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Abstract

This thesis quantifies the temperature dependence of key traits that determine leaf carbon
balance in Cs plants, using Sunflower as a model system, with emphasis on the
photorespiratory CO2 compensation point (I'*), the rate of COz release in the light (Dr),
the maximal carboxylation capacity (Vemax), the maximal electron transport capacity
(Jmax), and the components of dark respiration (Rdark). The central objective was to identify
temperature dependence models for each trait that were both parsimonious and

physiologically interpretable.

The research combined controlled leaf gas exchange across wide ranges of temperature
and CO2 with comparative model fitting. I evaluated constant-Qio relationships, simple
and peaked Arrhenius formulations, and macro molecular rate theory (MMRT), with and
without an explicit high temperature deactivation term. I'* increased approximately
exponentially across the measurement range from 4 to 42 °C, and a constant-Qi0 model
best captured this behaviour. The temperature dependence of DL was well represented by
MMRT. For the photosynthetic capacities, I used an MMRT formulation that used
inflection-point temperature (7inf) as parameters and included explicit deactivation terms.
That approach captured the curvature at cool to moderate temperatures and the decline at
supra-optimal temperatures, with Jmax exhibiting a cooler inflection and a cooler optimum
than Vemax. For Raark and its components, an MMRT anchored at the observed inflection
temperature and fitted without a deactivation term captured the smooth warm side
curvature expected from progressive changes in mitochondrial coupling and accelerated

substrate use with increasing temperature.

This thesis provides a unified framework for selecting temperature dependence models
for leaf gas exchange traits. It introduces DL as the light linked composite flux of CO2
release, rather than a proxy of dark respiration alone, and it presents a published
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refinement for estimating I'* and Dr using the Laisk method based on gas-exchange
measurements at low light and low intercellular CO2 concentrations. The refined
methodology explicitly used photosynthetic theory in our parameter estimation and
reduced systematic bias in estimating I'* and Dr. These advances improve the
parameterisation of photosynthesis models and strengthens the transfer to crop and land-

surface modelling under variable thermal environments.

The thesis is organised in seven chapters. Chapter 3 has been published, and when it is

cited elsewhere in the thesis it is referenced as Moreno-Echeverry et al., 2026.

Chapter 1. General introduction. It sets the global climate and carbon cycle context,
frames leaf carbon balance as the net outcome of photosynthesis and respiration, and
explains why accurate parameterisation of T'*, Di, Vemax and Jmax matters for models. It
defines temperature as a primary driver of gas-exchange rates, outlines the limit of
Arrhenius and constant-Q1o functions, introduces MMRT as a thermodynamic alternative,

and states the thesis aims.

Chapter 2. Background. It reviews photosynthesis and respiration at the leaf scale,
outlines gas exchange principles, describes the FvCB model and presents methods used
to estimate I'* and DL It summarises temperature response models, including the constant-
Qio function, two variants of the Arrhenius equation and MMRT. The chapter also

identifies the knowledge gaps that motivate the specific work described in the thesis.

Chapter 3. Estimating I'* and DL using the Laisk method combined with
photosynthetic theory. It examines the classical Laisk approach, identifies sources of
bias arising from linearisation of inherently curvilinear 4net-Cec responses, and formalises
estimation of I'* and DL within the FvCB framework. It uses simulations and leaf gas
exchange measurements to test performance and uncertainty of the modified approach and
compares it with the performance and uncertainty of the original Laisk approach. This

chapter is based on the published methodological study.
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Chapter 4. Temperature dependence of I'* and DL. It quantifies how I'* and DL vary
with temperature over the range from 4 to 42 °C. It compares the constant-Q1o, simple and
peaked Arrhenius, and MMRT, with and without explicit high temperature deactivation

term. It reports model selection, parameter estimates and presents relevant diagnostics.

Chapter 5. Temperature dependence of Vemax and Jmax. The chapter derives these
parameters from Anet-Ci curves. It compares the Arrhenius formulations with MMRT,
evaluates curvature, inflection and optimum temperatures, and contrast the thermal

responses of carboxylation and electron transport.

Chapter 6. Temperature dependence of the components of leaf CO: release in the
dark. It separates and analyses the different components of dark respiration, post
illumination burst, light enhanced dark respiration and dark respiration in steady-state
across temperature and integrates metabolite profiling across the light-dark transition to
relate CO: fluxes to substrate availability. It tests the Arrhenius and MMRT formulations

and identifies the model that best capture warm side curvature without deactivation terms.

Chapter 7. Conclusions and perspectives. It synthesises the finding across chapters, and
temperature response models, discusses implications for photosynthesis and respiration

modelling, and outlines priorities for future research.
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this research stems from a longstanding interest in understanding plant physiological
processes under varying environmental conditions, particularly those influenced by
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Institute for Agriculture, Food and Environment (INRAE) and at the University of Angers,
France, contributed valuable experimental data and analysis to the thesis. This document
presents the experimental design, data analysis, and modelling approaches used, and
discusses their implications for plant ecophysiology. The thesis is organised into chapters
covering the theoretical background, experimental methods, results, and a comprehensive

discussion of the findings.

This research was funded by the interdisciplinary project (MFP-UOW1904) of New
Zealand’s Marsden Fund and by the Strategic Science Investment Fund (SSIF) of New
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Estimating the Photorespiratory CO2 Compensation Point and CO2 Release in the Light
Using the Laisk Method Combined With Photosynthetic Theory. Plant, Cell and
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Symbols and abbreviations

Aec

Anet
ATP
C.
G
Ci*

Ea

Ea ko
Ea (ko)
FvCB
Hq
IRGA
Jmax

Ka

K

Ko

LMA
LEDR
LEDRamp
gm

MMRT

Rubisco-limited assimilation rate

RuBP regeneration-limited assimilation rate
Net CO2 assimilation rate

Adenosine triphosphate

Chloroplastic COz2 partial pressure
Intercellular COz2 partial pressure

Apparent I'*

COz released in the light from processes other than photorespiration
Activation energy

Activation energy for Ke.

Activation energy for Ko.

Farquhar, von Caemmerer, and Berry model
Deactivation energy

Infrared gas analyser

Maximum rate of electron transport

Michaelis-Menten constant for activation of Rubisco by CO2 at a given Mg?*

concentration and pH
Michaelis-Menten constant for CO2
Michaelis-Menten constant for O2
Leaf mass per area

Light-enhanced dark respiration
LEDR amplitude

Mesophyll conductance

Macromolecular Rate Theory
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PIB
PPFD
Rdark
RuBP
ROS
TCA
Tieaf

Topt

T'int

Vemax
"H-NMR
BC-NMR

1—‘*
F*ref

I *exp

AG*

AS*
AGH?
AH*1o
AS*To
AHeq
AS

Partial pressure of oxygen.

Atmospheric pressure

Post-illumination burst

Photosynthetic photon flux density

Leaf dark respiration

Ribulose 1,5 biphosphate

Reactive oxygen species

Tricarboxylic acid cycle

Leaf temperature

Optimal temperature

Inflection temperature

Maximum rate of carboxylation by Rubisco

Proton nuclear magnetic resonance

Carbon 13 nuclear magnetic resonance

Quantum yield of electron transport

Estimated photorespiratory CO2 compensation point
Reference photorespiratory CO2 compensation point
Expected photorespiratory CO2 compensation point
Curvature parameter of the electron transport nonrectangular hyperbola
Activation free energy

Enthalpy of activation

Entropy of activation

Change in heat capacity between the ground and transition states
Change in enthalpy at a reference temperature To
Change in entropy at a reference temperature To
Deactivation enthalpy change

Entropy term of deactivation
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1 General Introduction

1.1 Global context, climate change and the carbon cycle

Climate change is one of the most pressing environmental challenges of the twenty first
century, with direct consequences for biodiversity, ecosystem functioning and global food
security (IPCC, 2023). Among the drivers of global warming, the accumulation of
atmospheric carbon dioxide (CO2) plays a central role because it traps outgoing infrared
radiation near the surface, strengthening the greenhouse effect (Lacis et al., 2010).
Understanding how carbon moves into, out of and within the Earth’s reservoirs has
therefore become a scientific and political priority, reflected in the annually update Global
Carbon Budget and its companion datasets that quantify sources, sinks and associated flux

uncertainties (Friedlingstein et al., 2025).

Plants are a central component of the global cycle, acting both as a sink and a source of
CO2 through the coupled processes of photosynthesis and respiration observed across
ecosystems (Canadell et al., 2021). Through photosynthesis, leaves capture atmospheric
COz2 and convert it into biomass, temporarily storing carbon (Farquhar et al., 1980).
However, this gain is offset by CO:2 release through respiration and photorespiration
(Bauwe et al., 2010). The net outcome is a dynamic balance between carbon gain and
carbon loss, often called net carbon exchange, that is strongly influenced by environmental
factors such as temperature, water and nutrient availability and atmospheric CO:2

(Baldocchi, 2020; Beer et al., 2010).

Accurate quantification of these fluxes is essential for understanding plant physiology and
for improving land surface components of climate models (Katavouta et al., 2020;

Pastorello et al., 2020). Because the capacity of terrestrial ecosystems to absorb or release
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carbon is a key determinant of climate regulation, plants need to be understood both as
organisms with measurable metabolic limits and as elements of a connected global
network that governs the Earth’s biogeochemical balance (Baldocchi, 2014; Pastorello et

al., 2020).
1.2 Photosynthesis and respiration in leaf carbon exchange

Photosynthesis and respiration regulate the exchange of carbon between plants and the
atmosphere. During photosynthesis, CO:z is fixed in the chloroplast and, using solar
energy, is incorporated into organic compounds through light-driven biochemical
reactions (Li et al., 2023). This process underpins plant growth and is the foundation of

terrestrial primary productivity (Knauer et al., 2023).

Respiration, in contrast, involves the oxidation of organic substrates to produce ATP for
maintenance, biosynthesis and transport, releasing CO2 back to the atmosphere, and it
occurs in darkness and in the light (Ren et al., 2024). The release of COz in the light is
critical for leaf carbon balances but is difficult to quantify because it overlaps with CO2
uptake by photosynthesis and with CO: release from photorespiration (Briautigam &
Gowik, 2016; Busch, 2020). Understanding the complex interplay between these
processes is essential for accurately modelling net carbon balance at the leaf, plant and
ecosystem scales (Sun et al., 2023). However, the precise estimation of these fluxes is
constrained by significant methodological limitations (Moreno-Echeverry et al., 2026;

Wehr et al., 2016; Yin & Amthor, 2024).

Biochemical models such as that of Farquhar, von Caemmerer and Berry (FvCB) require
robust estimates of key parameters, including the maximum carboxylation rate of Rubisco
(Vemax), the maximum electron transport rate that supports RuBP regeneration (Jmax), the
photorespiratory CO2 compensation point (I'*) and the rate of COz release in the light

(DL). The accuracy of these parameter estimates directly affects the predictive reliability



of physiological models, and thereby the land-surface components of climate models that

use them (Rogers et al., 2017).
1.3 Temperature as a primary driver of plant metabolism

Temperature is a powerful driver of plant metabolism because most reactions are catalysed
by enzymes whose activity and structural stability vary with temperature (Arcus et al.,
2016). Consequently, both photosynthesis and respiration exhibit non-linear responses to
temperature (O’sullivan et al., 2017). For photosynthesis, Vemax and Jmax show clear
temperature dependences, with optima that vary across species, environments and plant
physiological status (Cox et al., 2023; Kumarathunge et al., 2019). Similarly, respiration
rates increase with temperature, but the sensitivity varies with tissue, development and
stress status. At supra optimal temperatures, respiration can decline because of enzyme
denaturation, membrane instability and shifts in cellular redox balance (Atkin & Tjoelker,

2003; Smith et al., 2019).

The temperature dependence of plant processes has often been described with empirical
models, notably Arrhenius formulations and the constant-Q10 approach. These models are
simple and useful, but they impose constraints (Atkin & Tjoelker, 2003; Yin, 2021). They
tend to assume monotonic rate increases with temperature and cannot account for
physiological optima or high temperature declines. These limitations call for the use of
frameworks that can represent both the rise and the decline in rates, and that connect to
quantities with physical meaning (Arcus & Mulholland, 2025). Such frameworks help to

compare processes and treatments in ways that are more than purely descriptive.

The macromolecular rate theory (MMRT) provides a thermodynamically grounded
alternative to empirical formulations (Liang et al., 2018). Originating from mechanistic
understanding of enzyme functioning, MMRT incorporates the change in the heat capacity
between ground and transitions states, ACp*. This parameter enables MMRT to capture the

curvature of temperature reaction rate relationships, including the decline in activity



beyond the thermal optimum (Arcus et al., 2016; Liang et al., 2018). MMRT therefore
allows estimation of intrinsic thermal metrics, such as optimum temperature and local

temperature sensitivity, which vary with temperature.
1.4 Research importance and objectives

Given the strong influence of temperature on photosynthesis and respiration,
understanding their thermal sensitivity has become a research priority in the context of
climate change. This knowledge is essential for anticipating the impacts of temperature
stress on crop productivity, identifying thermally resilient species and improving

predictions of terrestrial carbon balances under future climate scenarios.
Accordingly, this thesis aims to:

e Refine and apply an improved method to obtain more accurate estimates of the
photorespiratory CO2 compensation point and non-photorespiratory CO: release
in the light, and to quantify their temperature dependencies.

e Evaluate the temperature dependence of Vemax, Jmax, and the components of dark
respiration using thermodynamically grounded models, with an emphasis on
MMRT.

e Further explore the dynamics of respiration components during the early dark
period using metabolomics, linking observed gas exchange patterns to substrate

availability and pathway engagement.



