SI values without incorporating confidence intervals. There are two excep-
tions among these studies that explicitly accounted for the uncertainty in SI values,
but did not include the effects of overlap in confidence intervals across multiple pa-
rameters while identifying the most influential parameters (Ricciuto et al., 2018; Xing
et al., 2023). In our analysis, we find that sampling uncertainty in SI values, along
with overlapping confidence intervals, makes it difficult to identify the most influen-
tial parameters with robustness. Although robust rankings of individual parameters
cannot be found through our study, clusters of process-related parameters emerge.
The exclusion of sampling uncertainty considerations, may have led to the identifica-
tion of parameters with potentially broader uncertainty as highly influential in some
of the previous studies.

Temperature threshold parameters related to phenology (coldthrs and coldlmt)
influence the carbon sink in biomes with crops and grasslands, such as temperate
broadleaf and temperate grassland locations. In contrast, there is no notable sen-
sitivity of NBP to uncertainties in parameters setting upper-temperature ranges for
photosynthesis (e.g., tup). Given the rise in global and regional temperatures since
the pre-industrial period, the lack of direct influence of temperature parameters (such
as those within the hyperbolic tangent (tanh) formulation of heterotrophic respira-
tion determination function (tanhq10)) on the carbon sink is noteworthy. Rising
temperatures could intensify heterotrophic respiration and increase the occurrences
of forest fires, resulting in greater CO2 emissions to the atmosphere. Additionally,
prolonged heat stress may contribute to higher plant mortality, further altering the
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carbon balance. As these effects become more pronounced, temperature-related pa-
rameters may become more influential under high-emission scenarios with extreme
warming. In a future study, we will investigate whether this hypothesis holds true
for future NBP using CLASSIC as an example of terrestrial biosphere models.

We do observe effects of water stress on the uncertainty of NBP, as a few rooting
parameters (e.g., mxrtdpth, avertmas, abar) are found to be particularly influen-
tial at the grasslands and temperate conifer biome locations and physical parameter
(TCSAND) at tundra, which also consists of grasses. The presence of rooting pa-
rameters among the influential ones suggests that the roots may be deep-seated at
some of these locations. Deeper roots can be advantageous in regions prone to water
stress, as the soil moisture increases with soil depth at the chosen grid cells. This
finding is consistent with a strong sensitivity of the latent heat flux (HFLS) to rooting
parameters across the grassland locations (not shown).

Many parameters from the targeted set obtained from the Morris method for
each biome location have robustly greater influence at the first-order level but not
at the total-order level (e.g., the mortality parameter maxage at boreal deciduous),
indicating that these parameters affect the carbon sink individually without robust
interactive effects with other parameters. This feature is rarely observed in previous
studies that assessed the sensitivity of carbon fluxes through the first and total-order
sensitivity indices, but was noticed in the study by Q. Yang et al. (2021) for the net
ecosystem exchange simulated at only one of eight ChinaFLUX sites. Conversely,
some parameters exhibit low or negligible first-order effects but contribute through
their total-order effects (e.g., the autotrophic respiration parameter grescoef at trop-
ical broadleaf location), bringing forth their interactive influence. The total-order
indices capture the combined individual and interactive effects of a parameter and
are shown in many previous studies (e.g., Y. Li et al., 2022; Ma et al., 2020; Pappas
et al., 2013; Zhu & Zhuang, 2014, etc.). In general, the strength of interactions is
much greater for the trend than the mean state, even though the first-order effects
are much weaker. For instance, the interactive effects of vmax, reflected by the dif-
ference between SItot and SI1, are more prominent for the 30-year trends than for
the mean state of the carbon sink across various biome locations. However, at the
boreal deciduous location, influential parameters primarily exert their effects indi-
vidually rather than interactively. When selecting parameters for model tuning, it
is important to consider those with both first-order and higher-order influences, as
the first-order characterizes just the individual effects, whereas the higher-order ef-
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fects characterize interactive effects among parameters. A limitation of identifying
influential parameters through total-order indices is that it does not specify which
parameters interact, but identifies only a single parameter of the set. The Sobol’
method, being variance-based, could identify interacting parameters more precisely
through the analysis of doublet or triplet interactions, as demonstrated by Hou et al.
(2015) and Ricciuto et al. (2018). For instance, Ricciuto et al. (2018) employed a sur-
rogate model to approximate their land surface model, while Hou et al. (2015) utilized
the thermodynamic and hydrological modules to simulate fluxes. Such approaches,
using emulators or model submodules, are computationally less intensive. However,
due to the computational demand of direct model simulation being high (albeit at
single points), we limited our analysis to individual and total-order effects through
the Sobol’ method, leaving the specific interactions involving the most influential
parameters to be unclear.

Conducting GSA is a important step for tuning models, and we find that only a
limited subset of input parameters (18-20) affect a wide range of output variables.
The Morris elementary effects method revealed that while vmax consistently ranks
among the most influential parameters, several other parameters also exert notable
influence on specific output variables. Through the Sobol’ method we notice that
not all parameters from the targeted set obtained from Morris are influential. Sobol’
analysis refines this selection by quantifying the most influential parameters for each
biome’s 30-year mean and trend. Our analysis identifies influential processes and
sets of associated parameters for both the 30-year means and trends. Tuning can be
performed using the targeted influential parameters identified for individual biomes
(Bagnara et al., 2019; Bastrikov et al., 2018; Hou et al., 2015) or through a combined
parameter pool for global applications. It is important to clearly define the tuning
objective; whether it is to optimize for trends, the mean state, or another measure.
Using the parameter set derived for the mean state to tune for trends may yield less
effective results. Additionally, prioritizing improved trend predictions could lead to
increased errors in the mean state, pointing out potential trade-offs in the tuning pro-
cess. Currently, the combined parameter pool identified through the Morris screening
test across all biomes is being used in a machine learning algorithm study aimed at
optimizing the output variables from CLASSIC by one of the co-authors.

Tables 3.4 and 3.5 can be helpful in identifying geographic patterns in the influence
of few parameters (e.g., lfespany at temperate grassland, temperate conifer, boreal
deciduous and tundra locations for the mean state; or the fact that no interactive
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effects are noticed for the rooting parameters at the broadleaf locations). A detailed
geography-based analysis of why certain parameters are influential in certain biomes
is outside of the scope of the present study but is worth future consideration.

The identification of the most influential parameters for the uncertainty of car-
bon sink will help model development and future optimization studies. We encourage
other terrestrial biosphere modelling groups to conduct formal GSA studies to bet-
ter quantify parameter-induced uncertainties in global NBP estimates, and identify
the most influential parameters that could be used in optimization problems. This
can be achieved by using emulators (e.g., Ricciuto et al., 2018), adjoint models (e.g.,
Zhu & Zhuang, 2014) or model sub-modules (e.g., Hou et al., 2015). For those with
extensive computational resources, increasing the number of sampled points within
parameter uncertainty ranges could further improve the robustness of GSA studies.
By identifying the robust effects of influential parameter uncertainties on global car-
bon sink uncertainties, and tuning them, the carbon sink estimates can be improved.
This improvement will further aid in providing better future Global Carbon Budget
assessments.

Our results also forms the basis for Chapter 4 that aims to identify the influen-
tial parameters for the carbon cycle variables under future climatic conditions. In
this chapter, CLASSIC will be forced using the meteorological data from Canadian
Earth System Model version 5 (CanESM5) using the Inter-Sectoral Impact Model
Intercomparison Project (ISIMIP3b; Lange & Büchner, 2021) simulation protocol.
Knowing the most influential model parameters is important for interpreting its out-
puts, guiding future model development, and aiding in the preparation of reports for
policy makers. Identifying the most influential parameter(s) will also enhance opti-
mization efficiency. Our study acts as a stepping stone for future model development
and optimization endeavours.
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Chapter 4

Global Sensitivity Analysis of the
Future Land Carbon Sink

The terrestrial biosphere absorbs more CO2 than it emits, slowing the accumulation of
atmospheric CO2. However, Earth system models differ in their Net Biome Productivity
(NBP) projections, with inter-model ranges of 2 to 7 PgC yr−1 by the late 21st century
under a fossil-fuel-intensive scenario. We notice that the uncertainty in NBP simulated
by the Canadian Land Surface Scheme Including Biogeochemical Cycles (CLASSIC) model
is vastly impacted by parameter uncertainty. To address this uncertainty, we conduct a
global sensitivity analysis (GSA) for seven grid cells across different biomes. Results of the
preliminary screening test show that only 11-15 of 124 input parameters drive the output
uncertainty at each location. Among them, the maximum carboxylation rate (vmax) con-
sistently influences multiple output variables. Through the secondary quantitative test, we
notice that vmax’s impact on NBP declines over time, but other photosynthetic and rooting
parameters become more influential. In some locations, higher vmax values reduce NBP,
as increased ecosystem respiration and wildfire emissions outweigh gross primary produc-
tivity. Despite using approximately 15 CPU years of computational effort, the sampling
uncertainty among the 11-15 parameters is broad. Ranking the parameters based on ro-
bustness is difficult. Expanding the analysis to an additional metric, we find that the same
parameters that drive the uncertainty of the projected future NBP also drive the uncer-
tainty of the change from the late historical to late future NBP. These results indicate that
future optimization efforts related to NBP must consider multiple parameters rather than
focusing solely on vmax. By identifying influential parameters and processes, this study en-
hances our understanding of parametric uncertainty in carbon sink projections and defines
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a low-dimensional space of influential parameters, aiding future model refinement.
The contents of this Chapter have been submitted to Atmosphere-Ocean for peer review

as “Global Sensitivity Analysis of the Future Land Carbon Sink”.

4.1 Introduction
Currently, the terrestrial biosphere absorbs approximately 30% of anthropogenic CO2

emissions (Friedlingstein et al., 2024). While the absolute uptake of carbon projected
by Earth system models is set to increase by the end of the 21st century, the uptake
relative to emissions is projected to decrease (Canadell et al., 2023). However, inter-
model differences are large, ranging from approximately 2 to 7 PgC yr−1 by the
end of the 21st century for a fossil-fuel intensive scenario (SSP5-8.5; Kriegler et al.,
2017). Longer-term simulations project that the terrestrial biosphere will switch
from a carbon sink to either a neutral state or a carbon source by the year 2300
(Koven et al., 2021). Here as well, the inter-model differences remain substantial,
ranging from -7 to 0 PgC yr−1. The large inter-model differences may be due to both
structural and parametric uncertainties (Booth et al., 2012; Dietze, 2017; Fisher et al.,
2019; Knorr et al., 2024). In the process of adding new parameters and/or allowing
various existing ones to interact, output uncertainties due to parametric uncertainties
increase (Gier et al., 2024; Green et al., 2019; Varney et al., 2024). Uncertainties in
the output variables can be reduced by tuning the input parameters of a model
((Bastrikov et al., 2018; Hou et al., 2015; J. Li et al., 2016; Ma et al., 2020; McNeall
et al., 2023; “Parameter optimization for global soil carbon simulations: Not a simple
problem”, n.d.; Rodriguez & Espíndola, 2024; Xing et al., 2023; Zhu & Zhuang, 2014)).
Tuning all the input parameters for a given model is computationally prohibitive. In
these previous studies, it has been found that tuning a few influential parameters by
constraining them using global Earth observations increases the model’s accuracy in
simulating the output variables. Global sensitivity analysis (GSA) can shed light on
the fraction of uncertainty in the output variables corresponding to uncertainties in
input parameters (Saltelli et al., 2004). GSA methods can identify the most influential
parameters for any given output variable, thereby quantifying the uncertainties in the
output variable, and reducing the dimensionality for optimization.

The sensitivity of the historical terrestrial carbon sink to parameter uncertainties
was studied for the first time for any land surface model in Chapter 3. We conducted
a GSA for the historical carbon sink simulated by the Canadian Land Surface Scheme
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Including Biogeochemical Cycles (CLASSIC) model (Melton et al., 2020) forced with
reanalysis data. The CLASSIC model is an active member of the model ensemble
used for estimating the global carbon sink in the annual publication of the Global
Carbon Budget assessments (e.g., Friedlingstein et al., 2023, 2024).

As mentioned above, there are substantial uncertainties present in the projected
carbon sink values for the years 2100 (Canadell et al., 2023) and 2300 (Koven et
al., 2021). To the best of our knowledge, no terrestrial biosphere modelling group
has quantified the effects of input parameter uncertainties on the uncertainties of the
projected carbon cycle variables. It remains unclear how the sensitivity of output
variables to parameter uncertainty changes with changing climatic conditions in the
future.

To address this research gap, for the first time we conduct a GSA for the projected
output variables simulated by a terrestrial biosphere model, in the context of the
CLASSIC model. The previous version of CLASSIC, CLASS-CTEM serves as the
land surface component of the Canadian Earth System Model (CanESM; Swart et
al., 2019), which participated in the Coupled Model Intercomparison Project Phase 6
(CMIP6). For this analysis, we forced the CLASSIC model with meteorological data
obtained from CanESM version 5 (CanESM5).

The Methods section provides an overview of the CLASSIC model, the experi-
mental setup, the selected output variables, the input parameters along with their
uncertainty ranges, the chosen biome grid cells, and the GSA techniques employed.
The Results section presents findings from the GSA methods, and the overall uncer-
tainty in NBP attributed to parametric uncertainty. The Discussion section covers
insights gained from this analysis, comparison between the results from the previous
historical GSA and the present study, limitations related to sampling uncertainty and
parameter interactions, the implications for parameter tuning, and the relevance of
GSA to the terrestrial biosphere modelling community.

4.2 Methods

4.2.1 CLASSIC

In this study, we have run the CLASSIC model in the offline mode. Physical fluxes for
the vegetation, soil, and snow are simulated by the CLASSIC model’s component, the
Canadian Land Surface Scheme (CLASS; Verseghy, 2017). All other biogeochemical
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vegetation processes are simulated by the other component, the Canadian Terrestrial
Ecosystem Model (CTEM; Melton & Arora, 2016), which consists of individual pro-
cesses such as photosynthesis, phenology, and dynamic root distribution. (Arora &
Boer, 2003, 2005; Melton et al., 2015). The model version used in this study simulates
nine plant functional types (PFTs), as in Chapter 3.

Experimental Design

The model simulations were performed for three different settings: spinup, historical,
and SSP5-8.5 future scenario. The pre-industrial forcing from 1601-1850 was repeated
once to produce 500 years of spinup. During spin-up, the CO2 concentration ([CO2]),
land cover, population density and lightning strike rate were fixed to constant values
from 1850. The transient historical time period was simulated for 165 years from
1850-2014 and the transient future period was simulated for 86 years from 2015-2100,
using time-varying values for all inputs. To reduce computational costs, the nitrogen
cycle, which requires a longer spin-up (Seiler et al., 2024), is deactivated throughout
the study. Similarly, the methane cycle and state variables for moss and peat are
excluded from our experimental design, as these components increase the number
of model runs for the GSA, and are not consistently present across all biomes. We
prescribed the fractional PFT per grid cell.