2 Background

2.1 Photosynthesis

Photosynthesis arose in the Archean period and underpins life on Earth by converting solar
radiation into chemical energy usable by organisms (Oliver et al., 2025; Sénchez-
Baracaldo & Cardona, 2020). In plants, absorbed light drives reduction reactions that
conserve energy in the chemical bonds of carbohydrates and other compounds (Leister,
2023). This stored energy is then released in controlled amounts to meet metabolic demand
(O’Leary et al., 2019). At the leaf scale, photosynthesis comprises two main sets of
reactions: the light reactions, which transduce energy to generate adenosine triphosphate
(ATP) and reducing power in the form of NADPH (Leister, 2023), and carbon reduction
and fixation reactions of the Calvin cycle, which assimilate carbon into organic molecules

(Raines, 2022).
2.1.1 Light reactions: organisation and photoprotection

In the reactions that capture energy, several steps transform light energy into chemical
energy (Leister, 2023). Light is absorbed by the antenna pigments of photosystem II,
which contains hundreds of chlorophyll a and b molecules (Cao et al., 2018; Stirbet et al.,
2020). The excitation energy is transferred to chlorophyll P680 in photosystem II,
promoting an electron to a primary electron acceptor, pheophytin (Holzwarth et al., 2006).
The electrons removed from P680 are replaced by electrons derived from the splitting of

water, which also releases Oz and protons (Gupta, 2020; H. Li et al., 2024).

From pheophytin, the electron moves to plastoquinone QA, which is bound to the D2
protein, then to plastoquinone QB on the D1 protein (De Causmaecker et al., 2019;
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Komenda et al., 2024; Saito et al., 2013). A mobile plastoquinone is then reduced and
diffuses within the thylakoid membrane to the cytochrome b6f complex, where it donates
the electron (Emrich-Mills et al., 2025; Malone et al., 2021). In linear electron transport,
the electron then passes to plastocyanin, which carries it through the lumen to photosystem
I (Milrad et al., 2025). There it replaces the electron that is excited from chlorophyll P700
and transferred to ferredoxin (Mondal & Bruce, 2018; Si et al., 2024). Finally, NADP" is
reduced by ferredoxin via ferredoxin-NADP" reductase (FNR) to form NADPH
(Kozuleva et al., 2016; Moreno et al., 2024).

Electron transport is coupled with proton movement from the stroma into the thylakoid
lumen, which becomes positively charged and acidified (Davis & Kramer, 2020; Riihle et
al., 2024). The resulting electrochemical gradient drives the synthesis of ATP from ADP
by ATP synthase, a process known as photophosphorylation (Sekiguchi et al., 2024). The
light reactions therefore conserve energy in the form of ATP, while simultaneously

generating reducing power in form of NADPH (Leister, 2023; Riihle et al., 2024).

In cyclic electron transport around photosystem I, electrons excited from P700 do not
reduce NADP* but return via plastoquinone to the cytochrome besf complex, generating
ATP without producing NADPH (Emrich-Mills et al., 2025; Yamori & Shikanai, 2016).
Linear transport predominates when stromal NADP* is available and the Calvin cycle
draws down reducing power, producing both ATP and NADPH (Leister, 2023; Strand et
al., 2017). By contrast, cyclic transport becomes more prominent when the metabolic
demand for ATP exceeds that for NADPH or when photoprotection is required, such as
under low COg2, high light, or other stress conditions (Emrich-Mills et al., 2025).

Because these primary photochemical steps in photosystem II and I occur far faster than
subsequent electron transport, which itself proceeds faster than the stromal carbon
reduction reactions, excitation can accumulate when the Calvin cycle is limited
(Holzwarth et al., 2006). Chloroplasts therefore deploy photoprotective mechanisms,

including non-photochemical quenching in the antenna, enhanced cyclic electron transport
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to raise proton motive force, rapid repair of photosystem II through D1 turnover, and
metabolic shuttles that export reducing equivalents via malate/oxaloacetate valve (Arshad
et al., 2022; Malnoé, 2018; Ruban, 2016; Selinski & Scheibe, 2019; Wilson & Ruban,
2020).

2.1.2 Carbon fixation: Rubisco activation, carboxylation and regulation

Ribulose-1,5-bisphosphate carboxylase/oxygenase (Rubisco) is an enzyme that requires
activation by light-dependent changes in the chloroplast stroma (Amaral et al., 2024;
Portis et al., 2008). Activation involves carbamylation, in which an activator CO2 binds to
a lysine residue in the catalytic site (Amaral et al., 2024; Perdomo et al., 2017). Mg?" then
coordinates this carbamate to form the catalytically competent complex (Ishijima et al.,
2003). In the activated state, Rubisco binds ribulose-1,5-bisphosphate (RuBP) and
catalyses carboxylation to yield two molecules of 3-phosphoglycerate, which feed the
Calvin cycle (Prywes et al., 2023).

Rubisco activase is the ATP-dependent chaperone that reopens catalytic sites and removes
tight-binding inhibitors, maintaining a high activation state in the light (Waheeda et al.,
2023). Its activity responds to the stromal environment like pH alkalinisation, higher
Mg?*, redox status and the ADP to ATP ratio (Trinh & Masuda, 2022). Isoforms of Rubisco
activase differ in regulatory properties and thermal sensitivity, so temperature shifts alter
the balance between Rubisco activation, deactivation and spontaneous inhibitor release
(Amaral et al., 2024; Carmo-Silva & Salvucci, 2013). As leaves warm, changes in redox
state, nucleotide balance and Mg?* availability modulate both activase function and
carbamylation, shaping the fraction of Rubisco that is catalytically competent at any

moment (Perdomo et al., 2017; Trinh & Masuda, 2022).

At saturating light, linear electron transport raises the proton motive force and increases
stromal pH and Mg?*, conditions that favour Rubisco activase and carbamylation (Trinh
& Masuda, 2022). Under fluctuating light or heat, activase may become limiting,

increasing the lag between illumination and full carboxylation capacity (Wang, 2024).
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Together, these controls mean that the instantaneous carboxylation rate depends not only
on Rubisco amount and kinetics but also on its activation state, which is dynamically set

by the stromal environment (Amaral et al., 2024).
2.1.3 Photorespiration: oxygenation cost and metabolic integration

Rubisco can also catalyse oxygenation when Oz competes with CO: at the catalytic site
(Flamholz et al., 2019; Prywes et al., 2023). In oxygenation, RuBP reacts with O2 to form
one molecule of 3-phosphoglycerate and one molecule of 2-phosphoglycolate (Dellero et
al., 2016). The latter is dephosphorylated to glycolate, which enters the peroxisome and
then the mitochondria, where glycine is converted to serine with the concomitant release
of CO2 and ammonia (Dellero et al., 2016). This photorespiratory pathway consumes ATP
and reducing equivalents. It lowers the net CO2 assimilation via two routes: RuBP is
diverted to oxygenation rather than carboxylation, reducing the substrate available for CO2
fixation, and part of the previously fixed carbon is released again as CO2 during

photorespiration (Walker et al., 2016).

The ratio of carboxylation to oxygenation depends on substrate concentrations at the
catalytic site and on Rubisco’s specificity for CO: relative to Oz (Farquhar et al., 1980;
Jordan & Ogren, 1984; Oh et al., 2023; Sakata et al., 2024). Low chloroplastic CO2, or
high Oz concentrations shift the balance towards oxygenation (Busch et al., 2024; Haworth
et al., 2022). Because each carboxylation event requires four electrons from the thylakoid
chain whereas each CO2 released by photorespiration is associated with additional
electron transport demand, changes in this balance also alter ATP and NADPH
requirements downstream (Foyer et al., 2012; Kramer & Evans, 2011; Timm et al., 2024;

Walker et al., 2014).
2.1.4 COz supply and diffusional conductances

The instantaneous photosynthetic rate reflects the balance between the supply of CO2 to

the chloroplast and the biochemical demand for CO:2 by the Calvin cycle (Busch et al.,
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2024; Elferjani et al., 2021; Song & Zhu, 2024). Supply follows a diffusive pathway from
ambient air to the carboxylation site, first across the leaf boundary layer, then through the
stomata into the intercellular air spaces, and finally across the mesophyll liquid phase to
the chloroplast stroma, crossing the cell wall, plasma membrane, cytosol and the two
membranes of the chloroplast envelope (Elferjani et al., 2021; Evans et al., 2009; Evans
& Von Caemmerer, 1996; Viveros et al., 2024). The corresponding state variables are the
ambient concentration Ca, the intercellular concentration Ci and the chloroplastic
concentration Cc at Rubisco (Elferjani et al., 2021; Farquhar, von Caemmerer, et al., 1980;
Ubierna et al., 2018). Demand is set by the capacity to regenerate RuBP and to carboxylate
it, which is controlled by light-driven electron transport, temperature and activation state
of Rubisco and Rubisco activase (Farquhar, von Caemmerer, et al., 1980; Song & Zhu,
2024; Yin & Struik, 2009). Because these controls respond differently to the environment,
the operating point where diffusive supply matches biochemical demand shifts across the

day and with stress (Busch et al., 2024; Song & Zhu, 2024).

Stomatal conductance determines the gas phase step from the leaf surface to the
substomatal cavity, whereas mesophyll conductance governs the liquid phase step from Ci
to Cec (Tholen et al., 2012; Vrabl et al., 2009; Yin & Struik, 2009). Together, they define
the effective conductance of the leaf for CO2 uptake (Barbour et al., 2010, 2016; Flexas et
al., 2008). By Fick’s law, net CO2 assimilation at steady state equals the flux down the
concentration gradient multiplied by conductance (Busch et al., 2024). In practice, the
conductance for water vapour is often used to infer the conductance for CO2 by accounting
for the faster diffusivity of water in air, which is about 1.6 times that of CO2, and by
separating the boundary layer component from the stomatal component (Evans & Von
Caemmerer, 1996; Song & Zhu, 2024). From the substomatal cavity towards the
chloroplast interior, mesophyll conductance reflects several steps: CO:2 dissolves in the
liquid phase, is partly converted to bicarbonate by carbonic anhydrase, diffuses through
the cell water and then crosses the cell wall, plasma membrane and the two membranes of

the chloroplast envelope to reach the stroma (Barbour, 2017; Barbour et al., 2016; Pons et
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al., 2009). Anatomical traits such as chloroplast surface area exposed to intercellular air
spaces and cell wall thickness influence this pathway, and physiological agents such as
aquaporins can modulate it rapidly (Flexas et al., 2012; Sonawane & Cousins, 2019; Tania
et al., 2025). Crucially, carbonic anhydrase catalyses rapid interconversion between CO2
and HCOs', keeping these pools near equilibrium at the chloroplast surface and in the
stroma. Without this catalyst, equilibration is too slow for physiological fluxes,
constraining mesophyll conductance and Rubisco carboxylation (Badger & Price, 1994;

Momayyezi et al., 2020; Tholen & Zhu, 2011).

Supply and demand are commonly separated with an Anet-Ce response curve under
saturating steady irradiance (Busch et al., 2024). At low CO2, the curve rises steeply
because Rubisco carboxylation is substrate limited while RuBP is effectively saturating.
This initial slope reflects carboxylation efficiency and is informative about Rubisco
amount, kinetics and activation state (Burnett et al., 2019; Lu et al., 2020; Suganami et al.,
2021; Yamori et al., 2006). As COz2 increases the curve bends toward a plateau where
RuBP regeneration limits assimilation. In this regime the thylakoid chain determines the
rate by supplying ATP and NADPH to the Calvin cycle (Farquhar, von Caemmerer, et al.,
1980; Yin & Struik, 2009). At very high CO:z and high light a further ceiling can appear
when triose phosphate utilisation constrains inorganic phosphate recycling and export
(Gregory et al., 2021; McClain et al., 2023; Rogers et al., 2021). Across the curve, rising
CO:2 suppresses the competing oxygenation reaction of Rubisco, so net assimilation can
continue to increase slightly even when electron transport is near its maximum because

photorespiratory loss declines (Zhou et al., 2023).

In many conditions leaves operate near co-limitation by carboxylation and RuBP
regeneration, which allows efficient use of both the light reactions and the Calvin cycle
(Busch et al., 2024; Song & Zhu, 2024). Environmental drivers shift this operating point,
by altering electron transport, stromal conditions for activation and substrate availability

(Perdomo et al., 2017; Portis et al., 2008; Waheeda et al., 2023; Yamori et al., 2006).
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2.2 Respiration

Respiration oxidises carbohydrate to release energy in a controlled manner that can be
conserved as ATP (Ghifari et al., 2023; Tasnim et al., 2021). The process supports
biosynthesis, transport, repair and cellular maintenance (van Aken, 2021; Vera-Vives et
al., 2024). Because the energy content of glucose is high, the pathway proceeds through
many small enzyme-mediated steps that channel energy into conserved intermediates
rather than releasing it abruptly (Zhang et al., 2023). The overall design couples substrate
oxidation to the creation of a proton motive force across the inner mitochondrial
membrane and then uses that gradient to power ATP formation (Chadee et al., 2021;
Ghifari et al., 2023; Maldonado et al., 2023). In this way, respiration provides a controlled
and adaptable energy supply that can follow cellular demand across changing conditions

(O’Leary et al., 2023).
2.2.1 Pathways, compartmentation and flexibility

Carbohydrate enters respiration through glycolysis in the cytosol, where glucose is
converted to pyruvate with a small yield of ATP and reduced cofactors (Zheng et al., 2025).
Pyruvate is then imported into mitochondria and converted to acetyl-CoA, a step that
releases COz and positions the substrate for complete oxidation (Le et al., 2021; O’Leary,
2021). Acetyl-CoA feeds the TCA cycle in the matrix, which generates CO2 and transfers
most of the available free energy of the nicotinamide and flavin pools (Zhang et al., 2023).
The reduced cofactors donate electrons to the inner-membrane electron transport chain,
where electrons pass through a sequence of carriers to oxygen, generating water. Energy
released along the chain is used to pump protons from the matrix to the intermembrane
space, establishing the gradient that drives ATP synthase (Ghifari et al., 2023; Kiihlbrandt
et al., 2025; Maldonado et al., 2023).