We simulated the CLASSIC model using CanESM5’s bias-adjusted meteorolog-
ical forcing, provided by the third phase (3b) of the Inter-Sectoral Impact Model
Intercomparison Project (ISIMIP; Lange & Büchner, 2021). Previous work by Seiler
et al. (2024) demonstrated that using bias-adjusted CanESM5 data improved the
performance of various ecosystem variables simulated by the CLASSIC model com-
pared to simulations using raw CanESM5 data. The land cover was derived by
Wang et al., 2010, from the European Space Agency Climate Change Initiative (ESA-
CCI) (CCI, 2018) adjusted with CMIP6 crop area (Land-Use Harmonization (LUH)
project) (Chini et al., 2021; Hurtt et al., 2017). Population density was taken from
ISIMIP2b: History Database of the Global Environment (HYDE version 3.2) (Jones
& O’Neill, 2016; Klein Goldewijk et al., 2017). The [CO2] data were obtained from
Meinshausen et al. (2020, 2016). The lightning strike rate was from Lange and Büch-
ner (2021). We have summarized the modelling protocol in Table 4.1.
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Table 4.1: Summary of the experimental design used in Chapter 4.
Forcing Type Forcing

based on
Spin-up Historical Future

(500 years) (165 years) (86 years)
CO2 CMIP6 1850

(284.32 ppm)
1850-2014
(284.32-

397.55 ppm)

2015-2100
(399.9-

1135 ppm)

Meteorology ISIMIP3b 2×(1601-1850) 1850-2014 2015-2100

Land cover ESA-CCI +
LUH project

1850 1850-2014 2015-2100

Population
density

ISIMIP2b:
HYDE-v3.2

1850 1850-2014 2015-2100

Lightning
strike rate

ISIMIP3b 1850 1850-2014 2015-2100

Output Variables

We examined a comprehensive set of simulated variables (Table 4.2) to identify the
most influential parameters. The primary analysis focused on net biome productivity
(NBP), which integrates multiple carbon fluxes, including gross primary productivity
(GPP ), ecosystem respiration terms (autotrophic respiration (Ra) and heterotrophic
respiration (Rh)), and disturbance-related emission terms (CO2 emissions due to
forest fires (fF ire) and land-use change (ELUC)). NBP is expressed as:

NBP = GPP −Ra−Rh− fF ire− ELUC .

While our study focuses on NBP, we also assess additional variables, such as net
primary productivity (NPP = GPP − Ra), net ecosystem productivity (NEP =

GPP −Ra−Rh), carbon pools (land, litter, soil, stem, root, and vegetation), as well
as latent heat flux (HFLS) and sensible heat flux (HFSS). The processes within the
terrestrial carbon cycle is coupled, and thus, we have used a broad range of variables.
The output variables considered for the GSA are annual mean values. Identifying
influential parameters across these outputs not only enhances our understanding of
the terrestrial carbon cycle and its uncertainties but also aids model development by
helping us choose parameters important for tuning.
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Table 4.2: Annual output variables used.
Short name Long name Units
GPP Gross primary productivity kgC m−2 s−1

Ra Autotrophic respiration rate kgC m−2 s−1

Rh Heterotrophic respiration rate kgC m−2 s−1

fFire CO2 emissions from wildfire kgC m−2 s−1

NPP Net primary productivity kgC m−2 s−1

NEP Net ecosystem productivity kgC m−2 s−1

NBP Net biome productivity kgC m−2 s−1

cLand Land carbon pool kgC m−2

cLitter Litter carbon pool kgC m−2

cRoot Root carbon pool kgC m−2

cSoil Soil carbon pool kgC m−2

cStem Stem carbon pool kgC m−2

cVeg Vegetation carbon pool kgC m−2

HFLS Latent heat flux W m−2

HFSS Sensible heat flux W m−2

Parameter Uncertainty

This study considered 126 input parameters (Table A.2). Six of these parameters are
dependent on each other. Here, parameter triplets of a kind adding to one, such as the
percentage of disturbed biomass that is used in short-term storage as paper (paper),
in long-term storage as furniture (furniture), and that is combusted (combust); and
carbon allocations to stem (epsilons), root (epsilonr) and leaves (epsilonl), have
been converted to independent parameters through the spherical coordinates con-
version technique (as described in Appendix A.1.2). After conversion, we have 124
independent parameters. Since we consider different PFTs, some parameters have
different PFT-specific values with different uncertainty ranges (e.g., the mean root
distribution profile, abar in Table A.1). The perturbations are done in a way that
the parameter sampling is such for each sample, the same quantile is drawn for each
PFT, relative to the respective uncertainty ranges. That is, the parameters are var-
ied proportionally among all PFTs. The number of parameters would increase by
a factor of nine if each PFT-specific value is considered as an individual parameter.
Consequently, the computational expense for the GSA would increase ninefold. As
explained in Section 4.2.3, performing GSA for the whole model is computationally
expensive. As discussed later, such an increase in computational effort would render
the analysis intractable.
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The four ways by which we obtain the parameter uncertainty ranges are through
(1) well-documented values from observations; (2) literature review; (3) expert advice
and our modelling experience; and (4) ±10% ranges for parameters that do not fall
under the above. For one parameter with units in Kelvin (the lower temperature
threshold that is used to estimate cold stress-related leaf loss rate; lwrthrsh), we
use a ±2 K uncertainty range. In some instances, the CLASSIC model’s default
parameter value lies outside the uncertainty ranges obtained from literature. In such
cases we have extended the uncertainty range to the default values.

4.2.2 Biomes

We use the same seven grid cell locations as in Chapter 3. These are points chosen
from seven different biomes (Figure 4.1). Though these single points are biome-
specific, they do not represent the entire biome. The diverse ecological dynamics and
spatial heterogeneity present across the entire biome cannot be captured by a single
grid location. We have chosen only seven grid locations, as the GSA, including the
qualitative and quantitative runs, require around 120,000 CPU hours for just seven
grid cells. The grid-cells’ latitude-longitude locations are given in Table A.1.

4.2.3 Global Sensitivity Analysis

Uncertainty of output variables due to the variations in input parameters within
their uncertainty ranges can be quantified using GSA (Saltelli et al., 2004). When
variations within an input parameter’s uncertainty range lead to substantial changes
in the output, compared to similar variations in other parameters, that parameter
is considered influential (Wagener & Pianosi, 2019). Influential parameters can be
identified through GSA methods. Identifying the most influential parameters helps
interpret the model output and guide future model development efforts. The output
variables can be optimized by tuning the most influential parameters. Parameters
with weak or no influence need not be considered for the future tuning purposes.
However, tuning parameters based on only one output variable (e.g., NBP) could lead
to disruptive effects in other output variables (e.g., sensible heat flux), so GSA should
include various interconnected output variables, such as the carbon cycle variables
and turbulent heat fluxes.

The computational expense of the variance-decomposition based quantitative method
increases rapidly for larger number of input parameters. It is therefore impractical to
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Figure 4.1: Single grid cell locations for each biome. The biomes are, (1) TrBd:
tropical and subtropical moist broadleaf forest, (2) TrGr: tropical and subtropical
grasslands, savannas, and shrublands, (3) TeBd: temperate broadleaf and mixed for-
est, (4) TeGr: temperate grasslands, savannas, and shrublands, (5) TeCo: temperate
conifer forest, (6) BoDc: boreal deciduous forests, and (7) Tu: tundra. Non-ocean
areas in white are glaciers, snow-covered mountains, or lakes. Biomes in grey were
not considered due to time constraints and are excluded from the study.

apply the quantitative method to all 124 input parameters of the CLASSIC model.
We follow the two-step GSA approach used in Chapters 2 and 3. The first step
is to qualitatively screen out non-influential parameters and obtain the top-ranked
parameters through the Morris elementary effects method. The second step is to
quantify the model outputs’ uncertainties due to the top-ranked parameters’ uncer-
tainties through the variance-decomposition based Sobol’ analysis. We compute the
sensitivities of the 20-year mean of the annual values of the future time period from
2081-2100; and the difference between this projected 20-year mean and the 20-year
mean of the annual values of the historical time period from 1995-2014, which we will
denote as the projected change in 20-year means. The projected change in 20-year
means is analogous to the trend over this time period.
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Morris Elementary Effects Method

The empirical observation that the input parameter uncertainties of only a few pa-
rameters influence the model output’s variability is known as Pareto’s principle (Box
& Meyer, 1986). Qualitative analysis such as the Morris method can screen out the
non-influential parameters from influential parameters (Campolongo & Braddock,
1999; Morris, 1991), and has been demonstrated in Chapters 2 and 3. This method
can effectively identify the subset of influential parameters among all the parameters.
Even though the screening test qualitatively ranks the input parameters, it fails to
give a quantitative assessment of individual parameter importance or to what extent
these parameters interact with each other.

All parameter uncertainty ranges are scaled from zero to one, thus making the
parameter space a unit hypercube. The benefit of the rescaling is that a single step
has the same size for all parameters, so the elementary effects are directly comparable.
The elementary effects value is given as the ratio of differences of the output values
between two consecutive steps in the same random walk to the step size. The model
output’s sensitivity to parameters is assessed using sensitivity measures like the mean
(µ), absolute mean (µ∗) and standard deviation (σ) of the elementary effects values.

Sampling of the uncertainty ranges of all parameters is done by a one-at-a-time
design with multiple realizations. For each realization within the screening test, a
random walk is performed through the uncertainty space. Here, one parameter is
perturbed between successive steps until all parameters have been perturbed. Multi-
ple realizations help in a better sampling of the volume of the parameter uncertainty
space. The sensitivity measures can be determined for all parameters by (Saltelli et
al., 2008):

µi =
1

r

r∑
j=1

(EEj
i ), (4.1)

µ∗
i =

1

r

r∑
j=1

∣∣EEj
i

∣∣ , (4.2)

σi =

√√√√ 1

r − 1

r∑
j=1

(EEj
i − µi)2, (4.3)

where the elementary effects is given by EEj
i , for the jth out of r realizations and ith
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out of n parameters. The sensitivity metric, the Euclidean distance (κ)

κ =
√

µ∗2 + σ2,

is the distance from the origin (0,0) to the point (µ∗
i , σi). We can identify the pa-

rameters to be included in Sobol’ based on the the values of κ. These κ values are
calculated separately for each biome location.

Higher values of κ denote higher influence of parameters on the output variable.
To facilitate comparisons of parameter sensitivities across multiple output variables,
each parameter’s elementary effect distance for a given variable was normalized by
dividing it by the elementary effect distance of the highest-ranked parameter for that
variable.

To calculate a parameter’s elementary effects value, two points are required within
the unit hypercube. The number of model evaluations for n parameters and n ele-
mentary effects values is (n+ 1). For r realizations, we require a total of r × (n+ 1)

evaluations. The total number of parameters is 124 and we have chosen r to be 80,
which gives us a total of 80 × (124 + 1) = 10, 000 unique runs. The seven biome
locations have 10,000 unique runs each for the Morris screening test. We obtain
the top five parameters from the Morris method for each output variable and biome
location. This subset of five parameters will be denoted as the top-ranked subset.
Combining the top-ranked parameters for all the output variables, we arrive at the
set of parameters that will be targeted for quantification through the Sobol’ analysis
for each biome location and will be called the targeted set of parameters. We can
rely on the Morris method to identify targeted parameters. But, the parameters with
moderate κ values within the targeted set can have substantial sampling variability.
Due to computational expense of the Sobol’ analysis, we chose to use only the top
five parameters selected for each output variable.

Focusing solely on carbon sink-related parameters is simpler and less computation-
ally demanding than using multiple output variables. However, this narrow approach
risks overlooking critical connections between carbon-related variables and other pro-
cesses, such as turbulent energy fluxes. For instance, stomatal conductance influences
both carbon dioxide uptake and water loss, linking carbon cycle dynamics to latent
and sensible heat fluxes (Melton et al., 2020). Expanding the scope to include the
top-five parameters across all output variables (Table 4.2) ensures that the analysis
captures these interconnections. This comprehensive approach is essential to prevent
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compensating errors if using these results for a parameter tuning exercise, as men-
tioned earlier. By identifying the complete set of top-five parameters across multiple
variables, this strategy supports a more balanced and effective model optimization.

Although this study does not involve optimization, it lays the groundwork for
future model optimization efforts, emphasizing the importance of accurately identi-
fying the targeted set of parameters for optimizing various variables. To maintain a
clear focus, we concentrate on quantifying the uncertainty of NBP and its compo-
nents, thereby centering our analysis on the terrestrial carbon sink within a broader
context.

Sobol’ Analysis

The Sobol’ analysis applies variance decomposition to calculate sensitivity measures,
making it a powerful tool for quantifying the proportion of uncertainty in output
variables attributable to uncertainties in input parameters. This method evaluates
the variance of the conditional expectation for one or more conditioning parameters.
To investigate how the output responds to uncertainty in a single ith input parameter
(Y |xi), the conditional expectation of the output (Ex∼i

(Y |xi)) is calculated by fixing
the ith parameter while allowing all other parameters (∼ i) to vary. The variance of
this conditional expectation (Vxi

[Ex∼i
(Y |xi)]) represents the sensitivity of the output

variable to the fixed parameter. This technique can also be extended to examine
sensitivities arising from interactions between parameters by fixing pairs, triplets, or
larger combinations (e.g., Hou et al., 2015; Ricciuto et al., 2018). In this study, we
utilize first-order sensitivity indices (SIs) and total-order SIs to assess the individual
and interactive effects of input parameters. The first-order SI, which captures the
individual contribution of the ith parameter (SI1i), is defined as (Saltelli et al., 2008):

SI1i =
Vxi

[Ex∼i
(Y |xi)]

V (Y )
, (4.4)

where the output variance (V (Y )) is obtained when all parameters are perturbed.
The interactive effects of the ith parameter with all other parameters is given by the
total-order SI (SItoti) and is given as (Saltelli et al., 2008):

SItoti = 1− Vxi
[Exi

(Y |x∼i)]

V (Y )
, (4.5)
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where the variance of the conditional expectation, when all parameters except the ith

are fixed, is expressed as Vxi
[Exi

(Y |x∼i)]. Sampling over the ith parameter enables the
calculation of this expectation. Estimating the Sobol’ indices relies on finite samples
from model simulations. A bootstrapping method has been employed to estimate
sampling uncertainties in the index values. The bootstrapping method provides the
confidence interval (ranging from the 2.5th to 97.5th percentiles). If SIorderi is nearly
zero, the corresponding parameter’s influence is considered negligible. However, even
if the best estimate of SI is non-zero, and if its confidence interval includes zero,
a parameter is deemed to be not robustly influential. In this study, the Sobol’ low-
discrepancy quasi-random technique was used to generate the initial matrices required
for parameter perturbations. This technique enhances the sampling of the uncertainty
space by utilizing low-discrepancy sequences.

The Sobol’ analysis is computationally more intensive than the Morris method.
While Morris employs sparse sampling of the high-dimensional parameter space,
variance-based decomposition requires denser sampling. Increasing the number of
parameters in the analysis necessitates more perturbation points for effective sam-
pling. As a general guideline, calculating the first and total-order SIs requires a total
of N × (k+2) evaluations, where N represents the number of perturbation points per
parameter, and k denotes the number of parameters in the targeted set (Saltelli et al.,
2008). For this study, a targeted set of 11 to 15 parameters with 512 perturbation
points was used for the Sobol’ analysis for each biome, resulting in 6,656 to 8,704
model evaluations depending on the biome-specific targeted parameters derived from
the Morris elementary effects method. It is important to note that the Sobol’ analysis
was conducted only for the biome-specific targeted sets of 11-15 input parameters and
not for the combined parameter pool of 30 parameters spanning all biomes.

An artifact of the estimator used (as detailed in the Appendix A.1.4) can result in
Sobol’ indices being negative or exceeding one. Furthermore, the confidence intervals
might cross zero and/or one. There may also be instances where best estimate values
of SItoti are lower than SI1i suggesting an absence of robust interactions among the
ith parameter and other parameters.
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4.3 Results

4.3.1 Morris Elementary Effects Method

We find that over 80% of the parameters (more than 100 out of 124) have negligible
influence across biomes, output variables, and the two statistical measures (projected
20-year means and projected change in 20-year means). Only a small subset, typ-
ically five to ten, have any influence on any given output variable for any biome
location. The targeted set of parameters are inclusive of most processes. Notably,
only fire-related parameters are found to be non-influential. The absence of fire-
related parameters may be because the fire module within CLASSIC performs better
for larger spatial scales that for a grid cell.