11



Plant mitochondria add flexibility by using noncyclic TCA operation, alternative electron
routes and redox shuttles, so they can prioritise ATP yield, precursor supply or redox
balance as conditions change (Shameer et al., 2019a; Zheng et al., 2025). Alternative
electron routes, including the alternative oxidase pathway (AOX) and external or internal
dehydrogenases, allow electrons to bypass energy-conserving steps when redox balance
or metabolite export is prioritised over maximum ATP yield (Barreto et al., 2022;
McDonald, 2023). Mitochondria also exchange reducing equivalents and metabolites with
chloroplasts and peroxisomes through the malate-oxaloacetate shuttle, which exports
excess reductant from the chloroplast in the light and helps stabilise the NAD(P)H balance
across compartments (Dao et al., 2022; van Aken, 2021; Vera-Vives et al., 2024; Voon et
al., 2021).

2.2.2 Energy conversion and mitochondrial efficiency

Most ATP generated by respiration is produced by oxidative phosphorylation when
electrons from NADH and FADH: are transferred to oxygen via the electron transport
chain (Ghifari et al., 2023; Kiihlbrandt et al., 2025; Vera-Vives et al., 2024). Proton
pumping at multiple sites builds an electrochemical gradient, and ATP synthase couples
proton return to phosphorylation of ADP (Ghifari et al., 2023; Kiihlbrandt et al., 2025).
Smaller amounts of ATP arise directly in glycolysis and in the TCA cycle. The effective
recovery of energy from glucose is well below the theoretical maximum because part of
the free energy is channelled into maintenance cost, ion homeostasis and transport, and a
substantial fraction is dissipated as heat (Amthor, 2025; Bathe et al., 2023; G. Li et al.,
2021; Xiao et al., 2024).

2.2.3 Respiration in darkness and in the light

Mitochondrial respiration proceeds continuously in both darkness and light, but its
apparent contribution to net CO:z exchange depends on what photosynthesis and
photorespiration are doing at the same time (Niu et al., 2025; Vera-Vives et al., 2024).

During the day, chloroplast activity changes stromal pH, Mg?* and adenylate balance and
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alters the redox state of the cell (Voon et al., 2021; Xiao et al., 2024). These changes
feedback to mitochondrial substrate supply and the partitioning of electron flow through
the cytochrome pathway and the AOX (McDonald, 2023; Selinski et al., 2018; Shameer
et al., 2019a). When lights are switched off, leaves often show a burst of CO: release
followed by a transient enhancement of dark respiration that may reflect the size and redox
state of metabolites pools accumulated in the light (Fan et al., 2024). Subsequently,
respiration rates usually decline towards a lower steady level as those pools relax and

control shifts to substrate availability and enzyme activation states (Xiao et al., 2024).

2.2.4 Environmental and metabolic control

Leaf respiration is sensitive to temperature, water status, nutrient supply and recent light
history (Fan et al., 2024; Li et al., 2025; Needham et al., 2025). Warming accelerates
enzyme kinetics within limits but can also increase proton leak and shift the balance of
ATP supply and demand (de Souza et al., 2025; Kiihlbrandt et al., 2025). Drought and low
nitrogen constrain substrate availability and modify the cost of maintenance (Li et al.,
2025; Quetin et al., 2024). Prior irradiance sets the starting conditions for the night by
building or depleting carbohydrate and organic acid pools and by altering the cellular
redox environment (Fan et al., 2024; Shameer et al., 2019a). At the regulatory level,
adenylate energy charge, inorganic phosphate availability, matrix pH and redox state
coordinate flux through glycolysis, the TCA cycle and the electron transport chain (He et
al., 2023; Xiao et al., 2024; Zheng et al., 2025). In high light the chloroplast can
overproduce reducing power relative to ATP, and the leaf compensates by exporting
reductant through malate shuttles and by increasing cyclic electron flow and
mitochondrial engagement (Shameer et al., 2019a; Voon et al., 2021; Xiao et al., 2024).
This coordination keeps the ATP and NAD(P)H supply aligned with the work of
biosynthesis and repair while limiting the accumulation of damaging reactive

intermediates (He et al., 2023; Xiao et al., 2024).
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2.3 Gas exchange measurements: principles and equations

Having outlined the processes that consume and generate COz2 in the leaf, I now describe
how these fluxes are measured and calculated. In an open gas exchange system, a flow of
gas with known composition enters the leaf chamber, interacts with the leaf and exits with
modified mole fraction of CO2 and H20 (Heinz Walz GmbH, 2019). The analyser
continuously measures the sample and reference signals to obtain inlet and outlet mole
fractions for both gases and the molar flow, then converts these values to fluxes per unit
leaf area. The CO2 differential is handled with a time delay that aligns sample and
reference signals, whereas H2O is treated without delay because it varies more slowly in
the system (Heinz Walz GmbH, 2019). These definitions provide the differentials used

below for transpiration and assimilation.
Transpiration per leaf area is

Ue (Wa - We)
E= —F, 2.1
LA (1—w,) 21
where, ue is the inlet molar flow, wa and we are the outlet and inlet H>O mole fractions,

and LA is leaf area.

The (1-wa) term corrects for dilution by water vapour in open systems. The air to leaf

vapour pressure deficit is computed from chamber and intercellular H2O mole fractions

ypp = — i Ya 2.2
R PR @2

2

with wi assumed saturated at leaf temperature
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These relations provide a closed form for VPD as a function of Tieaf, chamber pressure and

wa. Total water vapour conductance follows directly as

Gy,o = VBD" [mmol m=2s71]. (2.4)

Net COz2 assimilation includes the water vapour dilution correction

_ We(ce - Co)

A==~ Ec (2.5)

where ce and co are inlet and outlet CO2 mole fractions and ca is the chamber CO2 mole

fraction. In operational form

, _ Flow (dCOzzp — dCOLp)

—2.-1
tron Ec, [umolm™=s™1]. (2.6)

The second term removes the apparent CO: flux caused by dilution with transpired water
vapour and is essential for open path calculations. Intercellular CO2 mole fraction is

obtained from Fick’s law with the customary water vapour term

E

gC€o, — Vi A
Ci = E Ca - E’ [ppm] (27)

where gCO:z is the total conductance for CO2 from leaf internal airspace to atmosphere.

The relation between water and CO2 conductance is

G
gCo, =

1.56’ 28)

which uses the ratio of diffusivities of water vapour and CO: in air. Substituting Guz0

gives a fully operational expression for Ci (Heinz Walz GmbH, 2019).
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2.4 The FvCB model

The following section uses the Farquhar, von Caemmerer and Berry model to link
measured assimilation to its biochemical drivers. The FvCB model of C3 photosynthesis
is the most widely used for quantifying carbon fixation in terrestrial Cs plants and consists
of three components that together determine the CO2 exchange at the leaf level (Farquhar
et al., 1980): the carboxylation by Rubisco (gross photosynthesis), the oxygenation by
Rubisco (photorespiration), and Dr (COz released in the light from processes other than
photorespiration) (Ubierna et al., 2019; Tcherkez et al., 2024). While it was traditionally
believed that CO: release under light conditions was exclusively due to respiratory
processes, it is now understood that anabolic pathways also make a significant
contribution (Abadie et al., 2024; Tcherkez et al., 2024; Tcherkez & Atkin, 2021). These
include the decarboxylation of pyruvate during fatty acid biosynthesis, the conversion of
glucose-6-phosphate to ribose-5-phosphate via the pentose phosphate pathway for sucrose
production, and the decarboxylation of isocitrate to 2-oxoglutarate (2-OG) during amino
acid biosynthesis (Abadie et al., 2024; Tcherkez et al., 2024). Gas exchange methods
estimate the total CO2 release under light conditions and therefore cannot differentiate
between the contributions of respiratory processes and other decarboxylation processes,
making the use of terms like Rday or RL conceptually misleading. By incorporating these
metabolic processes into the definition of D, I aim to more accurately capture the full

scope of COz released in the light.
Net photosynthesis can be calculated in terms of the rate of Rubisco carboxylation, as:
Aper =V, (1-T"/C.) — D, (2.9)

where V. is the rate of carboxylation, I'* is the photorespiratory CO2 compensation point
and C:. is the chloroplast COz2 partial pressure. Ve can be determined as the minimum rate

of three possible limiting factors: the Rubisco-limited carboxylation rate (W), the
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carboxylation rate limited by RuBP (Ribulose 1,5-bisphosphate) regeneration or electron
transport rate (/j), and the carboxylation rate constrained by phosphate availability (7)).
Therefore, at a given chloroplastic CO2 partial pressure, Anet is modelled as the minimum
of these three limiting rates (W., Wj, Wp) as shown in Equation 2.11 (Kirschbaum &
Farquhar, 1984; Ubierna et al., 2019).

V. = min {W,, W;,W,} (2.10)

Since W, was not limiting under our experimental conditions, this term was omitted.
Measurements were conducted across a wide range of CO2 concentrations, extending up
to approximately 2000 ppm. However, net assimilation (A4net) did not show further
increases at the highest CO:z levels, indicating that triose phosphate utilisation did not
impose a limitation under these conditions. Because TPU limitation typically becomes
evident at high CO2 concentrations through a characteristic response of Anet, the absence
of such behaviour in our measurements suggests that photosynthesis was not limited by

Wp. Therefore, W. was calculated as:

!
_ Vemax X Ce

W. = 2.11
¢ C.+K, ( )

where Ve'max is the apparent maximum carboxylation rate and Km is the effective
Michaelis-Menten constant for CO: that also considers competitive inhibition by oxygen.
In the calculation of Km, the partial pressure of oxygen (O2), the Michaelis-Menten

constants for CO2 (Kc¢) and for Oz (Ko) are incorporated as seen in Equation 2.13.

Kn = K (14 %) 2.12)
V’ emax 18 calculated as:
chax X CC
| /4 = 2.13
cmax Cc T Ka ( )
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where Vemax 1s the maximum carboxylation rate, and Ka is the Michaelis-Menten constant
for activation of Rubisco by COz at a given Mg?* concentration and pH (Kirschbaum &

Farquhar, 1984).

Wij is calculated as:

J * Cc

Wi=ac 12 (2.14)

where J is the potential electron transport rate. I used the factor of 2 here instead of 7/3 by
assuming that NADPH reduction, rather than ATP production, is the limiting step in the
regeneration of RuBP (Kirschbaum & Farquhar, 1987). The regeneration of one molecule

of RuBP requires two molecules of NADPH, each of which requires two electrons.

J is calculated as:

(a *I+]max) _\/(a *I+]max)2 — 40 (a *I*]max)
/= 20

(2.15)

where Jmax 1s the maximum electron transport rate, a is the quantum yield of electron
transport, I is the photon flux density of photosynthetically active radiation and 8 describes

the curvature of the light response of photosynthesis (Buckley & Farquhar, 2004).

However, the transition between these limitations on V. is not as abrupt as implied by
Equation 2.11. The intrinsic nature of enzymatic kinetics and the variability in leaf tissue
properties result in a region on the Anet-Ce curve where different factors can co-limit the
overall rates (Kirschbaum & Farquhar, 1984) as multiple processes simultaneously restrict
the current rate of photosynthesis. Consequently, Equation 2.10 was rearranged by
introducing an empirical factor (e), which transforms the function into a smooth hyperbola

(Equation 2.17).

V2 =V, (W, + W +e) + W, W, =0 (2.16)
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The resulting V. from Equation 2.18 is then substituted into Equation 2.10. The estimated
assimilation rate is thus calculated based on the FvCB model, incorporating modifications
proposed by Kirschbaum and Farquhar (1984), and further refinements by Ubierna et al.
(2019).

e & (W o) — ()

2 : (2.17)

2.5 Methods to estimate I'* and DL

2.5.1 Biochemical estimates of I'*

Biochemically, I'* is defined as the chloroplastic COz2 partial pressure at which Rubisco
carboxylation is exactly balanced by photorespiratory CO2 release when other
decarboxylation processes are excluded, which at steady state implies Ve = 0.5Vo. Under

these conditions the classical expression is:

0

=
2 Sc/o

(2.18)

where O is the chloroplastic Oz partial pressure and Scio is Rubisco’s CO2 over O2
specificity factor (Farquhar, Von Caemmerer, et al., 1980; Yin et al., 2021). This identity
follows from the competitive kinetics of Rubisco for CO2 and O: and from the
stoichiometry of one COz released per two oxygenations in the photorespiratory pathway
(Farquhar, Von Caemmerer, et al., 1980; Jordan & Ogren, 1984; Laing et al., 1974).
Farquhar, von Caemmerer and Berry embedded this definition in the biochemical model
of Cs photosynthesis, and subsequent syntheses retain the same expression for ['* as a

function of O and Sc/o (Farquhar, Von Caemmerer, et al., 1980; Yin et al., 2021).
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Classically, I'* is obtained by determining Sc/o in vitro with purified Rubisco under
controlled gas composition, pH, Mg?* and RuBP, then substituting the measured Sc/o
together with the target Oz into equation 2.19. Pivotal experiments established the CO2
and O: competition at Rubisco’s active site and developed assays that quantify
carboxylase and oxygenase activities, enabling robust estimation of Sc/o (Jordan & Ogren,
1984; Laing et al., 1974). Jordan and Ogren showed large interspecific differences in Sc/o,
and documented its strong decline with increasing temperature, while reporting only weak
pH effects and little dependence on RuBP within experimental ranges. These findings
imply that I'* increases with warming at fixed Oz (Jordan & Ogren, 1984). Brooks and
Farquhar (1985) linked the temperature dependence of Sc/o to leaf-level estimates of T'*,

providing temperature functions that became widely used in modelling studies.
2.5.2 Gas-exchange methods to estimate I'* and Dv: Laisk method

The Laisk method estimates the photorespiratory CO2 compensation point (I'*) and the
rate of COz release in the light (DL), from a group of low CO2 response curves measured
at several sub-saturating irradiances (Farquhar, von Caemmerer, et al., 1980; Laisk, 1977).
Net CO:2 assimilation is recorded across a restricted low CO:2 range at each light level,
straight lines are fitted to the Anet-Cec curves, and these lines intersect at a common point
(Laisk, 1977). The x-intercept gives I'* and the y-intercept yields Di. Practical
descriptions converge on the same operational steps: three or more irradiances, a low CO2

partial pressure, and regression to the intersection point (Schmiege et al., 2023).