The top-ranked parameters from the Morris results were combined across all out-
put variables and the two statistical measures. By doing so, we reduce the number
of parameters used in Sobol’ from 124 to 11-15 for each biome location. An anal-
ysis of the parameter with the highest κ value for each output variable and biome,
along with the relative position of vmax compared to the top-ranked parameter was
conducted (not shown). This analysis revealed that vmax is the parameter with the
highest influence for a majority of the carbon variables for future 20-year mean (81
out of 91 variable-biome combinations) and projected change in 20-year means (70
out of 91 combinations). Across all cases, vmax consistently ranks among the top
five parameters.

In addition to vmax, a few parameters are consistently present across different
biomes and output variables (e.g., the mean root distribution profile (abar), the max-
imum rooting depth (mxrtdpth), leaf lifespan (lfespany)). While these parameters
reoccur for both the statistical measures, there are a few parameters that occur only
for the projected means, but not for the projected change in 20-year means or vice-
versa (e.g., kn). The Morris screening test has effectively reduced the dimensionality
of the parameter space, making it more manageable for subsequent Sobol’ analysis.
The targeted sets of 11-15 parameters used in the Sobol’ analysis dominate the uncer-
tainty in any of the output variables. The following Subsection depicts the uncertainty
of NBP due to the targeted parameters for each biome location.
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Figure 4.2: Uncertainty of NBP due to variations in targeted parameters for each
biome location, for the historical means (1995-2014) (h20), projected means (2081-
2100) (f20), and projected change in 20-year means (∆). The whiskers enclose the
95th percentiles, while the box encloses the interquartile range. NBP associated with
the default parameters is denoted as the red dot.

4.3.2 Parametric Uncertainty of NBP

Figure 4.2 depicts the uncertainty of NBP for the 20-year historical means (h20),
projected 20-year means (f20), and projected change in 20-year means (∆) due to
variations in targeted parameters for each biome location. Here, positive NBP values
indicate sinks of atmospheric carbon, and negative values indicate sources of carbon.
While some biomes remain either a sink (e.g., tropical broadleaf) or source (e.g.,
temperate broadleaf) regardless of the choice of parameters, other biomes switch signs
(e.g., temperate grassland and boreal deciduous). This ambiguity arises because of
strong parametric uncertainties of NBP. In most cases, the default NBP values (red
dots) fall within the 95th percentile values. Prominent changes in the median NBP are
seen at the temperate broadleaf, temperate grassland and boreal deciduous locations,
as we move from the recent past to the end of the 21st century. The uncertainty
ranges of NBP for the three situations are greatest at the tropical broadleaf location,
and the least at the tundra location. The uncertainty at the tundra location does
not account for the release of carbon through thawing of permafrost, as this process
is not fully accounted for in the model version we have used. The uncertainty of
the NBP values increases as we progress from the 20-year historical means to the
projected 20-year means. This increase in uncertainty is because the system has a
longer time to allow for the manifestation of the parameter uncertainties onto the
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output variable. It is important to understand if there are specific parameters, or a
parameter subset, which dominates the variance of the parametric uncertainty. Thus,
a deeper investigation of parametric uncertainties is needed, and we use the Sobol’
analysis to identify which parameters exert the greatest influence among all influential
parameters.

4.3.3 Sobol’ Analysis

Figure 4.3a displays the first-order sensitivity indices (SI1) for the projected 20-year
mean NBP for each parameter and biome. The displayed parameters represent a
compilation of influential parameters identified by the Morris method across all biomes
and output variables. While filled symbols denote indices with confidence intervals
that do not overlap zero, open symbols represent indices where the confidence intervals
do overlap zero. Only indices with confidence intervals clearly distinct from zero are
regarded as robustly influential.

The influential parameters vary for different biome locations. Certain param-
eters are robustly influential at specific biome locations (e.g., upper temperature
limit for photosynthesis (tup) at tropical grassland, abar at temperate broadleaf, and
quantum efficiency (alpha_phtsyn) at tundra). In contrast, others show non-robust
SI1, as seen with the photosynthetic parameters vmax, canopy light extinction co-
efficient (kn), and alpha_phtsyn at the tropical broadleaf location, which exhibit
broad confidence ranges extending beyond zero and one. Across all biome locations
(excluding tropical broadleaf), parameters related to photosynthesis (e.g., vmax, kn,
alpha_phtsyn) and rooting (e.g., abar) are the most recurrent influential parameters.
Parameters related to phenology (e.g., lfespany) and autotrophic respiration (e.g.,
growth respiration coefficient, grescoef) are less recurrent, while all other parameters
have negligible or no first-order influence. At the temperate grassland location, the
presence of phenology parameters leaf-fall threshold temperature (coldthrs) and the
required days of sub-threshold temperature to trigger leaf loss (coldlmt) indicate that
the uncertainty of the carbon sink at this biome location is affected by cold temper-
atures. The individual effects of vmax are less than 25% for a majority of the biome
locations, while that of abar for a few biome locations is greater than 25%, where the
percentage values relate to the variances. The influential parameters grouped by the
processes for the projected 20-year NBP mean are summarized in Table 4.3.

Interactive effects are seen for some of the parameters that have first-order
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Figure 4.3: (a) First and (b) total-order SIs, and their confidence intervals for the
top-ranked parameters across biomes (open symbols) for the projected 20-year mean
NBP. Filled symbols represent robust SIs. Total order indices are plotted only where
SItot greater than SI1. The parameters are grouped according to the processes.
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Table 4.3: The projected 20-year NBP mean’s influential parameters grouped according to the processes, for each biome
grid cell. The asterisk denotes parameters influential through robust interactive effects. Influential parameters for tropical
broadleaf location are denoted as NA, as the confidence intervals are broad and overlap for various parameters.
Biome Photo-

synthesis
Phenology Rooting Physical

fluxes
Turnover Auto-

trophic
respiration

Hetero-
trophic
respiration

Mort-
ality

Alloc-
ation

TrBd NA - NA NA NA - - - NA
TrGr tup,

vmax,
alpha_phtsyn,
kn,
sn,
vpd0

- abar∗,
mxrtdpth∗,
avertmas∗,
alpha∗

ZOLNG - grescoef - - -

TeBd kn∗,
alpha_phtsyn∗,
vmax∗

lfespany∗ abar∗ - - grescoef tanhq10 maxage -

TeGr vmax∗,
alpha_phtsyn,
kn

lfespany,
coldthrs,
coldlmt

abar,
mxrtdpth∗,
avertmas∗

- - grescoef ∗ - - -

TeCo vmax∗ - abar,
alpha∗

- - - - - -

BoDc vmax,
alpha_phtsyn,
kn

lfespany∗ abar∗,
avertmas∗

- - grescoef - - -

Tu vmax∗,
alpha_phtsyn∗,
kn∗

lfespany∗

minslai∗
mxrtdpth∗ - - grescoef - - -



90

influence, and for a few that do not have any first-order influence (Figure 4.3b). At
the tropical broadleaf location, of all the parameters, only grescoef has an interactive
effect. On the other hand, at the tundra location, multiple parameters from photosyn-
thesis, phenology and rooting processes have interactive effects. The photosynthetic
parameters have interactive effects at five locations for vmax, four locations for kn,
and tropical broadleaf and tundra locations for alpha_phtsyn. The parameters that
show robust interactive effects are denoted with an asterisk in Table 4.3. Although we
have identified parameters with interactive effects, it is difficult to determine which
two or more parameters interact. The interacting parameters could be shown by
second- or third-order indices, but the computational cost of required for calculating
these is too high.

Figure 4.3a indicates that vmax is among the five most influential parameters for
four out of seven biome locations. To further explore this influence, we present the
relationship between the projected 20-year NBP mean and vmax across the biome
locations, with all parameters in the targeted set varied within their respective uncer-
tainty ranges (Figure 4.4). The shaded hexagons in the figure show the conditional
distribution of NBP values for different vmax values, where darker shades indicate
regions with a higher density of model simulations. The solid magenta line represents
the conditional expectation of NBP as a function of vmax, providing insight into the
overall trend and strength of their relationship. The extent to which the conditional
expectation changes with vmax corresponds to the conditional variance of NBP, as
quantified by SI1 in Figure 4.3a. The spread of hexagons around the conditional
expectation reflects the uncertainty of NBP caused by the simultaneous variation of
other parameters in the targeted set for given vmax values. The blue lines mark
the 25th and 75th percentile curves of the conditional distribution. Some extreme
NBP values may arise due to particular parameter combinations, as indicated by the
faintest shaded hexagons. This conditional spread helps understand the sampling
variability through bootstrapping, which is reflected in the confidence intervals of
Figure 4.3a. Longer tails of the conditional distribution result in broader confidence
intervals. The red arrows in the figure correspond to the default 20-year mean NBP
values obtained when no input parameters are perturbed (red dots in Figure 4.2).
The horizontal axis denotes scaled vmax, which corresponds to a different range of
dimensional values of this parameter for each PFT.

The response of the projected 20-year NBP mean to variations in vmax exhibits
distinct biome-specific patterns (Figure 4.4). Biomes such as tropical broadleaf, trop-
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Figure 4.4: Conditional distributional of projected 20-year NBP mean for all biomes,
for changes in vmax, along with the conditional mean (magenta coloured line), and
conditional 25th and 75th percentile curves (blue lines).
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ical grassland, and boreal deciduous predominantly act as carbon sources across the
uncertainty range of vmax, whereas temperate broadleaf, temperate grassland, tem-
perate conifer, and tundra act as carbon sinks. Among all biome locations, tropical
broadleaf is the only location close to being consistently a source. Both sources and
sinks are simulated at all other locations.

The conditional expectation of NBP differs among biome locations. For all the
three temperate locations, there are very small changes to the conditional expectation
of NBP for larger values of vmax. The conditional expectation follows a sigmoidal
curve for the tropical grassland, temperate grassland and boreal deciduous locations,
and becomes increasingly negative for the tropical broadleaf location. The strongest
variance of the conditional expectation occurs at the tropical broadleaf location. The
associated conditional spread is broad at this location, and can be seen as a broad
confidence interval in Figure 4.3a. On the other hand, at the temperate broadleaf
location, even though the variance of the conditional expectation is the least among
all biome locations, the conditional spread is the narrowest, denoting the smallest SI1
value and narrowest confidence interval range in Figure 4.3.

At the tropical broadleaf, tropical grassland, temperate grassland, and boreal
deciduous locations, NBP decreases for larger values of vmax. To investigate this
further, we assess the gross primary productivity (GPP ; 10−8 kgC m−2 s−1), au-
totrophic respiration (Ra; 10−8 kgC m−2 s−1), heterotrophic respiration (Rh; 10−8

kgC m−2 s−1), and CO2 emissions due to forest fire (fF ire; 10−9 kgC m−2 s−1) for an
example biome location, the tropical broadleaf (Figure 4.5). We notice that the four
fluxes increase for larger vmax values. As GPP increases, the amount of biomass in
the location increases. This increase in biomass increases the autotrophic respiration
rate through the live components (e.g., stem, root and leaves) and heterotrophic res-
piration rate through the dead components (e.g., bark, litter). The indirect effects of
less precipitation (Figure A.2a), high temperature (Figure A.2b), and the availability
of fuel in terms of biomass, are felt by the fire module, thereby increasing fF ire as
well. From these four components, we observe that the conditional mean’s value of
the projected 20-year NBP mean value e.g., at the 0.1th quantile of vmax’s uncer-
tainty ranges is -1.35 × 10−9 kgC m−2 s−1 and -9.104 × 10−9 kgC m−2 s−1 for the 0.9th

quantile of vmax’s uncertainty ranges. The reduction in NBP for bigger vmax values
is due to a higher release of CO2 into the atmosphere through ecosystem respiration
and wildfires. A similar comparison for the historical NBP and its components when
the CLASSIC model is forced with reanalysis and with CanESM5 data is provided
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in Appendix A.2.1. From Figures 4.3a and 4.4 it is clear that vmax’s influence is
lesser for the projected 20-year mean NBP. Other parameters for example, tup for
the tropical grassland, abar for temperate broadleaf and alpha_phtsyn for the tundra
locations have strong individual influence (Figure 4.3a). Figure 4.6 shows the condi-
tional distribution for these most influential parameters for individual biomes. When
comparing Figure 4.6 with Figure 4.4, there is a clear dependence of the conditional
expectation on the parameter value. Although the dependence of the conditional ex-
pectations for vmax and tup look like they are of the same magnitude, the variance is
larger for tup. This feature is seen as bigger SI1tup for the tropical grassland location
in Figure 4.3a. The conditional spread is also relatively narrow for tup, as shown by
a comparatively less broad confidence interval in Figure 4.3a.

The first and total-order SI and confidence intervals for the difference between the
projected 20-year (2081-2100) mean NBP and 20-year historical (1995-2014) mean
NBP are presented in Figure 4.7 for each parameter/biome. The best estimates
of the SI values of the projected change in 20-year means are similar to those of
the projected 20-year means (Figure 4.3) for all biome locations except the tropical
broadleaf location for both the first and total orders. This similarity implies that the
influential parameters for the two statistical measures do not differ much (described
further in the Discussion and Conclusions section). The overlap in broad confidence
intervals of SI1 is the greatest at the tropical grassland location across all parameters.
Robust ranking of the parameters cannot be assigned due to the overlap.

Additionally, the confidence intervals of SI1 for the mean root distribution profile
(abar) are broader across all biome locations for the projected change in the 20-
year NBP mean, indicating that this rooting parameter is highly non-robust for this
statistical measure. The only major difference in total-order SI (Figure 4.7b) is
that abar’s interactive influence reduces at the tundra location. The conditional
distribution of the projected change in 20-year means to changes in vmax (not shown)
indicates a similar story. There are no substantial differences between the conditional
distributions of the projected 20-year NBP mean and the projected change in 20-
year means. Table 4.4 provides a summary of the influential parameters for the
projected change in 20-year means for all biome locations except the tropical broadleaf
due to broad overlapping confidence intervals. We can see modest differences in the
influential parameters from those in Table 4.3.
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Figure 4.5: Similar to Figure 4.4, but for the four components of NBP (a) GPP (10−8

kgC m−2 s−1), (b) Ra (10−8 kgC m−2 s−1), (c) Rh (10−8 kgC m−2 s−1), and (d) fF ire
(10−9 kgC m−2 s−1) , simulated at the tropical broadleaf location.
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Figure 4.6: Similar to Figure 4.4, but for the changes in most influential parame-
ters for three biome locations (a) tropical grassland; tup, (b) temperate broadleaf;
abar, and (c) tundra; alpha_phtsyn. Multiple parameter values are used for each
biome location. PFT-specific parameter values are scaled to (0,1) for representation
purposes.

4.4 Discussion and Conclusions
In this study, we address the extent to which parameter uncertainties influence the
future carbon sink projections in terrestrial biosphere models, in the context of the
CLASSIC model. Additionally, we compare parameters driving the uncertainties of
the projected change in means of the carbon sink from the historical to future periods.
The projected change in carbon sink shows substantial parametric uncertainty across
individual grid cells for seven different biomes (e.g., default value of -2 µgC m−2 s−1

for the projected change in 20-year NBP mean with uncertainties ranging from -6 to
0 µgC m−2 s−1 at the boreal deciduous location). One way to reduce uncertainties
in the carbon sink is by tuning the influential parameters, which can be identified by
GSA as shown in our study.