Implementation rests on several explicit assumptions and measurement choices. First,
local linearity is assumed in the chosen low-CO2 window, but the true 4net-Ce relation is
intrinsically curvilinear under the FvCB biochemistry (Walker & Ort, 2015).
Consequently, linear regression must be confined to a CO2 span to minimise curvature
bias, which becomes more pronounced at cooler temperatures. Second, the original
method is usually conducted with Anet-Ci curves, but finite mesophyll conductance means

that Ci is not equal to the chloroplastic CO:z partial pressure Cc, so using Ci can return an
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apparent compensation point and can shift the intersection (Douthe et al., 2011; Ubierna
et al., 2018). Third, Dv is assumed not to change with light, but studies report that both
light and CO2 can influence the release of CO2 under light conditions (Tcherkez et al.,

2017).

Two relevant limitations have been identified in this method. The first arises from
diffusion and reassimilation. The apparent intersection can be displaced when a fraction
of respired or photorespired CO: is reassimilated, and when the location of mitochondrial
sources relative to chloroplast alters the effective path length for CO2 (Berghuijs et al.,
2019; Gong et al., 2018). Reaction-diffusion analyses show how reassimilation and
mesophyll resistance modulate the estimates obtained from classical Lasik protocols and
provide ways to interpret or correct these effects (Gong et al., 2018). The second relates
to protocol domain, very low CO: or large light steps can shift Cc and can change the
oxygenation to carboxylation ratio, while cooler temperatures accentuate curvature and
can move the intersection (Walker & Ort, 2015). However, linearity and the selection of
the CO2 range are also pivotal considerations for evaluating and improving the Laisk

method.
2.5.3 Kok, Yin and isotopic approaches

The Kok method estimates the CO: released under illuminated conditions by exploiting
the change in the slope of the net photosynthesis versus irradiance curve close to the light
compensation point (‘Kok effect”) (Tcherkez et al., 2017; Yin et al., 2020). The classical
interpretation is that the break in slope reflects light-induced inhibition of mitochondrial
respiration, such that extrapolation of the low-light linear portion to zero irradiance
provides an estimate of DL. The approach is simple and uses only gas exchange, but it is
sensitive to the assumption of a constant quantum yield and to a stable chloroplastic CO2
concentration (C¢) during the light steps (Gauthier et al., 2020; Yin et al., 2011). Recent
analyses show that part of the Kok effect can be explained by changes in Cc and by
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increasing contribution of photorespiration with irradiance, which biases DL estimates if

unaccounted for (Buckley et al., 2017; Farquhar & Busch, 2017).

On the other hand, the Yin method combines gas exchange with chlorophyll fluorescence
to partition electron transport and explicitly account for photorespiratory effects, thereby
estimating DL without relying on the Kok break (Tcherkez et al., 2017; Yin et al., 2011).
Operationally, it uses the electron transport yield (J) derived from fluorescence to
constrain RuBP regeneration and then derives DL from a linearised form of the
photosynthesis model under defined light conditions (Yin et al., 2011; Yin & Amthor,
2024). Across species and conditions, Yin-method estimates tend to be higher than Kok-
based estimates and are often comparable to values from carefully implemented Laisk-
type protocols (Schmiege et al., 2023; Sun et al., 2023). Methodological reviews and
recent evaluations indicate that Yin-base DL estimates are typically about 20 percent
higher than Kok, consistent with the view that the Kok approach underestimate DL when

photorespiration and chloroplastic CO2 vary across the light steps (Yin & Amthor, 2024).

A mechanistic re-analysis using the mathematical description of photosynthesis proposes
that much of the Kok effect arises from changes in C. rather than a direct inhibition of
mitochondrial processes (Farquhar & Busch, 2017; Yin et al., 2020). Under this view,
variation in I'*/C. with irradiance alters the apparent quantum yield at very low light,
producing a slope change even if mitochondrial respiration is not strongly inhibited
(Buckley et al., 2017; Farquhar & Busch, 2017). This interpretation helps explain why
Kok-base DL estimates depend on the photorespiratory regime, measurement CO2 and leaf
temperature, and why approaches that constrain C. or partition electron transport reduce

bias (Yin et al., 2020; Yin & Amthor, 2024).

Isotopic methods estimate Dt by exploiting the '*C signal of the leaf CO: efflux and its
disequilibrium with leaf organic matter (Ghashghaie & Badeck, 2014; C. Y. Xu et al.,
2004). In the isotopic disequilibrium approach, Dv is derived from the constrain '3C

signatures of metabolically produced COz2 versus COz near the exchange surfaces, thereby
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avoiding very low irradiance or low CO:2 during measurement (Gong et al., 2018; Sun et
al., 2023). Applications have shown that isotopic disequilibrium often yields higher DL
than the Kok method and can track responses to irradiance and CO2 without requiring a
Kok break (Gong et al., 2018; Yin & Amthor, 2024). Labelling and natural-abundance
studies further indicate that multiple carbon sources contribute to CO2 release in the light
and that leaf-respirated CO:2 can be '*C-enriched relative to bulk leaf carbon, consistent
with a composite efflux interacting with photosynthesis (Tcherkez & Atkin, 2021; C. Y.
Xu et al., 2004). Methodological critiques emphasise the need for rigorous isotope mass
balance, characterisation of internal CO2 pools, and accounting for back-diffusion and

reassimilation (Gong et al., 2018; Ubierna et al., 2022).

In practice, the Kok method is attractive for its simplicity but is susceptible to bias when
the quantum yield changes or when Cc varies near the light-compensation point (Farquhar
& Busch, 2017; Gauthier et al., 2020; Yin et al., 2011). The Yin method reduces these
issues by using fluorescence-derived electron transport to constrain calculation and
generally yields larger and more stable DL estimates across conditions (Schmiege et al.,
2023; Yin et al., 2011; Yin & Amthor, 2024). Isotopic approaches provide an independent
line of evidence that Dy varies with light and CO2, and they help separate metabolic versus
diffusive components of CO2 release in the light, although they require specialised
instrumentation and rigours isotope mass balance (Gong et al., 2018; Sun et al., 2023;

Tcherkez & Atkin, 2021; Ubierna et al., 2022; C. Y. Xu et al., 2004).
2.6 The steady versus non steady states of leaf dark respiration

When lights are switched off, leaf CO2 efflux passes through a non-steady state and then
approaches a steady-state rate (Bruhn et al., 2025; Griffin & Turnbull, 2012). Across the
early transient phase, processes primed during illumination are released as photochemistry
ceases (Atkin et al., 1998; Lehmann et al., 2016). Two features dominate this window.
First, the post-illumination burst (PIB) is a brief spike linked to rapid rebalancing of

electron acceptors and carriers, together with the sudden drop in chloroplastic CO2
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refixation, which allows a short surge of COz2 to escape, consistent with a photorespiratory
origin (Vines et al., 1983; Walker & Cousins, 2013). Second, the light enhanced dark
respiration (LEDR) is a slower relaxation driven by oxidation and redistribution of
metabolites that accumulated in the light (Barbour et al., 2007; Reddy et al., 1991). During
this relaxation, pools of photorespiratory intermediates, organic acids and carbohydrates
decline toward new dark equilibria, while the adenylate energy state, inorganic phosphate
availability and cellular redox poise adjust to the loss of light-driven ATP and NADPH
supply (Noctor & Foyer, 2000; Shameer et al., 2019b). As these pools and control
variables stabilise, the system settles into a steady state in which the mitochondrial
network supplies ATP at a quasi-constant rate set by substrate delivery, enzyme activation

and proton leak (Fan et al., 2024; Scafaro et al., 2021).

Measurements taken during the non-steady interval therefore merge transient
decarboxylation with the sustained respiratory baseline (Reddy et al., 1991; Vines et al.,
1983). For thermal analyses, this distinction is critical, because the non-steady phase
shortens and changes shape with temperature, and its inclusion can steepen or flatten
apparent temperature responses in ways that do not represent the intrinsic steady-state
behaviour of dark respiration (Bruhn et al., 2025). Accordingly, measurements made
during LEDR overestimate the steady-state dark respiration rate, because LEDR is an

excess above the dark baseline.

Metabolite dynamics underlie the transition between phases and determine how long dark
acclimation must be before steady state is reached (Atkin & Tjoelker, 2003; Noctor &
Foyer, 2000). In the light, operation of the Calvin cycle and photorespiration builds
glycine and serine pools and elevates turnover of the glycine-decarboxylase complex,
which releases CO2 and ammonia (Rosa-Téllez et al., 2024; Tcherkez et al., 2017).
Organic acids such as malate and fumarate accumulate through the malate-oxaloacetate
shuttle that exports reducing equivalents from chloroplast, and TCA cycle intermediates
shift to support biosynthesis (Dao et al., 2022; Selinski & Scheibe, 2019; Xiao et al.,

2024). Sucrose and starch metabolism sets the supply of hexose phosphates that feed
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glycolysis at lights-off (Stitt & Zeeman, 2012). Once illumination ceases, oxidation of
these pools and reconfiguration of pathway engagement cause the LEDR (Barbour et al.,
2007; Reddy et al., 1991). The relative use of the cytochrome pathway and the alternative
oxidase (AOX) shapes the efficiency and heat dissipation of this recovery (Chadee et al.,
2021; McDonald, 2023). Because pool sizes an enzyme activities are temperature-
dependent, the magnitude and duration of the non-steady phase change with leaf

temperature and recent light history (Atkin & Tjoelker, 2003; Fan et al., 2024).
2.7 Temperature dependence of biological rates

2.7.1 Arrhenius-type formulations: scope and limits

Temperature is a first-order driver of metabolic rate because enzyme-catalysed reactions
accelerate as thermal energy lowers the effective barrier to the transition state (Arcus et
al., 2016; Arcus & Mulholland, 2025; Arroyo et al., 2022). For more than a century,
Arrhenius-type formulations have described an approximately exponential rise over
moderate temperatures, but they are empirical and often deviate on the warm side
(Arrhenius, 1889; Medlyn et al., 2002; van’t Hoff, 1884). In leaf physiology, Arrhenius
models have been widely applied to dark respiration and the biochemical parameters of
photosynthesis, Vemax and Jmax (Atkin & Tjoelker, 2003; Kumarathunge et al., 2019;
Medlyn et al., 2002). In practice, Arrhenius fits are often adequate around moderate
temperatures but become less accurate near the warm side where the temperature
dependence of many enzymatic and membrane-associated processes deviate from simple
exponential behaviour (Carter et al., 2025; Smith & Keenan, 2020). The peaked Arrhenius
variant equations partly accommodates this by allowing a decline beyond an optimum
temperature, but it remains empirical and does not directly expose the underlying

thermodynamic quantities that control curvature and sensitivity (Medlyn et al., 2002).
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2.7.2 Macromolecular Rate Theory (MMRT): a thermodynamic alternative

MMRT extends transition-state theory to enzymes by allowing the heat capacity of
activation to vary with temperature. This single addition yields a mechanistic explanation
for the characteristic concave-down curvature of many biological rate-temperature curves
and provides parameters that allow a physical interpretation (Arcus et al., 2016; Liang et

al., 2018). In MMRT, the key descriptors are:

e The optimum temperature (7opt), where the rate would reach a theoretical
maximum.

e The inflection temperature (7inf), Wwhere temperature sensitivity is greatest; and

e The change in activation heat capacity (ACp?), typically negative for enzymes,

which sets the degree of warm-side deceleration.

These descriptors link curvature to enzyme thermodynamics rather than fitting an
empirical peak. Because ACy* governs how the activation enthalpy and entropy evolve
with temperature, MMRT naturally predicts progressively smaller marginal gains in rates
as leaf temperature increases. This can account for the observed departures from
exponential behaviour in both mitochondrial respiration and photosynthetic processes
(Arcus & Mulholland, 2025; Liang et al., 2018). This thermodynamic framing is useful
when comparing treatments, species or organs because it links curvature in the
temperature response directly to enzyme level properties rather than relying on purely

empirical peaks.

At the leaf scale, MMRT has been applied successfully to dark respiration, often capturing
a conserved shape up to moderate temperatures and explaining the common deceleration
at higher temperatures without assuming generalised protein denaturation at
unrealistically low limits (Liang et al., 2018; M. Xu et al., 2021). For photosynthesis, Vemax
and Jmax show distinct temperature responses: Vemax is largely governed by Rubisco

catalysis and activation state, whereas Jmax reflects the performance of thylakoid electron
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transport (Cheah & Teh, 2020; Crous et al., 2022). Empirically, Jmax tends to exhibit a
lower warm-side tolerance than Vemax, consistent with the greater thermal sensitivity of
membrane-embedded electron transfer steps and associated coupling processes (Carter et
al., 2025; Medlyn et al., 2002; Smith & Keenan, 2020). MMRT accommodates these
differences by allowing process specific ACy values and thereby different Topt and Tins,
offering a unified language to compare carboxylation and electron transport limitations

across species and environments (Arcus & Mulholland, 2025; Liang et al., 2018).