The Morris screening results for the projected 20-year mean NBP and the pro-
jected change in 20-year means closely resemble those from Chapter 3. In the previous
study, the CLASSIC model was driven by reanalysis data (CRUJRAv2; Harris, 2019;
Kobayashi et al., 2015) and used the 30-year historical NBP mean and trend as sta-
tistical measures for the GSA. While the targeted parameters used in Sobol’ for each
biome location differs slightly between the previous and present studies, the total
number of parameters within the targeted-set across all biomes is comparable
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Figure 4.7: (a) First and (b) total-order SIs, and their confidence intervals for the
top-ranked parameters across biomes (open symbols) for the projected change in 20-
year means. Filled symbols represent robust SIs. Total order indices are plotted only
where SItot greater than SI1. The parameters are grouped according to the processes.
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Table 4.4: The influential parameters grouped according to the processes, for the projected change in 20-year means, for
each biome grid cell. The asterisk denotes parameters influential through robust interactive effects. Influential parameters
for tropical broadleaf location are denoted as NA, as the confidence intervals are broad and overlap for various parameters.
Biome Photo-

synthesis
Phenology Rooting Physical

fluxes
Turnover Auto-

trophic
respiration

Hetero-
trophic
respiration

Mort-
ality

Alloc-
ation

TrBd NA - NA NA NA NA - - NA
TrGr vmax∗,

alpha_phtsyn,
kn,
vpd0,
tup,
sn∗

- abar,
mxrtdpth∗,
avertmas∗,
alpha

ZOLNG - grescoef - - -

TeBd vmax∗,
kn∗,
alpha_phtsyn∗,
beta2∗

coldthrs∗ abar,
avertmas∗

- - - tanhq10 maxage -

TeGr alpha_phtsyn,
kn∗

lfespany,
coldthrs,
coldlmt∗

abar,
mxrtdpth

- - - - - -

TeCo vmax,
tlow∗,
sn∗

lfespany abar,
avertmas,
alpha∗

- - - - maxage -

BoDc vmax∗,
alpha_phtsyn,
kn

lfespany∗ abar∗,
avertmas,
alpha

TCCLAY ∗,
TCSAND
ZOLNG

- grescoef ∗ - - -

Tu vmax∗,
alpha_phtsyn∗,
kn∗

lfespany∗,
minslai

- ZOLNG∗ - grescoef - - -
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(30 in the present study vs. 29 previously). Parameters related to the processes
heterotrophic respiration and turnover were not influential through either of the two-
steps in GSA in the previous study, but are influential in the present study due to
the driving climate at the specific grid cells.

Photosynthetic and rooting parameters identified as influential in the earlier study
through the Sobol’ analysis remain influential for both the future projections and pro-
jected changes in 20-year means. However, certain parameters such as the exponential
parameter for allometric scaling of green leaf biomass (kappa) and the percentage of
maximum leaf area index that can be supported (thrprcnt), the near infra-red albedo
(albnir) and natural logarithm of roughness length of snow (ZOLNS), and the min-
imum live wood fraction (minlvfr) lose their influence when simulations are forced
by CanESM5 instead of CRUJRAv2. In the present study, new influential param-
eters emerge for the projected conditions, including the photosynthetic parameters
maximum intercellular [CO2] (co2imax) and tup, the parameter which consists of the
constants used in the hyperbolic tangent (tanh) formulation of heterotrophic respira-
tion determination function (tanhq10), and the turnover timescale for root (rootlife).
A majority of the parameters mentioned in this paragraph that were not included in
the targeted set for Sobol’ in the corresponding study, have very small Euclidean
distances (κ). These small κ valued parameters do not appear within the top 15
parameters for individual output variables, and are unlikely to appear as a result of
sampling variability.

In Chapter 3 we observed that temperature-related parameters influencing heat-
induced mortality and heterotrophic respiration, such as tup and those within tanhq10,
were non-influential for the historical carbon sink across all biome locations. However,
in the present study, which examines the future carbon sink, both tup and tanhq10

emerge as influential based on the Sobol’ results. Specifically, tup is influential for the
gross primary productivity at the tropical grassland biome (not shown) and strongly
influences the uncertainty in NBP. Similarly, tanhq10 is influential for the litter car-
bon pool at the temperate broadleaf location (not shown). These results show that
the uncertainties in these parameters are important from the point of view of the
overall parametric uncertainty. The parameter tanhq10’s influence is less than 20%
of the whole variance for the two statistical measures, while that of tup is greater
than 50%, although with a broad confidence interval.

The subset of the highest-ranked influential parameters identified using the Sobol’
analysis remains consistent for both the projected 20-year NBP mean and the pro-
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jected change in 20-year means. This consistency could be a consequence of the vari-
ance of the projected values resulting from parameter variations being substantially
larger than the historical values. Or in other words, the variations in the projected
change are being driven by variations in the projected 20-year NBP mean with little
influence from variations in the 20-year historical means. This finding indicates that
the sensitivity of the late historical mean may not be relevant if we are interested in
the sensitivity of the mean NBP at the end of the century. The selection of an appro-
priate measure should be chosen by the specific research question being addressed, as
different measures may capture distinct aspects of variability in the output variable
as shown in Chapter 3. The consistency in the subset of highest-ranked influential
parameters varies if a different future time period, rather than when 2081-2100 is used
(as noted below). It may also vary if a different SSP scenario is used (experiments not
conducted). We noticed that the inter-decadal variability in the evolution of NBP for
the SSP5-8.5 scenario was high at each biome location (Figure A.6). In these time
series evolutions, the NBP values switched signs, even for the default state where no
parameters were perturbed. A comparison of SI values of the projected changes in
20-year NBP means for the late historical (1995-2014) and early future (2015-2034)
time periods are provided in the Appendix . The Zenodo link provided in Section
A.4 contains a comparison of SI values (Similar to Figure 4.3) for projected 10- and
20-year NBP means of different time periods. Interested readers are suggested to
have a look at the figures in the Zenodo repository.

We find that the sensitivity of NBP to most influential parameters varies between
the historical period (not shown) and the future period. Notably, the influence of
certain parameters, such as the vmax, is projected to decrease from the recent past
to the late 21st century. The best estimate values of the total-order effect of vmax

(SItotvmax) that accounts for both individual and interactive effects, exceeded 50% for
historical NBP across most biome locations. However, this influence was compara-
tively lower for the projected 20-year NBP mean, as shown in Section 4.3.3 . This
decline in vmax’s influence aligns with findings from Canadell et al. (2023), which
show that the terrestrial biosphere’s capacity to absorb anthropogenic CO2 emissions
is expected to weaken over time in the future. The reduction in sensitivity of NBP to
vmax indicates that as atmospheric [CO2] rises, the carbon cycle processes become
increasingly constrained by factors other than the photosynthetic capacity (e.g., root-
ing processes). This change in influential processes has implications for future land
carbon sink projections, leading to a reduced ability of terrestrial ecosystems to miti-
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gate rising atmospheric [CO2]. The study by Seiler et al. (2024) separates the effects
of rising [CO2] from those of climate change, showing that increasing temperatures
reduce NBP while elevated [CO2] counteracts this decline. The identification of tup
as an influential parameter in our study supports their conclusion that temperature
is one of the key influences on the changes in the terrestrial carbon balance. How-
ever, since tup is influential only at the tropical broadleaf location, processes such as
rooting, represented by the mean rooting profile (abar), plays a more dominant role
in influencing NBP at the other biome locations. At these locations, the land and soil
carbon pools are the most sensitive to uncertainties in abar (not shown), implying
that the respiration through deep-rooted vegetation eventually affects NBP and its
uncertainty.

The parameter vmax turns out not to be particularly influential for many biome
locations for the projected NBP mean or the projected changes in NBP through
the first-order Sobol’ effects. Many previous studies where the land surface model
was forced using available observational meteorological data instead of reanalysis or
model output data have identified vmax to be among the most influential parameters
for various carbon cycle variables (J. Li et al., 2016; Ma et al., 2020; Rodriguez &
Espíndola, 2024; Xing et al., 2023; Zhu & Zhuang, 2014). These studies have also
performed model optimization related to the components of NBP by tuning vmax

as one of the parameters. Due to its reducing influence over time, when performing
tuning experiments for the projected carbon sink, vmax should be used with multiple
parameters. Our results support previous finding that tuning cannot rely on vmax

alone, irrespective of the output variable considered.
A further analysis similar to Figure 4.5 was performed for the historical NBP

(Supplemental document). The components of NBP, when the CLASSIC model is
simulated with reanalysis data (Chapter 3) and with CanESM5 data, were compared.
From this analysis, we find that the same location (e.g., tropical broadleaf) acts as a
source or sink of carbon depending on the forcing used. The finding indicates that
the uncertainty of the carbon sink is also influenced by uncertainty in the forcing,
beyond parameter or model uncertainty. Thus, the uncertainty in NBP cannot be
addressed solely through tuning the influential parameters.

We varied all parameters proportionally among the PFTs. By doing so, we have
reduced the number of parameters by a factor of nine. By not including the nitrogen
and methane cycles, or the state variables for moss and peat, we have reduced the total
number of input parameters to 124. Additionally, by not including the nitrogen cycle,



101

we have also reduced the spin-up time from many thousand years (Seiler et al., 2024)
to 500 years for each run. Excluding the conditions mentioned, the computational
expense for the GSA study still required around 120,000 CPU hours or approximately
15 CPU years to simulate the Morris and Sobol’ runs for just seven grid cells. Even
after using 15 CPU years, the confidence intervals are broad for the sensitivity of
NBP to the influential parameters. Performing global runs with the whole model will
be computationally prohibitive owing to the number of terrestrial grid cells that have
to be considered, and is likely out of scope for any study for the foreseeable future.

Though the computational expense will be substantial, identifying the influential
parameters for the projected global terrestrial carbon sink will be useful for refining
the terrestrial biosphere model(s). We encourage future studies to use emulators for
the terrestrial biosphere model(s) instead of using the whole model within the GSA.
Emulators are less complex and have comparatively lesser computational demand,
as they are statistical proxies of the model. These proxy models have been success-
fully used in previous GSA and optimization studies for small-scale studies (Baker
et al., 2022; Gao, Avramov, Saikawa, & Schlosser, 2021; McNeall et al., 2023, 2020;
Petropoulos et al., 2014).

This current study presents the first GSA of projected future carbon cycle vari-
ables simulated by a terrestrial biosphere model, the CLASSIC model. The GSA is
an essential step for model parameter calibration, and our findings show that only a
small subset of input parameters (11-15) influence the projected future 20-year means
and projected changes in 20-year means of output variables. The Morris elementary
effects method consistently identified the maximum carboxylation rate (vmax) among
the top five parameters across different biome locations, output variables, and the two
statistical measures considered. The Sobol’ analysis revealed that not all parameters
obtained through Morris remain influential. We notice that vmax’s influence on the
uncertainty of NBP reduces, and that of the mean rooting profile (abar) increases
by the end of the 21st century. Additionally, even after substantial computational
usage of approximately 15 CPU years, robust ranking of the influential parameters
is difficult due to overlapping confidence intervals. Given these results, future model
optimization efforts should use multiple parameters including vmax to reduce the
uncertainty in projected carbon sinks. The subset of influential parameters obtained
through the GSA depends on the statistical measure used (e.g., mean vs. trends as
shown in Chapter 3), but we notice that the influence of parameters do not vary
much between the projected mean and the projected change in 20-year means in the
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present study. This similarity is likely driven by the substantially larger variance in
the future period resulting from parameter variations compared to the historical pe-
riod. By identifying the influential parameters that affect the projected carbon sink’s
uncertainty, we help improve the terrestrial biosphere models used for simulating the
future land carbon sink.

A compilation of the results from the three main chapters, and research outlook
are provided in the upcoming chapter.
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Chapter 5

Conclusions

Some of the uncertainties in Land surface models (LSM) are due to uncertainty in
input parameters. These uncertainties can propagate through the model and influ-
ence the simulated outputs. In this research, I have systematically quantified these
parametric uncertainties using a two-step global sensitivity analysis (GSA) approach.
By applying this approach within the context of CLASSIC, I identified the most in-
fluential parameters and/or processes that drive the variability in carbon cycle and
energy flux variables across different biomes and climate scenarios. The following
paragraphs summarize the important findings and implications of this research.

5.1 Research Questions
The main research questions posed in this work were:

1. Is there a common set of parameters that substantially influence the majority
of ecosystem output variables simulated at an eddy covariance site?

2. Which parameters substantially affect the uncertainty of the historical carbon
sink for different biomes?

3. Which parameters substantially affect the uncertainty of future carbon sink
projections for different biomes?

General Findings

The preliminary qualitative Morris screening test revealed that only about 15–17% of
the input parameters had any influence for any given setting. The number of influen-
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tial parameters identified through the subsequent quantitative variance-decomposition
based Sobol’ method varied across the different chapters, as briefed in the following
subsections.

Question 1

In Chapter 2, CLASSIC was forced using available meteorological observations at a
tropical broadleaf eddy covariance site. GSA was performed for the 11-year means
for a broad range of output variables. Only two parameters were found to be influen-
tial. The two parameters were the maximum carboxylation rate (vmax) and canopy
extinction coefficient (kn). These two parameters were influential for not just gross
primary productivity (GPP ), but for a wide range of output variables ranging from
carbon and water cycle variables to turbulent and radiative heat fluxes. The influen-
tial parameter subset was very small and as mentioned, had only two parameters, and
it was found that vmax and kn were the only parameters to have robust interactive
effects. By combining and studying the conditional influences of vmax and kn on
GPP, it was noted that GPP reduces for fixed values of vmax, and bigger values of
kn.

Question 2

In Chapter 3, CLASSIC was forced using reanalysis data. The GSA was performed for
two statistical measures namely, the 30-year mean and 30-year trend. The numbers
of influential parameters identified through the Morris and Sobol’ methods were close
for the historical carbon sink. The ranking of parameters through the Sobol’ method
was not possible because of the sampling uncertainty in terms of the overlapping
confidence intervals for multiple parameters. The large sampling uncertainties for
the 30-year NBP mean and 30-year NBP trend were noticed even after substantial
computational effort.

By grouping parameters based on their associated processes, it was observed that
photosynthesis, rooting, and phenology-related parameters were consistently influen-
tial for the historical carbon sink. While the parameters related to physical fluxes,
mortality, and allocation were rarely influential. Those parameters related to het-
erotrophic respiration, fire, and turnover exhibited no influence across biome loca-
tions.
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The interactive effects were not robustly greater than the individual effect for
multiple parameters. Conversely, many past GSA studies have observed both indi-
vidual and interactive effects among influential parameters in (e.g., Y. Li et al., 2022;
Ma et al., 2020; Pappas et al., 2013; Zhu & Zhuang, 2014). Robust interactive effects
of a few parameters were evident in Chapter 3, for example, as denoted by vmax’s
total order effects at five of seven biome locations. The presence of multiple influen-
tial parameters complicated the identification of interactions among them, unlike in
Chapter 2.

The highly influential parameters identified using the Sobol’ method were consis-
tent across both statistical measures. In contrast, parameters with lower Euclidean
distance values in the Morris method, but used in the Sobol’ method varied between
the two measures. The relative influence of each parameter within the targeted pa-
rameter set also differed depending on the statistical measure used. To ensure effective
model tuning, the selection of influential parameters through GSA should align with
the specific optimization problem.

Question 3

In Chapter 4, CLASSIC was forced with bias-adjusted CanESM5 data. GSA was per-
formed for two statistical measures, the projected 20-year means, and the difference
between the projected 20-year mean and the historical 20-year mean. Results from
this chapter indicate that the influential parameters governing the projected mean
carbon sink were more easily identifiable than those for the historical mean carbon
sink in Chapter 3, except at the tropical broadleaf site. The future period allows more
time for the parameter uncertainties to manifest themselves on the output variable,
making it easier to assess the impact of parameter uncertainty on the uncertainty of
the output variable.

The influential parameters for the changes in projected 20-year mean values can
be identified, though less easily than the projected 20-year mean. The Sobol’ method
showed similar results for the influential parameters obtained for the two statistical
measures. Though not as broad as in Chapter 3, large sampling uncertainties were
still seen for the two statistical measures with respect to NBP. The uncertainties were
seen despite extensive computational efforts. The broad and overlapping uncertainties
made it difficult to robustly rank the parameters through the Sobol’ method for the
sensitivity of the carbon sink. Parameters related to all processes except fire, were
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influential to some extent.
The influence of vmax on the projected carbon sink diminishes toward the end

of the 21st century. Instead, other parameters, such as the upper photosynthetic
threshold temperature (tup) at the tropical grassland, the mean root distribution pro-
file (abar) at temperate broadleaf, temperate grassland, temperate conifer and boreal
deciduous biomes locations, and the quantum efficiency parameter (alpha_phtsyn)
at tundra, become more influential than vmax.

The projected 20-year NBP mean values decrease with higher vmax values at
certain biome locations, an outcome that is counterintuitive. This outcome happens in
the context of increasing temperature under SSP5-8.5, and was explained by increased
biomass, which not only absorbs atmospheric CO2, but also enhances CO2 release
through environmental respiration. The increased biomass provides more fuel for
wildfires, thereby adding to the CO2 release into the atmosphere.

5.2 Research Outlook
The choice of statistical measure should align with the research question. If the ob-
jective is to optimize the model’s trends, the statistical measure used in the GSA
should correspond to trend-based assessments, as influential parameters vary across
different statistical approaches (e.g., those used in Chapter 3). Using statistical mea-
sures that do not pair with the research objective in GSA and optimization problems
may yield less robust results. Conversely, if the research question focuses on optimiz-
ing differences between the late historical and late future periods’ carbon sink values
(as in Chapter 4), it is appropriate to use the influential parameters identified from
projected future means.

The results from the GSA study of the terrestrial carbon sink indicate that the
influence of vmax is reducing over time, and rooting processes are becoming more
important. When tuning parameters for the carbon sink, multiple parameters includ-
ing vmax should be used, instead of solely relying on the effects of vmax. Simulating
a highly process-based, complex LSM like CLASSIC is computationally expensive.
For example, the GSA simulations in this study ran for approximately 25 CPU years
using 120 processors for just seven grid cells. Scaling such analyses to a global scale or
across multiple forcing datasets would require vastly more computational resources,
making brute-force approaches infeasible. Optimizing for a particular region may pro-
duce worse results elsewhere, and has to be performed for numerous regions globally.
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But, computational demand to run the full model on a global scale is impractical.
To overcome these limitations, future GSA and optimization efforts could use

Machine Learning (ML)-driven surrogate models. Surrogate models trained on a
subset of full-model simulations can rapidly approximate the response of the LSM to
parameter perturbations, drastically reducing computational costs (Baker et al., 2022;
McNeall et al., 2023, 2020; Petropoulos et al., 2014). Machine learning algorithms
could also be used to identify non-linear parameter interactions, to refine parameter
uncertainty estimates, and improve optimization efficiency.

Additionally, ML techniques such as reinforcement learning and Bayesian opti-
mization could streamline parameter tuning by iteratively selecting the most infor-
mative parameter sets to evaluate, rather than relying on exhaustive sampling. By
reducing the dimensionality of the optimization space through GSA and integrating
ML-driven surrogate models, future studies can improve computational efficiency and
enhance the predictive accuracy of terrestrial carbon sink projections.

5.3 Concluding remarks
By identifying the most influential parameters and the associated processes driving
terrestrial carbon cycle variables, this research serves as a foundation for a deeper
understanding of CLASSIC and paves the way for better model optimization efforts.
Reducing uncertainty in simulated terrestrial carbon fluxes, particularly the carbon
sink, is critical for improving the accuracy of assessments such as the Global Carbon
Budget (Friedlingstein et al., 2024) and future projections by the Intergovernmental
Panel on Climate Change (Canadell et al., 2023). These improvements can, in turn,
support more informed climate mitigation strategies.

As the first GSA conducted using CLASSIC, I am sure this work will contribute to
the development of more robust terrestrial carbon cycle variables, strengthen future
climate projections, and ultimately aid in shaping policies for a more sustainable
future.
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Appendix A

Appendix

This Appendix contains five sections. The first section comprises of supplemental
equations common to all chapters, namely: the equations within the CLASSIC model,
dependency conversion using spherical coordinate system, detailed description of the
Morris and Sobol’ methods, and an example calculation for the Sobol’ method. The
second section contains supplemental material and figures for Chapter 4. The third
section consists of the common tables used through this research work, such as the
exact locations of the grid cells used in Chapters 3 and 4 (Table A.1) and input
parameters used in the CLASSIC model for all three chapters (Table A.2). The
Code and Data Availability is provided in the fourth section. This section contains
the repositories where the source code, input data, output data, and figures produced
during this dissertation work have been stored. The last section provides a breakdown
of the computational demand required for each main chapter.

(Ball, Campbell, & Hunter, 2000; Kanda, Kanega, Kawai, Moriwaki, & Sugawara, 2007; Kattge et al., 2020; Kays, Crawford, &

Weigand, 1980; X. Lu et al., 2013; Pappas et al., 2013; Santanello Jr, Kumar, Peters-Lidard, Harrison, & Zhou, 2013)

A.1 Supplemental Equations: Common for All
Chapters

A.1.1 Gross Primary Productivity Calculation

The photosynthesis module of the CLASSIC model simulates the gross leaf photo-
synthesis rate (Go; mol CO2 m−2 s−1). A few input parameters used in this module
are described briefly, as their importance will be analyzed in the main manuscript.
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These parameters affect the CO2 assimilation limited by Rubisco (Jc), light (Je) and
transport capacity (Js) values simulated by the model. Since our site is an evergreen
broadleaf forest, the photosynthetic rates limited by each quantity are described only
for C3 plants. The light-limited CO2 assimilation rate, Je (mol CO2 m−2 s−1), given
by Melton and Arora (2016) is:

Je = ε(1− ν)I

[
ci − Γ

ci + 2Γ

]
, (A.1)

where ν is the leaf scattering coefficient (omega_phtysn in Table A.2), I is the
incident photosynthetically active radiation (PAR; mol photons m−2 s−1), ci is the
leaf interior partial pressure of CO2 (Pa) and Γ is the compensation point of CO2

(Pa). The quantum efficiency ε (mol CO2 (mol photons)−1; alpha_phtsyn in Table
A.2) is defined as the initial slope of the relationship between CO2 assimilation and
irradiance (Farquhar et al., 1980):

ε =
mol of CO2 assimilated

mol of photons absorbed .

The Rubisco-limited assimilation rate, Jc (mol CO2 m−2 s−1), given by Melton
and Arora (2016) is:

Jc = Vm

[
ci − Γ

ci +Kc(1 +
Oa

Ko
)

]
, (A.2)

where the Michaelis-Menten constant for O2 is Ko (Pa) and for CO2 is Kc (Pa),
the partial pressure of O2 in the atmosphere is Oa (Pa) and the maximum catalytic
capacity of Rubisco is Vm (mol CO2 m−2 s−1). The triose phosphate use (TPU)
limitation carboxylation rate, Js (mol CO2 m−2 s−1), given by Melton and Arora
(2016) is:

Js = 0.5× Vm. (A.3)

The maximum catalytic capacity of Rubisco (Vm) equals vmax adjusted for tem-
perature and water stresses is defined as (Melton & Arora, 2016):

Vm =
vmaxf25(Q10)Sroot(θ)× 10−6

[1 + exp0.3(Tc − Thigh)][1 + exp0.3(Tlow − Tc)]
, (A.4)

where the standard Q10 function at temperature 25◦C is f25, canopy temperature is
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Tc (K), the lower temperature limit for photosynthesis is Tlow (K; tlow in Table A.2),
the upper temperature limit for photosynthesis is Thigh (K; tup in Table A.2), Sroot(θ)

simulates the influence of soil moisture and vmax is the maximum carboxylation
rate by the Rubisco enzyme (mol CO2 m−2 s−1; vmax in Table A.2). The three
photosynthetic states calculated above (Jc, Je, and Js) are combined to compute Go

(mol CO2 m−2 s−1):

Jp =
(Jc + Je)±

√
(Jc + Je)2 − 4β1JcJe
2β1

, (A.5)

Go =
(Jp + Js)±

√
(Jp + Js)2 − 4β2JpJs
2β2

, (A.6)

where β1 and β2 are the photosynthetic coupling or curvature coefficients (Table
A.2), and the positive root of Eq. A.5 is used in computing Eq. A.6. The minimum
of the positive roots from these two equations, Gr (i.e., min(Jp, Go)) determines if
the photosynthetic process is limited by the availability of Rubisco, light, or the
transport capacity. The gross leaf photosynthetic rate (Gr) is scaled to obtain the
nutrient limited leaf level gross photosynthetic rate, using a down-regulation term ΞN

as (Melton & Arora, 2016):

Go,N−limited = ΞN ×Gr, (A.7)

ΞN =
1 + γgdln(ca/c0)

1 + γdln(ca/c0)
,

where the atmospheric concentration of CO2 in ppm is ca, the pre-industrial concen-
tration of CO2 (285.0 ppm) is c0, the parameter for equivalent CO2 fertilization effect
with photosynthetic down-regulation is γd (gamma_m in Table A.2) and the param-
eter for equivalent CO2 fertilization effect without photosynthetic down-regulation is
γgd (gamma_w in Table A.2). The leaf level gross photosynthetic rate (Go,N−limited)
is finally scaled to the canopy level, Gcanopy (or GPP) as (Melton & Arora, 2016):

Gcanopy = Go,N−limited × fPAR, (A.8)

fPAR =
1

kn
(1− exp−knLAI),

where fPAR is the factor for scaling photosynthesis from the leaf to the canopy, kn
(unitless, in Table A.2) represents the rate at which the canopy reduces the availability
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of light, and the green leaf area index is given by LAI (m2 leaf (m2 ground)−1).
The maximum carboxylation rate (vmax) and kn are also used to compute the

leaf maintenance respiration, RmL, that is a part of the autotrophic respiration (Ra)
from all the living components, and given by Melton and Arora (2016) is:

RmL = ςLvmaxf25(Q10d,n)fPAR, (A.9)

where the leaf maintenance respiration coefficient is ςL (unitless, rmlcoeff in Table
A.2), f25(Q10d,n) is the function that accounts for the different temperature sensitiv-
ities of leaf respiration during the day (d) and the night (n).

A.1.2 Dependency Conversion Using Spherical Coordinates

Parameters such as, the percentage of disturbed biomass that is used in short-term
storage as paper (paper), in long-term storage as furniture (furniture), and that is
combusted (combust); and carbon allocations to stem (epsilons), root (ιr; epsilonr),
and leaves (ιl; epsilonl), in Table A.2, depend on each other such that that their sum
is constrained to equal unity. The three terms can be denoted as ιa, ιb, and ιc, where

ιa + ιb + ιc = 1, (A.10)

All parameters inputted to GSA methods must be independent, and thus depen-
dent parameters (the three parameters mentioned) have to be converted to indepen-
dent variants. The dependent parameters are transformed to spherical coordinates
with a unit radius to achieve the required parameter independence (Eq. A.11). Rep-
resenting (ιa)

0.5 as x, (ιb)0.5 as y and (ιc)
0.5 as z, we achieve

x2 + y2 + z2 = 1. (A.11)

By using the spherical coordinate system, we can focus on two independent pa-
rameters (the spherical angles) to derive values for all three parameters given by:

(sinϕ cos θ)2 + (sinϕ sin θ)2 + cos2 ϕ = 1, (A.12)

where θ and ϕ are:
θ = atan

y

x
,

ϕ = asin
y

sin θ
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z = cosϕ.

A.1.3 Morris Elementary Effects Method

If Y is the model output given as: Y = f(X), where X is the input vector of n
parameters, X = {x1, x2, . . . , xn}, such that xi ∈ [mini,maxi], the elementary effects
can be computed by assigning the number of grids-to-jump; and p, the number of grid
points. The parameter ranges are then scaled to [0, 1]. The parameters are sampled
on a fixed grid, with p values spanning the range of each parameter. Step sizes of ∆
are used between parameters. The unit hypercube, made of n dimensions/parameters
and p grid points per parameter, is denoted Ω. A coarse discretization of Ω (with a
smaller p value) is needed because of the very high dimensionality and helps ensure
that the entire space is reasonably well sampled, in contrast to the variance based
GSA generally conducted on a much smaller number of parameters and for which
any value in the uncertainty range can be sampled. For simplicity and a higher
probability of selecting parameter values across the uncertainty space, if p is even, ∆
can be chosen as:

∆ =
p

2× (p− 1)
. (A.13)

It can be shown that this discretization results in good sampling of Ω (Saltelli
et al., 2008). The elementary effects values for a particular parameter are computed
by using two points in a unit hypercube. A base value x* is randomly selected for
X in the unit hypercube. The x* value is then increased or decreased by ∆ in one
coordinate, before computing the elementary effects for that coordinate. The sign of
the ∆ value is chosen such that X±∆ej still lies in the parameter space Ω, where ej

is the unit vector in the jth direction. The ∆ and p were set to 2
3

and 4 respectively
in this study.

The elementary effects values are computed for a number of trajectories (r) in
Ω to better sample the input’s variability space. If consecutive evaluations of the
jth trajectory are termed xl and xl+1, l ∈ {1, . . . , n}, the elementary effect (EE)
associated with the ith parameter is given as (Saltelli et al., 2008):

EEj
i (xl) =

f(xl+1)− f(xl)

∆
, (A.14)

if the ith component of xl is increased by ∆ and,
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EEj
i (xl+1) =

f(xl)− f(xl+1)

∆
, (A.15)

if the ith component of xl is decreased by ∆. The statistical measures: mean µ,
absolute mean µ∗ and standard deviation σ (or variance σ2) can be computed for all
input parameters after obtaining r trajectories.

µi =
1

r

r∑
j=1

(EEj
i ), (A.16)

µ∗
i =

1

r

r∑
j=1

∣∣EEj
i

∣∣ , (A.17)

σ2
i =

1

r − 1

r∑
j=1

(EEj
i − µi)

2. (A.18)

The quantity µ∗ represents the linear effects, and σ indicates the non-linear effects
of the parameter’s variation on the model output (Campolongo & Braddock, 1999).
We have used the Euclidean distance (κ) from the origin as the sensitivity measure
to identify the influential parameters. The distance from the origin can be computed
by:

κ =
√

µ∗2 + σ2. (A.19)

A.1.4 Sobol’ Analysis

The influence 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 expectation
(Ex∼i

(Y |xi)) of the output when the ith parameter is held constant, while the expec-
tation 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 parame-

ter on the output variable when all other parameters change. Similarly, variances of
output conditioned on two or more parameters can be computed to investigate the
impact of interactions between parameters.