Both respiration and photosynthetic capacities acclimate to growth temperature, shifting
Topt and altering apparent temperature sensitivity over days to weeks (Atkin & Tjoelker,
2003; Kumarathunge et al., 2019; Zhu et al.,, 2021). Across species and climates,
substantial variability is observed in the shapes of the Anet-T, Vemax-T and Jmax-T curves,
reflecting genetic differences, biochemical regulation and membrane properties. It is
therefore advantageous to have a thermodynamic parametrisation that remains
interpretable across these contexts. By providing ACp*, Topt and Tinf, MMRT enables direct
comparisons across traits and across species, and often outperforms empirical Arrhenius-
type fits when projecting responses to warming or when harmonising datasets for model
validation. These matter for land-surface and terrestrial biosphere models, in which leaf
level temperature responses of photosynthesis and respiration propagate to canopy carbon

balance and climate feedback estimates (Oliver et al., 2022).
2.8 Knowledge gaps and expected contributions

2.8.1 Estimation of I'* and D1 with the Laisk method.

There is no agreed, physiologically consistent procedure for estimating I'* and DL that
explicitly accounts for the intrinsic curvature of the Anet-Ce relationship and the influence
of the chosen CO: bracket in Laisk-type protocols. Many studies still assume local
linearity over a too broad CO2 window, particularly at low temperature, which introduces

systematic bias and can produce physiologically implausible estimates.
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Addressing the lack of a physiologically consistent Laisk procedure, this thesis offers a
photosynthetic theory-grounded reanalysis in the 4net-Ce domain that avoids linearisation,
uses temperature-aware CO:2 ranges, to yield accurate and physiologically plausible

estimates of ['* and Dr, comparable across temperatures.

2.8.2 Transient and steady components of dark respiration with distinct temperature

dependencies

The literature lacks an operational and consistent awareness that, after lights off, leaf CO2
flux comprises components with different identities and time scales. PIB and LEDR
constitute a non-steady phase that precedes the dark steady state, and each displays its
own magnitude, duration, and temperature dependence. Although studies describe PIB or
LEDR in isolation, in methodological practice dark respiration is still treated as a single
entity, so these transient signals are often not reported separately from the dark steady
state. This introduces bias in thermal inference, because temperature metrics calculated in
time windows that include PIB or LEDR reflect oxidation of pools and repartitioning of

fluxes after light, not the intrinsic behaviour of the dark steady state.

This conceptual gap directly affects how the thermal sensitivities of dark respiration are
estimated and compared. If PIB, LEDR, and the Rdark are not distinguished explicitly, Rdark
1s overestimated, and metrics such as constant-Q1o, Arrhenius activation energy, or MMRT
descriptors are distorted, since the non-steady phase shortens or lengthens with
temperature and changes shape with recent light history. Consequently, datasets that do
not separate these phases confound temperature responses of transient processes driven
by light-built pools with the thermodynamic properties of the mitochondrial steady state.
Recognising and reporting explicitly the PIB, LEDR and Rdark, with their temporal and
thermal metrics, is therefore essential for interpreting dark respiration comparably across
treatments and studies. In this thesis, the expected contribution is a component resolved

characterisation of PIB, LEDR and the Rdark across temperatures, reporting their distinct
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temporal and thermodynamic descriptors so that comparisons target the intended

physiological state.
2.8.3 Empirical temperature functions lack mechanistic interpretability

Across the literature, temperature responses of leaf gas exchange traits such as Vemax, Jmax,
Anet, DL and Rgark are most often summarised with empirical functions including Q10 and
Arrhenius or peaked Arrhenius formulations. These representations are convenient and
often fit a limited temperature range, but they do not provide mechanistic parameters, and
their warm side behaviour is sensitive to the chosen fitting window. As a result, the same
dataset can yield different apparent sensitivities depending on range and scaling, and cross

study comparisons become difficult to interpret beyond the immediate empirical fit.

It is important to generate a thermodynamic characterisation that connects the shape of
the temperature response to physical quantities of the catalytic system. Macromolecular
Rate Theory supplies that link by allowing the heat capacity of activation to vary with
temperature, yielding ACr¥, Topt, and Tinf, together with local sensitivities at a reference
temperature. These descriptors are process interpretable, stable to extrapolation within
biological limits, and support comparisons across traits, treatments and species. Framing
leaf gas exchange traits within MMRT therefore complements empirical summaries with
mechanistic insight, improving inference under warming and enabling harmonisation of

datasets for model evaluation.
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3 Estimating I'* and Dy, using the Laisk method
combined with photosynthetic theory

3.1 Introduction

Plants assimilate carbon from the atmosphere through photosynthesis. This physiological
process can be described using mathematical models, among which the model developed
by Farquhar, von Caemmerer, and Berry (FvCB model) in 1980 is the most widely used
for understanding and quantifying carbon fixation in terrestrial Cs plants (Farquhar et al.,
1980; Walker & Ort, 2015; Herrmann et al., 2020; Machino et al., 2021). The FvCB model
includes key biochemical parameters that are essential for predicting plant responses to
environmental changes (Farquhar et al., 1980; Ubierna et al., 2019) and plays a crucial
role in assessing carbon balances from individual leaves to global ecosystems (Kitao et
al., 2021; Sun et al., 2014; Walker et al., 2017). Within the FvCB model, two important
parameters are the photorespiratory CO2 compensation point (I'*) and the rate of
decarboxylation in the light (Dvr), also known as the rate of light respiration (RL) or day
respiration (Rday) (Berghuijs et al., 2019; Gong et al., 2018; Schmiege et al., 2023; Walker
& Cousins, 2013). Here, I refer to DL as the total CO2 release under light to capture the
CO2 contributions of respiratory processes and decarboxylation processes following the
terminology used in Tcherkez et al. (2024), excluding CO: released by photorespiratory

decarboxylation.

Accurate estimation of DL is critical for understanding carbon dynamics from individual
leaves to ecosystem scale, and for assessing global carbon budgets (Heskel, 2018;
Needham et al., 2025; Ranathunga et al., 2025). However, quantifying DL remains an
experimental challenge (Kroner & Way, 2016; Way et al., 2019), because DL cannot be
measured directly using gas exchange techniques. It must be estimated, with the method

developed by Laisk (1977) as described by Brooks & Farquhar (1985), being one of the
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most widely applied approaches (Berghuijs et al., 2019; Gong et al., 2018). In addition,
other approaches such as the Kok and Yin methods are widely discussed alternatives (Yin
et al., 2011; Farquhar & Bush, 2017; Tcherkez et al., 2017). However, these methods are
used exclusively to estimate DL and cannot be applied to determine I'*. Several studies
have reported that DL is consistently underestimated when using the Kok method,
especially under photorespiratory conditions (Yin & Amthor, 2024) when the inevitable
changes in intercellular CO2 concentrations under changing light levels are ignored

(Kirschbaum & Farquhar, 1987).

The Laisk method involves estimating I'* and DL by plotting measurements of
photosynthesis (Anet) against low COz partial pressure, measured under different levels of
photosynthetic photon flux density (PPFD) (Berghuijs et al., 2019; Laisk, 1977; Walker
& Cousins, 2013). Linear regressions are then applied to subsets of these points, and the
intersection of the resulting lines is used to infer I'* and DL. However, according to the
theory outlined in the equations of the FvCB model, the response of photosynthesis to
COz is inherently curvilinear (Farquhar et al., 1980; Walker & Ort, 2015), meaning that

the linear approximation introduces systematic errors in the estimation of both parameters.

Strategies have therefore been proposed to minimise the biases associated with this linear
approximation. One such strategy is the slope—intercept regression method, a refinement
of the common intercept approach that does not directly address the physiological non-
linearity, but instead reduces bias caused by similar slopes between neighbouring lines.
This method assigns greater weight to intersections where the slopes differ more markedly,
thereby improving the robustness of the linear fit (Walker & Ort, 2015). Alternatively,
some studies have applied polynomial regressions to capture the curvature more explicitly
(Tholen et al., 2012; Walker & Ort, 2015). However, polynomials have no theoretical or
physiological basis for describing photosynthesis, and their use can lead to unrealistic
values for I'* and Dv if any extrapolation is needed, or even at the extreme points of the

available observations.
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More recently, Yin and Amthor (2024) proposed an alternative to the linear Laisk approach
by applying a non-rectangular hyperbolic model to simultaneously estimate D and
mesophyll conductance (gm). Their method incorporates chlorophyll fluorescence to
account for the variation of electron transport with light intensity and explicitly corrects
for the CO2 reassimilation that occurs during measurements at low CO2 (Yin and Amthor,
2024). Use of the non-rectangular hyperbolic model leads to DL estimates that are
approximately 25% higher than those obtained with the traditional Laisk method,

highlighting the importance of incorporating non-linear analysis into the method.

Estimating I'* and DL under low-temperature conditions using the Laisk method can be
problematic and may lead to erroneous results, particularly if equipment constraints
prevent the use of COz2 partial pressures close to the expected I'* (I'*exp) (Atkin et al.,
2000; Tcherkez & Atkin, 2021). In that case, the linear regression approach may yield
erroneous values of Di, as shown in the intersection of the regression lines for 300 and
150 pmol photons m2 s°! (Figure 3.1). These findings highlight the limitations of the Laisk
method in accurately estimating ['* and Dv, especially at low temperatures (Atkin et al.,

2000; Way et al., 2019).

Way et al. (2019) attributed the occurrence of erroneous negative DL values to factors such
as low-temperature effects on chloroplast CO: partial pressure, cuvette leaks, and
anaplerotic CO2 fixation. However, the primary cause of these inaccuracies could also
arise from the non-linear nature of Anet-Ce curves. When this non-linearity varies with the
selection of a COz partial pressure range that does not include a I'*exp value, it can lead to
physiologically impossible values of Dv, particularly at low temperatures. This highlights
the need for an approach capable of estimating accurate and physiologically meaningful
D, in order to produce high quality data that can support robust interpretations of carbon
gains and losses in plants, and improve the representation of plant carbon balance under

light conditions in ecosystem and global models.
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FIGURE 3.1. Observed net photosynthetic rate (4qe) as a function of chloroplastic CO, partial
pressure (C.), measured at 6°C under three light intensities: 300, 150, and 80 pmol photons m? s-
! (shown in dark red, orange and blue, respectively). The CO> partial pressure ranged from 3.6 to
9.2 Pa. Experimental data points are shown individually, with linear regressions fitted for each
light level (solid lines). The intersections of the regression lines are marked with black asterisks.

In this chapter, I test the hypothesis that the range of COz2 partial pressure used in the Laisk
method significantly affects the estimation of I'* and DL due to the underlying non-linear
nature of the Anet-Ce relationship. Using both simulated and experimental data, I quantify
the biases introduced by applying linear regressions, comparing the results to theoretical
expectations based on photosynthetic theory. I further examine how the choice of CO:2
range influences the accuracy of these estimates across temperatures. Based on these
findings, I propose a refined methodology that improves the accuracy of photosynthetic
carbon dynamic predictions across varying environmental conditions by applying the

FvCB model to experimental datasets.
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3.2 Materials and Methods

3.2.1 Growth Conditions and Experimental Data Collection

Sunflower (Helianthus annuus “Russian Giant”) plants were grown from seed in 1.5 L
plastic pots and cultivated in a plant growth unit. Throughout the experiment, plants were
well-watered and fertilised regularly. Day/night temperature and relative humidity were
24/19 °C and 40/65 %, respectively. Photoperiod was 14 h with a light intensity of
400 pumol photons m s! at the leaf level. Fully expanded leaves from the upper canopy
were selected for CO2 assimilation measurements. These measurements were performed
using a GFS-3000 portable gas-exchange and fluorescence system (Heinz Walz GmbH,
Effeltrich, Germany), equipped with a 4 cm? leaf chamber and a red-blue LED light source
(10 % blue, 90 % red).

Prior to determining assimilation rates at each light intensity and COz2 partial pressure, the
leaves were given a 30-minute metabolic adjustment period at 6 °C, under a COz2 partial
pressure of 40 Pa and 300 umol photons m s-!. This period ensured that photosynthesis
had reached a steady state. Similarly, following each change in light intensity, the CO2

partial pressure was set to 40 Pa to ensure full Rubisco activation.

Measurements were taken at a range of COz2 partial pressures (1.2 to 9.2 Pa) under three
photon flux densities: 300, 150, and 80 umol photons m~ s!. For subsequent analysis, the
dataset was divided into four subsets, based on the inclusion or exclusion of I'*exp,
estimated at 1.54 Pa at 6 °C (Brooks & Farquhar, 1985). For subsets where [™*exp was
included, the CO:2 ranges were 1.2-3.6 Pa (narrow) and 1.2-6.6 Pa (wide). For those

excluding [*exp, the narrow range was 3.6—6.6 Pa and the wide range was 3.6-9.2 Pa.
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3.2.2 Definitions of I'* used in this chapter

In this chapter, I deal with the empirical derivation of I'* from gas-exchange
measurements. [ outline theoretical problems that arise from the derivation of I'* from gas
exchange data and how they relate to the range of CO2 partial pressures available for
analysis. For that, I needed to distinguish between I'* with three possible meanings. To

avoid confusion in the following text, they are briefly outlined here:

e I'* (Estimated I'*): The actual value estimated directly from available
experimental data. That is the value one aims to refine through additional

measurements.

e I'*rer (Reference I'*): The value used in the illustrative modelling to highlight
problems that arise from using different approaches to derived I'* at different

temperatures and over different ranges of COz2 partial pressures.

o TI'*exp (Expected I'*): The value of I'* broadly expected at specific temperatures.
It is the value that can typically be used in experimental work to define an
appropriate CO2 range for measurements so that I'* falls within, or, at least, close

to the range of measurements.

I'*rer and I'*exp are values obtained either from established empirical equations in the
literature (e.g. Brooks & Farquhar, 1985) or calculated from the partial pressure of oxygen

and the specificity of Rubisco.
3.2.3 Estimation of I'* and DL Using the Laisk Method

I'* and DL were estimated using the traditional Laisk method, which involves determining
the intersection points between pairs of linear regressions fitted to data obtained at
different light intensities. When more than two light levels are available, multiple pairwise
intersections are calculated, and the final estimates of I'* and DL are obtained by averaging

the x- and y-coordinates of all intersection points.
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The x-coordinate of each pairwise intersection point, representing an individual I'*

estimate, was calculated as:

rr = bizbi
) mj—ml-

(3.1)

where m;i and mj are the slopes, and bi and bj are the y-intercepts, of the regression lines
corresponding to light levels i and j. Similarly, the corresponding y-coordinate for each

intersection, representing an individual Dr estimate, was calculated as:

DL ij = m; F;; + bi (32)

The final values of I'* and Dr were then determined by averaging all pairwise estimates:

* 1 *
I =—Yunli (3.3)

1
Dy, ==X Drij (3.4)

Where # is the total number of pairwise intersections.

3.2.4 Common Considerations in Laisk Analyses: Environmental Dependence of gm
and DL

An important methodological consideration in applying the Farquhar model is that the
estimation of I'* and Dt must be based on chloroplastic CO2 partial pressure (C:), rather
than intercellular CO: partial pressure (Ci). The Laisk method was originally developed
under the implicit assumption of infinite g, implying Ci = C.. However, it is now well

established that g is smaller than originally assumed and typically small enough to
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require an important additional diffusion gradient between the intercellular air spaces and

the chloroplastic sites of photosynthesis.

The mesophyll conductance is sensitive to multiple environmental factors (Bernacchi et
al., 2002; Flexas et al., 2007; Li et al., 2020). In this context, gm functions as a dynamic
variable, co-varying with other photosynthetic traits in response to light, temperature, and
COz2 regimes (Shrestha et al., 2019). The question then arises whether variability and
uncertainty in g, can lead to significant errors in ['* and Dr estimates. To explore this, and
to test the robustness of I'* and DrL estimates with respect to gm, I conducted a
comprehensive sensitivity analysis (Figure 3.2). I varied g, from 0.5 to 10.0 pmol m2 s™!
Pa™ at 25°C. By spanning this extensive range, the analysis captures the potential

variability in gn across different plant functional types and environmental contexts.
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FIGURE 3.2. Sensitivity of parameter estimation to mesophyll conductance (gm) in sunflower
(Helianthus annuus “Russian giant”). Estimated values of ['* (a) and Dy (b) are shown as a function
of gm. The simulations were conducted at 25°C using the Farquhar model implemented in the Excel-
based fitting tool developed for this study, with all other parameters held constant.
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The results of this sensitivity analysis showed that both I'* and DL estimates remained
remarkably stable across this range, particularly within the 2—10 pmol m™2s™' Pa™ interval,
where ['* was 3.67 Pa and D1 was 1.27 pmol CO2 m 2 s™'. Even at the lowest conductance
(0.5 umolm2s7'Pa™'), where variation was most pronounced, I'* increased by only
0.82% (from 3.67 to 3.70 Pa) and DL by only 3.1% (from 1.27 to 1.31 pmol m™2s™"). This
outcome highlights the robustness of the method even when gy, is variable or uncertain,
because measurements made near I'* involve very low net CO:z assimilation rates. In that
regime, Anet is close to zero, so the liquid-phase diffusion from Ci to C. described by Ane=
gm (Ci- Cc) implies a very small gradient between intercellular air spaces and chloroplasts,
making estimates comparatively insensitive to uncertainty in gm (Walker & Ort, 2015;
Busch et al., 2024). In addition, since the Laisk method derives I'* and DL from the
intercept of multiple Anet-Ce regressions, systematic variations in CO2 drawdown across
treatments are largely compensated in the intercept calculation. Even at slightly higher
CO:2 partial pressures and A4net rates, the chloroplastic CO2 drawdown required to overcome
mesophyll diffusion limitations is proportional to CO2 uptake, so its effect cancels when
the intercepts of multiple lines are used to derive I'* and Di, because the intercept reflects

a condition where Anet approaches zero.

On the other hand, in the classical Laisk method it is commonly assumed that Dr remains
constant across changes in irradiance and CO:2 during the experiment. From a
methodological standpoint, reports of CO2 dependent changes in leaf respiration may
partly reflect gas exchange artefacts rather than metabolic regulation, which cautions
against over-interpreting CO: effects on DL within the conditions (Amthor et al., 2001;
Yin and Amthor, 2024). However, consideration of possible artefactual explanations do
not preclude the possibility that there may also be genuine metabolic variability. Recent
metabolomic and isotopic evidence has shown that CO:2 release in the light draws on
multiple carbon sources, including stored substrates that could lead to short term
dependence on recent COz and irradiance (Abadie et al., 2024). Over the moderate to high

irradiance range typically employed for gas-exchange step measurements in the classical
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Laisk protocol, the fraction of dark respiration that persists in the light has been shown to
be largely insensitive to irradiance (Kirschbaum & Farquhar, 1987; Peisker & Apel, 2001).
Accordingly, I treat Dy as invariant in the present analyses, while noting that any potential

dependence on CO:2 and low irradiance should be tested explicitly in future work.
3.2.5 Simulations for Quantifying the Bias of Laisk Method

To quantify the bias of the estimated I'* and DL using the Laisk method across different
temperatures, I simulated net assimilation rates (4net) using the FvCB model, as described
in section 1.1, across a temperature range from 5 to 40 °C and under three light intensities
(300, 150, and 80 pmol photons m™ s'!). Parameters used in the simulation are detailed in
the Table 3.1. Vemax and Jmax were derived from experimental measurements at 25 °C and
their temperature dependence was modelled using the MMRT function (Equations 3.5). a

and 6 were kept constant across all temperatures.

koT\ AH: ACHT —T,) AS:_ACI(InT — InT,)
B)_ To+2"p 0 I i 0 (3.5)

In(k) = In ( h RT R

where £ is the catalytic rate, ks is Boltzmann’s constant, / is Planck’s constant, R is the
universal gas constant, AH*1ois the change in enthalpy at a reference temperature 7o, AS*to
is the change in entropy at 7o and, ACp* is the change in heat capacity between the ground

and transition states.

For Vemax, an additional adjustment was made to incorporate thermal deactivation at high
temperatures using the denaturation function based on Peterson et al (2004). This function
models the reversible equilibrium between active (Eact) and inactive (Einact) enzyme forms

(Keq) and its temperature dependence is described as:

AHp, (11
In(K,,) = Req (E_T) (3.6)
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where AHcq is the enthalpy change associated with the active-inactive enzyme transition
and T, is the temperature at which the concentration of Eact and Einact are equal. MMRT
with deactivation fits five free parameters: the three MMRT parameters AH*To, AS*To and
ACp?, and the two deactivation parameters AHeq and Teq. Physical constants (kB, %, R) are
fixed. All five free parameters were estimated by non-linear least squares fits to Vemax(T)

data.

For each light level, I simulated A4net under three Cec levels that vary under different
temperatures and are defined relative to I"*rer (the reference value of I'*): I'*rer + 2.1 Pa,
e+ 4.6 Pa, and e + 7.2 Pa. I'*rer was calculated following the equation described by
Brooks and Farquhar (1985). By varying the C. level under different temperatures that
correspond to I'* rer, I avoided any potential bias from mismatches between I'* and the
COa2 range to better quantify the effectiveness of the Laisk method on estimating I'* and
Dir. At every temperature under the selected light levels, i.e., 300, 150, and 80 pmol
photons m™ s!, T constructed three Aner-Ce curves that intersected in a unique point, which
is the prescribed I'* in the simulation (I'*rf). Based on the simulated A4net at each
temperature, I applied the Laisk method to estimate the I'* and DL using the linear
regression outlined above. The differences between the derived I'* and I'*wef under
temperatures from 5 to 40°C denoted the bias in estimating I'* using the Laisk method as

€(T'*). A bias estimate for DL e(Dvr), was derived similarly.

TABLE 3.1. List of parameters and their values used in the simulations on the FvCB model.

Parameter (unit) Value Meaning and source.

Empirical factor which transforms the
e(-) 0.1 function of V¢ into a smooth hyperbola.

Kirschbaum and Farquhar (1984).
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Activation energy for Kc. Sharkey et al.
Eake (KJ mol™) 59.4
(2007).

Activation energy for Ko.
E. ko) (kKJ mol™) 359
Sharkey et al. (2007).

Michaelis-Menten constant for activation
of Rubisco by CO» at a given Mg?*
K, (Pa) 1.0

concentration and pH. Kirschbaum and

Farquhar (1984).

Michaelis-Menten constant for CO».

o
K. 25°C (Pa) 36.9 von Caemmerer and Quick (2000). Jordan

and Ogren (1984).

Michaelis-Menten constant for O,.

o
K, 25°C (kPa) 351 von Caemmerer and Quick (2000). Jordan

and Ogren (1984).

O (kPa) 21.0 Partial pressure of oxygen.
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Average pressure in the gas exchange

P (kPa) 102.1
chamber.
R (J mol™ K™) 8.314 Ideal gas constant.
Quantum yield of electron transport. The
a (mol e- mol photons™) 0.25 literature reports values between 0.01 -
0.5 moles e- mol photons™.
Describes the curvature of
0(-) 0.30 photosynthesis.The literature reports

values between 0.01 - 10

To better understand the effect of different ranges of C.on the estimation of I'* and D, |
conducted a sensitivity analysis by extending the simulations using two distinct C. ranges:
inclusion of I'*rer and exclusion of I'*rr within the selected C. ranges. Both scenarios, in
which I'*er was either included or excluded from the selected Cc range, were evaluated
across the temperatures ranging from 5 to 40°C. When I'*rer was included, each C. range
began 0.5 Pa below I'*rr with the initial range extending to 0.5 Pa above it. The upper
limit of each subsequent range was extended by 0.5 Pa, up to a maximum of 10 Pa. In
contrast, when I"*rf was excluded, the C. range began at 3.0 Pa above I"*er. The first range
extended 1.0 Pa above that starting point, and, similarly, the upper limits of subsequent

ranges were increased by 0.5 Pa until a maximum of 10.5 Pa was reached.
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3.2.6 Simulations of Modelled Intercepts for Linear Regressions and FvCB Model

Except for bias introduced by the Laisk method, measurement errors from infrared gas
analysers (IRGAs) can also contribute to errors in estimating I'* and Dr. Based on
experimental data collected under varying conditions of temperature, light, and CO2
partial pressure, I determined a standard deviation of 0.07 pmol CO2 m2s™! in the net

assimilation rates (4net) of the gas-exchange systems (own observations).

To incorporate this uncertainty, I implemented a Monte Carlo approach, generating ten
thousand Anet simulated values per treatment. Each treatment corresponds to a specific
combination of CO2 range (narrow or wide) and inclusion or exclusion of [*rf in the
analysed C. interval. Simulated Anet values (4sim) were produced using the Box—Muller
transformation (Scott, 2011), which converts two uniformly distributed random numbers
(u1, uz) into a normally distributed variable (z) with a mean of 0 and a standard deviation

of 1, according to the following equation:

z = /—2Ln (u,) * cos(2m * u,) (3.7)

For each dataset, the 4sim was computed using the equation:
Agim = Agps + z (1) * error (3.8)

where z(i) represents the i-th value generated through the Box-Muller method, Aobs is the
observed value of A4, and error denotes the standard deviation of the measurements, i.c.
0.07 umol CO2 m2s~!. This approach allowed incorporation of measurement uncertainty
and evaluation of its effect on the estimation of I'* and Dr using both linear regression

and the FvCB model.
3.2.7 Application of the Photosynthetic Model to Experimental Data

I applied the photosynthetic model to the experimental data collected during the first phase

of the study. The fitting process involved optimising the parameters Vemax, J, o, and 0, as
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well as estimating I'* and DL, using the parameter values listed in Table 3.1. Parameter
optimisation was performed in MATLAB R2025b using the fminsearch function to
minimise the negative log-likelihood between observed and modelled net assimilation
rates. Through iterative adjustment of the model parameters, this procedure yielded the
best-fitting values for each treatment, resulting in a unique intersection point among the

three Anet-Ce curves.

3.3 Results

3.3.1 Bias in Determining I'* and DL Using Linear Regressions from 5 to 40 °C.

Figure 3.1 illustrates the erroneous estimates of I'* and DL based on the Anet-Ce curve at
6°C using the Laisk method with linear regressions, where the [*exp from the linear
regression locates beyond the measured range of COz2 partial pressures. The simulations
across temperatures from 5 to 40°C (Figure 3.3) demonstrated that the estimates obtained
via linear regression are highly inaccurate at low temperatures, for example at 5 and 10 °C
(Figures 3.3a and 3.3b). Under these lower temperatures, the regression lines often
intersect with positive net assimilation rates that would imply erroneous negative values
for DL. Moreover, the intersections from different regression pairs are scattered and
diverge from the I'*wr and DL values used in the simulations. At higher temperatures,
estimates of DL based on the Laisk method became physiologically meaningful. At 15°C
(Figure 3.3c), the regression lines intersected with negative net assimilation rates,
although the intersecting points still occurred at Cc well below the I *rer values used in the
simulations. At 20, 30, and 40°C (Figures 3.3d-f), the regression lines intersected at
distinct single points with corresponding meaningful estimates of DL. However, the

inferred estimates of I'* remained underestimates from I *rer.

Notably, at higher temperatures, the I'* values tended to converge more closely with I *ref,
suggesting that the limitations of the Laisk method become markedly more pronounced

under moderate and low temperatures. This bias at lower temperatures could be linked to
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the lower CO: partial pressure values corresponding to I'*exp, and the pronounced

curvature in the Anet-Ce relationship.
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FIGURE 3.3. Modelled net assimilation rate as a function of chloroplastic CO; partial pressure
(C.). Dashed lines represent simulations from the FvCB model, with corresponding solid symbols.
Solid lines show linear regressions fitted to these modelled data points. The three light intensities
used (300, 150, and 80 umol photons m? s') are indicated by dark red, orange, and blue,
respectively. Simulations are shown for six temperatures (5, 10, 15, 20, 30, and 40°C). Black
asterisks indicate the intersections of the linear regressions, while the red asterisk marks the
prescribed intersection used to simulate the reference values of I'* and Dy, at each temperature.