A mathematical formalism to find the contribution of each parameter using condi-
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tional variance is given as follows (Saltelli et al., 2008). If the variations of the subset
of parameters (k) are independent and if the output f(X) is a square integrable
function with variables in X being uniformly distributed in the unit hypercube, the
output can be decomposed through a functional analysis of variance also known as
ANOVA, into terms of increasing dimensions (Saltelli et al., 2008):

f(X) = f0 +
k∑
i

fi(xi) +
k∑

i=1

k∑
j>1

fij(xi, xj) + . . .+ f12...k(x1, x2, . . . , xk). (A.20)

For simplicity, fi(xi) will be denoted as fi and so on. These terms are defined using
conditional expectations of the output Y (Saltelli et al., 2008):

f0 = E(Y ),

fi = Ex∼i
(Y |xi)− f0,

fij = Ex∼i,j
(Y |xi, xj)− Ex∼i

(Y |xi)− Ex∼i
(Y |xj)− f0,

and so on for subsequent terms, where the first order term (fi) excludes the mean
effect (E(Y )), the second order term (fij) excludes individual parameter effects as
well as the mean effect, and so on. The output variance V (Y ) is given by Saltelli et
al. (2008):

V (Y ) =
k∑
i

Vi +
k∑

i=1

k∑
j>1

Vij + . . .+ V12...k, (A.21)

where Vi = var(fi) = V [Ex∼i
(Y |xi)], Vij = var(fij) = V [Ex∼i,j

(Y |xi, xj)]−Vi−Vj and
so on. The variance of conditional expectation is a measure of the sensitivity and,
thus, the measure of importance. Dividing both sides by V (Y ), the sensitivity indices
(SI) are given by:

k∑
i

Si +
k∑
i

k∑
i<j

Sij + . . .+ S12...k = 1 (A.22)

The first or main order sensitivity index (Si) is given by:

SI1i =
Vxi

[Ex∼i
(Y |xi)]

V (Y )
, (A.23)
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where

0 ≤
k∑

i=1

Si ≤ 1.

Another metric, the total sensitivity index (ST ) denotes the contribution of a single
parameter and its interactions to the model output. Saltelli et al. (2008) deduced a
way to calculate STi

, using the interactions of all parameters except, the individual
contribution of the ith term (X∼i) given by:

SItoti = 1− Vxi
[Exi

(Y |x∼i)]

V (Y )
. (A.24)

STi
close to zero implies that the influence of a parameter is negligible, and the

confidence interval crossing zero implies that even if the mean is away from zero the
influence of the parameter is not robust. If STi

≃ 0, the parameter can be fixed to
any value in its given range of uncertainty without appreciably affecting the output
of the model.

Here is a detailed example for calculating Sobol’ indices using a simple quadratic
equation without parameter interactions. This example demonstrates the calculation
of expectations and variances, leading to the determination of Sobol’ indices. Since
there are no parameter interactions, the total sensitivity index will be the same as
the first-order sensitivity index.

Consider the following simple quadratic function:

Y = f(x1, x2) = x1 + 2x2
2,

where x1 and x2 are independent and are uniformly distributed in [0, 1] The expec-
tation of a (E(a)) is given as:

E(a) =

∫ 1

0

a da,

E(x1) = E(x2) =
1

2
.

Similarly, the square of the expectation of a (E(a2)) is given as:

E(a2) =

∫ 1

0

a2 da,



116

E(x2
1) = E(x2

2) =
1

3
,

and the expectation of a4 (E(a4)) is given as:

E(a4) =

∫ 1

0

a4 da,

E(x4
2) =

1

5
,

From Eqn. A.21, we can write the first term (1st order variances) on the right hand
side as:

V (Y ) = V (x1) + V (2x2
2),

V (a) = E(a2)− [E(a)]2,

V (x1) = E(x2
1)− [E(x1)]

2,

and
V (x2

2) = E(x4
2)− [E(x2

2)]
2,

Substituting values calculated for E(x1), E(x2), E(x2
1), E(x2

2), and E(x4
2), we get:

V (x1) =
1

3
− (

1

2
)2 =

1

12
,

and
V (x2) =

1

5
− (

1

3
)2 =

4

45
.

The total variance of the output (Y ) is thus:

V (Y ) = V (x1) + V (2x2
2) =

1

12
+ 4× 4

45
=

79

180
.

The 1st-order SI can be calculated from Eqn. 4.4 as:

SI1x1 =
1
12
79
180

= 0.1899,

SI1x2 =
16
45
79
180

= 0.8101,
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Figure A.1: Sobol indices for the example equation Y = x1 + 2 × x2
2, with 512

perturbation points.

and the total-order from Eqn. 4.5 as:

SItotx1 = 1−
16
45
79
180

= 0.1899,

SItotx2 = 1−
1
12
79
180

= 0.8101.

To visualize the Sobol’ sensitivity indices calculated for the equation in the exam-
ple, we used the R Statistical Software. In this experiment, a perturbation matrix is
generated by the sobol2002() function of the sensitivity R package for 512 perturba-
tion points and 1000 bootstrapping samples. The outputs for each of these parameter
combinations are computed and are then quantified. The computed estimates of STi

are smaller than SI1i when they should be equal (Figure A.1), which illustrates how
this result can manifest just from the perturbation point locations in the search space
and the estimators used. Since the confidence intervals overlap, we can assume that
SI1i and STi

will fall anywhere along the confidence interval ranges.
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A.2 Supplemental for Chapter 4
This section contains:

Figures Figure A.2

Figure A.3

Figure A.4

Figure A.5

Figure A.6

Figure A.7

Standardized precipitation and temperature
anomalies from 1850-2100.
Historical NBP when forced different
climate conditions.
Historical GPP and Ra when forced with
different climate conditions.
Historical Rh and fF ire when forced with
different climate conditions.
Default NBP from 1850-2100 for the
seven biome locations.
Sensitivity indices for difference in projected changes,
when early future is used.

Descriptions Appendix A.2.1

Appendix A.2.2

Difference in historical simulations
when different forcing are used.
Difference in influential parameters when
other time-periods are used.
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Figure A.2: (a) Standardized precipitation anomalies from 1850-2100 for tropical
broadleaf. Green denotes the historical period (1850-2014), red denotes the projected
future under SSP5-8.5 conditions (2015-2100). The reference period is from 1995-
2014. Dashed lines are raw annual data. Solid lines are 10-year running means. (b)
Similar to (a), but for standardized temperature anomalies.
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Figure A.3: Conditional distribution figures for the historical (a) 30-year means of
NBP when simulated with CRUJRAv2, and (b) 20-year means of NBP when simulated
with CanESM5 (10−9 kgC m−2 s−1) for tropical broadleaf location.

A.2.1 Historical CRUJRAv2 vs CanESM5

From the conditional distribution figures in Chapter 4, we notice that the tropical
broadleaf, tropical grassland and boreal deciduous locations predominantly act as
sources of atmospheric carbon, while the temperate conifer location acts as a carbon
sink. Looking at the conditional distributions of the historical 20-year NBP means,
we note that the tropical broadleaf location is a strong sink (Figure A.3b), tropical
grassland is a weak source, temperate conifer is a weak sink, and the boreal decid-
uous is carbon neutral. The conditional historical spreads from Chapter 4 conflict
with those from Chapter 3. In Chapter 3 for the historical NBP mean, the tropical
broadleaf location was a strong sink (Figure A.3a), tropical grassland was a strong
source for smaller vmax values and neutral for higher values of vmax, temperate
conifer was predominately a source, and the boreal deciduous was a weak sink. The
input parameters, their uncertainty ranges, and the biome locations do not differ be-
tween Chapters 3 and 4. The only changes correspond to the forcing and the number
of years used in the statistical measures (i.e., CRUJRAv2, 30-year means in Chapter
3 vs. CanESM5, 20-year means in Chapter 4). For the simulations from Chapter 4
where the CLASSIC model was forced using CanESM5 data, we compared the con-
ditional distribution figures for historical 30-year NBP means (not shown) and the
historical 20-year means, and noticed that the spreads were not substantially differ-
ent. This comparison implies that the difference in the sources and sinks simulated by
the CLASSIC model for the same biome locations is solely due to the difference in the
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forcing data used. This mismatch was previously studied by Seiler et al. (2024) who
forced CLASSIC using CRUJRAv2 and CanESM5 using default parameters. In their
study, they noted that forcing the CLASSIC model with CRUJRAv2 data produced a
global carbon sink, and a global carbon source when forced with historical CanESM5
data. Through various experiments performed in their study, they observed that the
absence of the carbon sink in the latter setting was mainly driven by the exaggerated
historical temperature trend in CanESM5.

A further analysis of the components of NBP, such as the gross primary produc-
tivity (GPP ), autotrophic respiration (Ra) (Figure A.4), heterotrophic respiration
(Rh), and CO2 emissions due to wildfire (fF ire) (Figure A.5) and was done for the
historical 30-year NBP mean simulated by CRUJRAv2 forcing data (Figures A.4a,c
and Figures A.5a,c), and for the historical 20-year NBP mean simulated by the bias
adjusted CanESM5 forcing data (Figures A.4b,d and Figures A.5b,d). From this
analysis, we note that the components of NBP for both the forcing data are always
increasing with larger vmax values. The conditional distributions for both settings
are similar to the results in Figure 5 (MS). For the simulations with CanESM5 forcing
data, it is noted that the sum of ecosystem respiration and emissions of fire exceeds
gross primary productivity for larger values of vmax, leading to an overall source
of carbon (conditional mean ranging from -3.399 to -9.1334 µgC m−2 s−1 for scaled
values of vmax of 0.1 and 0.9 respectively). The opposite applies to the CRUJRAv2-
driven simulation (conditional mean NBP ranging from 0.5614 to 2.0064 µgC m−2 s−1

for scaled values of vmax of 0.1 and 0.9 respectively). The conditional distribution
ranges for the respective respiration terms are similar. The CLASSIC model simu-
lates stronger gross primary productivity for the CRUJRAv2 setting, and stronger
CO2 emissions due to forest fires under the CanESM5 forcing. The result from Seiler
et al. (2024) mentioned in the previous paragraph supports the theory that the ab-
sence of the carbon sink is mainly driven by CO2 emissions due to forest fires, which
could be boosted by the exaggerated historical temperature trend in CanESM5. This
result shows that the uncertainty of the carbon sink is also influenced by uncertainty
in the forcing, beyond parameter or model uncertainty. The unrealistic historical
NBP values for the CanESM5-driven simulation cannot be addressed solely through
model tuning.
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Figure A.4: Conditional distribution figures for the historical (a) 30-year means of
GPP when simulated with CRUJRAv2, and (b) 20-year means of GPP when simu-
lated with CanESM5 (10−8 kgC m−2 s−1), (c) 30-year means of Ra when simulated
with CRUJRAv2, and (b) 20-year means of Ra when simulated with CanESM5 (10−8

kgC m−2 s−1), for tropical broadleaf location.
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Figure A.5: Conditional distribution figures for the historical (a) 30-year means of
Rh when simulated with CRUJRAv2, and (b) 20-year means of Rh when simulated
with CanESM5 (10−8 kgC m−2 s−1), (c) 30-year means of fF ire when simulated with
CRUJRAv2, and (b) 20-year means of fF ire when simulated with CanESM5 (10−9

kgC m−2 s−1), for tropical broadleaf location.
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A.2.2 Different time-periods

We noticed that the inter-decadal variability in the evolution of default NBP for the
SSP5-8.5 scenario was high at each biome location (Figure A.6). The time series in-
dicate that the NBP values switched signs for the default state where no parameters
were perturbed. A comparison of SI values of the projected changes in 20-year NBP
means between the early future (2015-2034) and late historical (1995-2014) time pe-
riods are also provided (Figure A.7). The Zenodo link provided in the Section A.4
contains a comparison of SI values (Similar to Figure 4.3) for projected 10- and 20-
year NBP means of various time periods. By analysing these figures, we notice that
the the subset of highest-ranked influential parameters varies if another future time
period, rather than 2081-2100 is used. The parameters may vary if another SSP
scenario is used (experiments not conducted).
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Figure A.6: Evolution of default NBP from the historical (green) to the future period
under SSP5-8.5 forcing (red) for the seven biome locations, where only the 10-year
running means are depicted.
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Figure A.7: (a) First and (b) total-order SIs, and their confidence intervals for the
top-ranked parameters across biomes (open symbols) for the projected change in 20-
year means when 2015-2034 is used instead of 2081-2100 as the future 20-year means.
Filled symbols represent robust SIs. Total order indices are plotted only where SItot
greater than SI1. The parameters are grouped according to the processes.
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A.3 Common Tables
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Table A.1: Biome grid cells chosen in Chapters 3 and 4 with the latitude, and longitude values, PFT of 1901, and the
average soil composition in terms of sand, clay and organic matter for maximum root depth (mxrtdpth in Table A.2).
Locations where the PFT percentages do not add up to 100 have bareground and/or water as well.

TrBd TrGr TeBd TeGr TeCo BoDc Tu
Latitude (◦N) 0 10 40 40 50 65 66
Longitude (◦E) 300 20 280 260 240 120 250
PFT1901 (%)
EvgNdlTr 0.00 0.00 0.80 0.01 74.45 5.01 0.00
DcdNdlTr 0.00 0.00 0.18 0.00 0.04 79.27 0.00
EvgBdlTr 94.58 3.54 0.00 0.00 0.00 0.01 0.01
DcdCBdlTr 0.00 0.00 63.09 0.03 5.59 5.02 2.64
DcdDBdlTr 5.02 3.80 0.00 0.00 0.00 0.00 0.00
C3Cr 0.00 0.00 0.11 0.00 0.00 0.00 0.00
C4Cr 0.00 0.00 0.04 0.00 0.00 0.00 0.00
C3Gr 0.00 0.00 25.74 52.16 13.06 10.13 25.15
C4Gr 0.40 43.87 3.67 36.48 0.00 0.02 0.00
Soil composition (%)
Sand 44.16 35.19 21.04 23.09 14.42 10.67 10.23
Clay 36.24 33.42 38.98 24.67 49.12 53.81 61.19
Organic matter 1.25 0.78 0.89 1.16 1.76 3.12 1.19
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Table A.2: Input parameters, their PFT specific minimum, maximum uncertainty ranges, default values, units, and de-
scription as used in the CLASSIC model, and the corresponding references. Parameters not used in Chapter 2, but used in
Chapters 3 and 4 are in grey.