Figure 3.4 summarises the values of I'* and DL estimated using linear regressions (black),
in comparison with the reference values used in the simulation based on the FvCB model
(red), across a temperature range from 5 to 40 °C. These results are based on the modelled
data shown in Figure 3.3 and reflect the outcomes of applying linear relationships to
estimate I'* and DL from the simulated Anet-Cec curves. Overall, I'* values obtained from
the linear regressions were underestimated compared to I*r.f at all temperatures except

5 °C (Figure 4a), where I'* was overestimated. This deviation is explained by the position
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of the line intersections at 5 °C (Figure 3a). The magnitude of these errors was notable. At
15°C, I'* was underestimated by 1.43 Pa, and even at 40 °C, where the issue is less
pronounced, the underestimation remained at 0.69 Pa. Regarding Dv (Figure 4b), the
estimates closely matched the modelled values at temperatures of 20 °C and above.
However, DL was strongly underestimated below 20 °C, producing physiologically

meaningless values at 5 and 10 °C.

At this point, it is necessary to also draw attention to one of the complications of finding
generic patterns. In applying the Laisk method, one typically uses three low-light
intensities that generate different levels of RuBP regeneration and allow the identification
of their cross-over points that define both I'* and Dv. If rates are controlled by RuBP
regeneration, fitting linear relationships to inherently curved responses consistently leads
to mathematical errors, essentially affecting the estimation of I'*, while DL can still be

estimated correctly. This is the pattern seen at higher temperatures in Figure 3.4.

However, depending on the light levels used and the rates of Rubisco activity at different
temperatures, the readings at highest light levels may or may not be limited by Rubisco
activity instead of RuBP regeneration. This does not invalidate the use of the Laisk
method, but it alters the pattern of errors. In the simulations, as temperature was decreased,
Rubisco activity eventually became low enough to become the rate-limiting step at the
highest used light level of 300 umol photons m s°!. With my specific parameterisation,
this limitation occurred at temperatures of 15°C and below, causing the error introduced
by linear relationships to shift from affecting I'* estimates to affecting Dr estimates. These
are still equally important estimation errors, but they simply manifest themselves in

different ways (Figure 3.4).
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FIGURE 3.4. Temperature-dependent variations in I'* and Dy, from 5 to 40°C. (a) Comparison
between the [*.r values (solid red line) used in the FvCB model and the I'* estimates derived
from the linear regression intercepts (solid black line). (b) Comparison between the modelled Dy
ref Values (solid red line) and the Dy estimates from the linear regression intercepts (solid black
line).

My results highlighted the challenge in accurately estimating ['* and DL using the Laisk
method, particularly at low temperatures (Tcherkez & Atkin, 2021; Way et al., 2019). This
difficulty arises because linear regressions fitted to data at different light intensities do not
adequately capture the curvature inherent in the Anet-Ce relationship (Figure 3.3). As a
result, this can lead to erroneous estimates of D, often resulting in physiologically
meaningless values (Atkin et al., 2000a; Way et al., 2019a). This methodological flaw can
be amplified when the measured Cc range does not include the I*exp. At 6°C, I'* was

around 1.54 Pa (Brooks & Farquhar, 1985), which was significantly lower than the starting

point of 3.6 Pa in the measured Cc range. Moreover, considering the wide measured C.
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range of about 5.6 Pa, i.e. from [*exp +2.1 Pa to [*exp +7.2 Pa with varying [*exp under
different temperatures in Figure 3.1, substantial errors in the estimation of ['* and DL are
expected by using linear regressions in the Laisk method due to the non-linear nature of

the Anet-Ce curve based on the FvCB model, especially under lower temperatures (Figures

3.3a and 3.3Db).
3.3.2 Sensitivity Analysis of I'* and DL Across Different C. Range from 5 to 40 °C.

Figures 3.3 and 3.4 illustrate the disparities in estimating I'* and DL using the Laisk
method within a Cec range from [™exp +2.1 Pa to I'*exp +7.2 Pa, thus excluding the I™*exp
from the CO2 measurement range. As the measured C. range spans from narrow to wide,
either including or excluding the I'*exp, the curvature of the Anet-Cc curve becomes
apparent, consequently resulting in higher errors in the estimates of I'* and Dr. The
simulation (Figure 3.5) quantifies the estimation errors for I'*, i.e. e(I'*), and Di, i.e.

€(DL), across CO2 measurement spans from 1 to 10.5 Pa.

When [*exp was included in the Cc range, €(I'*) remained close to zero for data spanning
up to approximately 3 Pa across all temperatures (Figure 3.5a). Beyond 3 Pa, €(I'*)
increased at lower temperatures, with errors reaching 0.92 Pa at 5 °C and 0.45 Pa at 10 °C
under the widest Cc range tested (10.5 Pa). In contrast, at higher temperatures (30 and
40 °C), I'* was slightly underestimated, with errors not exceeding —0.5 Pa. Similarly,
€(Dvr) remained approximately zero below the Cc range of 3 Pa (Figure 3.5¢) and after 3
Pa, DL was consistently underestimated, i.e. €(DL)<O0, as the C. range increased across all
temperatures. The absolute €(Dr) was less than 0.5 pmol CO2 m= s~! for all temperatures
up to a Cc range of 7 Pa. At 5 °C, underestimation in DL became more pronounced with
increasing Cc range, reaching —0.7 under the widest range tested. In contrast, at higher
temperatures, such as 30 °C and 40 °C, the underestimation was minimal and remained

close to zero throughout.
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Substantial overestimations of I'* were observed at low and moderate temperatures when
[exp was excluded from the C. range (Figure 3.5b), with €(I'*) reaching nearly 2 Pa at
5°C under a Cc range of 3 Pa. As the C. range increased, the overestimation diminished
and eventually turned into underestimation at higher temperatures. For instance, at 40 °C,
the error dropped from 0.3 Pa at the lowest C. range to —2.5 Pa at the widest C. range
(Figure 3.5b). Figure 3.5d depicted substantial underestimation of Dr at low and moderate
temperatures, with the largest discrepancies for e(DL) observed under the widest C. range.
At higher temperatures such as 30 °C and 40 °C, the underestimation remained minimal

across the entire C. range.

These results suggest that, to minimise estimation errors using linear regressions in the
Laisk method, it is not feasible to rely on Cc ranges that exclude I"*exp, as large errors are
present even under narrow COz2 spans. The absence of I *exp leads to systematic bias from
the outset, particularly at lower temperatures. When I *exp is included, a C. range of up to
3 Pa around it appears to minimise both €(I'*) and €(DL), across temperatures. Including
[exp in this range proved essential, particularly at low temperatures, where the risk of
over- or underestimation was highest. Beyond 3 Pa, errors increased markedly, especially

for DL at 5 °C.
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FIGURE 3.5. The pattern of e(I'*) and e(Dy) over the evaluated C. range across temperatures
from 5 to 40 °C. Panels a and b show e(I'*) and panels ¢ and d show €(Dy). Panels a and ¢
correspond to simulations in which ['*¢, was included within the C, range, beginning from 0.5 Pa
below I'*.y, with the narrowest range extending to 0.5 Pa above "*,. Panels b and d correspond
to simulations in which I'*¢, was excluded, with the C. range that began from 3.0 Pa above I* ;.
In both cases, the upper limit of each subsequent range was increased in 0.5 Pa increments, up to
a maximum of 10.5 Pa.
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3.3.3 Estimates of I'* and DL from Monte Carlo Simulations Using Linear

Regressions and the FvCB Model

I assessed how IRGA measurement errors would affect the estimates of I'* and Dv. Figure
3.5 illustrated that theoretically, better estimates of these parameters could be obtained if
one used a narrow CO2 measurement range, preferably including the value of I *exp when
using linear regressions. In practice, that approach would be curtailed by inevitable
experimental error in gas-exchange measurements that require a wider measurement range
to partly negate the influence of random measurement errors. Therefore, I conducted a
Monte Carlo approach using both the linear regression and FvCB model, across narrow
and wide COz2 ranges, and with or without inclusion of I'*exp. For that analysis, I calculated
expected data points from simulations of the FvCB model and then randomly modified
each point to emulate the presence of experimental error. The results are summarised in

Table 3.2 and visualised in Figure 3.6.

When applying the FvCB model, the estimated values for I'* and DL were consistent and
tightly clustered, regardless of whether I *exp was included, or whether the CO2 range was
narrow or wide. In contrast, estimates obtained from linear regression diverged
substantially depending on the inclusion of I *exp. When ["*exp was included, Di estimates
remained close to the true values: 1.06 umol CO2 m™ s for the narrow range and
0.98 +0.07 pmol CO2 m2s™! for the wide range. However, I'* was still underestimated in
both cases. When I'*exp was excluded, the estimates became highly inaccurate, particularly
under wide CO2 ranges, where I'* dropped to 0.24 Pa and Dt to 0.14 pmol CO2 m2 ¢!
(Table 3.2).
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Figure 3.6 illustrates the distribution of intersection points derived from the simulated
experiments using the Monte Carlo method. When the FvCB model was integrated into
the Laisk method, the resulting estimates formed a compact and consistent cluster across
all treatments, demonstrating high robustness to input data variability. Similarly, linear
regressions that include I'*exp yielded distributions more closely aligned with those
obtained from the FvCB model, particularly under narrow CO2 ranges (Figure 3.6a). This
suggests that, under such conditions, the choice of analysis methods would have little
impact on the inferred values of I'* and DL. However, even the use of a wide CO2 range

resulted in a slight underestimation of I'* (Figure 3.6b).

Problems with the use of linear regressions for analysis became much worse when the
available data did not include I *exp, and the linear regression approach produced a broader
and more dispersed distribution of intersection points. Under these conditions, the linear
regression approach was likely to produce erroneous estimates, in extreme cases even
including negative values for both I'* and Dr (Figures 3.6¢ and 3.6d). These conceptual
flaws invalidate the derivation of any I'* and DL estimates with linear analysis if they do

not include COz partial pressures that include I'*.
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FIGURE 3.6. Distribution of intersection points for estimated I'* and Dy, from ten thousand Monte
Carlo simulations at 6 °C. Each panel compares the performance of the FvCB model with Linear
Regressions. Panels (a) and (b) refer to analyses that included [*cx,, with panel (a) using a narrow
CO; range and panel (b) using a wide CO; range. In contrast, the analyses illustrated in panels (c)
and (d) did not include I'*.,, with panel (c) employing a narrow and panel (d) a wider CO» range.
Heat maps display the density of intersection points: warmer colours indicate higher
concentrations of points, while cooler colours represent lower densities. Black arrows indicate the
dispersion of intersection points obtained using linear regressions, while red arrows represent
those obtained using the FvCB model.
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TABLE 3.2. Estimates of I'* and D: based on ten thousand simulations with varying ranges of
CO; partial pressures and two estimation methods. For simulations including [ *c, in the dataset,
the CO, ranges were either narrow (1.2-3.6 Pa) or wide (1.2—6.6 Pa). For simulations excluding
[*xp, the narrow range was 3.6—6.6 Pa and the wide range was 3.6-9.2 Pa. Values are presented
as mean * standard deviation. Simulations were conducted for a leaf temperature of 6 °C and with
assumed true values of 1.67 Pa for I'* and 1.0 pmol CO, m~ s™! for Dy.

Ir* Dy,
Method I et CO; range
(Pa) (umol CO; m?2s™)
Narrow 1.70+0.04 0.98+0.07
Included
FvCB Wide 1.67+0.03 1.01+0.05
model Narrow 1.6840.04 0.96=0.09
Excluded
Wide 1.73+0.04 0.87+0.07
Narrow 1.60+0.06 1.06+0.09
Included
) Wide 1.56+0.06 0.98+0.07
Linear
fegression Narrow 1.4440.36 0.18+0.34
Excluded
Wide 0.24+0.37 0.144+0.21
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3.3.4 Estimation of I'* and Dv Using the FvCB Model and Linear Regressions
Applied to Experimental Data

Figure 3.7 revisits the same experimental dataset presented earlier in Figure 3.1, now
reanalysed using both linear regressions and the FvCB model at 6 °C. In panel (a), fits
were performed over a narrow CO2 range (1.2-3.6 Pa) that included I"*exp. Under these
conditions, the intersection points derived from linear regressions (black asterisks) were
consistent across light intensities and closely aligned with the intersection point generated
by the FvCB model (red asterisk). This alignment highlights the importance of including
[™exp when applying the linear regressions in the Laisk method, as it reduces bias and

provides physiologically plausible estimates of both I'* and DL.

In contrast, panel (b) shows the same dataset fitted using a broader CO2 range (3.6-9.2 Pa)
from which I'exp was excluded. Here, the intersection points from linear regressions
(black asterisks) diverged substantially and led to implausible estimates, including
negative values for respiration and unrealistic ['*. Meanwhile, the FvCB model continued
to produce a physiologically consistent fit, with the modelled intersection point remaining
robust despite the absence of I'*exp in the data range. Together, these results reinforce the
problematic use of linear regressions for analysis when I"*exp is excluded. By contrast, use
of the FvCB model demonstrates greater robustness and reliability, offering consistent and
biologically meaningful estimates even when I[*exp is not included in the CO:2

measurement range.

Panel (c) pools the data from panels a and b to compare both approaches across the full
C. range (1.2-9.2 Pa). At the main scale the linear regressions and the FvCB fit look
similar, yet the inset in the upper right shows a consistent leftward and downward shift of
the linear regression intersection relative to the modelled intersection. This shift indicates
systematic underestimation of I'* and DL by the linear regressions compared with the

FvCB model.
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FIGURE 3.7. Observed net photosynthetic rate (4q) as a function of chloroplastic CO; partial
pressure (C.) measured at a leaf temperature of 6 °C under three light intensities: 300 (dark red),
150 (orange), and 80 (blue) umol photons m™ s”'. Experimental data are shown as individual
points. Solid lines represent linear regressions, while dotted lines indicate theoretical fits based on
the FvCB model. Panel (a) corresponds to fits derived from the data obtained over a narrow CO,
range (1.2-3.6 Pa) that included I'*..,, while panel (b) shows fits from the data obtained over a
wider CO; range (3.6-9.2 Pa) that did not include I'*.,. Panel (c) displays fits derived from the
entire experimental CO; range (1.2-9.2 Pa). The inset in panel (¢) provides a magnified view of
the region where the regression lines and modelled curves intersect, highlighting the differences
between the intersection points generated by the linear regressions and the intersection obtained
with the Farquhar model. The red asterisk marks the intersection point of the three 4n-C. curves,
while black asterisks indicate the intersections of the three linear regressions at each light intensity.