Parameter Minimum Maximum Default Unit Description Reference
abar 2.5,2.5,2.5,2.5,2.5,

2.5,2.5,2.5,2.5
5.17,6.446,4.257,3.806,4.367,
4.367,4.367,6.446,5.412

4.70,5.86,3.87,3.46,3.97,
3.97,3.97,5.86,4.92

- Mean root distribution profile Arora and Boer (2003)

albnir 17.1,17.1,20.7,26.1,26.1,
30.6,30.6,27,30.6

20.9,20.9,25.3,31.9,31.9,
37.4,37.4,33,37.4

19.0,19.0,23.0,29.0,29.0,
34.0,34.0,30.0,34.0

- Near IR albedo -

albvis 2.7,2.7,2.7,4.5,4.5,
5,5,4.5,5.4

3.3,3.3,3.3,5.5,5.5,
6,6,5.5,6.6

3.0,3.0,3.0,5.0,5.0,
5.5,5.5,5.0,6.0

- Visible albedo -

ALIRI 0.6 0.9 0.73 - Near-infrared albedo of ice Gardner and Sharp (2010)
ALIRO 0.2 0.4 0.3 - Near-infrared albedo of

organic matter Expert opinion
ALIRWC 0.3686 0.3914 0.38 - Average background NIR

albedo of snow covered canopy
Expert opinion

alpha 0.25,0.25,0.25,0.25,0.25,
0.25,0.25,0.25,0.25

1,1,1,1,1,
1,1,1,1

0.8,0.8,0.8,0.8,0.8,
0.8,0.8,0.8,0.8

- Parameter determining how the
roots grow

Arora and Boer (2003)

alpha_phtsyn 0.05,0.05,0.05,0.05,0.05,
0.05,0.03,0.05,0.03

0.120,0.12,0.12,0.12,0.12,
0.12,0.054,0.12,0.054

0.08,0.08,0.08,0.08,0.08,
0.08,0.04,0.08,0.04

µ mol CO2

(µ mol photons)−1
Quantum efficiency Skillman (2008)

ALVSI 0.9 1 0.95 - Visible albedo of ice Gardner and Sharp (2010)
ALVSO 0.03 0.08 0.05 - Visible albedo of organic

matter Expert opinion
ALVSWC 0.2619 0.2781 0.27 - Average background visible

albedo of snow covered canopy
Expert opinion

avertmas 0.1,0.1,0.1,0.1,0.1,
0.09,0.09,0.1,0.1

8.7,8.7,8.7,8.7,8.7,
0.11,0.11,3,3

1.85,1.45,2.45,2.10,2.10,
0.10,0.10,0.70,0.70

kg C m−2 Average root biomass Arora and Boer (2003)

bb 0.009,0.009,0.009,
0.009,0.009,0.009,
0.036,0.009,0.036

0.011,0.011,0.011,
0.011,0.011,0.011,
0.044,0.011,0.044

0.01,0.01,0.01,
0.01,0.01,0.01,
0.04,0.01,0.04

mol m−2 s−1 Used in photosynthesis-stomatal
conductance coupling.

-

beta1 0.9 0.98 0.95 g species (kg DOM)−1 Photosynthesis coupling or
curvature coefficients

Expert opinion

beta2 0.9 0.99 0.99 g species (kg DOM)−1 Photosynthesis coupling or
curvature coefficients

Expert opinion

bmasthrs 3.6,0.9 4.4,1.1 4.0,1.0, (kgC m−2) Biomass thresholds for determining if
deforested area is a forest

-

bmasthrs_fire 0.36,1.08 0.44,1.32 0.4,1.2, (kgC m−2) Min. and max. veg. biomass thresholds -
bsratelt 0.40077,0.53874,

0.57051,0.68184,0.62613,
0.54,0.54,
0.4734,0.4734

0.48983,0.65846,
0.69729,0.83336,0.76527,
0.66,0.66,
0.5786,0.5786

0.4453,0.5986,
0.6339,0.7576,0.6957,
0.60,0.60,
0.5260,0.5260

kg C m−2 year−1 Litter respiration rates
at 15◦C

Arora (2003)

bsratesc 0.0234,0.0234,
0.01872,0.01872,0.01872,
0.0315,0.0315,
0.01125,0.01125

0.0286,0.0286,
0.02288,0.02288,0.02288,
0.0385,0.0385,
0.01375,0.01375

0.0260,0.0260,
0.0208,0.0208,0.0208,
0.0350,0.0350,
0.0125,0.0125

kg C m−2 year−1 Soil carbon respiration rates
at 15◦C

Arora (2003)

bsrtroot 0.45,0.2565,0.585,
0.2025,0.0495,0.144,0.144,
0.09,0.09

0.55,0.3135,0.715,
0.2475,0.0605,0.176,0.176,
0.11,0.11

0.5,0.285,0.65,
0.225,0.055,0.16,0.16,
0.1,0.1

kg C m−2 year−1 Base respiration rates for
root at 15◦C

-

bsrtstem 0.081,0.0495,
0.054,0.03015,0.027,
0.03285,0.03285,
0,0

0.099,0.0605,
0.066,0.03685,0.033,
0.04015,0.04015,
0,0

0.0900,0.0550,
0.0600, 0.0335,0.0300,
0.0365,0.0365,
0,0

kg C m−2 year−1 Base respiration rates for
stem at 15◦C

-

CANEXT -0.375,-1.125,-0.6,-0.6 -0.625,-1.875,-1,-1 -0.5,-1.5,-0.8,-0.8 -
Attenuation coefficient used
in calculating the sky view
factor for vegetation canopies

Expert opinion

cdlsrtmx 0.09,0.27,0.27,0.36,0.135,
0.135,0.135,0.135,0.135

0.11,0.33,0.33,0.44,0.165,
0.165,0.165,0.165,0.165

0.10,0.30,0.30,0.40,0.15,
0.15,0.15,0.15,0.15

day−1 Max. loss rate for cold stress -

co2imax 50 3000 2000 Pa Max. intercellular CO2
concentration

Leuning (1995)

colda 2.7,2.7,2.7,2.7,2.7,
2.7,2.7,2.7,2.7

3.3,3.3,3.3,3.3,3.3,
3.3,3.3,3.3,3.3

3.0,3.0,3.0,3.0,3.0,
3.0,3.0,3.0,3.0

- Parameter determining how fast cold
temperatures causes leaves to fall

-

coldlmt 3,3 10,10 7,5 days No. of days for which
some temperature has to
remain below a given
threshold for initiating
a process

Expert opinion

coldthrs -15, 0 -5, 10 -5.0, 8.0 ◦C Threshold temperature for initiating
leaf fall

X. Lu et al. (2013)
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combust 0.135,0.27,0.405 0.165,0.33,0.495 0.15,0.30,0.45, (kgC m−2) Disturbed biomass that combusts -
CXTLRG 9.00E+19 1.10E+20 1.00E+20 - Effective overall extinction

coefficient given if visible
transmissivity is very small

-

dayschk 3,3,3,3,3,
3,3,3,3

10,10,10,10,10,
10,10,10,10

7,7,7,7,7,
7,7,7,7

days Number of days to check if net
photosynthetic rate is positive
before initiating leaf onset

Expert opinion

drgta 2.7,2.7,2.7,2.7,2.7,
2.7,2.7,2.7,2.7

3.3,3.3,3.3,3.3,3.3,
3.3,3.3,3.3,3.3

3.0,3.0,3.0,3.0,3.0,
3.0,3.0,3.0,3.0

- Determines how fast
soil dryness causes leaves to fall

-

drlsrtmx 0.00225,0.0045,
0.0045,0.0045,0.00225,
0.0045,0.0045,
0.0045,0.0045

0.00275,0.0055,
0.0055,0.0055,0.0055,
0.00275,0.0055,
0.0055,0.0055

0.0025,0.005,
0.005,0.005,0.025,
0.005,0.005,
0.050,0.050

day−1 Max. loss rate for drought stress -

emif_bc 0.504,0.504,0.504,0.504,0.423,
0.504,0.423,0.00,0.504,0.423

0.616,0.616,0.616,0.616,0.517,
0.616,0.517,0.00,0.616,0.517

0.56,0.56,0.56,0.56,0.47,
0.56,0.47,0.00,0.56,0.47

(gspecies
kgDOM−1)

PFT-specific emissions for black carbon -

emif_co 95.4,95.4,92.7,95.4,57.6,
95.4,57.6,0.00,95.4,57.6

116.6,116.6,113.3,116.6,70.4,
116.6,70.4,0.00,116.6,70.4

106.0,106.0,103.0,106.0,64.0,
106.0,64.0,0.00,106.0,64.0

” PFT-specific emissions for CO -

emif_co2 1418.4,1418.4,1443.6,
1418.4,1488.6,1418.4,1488.6,
0.00,1418.4,1488.6

1733.6,1733.6,1764.4,
1733.6,1819.4,1733.6,1819.4,
0.00,1733.6,1819.4

1576.0,1576.0,1604.0,
1576.0,1654.0,1576.0,1654.0,
0.00,1576.0,1654.0

” PFT-specific emission factors for CO2 -

emif_h2 1.62,1.62,2.286,1.62,0.882,
1.62,0.882,0.00,1.62,0.882

1.98,1.98,2.794,1.98,1.078,
1.98,1.078,0.00,1.98,1.078

1.80,1.80,2.54,1.80,0.98,
1.80,0.98,0.00,1.80,0.98

” PFT-specific emissions for H2 -

emif_nmhc 5.13,5.13,5.76,5.13,3.33,
5.13,3.33,0.00,5.13,3.33

6.27,6.27,6.99,6.27,4.07,
6.27,4.07,6.27,4.07

5.7,5.7,6.4,5.7,3.7,
5.7,3.7,5.7,3.7

” PFT-specific emissions for non-methane HCs -

emif_oc 8.19,8.19,6.03,8.19,2.88,
8.19,2.88,0.00,8.19,2.88

10.01,10.01,7.37,10.01,3.52,
10.01,3.52,10.01,3.52

9.1,9.1,6.7,9.1,3.2,
9.1,3.2,9.1,3.2

” PFT-specific emissions for total carbon -

emif_pm25 11.43,11.43,9.45,11.43,4.68,
11.43,4.68,0.00,11.43,4.68

13.97,13.97,11.55,13.97,5.72,
13.97,5.72,13.97,5.72

12.7,12.7,10.5,12.7,5.2,
12.7,5.2,12.7,5.2

” PFT-specific emissions for particles -

emif_tc 7.47,7.47,6.48,7.47,3.06,
7.47,3.06,0.00,7.47,3.06

9.13,9.13,7.92,9.13,3.74,
9.13,3.74,9.13,3.74

8.3,8.3,7.2,8.3,3.4,
8.3,3.4,8.3,3.4

” PFT-specific emissions for total carbon -

emif_tpm 15.84,15.84,13.23,15.84,7.65,
15.84,7.65,0.00,15.84,7.65

19.36,19.36,16.17,19.36,9.35,
19.36,9.35,19.36,9.35

17.6,17.6,14.7,17.6,8.5,
17.6,8.5,17.6,8.5

” PFT-specific emissions for total particulate matter -

epsilonl 0.18,0.054,0.315,0.315,0.225,
0.72,0.72,0.009,0.009

0.22,0.066,0.385,0.385,0.275,
0.88,0.88,0.011,0.011

0.20,0.06,0.35,0.35,0.25,
0.8,0.8,0.01,0.01

- Base allocation fraction for
leaf (epsilon L)

Melton and Arora (2016)

epsilonr 0.585,0.801,0.54,0.495,0.585,
0.045,0.045,0.98,0.98

0.715,0.979,0.66,0.605,0.715,
0.055,0.045,0.99,0.99

0.65,0.89,0.60,0.55,0.65,
0.05,0.05,0.99,0.99

- Base allocation fraction for
root (epsilon R)

Melton and Arora (2016)

epsilons 0.135,0.045,0.045,0.09,0.09,
0.135,0.135,0,0

0.165,0.055,0.055,0.11,0.11,
0.135,0.135,0,0

0.15,0.05,0.05,0.10,0.10,
0.15,0.15,0,0

- Base allocation fraction for
stem (epsilon S)

Melton and Arora (2016)

eta 9,27.72,27.9,45,27,
6.3,6.3,2.7,2.7

11,33.88,34.1,55,33,
7.7,7.7,3.3,3.3

10.0,30.8,31.0,50.0,30.0,
7.0,7.0,3.0,3.0

- Determines proportion of stem plus
wood biomass to leaf biomass and
the minimum root : shoot ratio lr min

Ludeke et al., 1994

extnmois_veg 0.27 0.33 0.3, (-) Extinction moisture content for veg. fire -
extnmois_duff 0.45 0.55 0.5, (-) Extinction moisture content for duff layer fire -
f0 0.045 0.055 0.05, (-) Fire spread rate in the absence of wind -
flhrspan 5, 25 30, 55 17.0, 45.0 days Harvest span Expert opinion
fracbofg 0.4 0.65 0.55 - Parameter used to estimate lai of

brown leaves. SLA of brown leaves
is a fraction of SLA of green leaves

Expert opinion

frco2blf 0,0,0,0 0,0,0,0.486,0.486 0,0,0,0,
0,0,0,0.594,0.594

0.00,0.00,0.00,0.0,
0.00,0.0,0.00,0.54,0.54

(-) Brown leaf biomass to gases, fraction -

frco2glf 0.378,0.378,0.378,0.378,0.378,
0,0,0.432,432

0.462,0.462,0.462,0.462,0.462,
0,0,0.528,0.528

0.42,0.42,0.42,0.42,0.42,
0.0,0.00,0.48,0.48

(-) Green leaf biomass to gases, fraction -

frco2stm 0.108,0.108,0.108,0.054,0.054,
0.0,0.00,0.00,0.00

0.132,0.132,0.132,0.066,0.066,
0.0,0.00,0.00,0.00

0.12,0.12,0.12,0.06,0.06,
0.0,0.00,0.00,0.00

(-) Stem biomass to gases, fraction -

frltrblf 0.00,0.00,0.00,0.0,
0.00,0.0,0.00,0.054,0.054

0.00,0.00,0.00,0.0,
0.00,0.0,0.00,0.066,0.066

0.00,0.00,0.00,0.0,
0.00,0.0,0.00,0.06,0.06

(-) Brown leaf biomass to litter, fraction -

frltrbrn 0.27,0.27,0.324,0.324,0.324,
0.0,0.00,0.00,0.378,0.378,

0.330,0.330,0.396,0.396,0.396,
0.0,0.00,0.00,0.462,0.462,

0.30,0.30,0.36,0.36,0.36,
0.0,0.00,0.00,0.42,0.42

(-) Fraction of litter burned during fire -

frltrglf 0.18,0.18,0.18,0.18,0.18,
0,0,0.09,0.09

0.22,0.22,0.22,0.22,0.22,
0,0,0.11,0.11

0.20,0.20,0.0,0.20,0.20,0.20,
0.0,0.00,0.00,0.10,0.10

(-) Green leaf biomass to litter, fraction -

frltrrt 0.00,0.00, 0.00,0.0,
0.00,0.0,0.00,0.225,0.225

0.110,0.110,0.110,0.110,0.110,
0.0,0.00,0.00,0.275,0.275

0.10,0.10,0.10,0.10,0.10,
0.0,0.00,0.00,0.25,0.25

(-) Root biomass to litter, fraction -

frltrstm 0.00,0.00,0.00,0.0,
0.00,0.0,0.00,0.0,0.00

0.660,0.660,0.660, 0.440,0.440,
0.0,0.00,0.00,0.00

0.60,0.60,0.60,0.40,0.40,
0.0,0.00,0.00,0.00

(-) Stem biomass to litter, fraction -

frozered 0.05 0.2 0.1 - Factor to reduce respiration
by for temps below tcrit

-

furniture 0.135,0,0 0.165,0,0 0.15,0.0,0.00, (kgC m−2) Disturbed biomass converted to furniture -
gamma_m 0.9405 0.9595 0.95 - Equivalent CO2 fertilization effect

without any photosynthesis
down-regulation

-

gamma_w 0.2 0.45 0.35 - Photosynthesis down regulation
parameters equivalent CO2
fertilization effect

Expert opinion

grescoef 0.15,0.15,0.15,0.15,0.15,
0.15,0.15,0.15,0.15

0.4,0.4,0.4,0.4,0.4,
0.4,0.4,0.4,0.4

0.15,0.15,0.15,0.15,0.15,
0.15,0.15,0.15,0.15,

- Growth respiration coefficient Pappas et al. (2013)
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HCPCLY 3.00E+05 2.00E+06 2.38E+06 J m−3 K−1 Volumetric heat capacity
of fine mineral particles Bonan (2019)

HCPOM 1.52E+06 3.55E+06 2.50E+06 J m−3 K−1 Volumetric heat capacity
of organic matter Alnefaie and Abu-Hamdeh (2013)

HCPSND 1.92E+06 2.34E+06 2.13E+06 J m−3 K−1 Volumetric heat capacity
of sand particles Bonan (2019)

HCPSOL 1.20E+06 3.56E+06 2.25E+06 J m−3 K−1 Volumetric heat capacity
of mineral matter Santanello Jr et al. (2013)

hgrlthrs 9 11 10.0, flashes km−2 y−1 Higher C-G lightning threshold -
humicfac 0.4,0.4,0.4,0.4,0.4,

0.1,0.1,0.4,0.4
0.5,0.5,0.5,0.5,0.5,
0.5,0.1,0.1,0.5,0.5

0.42,0.42,0.53,0.48,0.48,
0.10,0.10,0.42,0.42,

- Humification factor - used for
transferring carbon from litter
into soil carbon pool

Melton and Arora (2016)

kappa 1.44,1.44,1.44,1.44,1.44,
1.44,1.44,1.08,1.08

1.76,1.76,1.76,1.76,1.76,
1.76,1.76,1.32,1.32

1.6,1.6,1.6,1.6,1.6,
1.6,1.6,1.2,1.2

- Exponential parameter of allometric
relations, required to support
green leaf biomass.

Ludeke et al., 1994

kmort1 0.27 0.33 0.3 m2/gC Parameter used in growth efficiency
mortality formulation

Melton and Arora (2016)

kn 0.4,0.4,0.4,0.4,0.4,
0.4,0.4,0.4,0.4

0.7,0.7,0.7,0.7,0.7,
0.7,0.7,0.7,0.7

0.5,0.5,0.5,0.5,0.5,
0.40,0.48,0.46,0.44

- Canopy light
extinction coefficient

Pappas et al. (2013)

laimax 3.6,2.7,5.4,4.5,4.5,
7.2,7.2,3.6,3.6

4.4,3.3,6.6,5.5,5.5,
8.8,8.8,4.4,4.4

4.0,3.0,6.0,5.0,5.0,
8.0,8.0,4.0,4.0

(m2/m2) Maximum lai above
which a pft always expand

-

laimin 0.9,0.9,1.35,0.9,0.9,
0.9,0.9,0.009,0.009

1.1,1.1,1.65,1.1,1.1,
1.1,1.1,0.011,0.011

1.0,1.0,1.5,1.0,1.0,
1.0,1.0,0.01,0.01

(m2/m2) Minimum lai below which
a pft does not expand

-

lfespany 1.9459,0.3233,0.6466,
0.3233,0.3233,0.1449,
0.5779,0.1449,0.5779

7.2798,1.5,2.5979,
1,1,1.75001,
1.75001,1,1

5.0,1.0,1.5,
1.0,1.0,1.75,
1.75,1.0,1.0

years Leaf life span J. Li et al. (2016)

lwrlthrs 0.225 0.275 0.25, (flashes km−2

year−1)
Lower C-G lightning threshold -

lwrthrsh -50,-7,3,6,3,
3,3,0,3

-48,-3,7,10,7,
7,7,0.1,7

-50.0,-5.0,5.0,8.0,5.0,
5.0,5.0,0.1,5.0

◦C Lower temperature threshold.
Used to estimate cold stress
related leaf loss rate

-

maxage 100,100,100,
90,50,0,
0,0,0

2500,500,600,
1000,500,0,
0,0,0

250.0,400.0,600.0,
250.0,500.0,0,
0,0,0

years Maximum plant age. used to
calculate intrinsic mortality rate.

Prentice and Helmisaari (1991)

maxsprd 0.342,0.342,0.252,0.252,0.252,
0,0,0.459,0.675

0.418,0.418,0.308,0.308,0.308,
0,0,0.561,0.825

0.38,0.38,0.28,0.28,0.28,
0.00,0.00,0.51,0.75

(km hr−1) Max. fire spread rate -

minlvfr 0.05 0.2 0.05 - Minimum live wood fraction Expert opinion
minslai 0.05,0.05,0.05,0.05,0.05,

0.05,0.05,0.05,0.05
0.5,0.5,0.5,0.5,0.5,
0.5,0.5,0.5,0.5

0.3,0.3,0.3,0.3,0.3,
0.2,0.2,0.2,0.2

- Minimum storage lai Expert opinion

mm 9,9,9,9,9,
9,5.99,9,5.99

15,15,15,15,15,
15,6.01,15,6.01

9.0,9.0,12.0,12.0,12.0,
12.0,6.0,12.0,6.0

- Used in photosynthesis-stomatal
conductance coupling.

Expert opinion

mxmortge 0.0045,0.0045,0.0045,
0.0045,0.0045,0,
0,0,0

0.0055,0.0055,0.0055,
0.0055,0.0055,0,
0,0,0

0.005,0.005,0.005,
0.005,0.005,0,
0,0,0

year−1 Maximum mortality when growth
efficiency is zero

-

mxrtdpth 1,1,1,1,1,
1,0.5,0.5,0.5

7,7,12,5,5,
4,4,7,7

3.0,3.0,5.0,5.0,3.0,
2.0,2.0,1.0,1.0

m Maximum rooting depth Canadell et al. (1996)

omega 0.5,0.5,0.5,0.5,0.5,
0.5,0.5,0.5,0.5

0.9,0.9,0.9,0.9,0.9,
0.9,0.9,1,1

0.8,0.5,0.8,0.8,0.8,
0.5,0.5,1.0,1.0

- Parameter used in allocation
formulae

Expert opinion

omega_phtsyn 0.1275,0.1275,0.1275,
0.1275,0.1275,0.1275,0.1445,
0,0.1275,0.1445

0.1725,0.1725,0.1725,
0.1725,0.1725,0.1725,0.1955,
0,0.1725,0.1955

0.15,0.15,0.15,
0.15,0.15,0.15,0.17,
0,0.15,0.17

- Leaf scattering coefficients Expert opinion

paper 0.63,0.63,0.495 0.77,0.77,0.605 0.70,0.70,0.55, (kgC m−2) Disturbed biomass converted to paper -
parblght 0.09 0.11 0.1, (-) Parameter b for lightning fire -
parmlght 0.72 0.88 0.8, (-) Parameter m for lightning fire -
popdthrshld 270 330 300.0, (people km−2) Threshold of population density -
prcnslai 6.75,6.75,6.75,6.75,6.75,

6.75,6.75,2.25,2.25
8.25,8.25,8.25,8.25,8.25,
8.25,8.25,2.75,2.75

7.5,7.5,7.5,7.5,7.5,
7.5,7.5,2.5,2.5

- Storage/imaginary lai is the
percentage of maximum leaf
area index that a given
root+stem biomass can support

-

reparea 450 550 500.0, (km2) Area representing fire parameterization -
RHOOM 1100 1500 1.30E+03 kg m−3 Particle density of soil

organic matter Young and Spycher (1979)

RHOSOL 2400 2900 2.65E+03 kg m−3 Particle density of soil
mineral matter Ball et al. (2000)

rmlcoeff 0.0135,0.189,0.0225,
0.0135,0.0135,0.0135,
0.0225,0.0117,0.0225

0.0165,0231,0.0275,
0.0165,0.0165,0.0165,
0.0225,0.0143,0.0275

0.015,0.021,0.025,
0.015,0.015,0.015,
0.025,0.013,0.025

- Leaf maintenance respiration
coefficients

-
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roothrsh 1 12 8 ◦C Root temperature threshold for
initiating leaf onset

Expert opinion

rootlife 12.42,11.88,11.43,
9.81,8.82,2.7,2.7,
0,2.7,2.7

15.18,14.52,13.97,
11.99,10.78,3.3,3.3,
0,3.3,3.3

13.8,13.2,12.7,
10.9,9.8,3.0,3.0,
0,3.0,3.0

years Turnover timescale for root -

rtsrmin 0.1,0.1,0.1,0.1,0.1,
0.1,0.1,0.1,0.1

1,1,1,1,1,
1,1,1,1

0.16,0.16,0.16,0.16,0.32,
0.16,0.16,0.5,0.5

- Minimum rootshoot ratio
for support and stability

Melton and Arora (2016)

sn 1,1,1,1,1,
1,1,1,1

5,5,5,5,5,
5,5,5,5

2,2,4,2,2,
2,2,2,2

- Exponent for soil moisture stress Expert opinion

SPHICE 1.39E+03 2.5E+03 2.10E+03 J kg−1 K−1 Specific heat of ice -
SPHVEG 500 3500 2.70E+03 J kg−1 K−1 Specific heat of vegetation

matter Bonan (2019)

SPHW 4.18E+03 4.22E+03 4.19E+03 J kg−1 K−1 Specific heat of water Kays et al. (1980)
standreplace 0.18,0.18,0.45,0.18,0.135,

0.0,0.00,0.00,0.225,0.225
0.220,0.220,0.550,0.220,0.165,
0.0,0.00,0.00,0.275,0.275,

0.20,0.20,0.50,0.20,0.15,
0.0,0.00,0.00,0.25,0.25

(-) PFT prevalence for stand
replacing fire events

-

stemlife 77.67,77.67,72.45,
72.45,68.22,18,18,
0,0

94.93,94.93,88.55,
88.55,83.33,22,22,
0,0

86.3,86.3,80.5,
80.5,75.8,20.0,20.0,
0,0

years Turnover timescale for stem -

tanhq10 1.3,0.5,0.075,46 1.5,0.6,0.075,46 1.44,0.56,0.075,46.0, - Constants used in tanh formulation
of heterotrophic respiration
Q10 determination

-

TCCLAY 0.1 3 2.5 W m−1 K−1 Thermal conductivity
of fine mineral particles Bonan (2019)

TCDRYS 0.15 2.25 0.275 W m−1 K−1 Thermal conductivity
of dry mineral soil Abu-Hamdeh and Reeder (2000)

TCGLAC 2.18 3.48 2.24 W m−1 K−1 Thermal conductivity of
ice sheets -

TCICE 2.21 2.81 2.24 W m−1 K−1 Thermal conductivity
of ice Raznjevic (1976)

TCOM 0.15 2.25 0.25 W m−1 K−1 Thermal conductivity
of organic matter Abu-Hamdeh and Reeder (2000)

tcrit -8 0 -1 ◦C Temperature below which
respiration is inhibited

-

TCSAND 0.1 5 2.5 W m−1 K−1 Thermal conductivity
of sand particles Bonan (2019)

TCW 0.522 0.646 0.57 W m−1 K−1 Thermal conductivity
of water Kodešová et al. (2013)

thrprcnt 30,30,30,30,30,
30,30,30,30

60,60,60,60,60,
60,60,60,60

40.0,40.0,40.0,50.0,50.0,
50.0,50.0,40.0,40.0

% Percentage of max. LAI that can be
supported, used as a threshold for
determining leaf phenology status

Melton and Arora (2016)

tlow 268.1,268.1,
273.1,268.1,268.1,
270.1,277.1,
271.1,278.1

270.1,270.1,
278.1,278.1,278.1,
273.1,279.1,
273.1,283.1

268.1,268.1,
273.1,273.1,273.1,
270.1,278.1,
272.1,283.1

K Lower temperature limits
for photosynthesis

-

tup 307.1,307.1,
318.1,310.1,310.1,
313.1,313.1,
313.1,323.1

315.1,315.1,
323.1,318.1,318.1,
323.1,323.1,
323.1,333.1

307.1,307.1,
318.1,310.1,310.1,
315.1,315.1,
313.1,323.1

K Upper temperature limits
for photosynthesis

-

vmax 16E-06,37E-06,
13E-06,12E-06,12E-06,
15E-06,22E-06,
15E-06,15E-06

123E-06,54E-06,
80E-06,110E-06,110E-06,
121E-06,125E-06,
121E-06,121E-06

42.0E-06,47.0E-06,
35.0E-06,57.0E-06,40.0E-06,
55.0E-06,40.0E-06,
55.0E-06,15.0E-06

mol CO2 m−2 s−1 Max. carboxylation rate TRY database
(Kattge et al., 2020)

VMIN 0.1 0.3 0.1 m s−1 Minimum wind speed Garratt (1994)
vpd0 1000,1000,1000,

1000,1000,1000,
1000,1000,1000

3000,3000,3000,
3000,3000,3000,
3000,3000,3000

2000.0,2000.0,2000.0,
2000.0,2000.0,1500.0,
1500.0,1500.0,1500.0

Pa Vapour pressure deficit Expert opinion

WSNCAP 0.01 0.15 0.04 wt% Maximum water retention
capacity of the snow pack

Expert opinion

XLEAF 0.02,0.02,0.02,0.02 0.1,0.1,0.1,0.1 0.0247,0.0204,0.0456,0.0456 -
Leaf dimension factor used
in calculating the leaf
boundary resistance

Expert opinion

ZOLNG -6.908 -0.5108 -4.605 - Natural log of roughness
length of soil R. Yang and Friedl (2003)

ZOLNI -9.21 -4.61 -6.215 - Natural log of roughness
length of ice Expert opinion

ZOLNS -9.21 -4.61 -6.908 - Natural log of roughness
length of snow Dantec-Nédélec et al. (2017)

ZORAT 1 5 1 -
The ratio of the roughness
length for momentum to the
roughness length for heat

Kanda et al. (2007)

ZORATG 1 5 3 - Ratio of soil roughness
length for momentum to
roughness length for heat

Kanda et al. (2007)
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A.4 Code and Data Availability
The R Statistical Software (v3.6.3; (R Core Team, 2020)) was used to conduct this
study. The sensitivity R package (v1.27.1; (Iooss et al., 2022)) was used to perform
the GSA. This R package consists of the morris() and sobol2002() functions which
were used for screening and quantitative analysis respectively. The sobol() function
within the randtoolbox R package (v1.31.1; (Christophe & Petr, 2021)) was used to
generate quasi-random numbers for the quantitative method.

The repositories available at (1) https://doi.org/10.5281/zenodo.10582208,
(2) https://doi.org/10.5281/zenodo.13988579, and (3)
https://doi.org/10.5281/zenodo.15061387 have a collection of scripts used in
this analysis for the three main chapters. These scripts can be used to perturb the
name list files, to run the CLASSIC model, and to produce the figures shown in the
Results section. The input matrices and the output files have also been included in
respective repository. These files can be used to reproduce the results without having
to run the CLASSIC model.

The source code and the model data for the CLASSIC model v1.0 used to run
all model simulations for the GSA in this dissertation 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 in Chapter 2 are available through
https://doi.org/10.5281/zenodo.3525336. The locations of the forcing data used
in Chapters 3 and 4 are provided within the respective Chapter. The external open-
access components mentioned, have to be downloaded, and if needed, installed to
run the CLASSIC model for other locations, but are not necessary for the reproduc-
tion of GSA/ parameter uncertainty interaction results shown in the dissertation.
All dataset and software used in this dissertation are licensed under the Creative
Commons Attribution 4.0 International.
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A.5 Computational Demand
Each run presented in this dissertation was independent, and multiple cores were
simultaneously used to run the CLASSIC model. The runs presented in Chapter 2
were performed on a single shared server with two CPUs of 8 cores each and one
node. The run time for Morris and Sobol’ was four weeks using 14 cores, where each
run was 45 minutes long. The number of CLASSIC years were 7.83 million. The
runs presented in Chapters 3 and 4 were performed on a high performance computer
cluster with five nodes and 30 processors. For Chapter 3, the individual run time
for each simulation was 40 minutes totalling to 10 CPU years or five weeks in real
time using 120 cores for seven biome locations, and the number of CLASSIC years
were 80.65 million. Similarly for Chapter 4, individual run times were an hour each,
totalling to 15 CPU years or seven weeks using 120 cores for seven biome locations.
The number of CLASSIC years were 98.20 million.
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