3.4 Discussion
3.4.1 Methodological Limitation of the Classical Laisk Approach

The parameters I'* and DL are key to describing photosynthetic CO2 responses, and the
Laisk method has long been used to estimate them (Berghuijs et al., 2019; Gong et al.,
2018). However, my findings show a fundamental methodological limitation inherent in
this approach, because it implicitly assumes linearity in the Ane—Ce relationship, despite
strong theoretical and empirical evidence that photosynthesis exhibits a non-linear
response to CO2 (Farquhar et al., 1980; Onoda et al., 2005; Zhang, 2010). This linearity
assumption introduces systematic bias, especially when wide CO:2 ranges are used, as the

deviation between linear and non-linear models increases with the span of COz2 partial
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presures used (Figure 3.5). Consequently, use of linear relationships may result in
implausible and physiologically unrealistic estimates, such as negative values for ['* or

Dv (Figures 3.1, 3.7).
3.4.2 Effects of CO2 Range and Inclusion of the Expected I'*

Negative DL estimates have also been reported in other studies of C3 species when linear
regressions were applied across wide CO2 ranges (Atkin et al., 2000; Kroner & Way, 2016;
Way et al., 2019). For example, Way et al. (2019) used Ci values ranging from 4.0 to
15.0 Pa, a wide range which did not include the I'*exp for the tested temperature. As a
result, they obtained negative DL values, indicating positive net CO2 uptake, which most
likely reflected methodological artefacts caused by not including the I'*exp and the use of

wide COz ranges.

The theoretical analysis indicated that excluding the [™*cxp introduces systematic errors,
while its inclusion markedly improves the reliability of estimates obtained through linear
regression, as shown in Figure 3.5. Although Way et al. (2019) did not explicitly aim to
test for the effect of inclusion of I'*exp in their research, when it fell within their
measurement range, their estimated DL values were positive. However, even when the
[exp 1s included, using wide COz ranges can still introduce substantial error, as shown in
the simulations (Figures 3.5a and 3.5c¢). For example, Way et al. (2019) reported
measurements at 4.0 and 15.0 Pa, hence over a measurement span of 11.0 Pa. Over that
range, the FvCB model predicts considerable deviation from linearity in the Anet-Ce
response. Narrower CO2 ranges reduce that problem by sampling a more localised and
nearly linear segment of the curve, while broader ranges encompass greater curvature,
increasing the risk of inaccurate estimates. Implicitly assuming linearity across wide CO2

ranges is misleading and results in notable errors in the estimation of both I'* and Dv.

These errors are further exacerbated when the selected CO:2 range does not include the
[exp, as the regression may require extrapolation beyond the measured data. This issue is

especially pronounced at low temperatures where I'* is lower, the curvature of the Ane—C:
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response is more prominent and where due to instrument limitations, the CO2 partial

pressures used often lie above the I *exp.
3.4.3 Influence of Temperature and Published Discrepancies

A literature review by Walker & Ort (2015), reported variability in the intercellular CO2
photocompensation point at 25°C, with values ranging from 3.1 to 4.9 Pa, representing a
spread of 1.8 Pa at a single temperature. As shown in Figure 3.4, the modelled estimate of
I'* using linear regressions can lead to an underestimate I'*, with the extent of
underestimates depending on the range of partial pressures used and whether it includes

or excludes the [*exp (Figure 3.5). This could account for the range of values reported by

Walker & Ort (2015).

This variability in the estimates obtained using the Laisk method often arises from the use
of COz ranges that do not include the region around I'*, especially at lower temperatures
where I'* is significantly lower than at higher temperatures. This then requires
extrapolation outside the range of measurement CO:2 partial pressures and amplifies the
problem of non-capture of the existing curvature in the Anet-Cc curve. While this may
sometimes reflect instrumental constraints, it may also indicate limited awareness about
the importance of selecting a range of COz2 partial pressures that include the I *exp to ensure

accurate estimation of both parameters.
3.4.4 Uncertainty Analysis via Monte Carlo Simulations

The Monte Carlo simulations provided additional evidence of the inherent uncertainty in
estimating I'* and DL using linear regression or the FvCB model. I found that even small
measurement errors in net CO2 assimilation rates that are within the precision range of
modern gas exchange analysers can lead to substantial variability in the estimated
intersection points of linear regressions (Figure 3.6). This effect is particularly pronounced

when the selected CO:2 range does not include the I'*exp, resulting in a wide spread of
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possible outcomes and, in some cases, physiologically implausible estimates such as

negative values for I'* and DL (Figure 3.6).

Even when the [ is included within the measurement range, applying linear
regressions across a wide COz range still leads to a slight underestimation of I'* (Table
3.2, Figure 3.6b). In contrast, when a narrow CO: range is used, the intersection points
obtained through both linear regression and the FvCB model converge to nearly identical
values (Figure 3.6a). This suggests that under these specific conditions, both methods can
yield comparable estimates of ['* and Dvr. The problem of estimating the non-linear Anet-
C. curve with linear relationships could, in principle, be ameliorated by using a narrow
range of COz partial pressures. A limited range of Cc may locally approximate linearity
within the Ane—C. curve, which would improve the validity of using linear regression in

such cases.

When both approaches were tested under the same level of experimental error, the Monte
Carlo analysis showed that the variation in I'* and DL estimates was markedly lower when
using the FvCB model. Considering the physiological and technical constraints discussed
above, as well as the findings presented in Figure 3.6 and Table 3.2, implementing the
FvCB model in the Laisk Method offers a practical and robust approach for estimating I'*
and D across a range of temperatures. The FvCB model performs reliably across both
wide and narrow COz2 ranges and effectively avoids the systematic errors associated with
fitting linear regressions and consistently outperforms it, even when the expected [ *exp 1s

not included in the CO2 measurement range.
3.4.5 Advantages of Integrating the FvCB Model into the Laisk Method

To demonstrate the use and application of my methodological proposal to incorporate
photosynthetic theory into the Laisk method, I analysed the 4net-Ci dataset reported by Yin
et al. (2011) and used again in the study by Yin and Amthor (2024). In their article, Yin
and Amthor (2024) calculated the apparent I'* (Ci*) from oxygen partial pressure and

Rubisco specificity, resulting in 35 pmol mol ™!, and then fixed this value to determine the
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apparent DL. However, the original Laisk method allows both parameters to be estimated
from the intersection of at least three linear regressions constructed from Anet-Ci curves
measured at three sub-saturating light intensities under low COz. Fixing Ci* in the Laisk
method can introduce methodological error because it constrains the intersection to a value

of Ci* set a priori rather than letting the data determine it, affecting the estimation of DL.

This is inconsistent with the Laisk method and can bias DL, especially when the analysed
Cirange is wide or not close to ["*exp. Yin and Amthor (2024) reported a Dr value of 0.97
pumol m™2 s7! using the linear method, and 1.21 pmol m™2 s™! using the non-rectangular
hyperbolic equation they proposed, based on chlorophyll a fluorescence data. However,
when I digitised their data and replotted it, the linear regressions produced different
outcomes, yielding three intersections in markedly different locations and therefore
widely divergent estimates of Ci* and D, as shown in Figure 3.8. This divergence arose
because I allowed the data to determine the intersection points rather than imposing a fixed
Ci*. The intersections were so widely separated that averaging them to estimate Ci* and

Dv was inappropriate.

I then analysed the same data with my proposed approach (Figure 3.8b). I used the Jmax
and 0 values reported by Yin and Amthor (2024), requiring only three parameters to be
fitted in the model: Ci*, DL and Vemax. This yielded estimated values of Ci*= 41.6 umol
mol ! and D1= 0.57 umol m2 s™!, which were substantially different from those reported

by Yin and Amthor (2024).

When [ restricted the analysis to a narrower CO: range, as recommended in my
methodology for more reliable linear regression estimates (Figure 3.8c), the three
intersections from the linear regressions lay closer together, yielding a Ci* much nearer to
that from my model. Running the model on the same narrow range (dotted line Figure 3.8)
gave values that were very close to those from the wide range (Figure 3.8b). Ci* changes

from 41.6 to 42.0 umol mol™! and Dt from 0.57 to 0.64 umol m 2 s,
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Despite the apparent proximity of the intersections between the linear regressions and the
FvCB model when a narrower CO: range was used (Figure 3.8¢c), Ci* was still
underestimated by 5.7% and DL by 23.4%. It showed that even at moderate temperatures,
where the issue is less pronounced than at low temperatures, linear regressions can still
yield misleading estimates unless a narrow CO2 range is used that includes or closely
brackets ["*exp (Figure 3.8a). Therefore, I recommend using the approach based on the

FvCB model to obtain more accurate estimates of I'* and Dr.

(a) Linear regression (b) FvCB model (c) Linear Vs FvCB
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FIGURE 3.8. Linear and non-linear Laisk analyses from wheat leaves at 25 °C. Redrawn using
the wheat leaf dataset at 25 °C originally reported by Yin et al. (2011), following the re-plotting
and interpretative framework of Yin & Amthor (2024). Net CO, assimilation (4, pmol m™ s!) is
plotted against intercellular CO, mole fraction (Ci, pmol mol ™). Three light intensities are shown,
100, 200, and 300 umol photons m 2 s™!, encoded as yellow circles, orange squares, and dark-red
triangles, respectively. The dotted horizontal line marks 4 = 0. Dy is reported as a positive
magnitude (Dr = R4). The symbol Ci* denotes the apparent 1* inferred using Ci. (a) Linear
regression using a wide CO; range. Straight line fits of A..—C; for each PPFD. Pairwise
intersections of the regressions (black asterisks) are averaged to obtain estimates of Ci* and Dy.
(b) FvCB model using the wide CO> range. The same data fitted with the full FvCB model. The
red asterisk marks the model-based intersection (Ci*, D). (c) Comparison between linear and
FvCB using a narrower CO; range. Black asterisks show linear-method intersections, and the red
asterisk shows the FvCB intersection.
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3.5 Conclusion

My study shows that the classical Laisk method, when applied across wide CO2 ranges or
without bracketing the I"*exp, can yield biased or physiologically implausible estimates of
I'* and Dv. Integrating the Farquhar, von Caemmerer, and Berry (FvCB) photosynthesis

model into the Laisk method:

e Reduces systematic bias by capturing the inherent curvature of the Ane—C.
relationship.

e Maintains accuracy across a wide spectrum of temperatures and CO:2 partial
pressures.

e Lowers the variance of the estimates under realistic measurement noise, as shown

by Monte Carlo.
Refining the Laisk approach with a mechanistic framework not only improves parameter

estimation in C3 plants but also enhances the reliability of carbon-flux models used to

predict plant responses to climate change.
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4 Temperature dependence of I'* and Dy,

4.1 Introduction

Accurate estimation of CO: release by plants in the light is essential for understanding
plant carbon balance, predicting photosynthetic rates across temperatures, and scaling
physiological processes to canopies and ecosystems (Burgess, 2023; Heskel et al., 2016;
Sharkey, 2016). Reliable quantification of leaf CO: exchange in the light requires
separating gross photosynthesis from concurrent CO2 losses due to photorespiration and
other decarboxylation processes (Busch et al., 2024). This separation becomes possible
once I'* and DL are estimated from gas-exchange measurements, typically using the Laisk
method (Burgess, 2023; Gong et al., 2018; Moreno-Echeverry et al., 2026; Yin & Amthor,
2024).

I'* is the CO2 compensation point in the absence of DL, which allows calculation of the
balance between Rubisco carboxylation and oxygenation and thus determines the
photorespiratory cost of photosynthesis (Zhang et al., 2024). This parameter is a
mechanistic quantity that depends on Rubisco specificity for COz relative to Oz and on the
chloroplast partial pressure of O2, and on the metabolic integration of metabolites in the
photorespiratory pathway (Busch et al. 2018). As temperature rises, Rubisco specificity
declines, oxygenation increases relative to carboxylation, and for that reason I'* increases
(Hermida-Carrera et al., 2016; Viil et al., 2012). This shift moves CO2 compensation
points to higher Ce, depresses apparent photosynthetic efficiency at low COz2, and alters
the partitioning between carboxylation limited and electron transport limited regimes
(Busch & Sage, 2017; Dusenge et al., 2019). Dv also increases with temperature, and both
the magnitude and the curvature of the DL-Temperature response depend on irradiance,
substrate supply, leaf nitrogen, and acclimation state (Atkin et al., 2000; Bernacchi et al.,

2001; Cai et al., 2018).

63



Here, I define DvL as the rate of CO2 release in the light, arising from mitochondrial
respiration together with light-linked anabolic decarboxylation that are tightly coupled to
photosynthetic metabolism (Tcherkez et al., 2017; Zheng et al., 2024). These fluxes are
coordinated by the malate valve and associated organic acid shuttles, which balance
cellular energy and redox status across organelles (Igamberdiev & Bykova, 2023). The
malate valve exports reducing power from chloroplasts via the malate oxaloacetate shuttle
and helps sustain glycine decarboxylase activity in photorespiration. The citrate valve
promotes citrate efflux to support NADPH formation and to supply 2-OG (2-oxoglutarate)
for amino-acid and 2-ODD (2-oxoglutarate dependent dioxygenase) biosynthesis

(Igamberdiev & Bykova, 2023).

In illuminated leaves, mitochondria shift from acting primarily as ATP factories to
functioning as thermodynamic buffers that stabilise ATP/ADP and NAD(P)H/NAD(P)*
ratios across compartments by operating the TCA cycle in an open (hemicycle) mode and
engaging non-coupled electron-transport pathways (Igamberdiev & Bykova, 2023). In this
context, DL reflects a composite flux, the sum of mitochondrial TCA activity and anabolic

decarboxylation, rather than dark-type respiration alone.

Capturing the temperature dependence of I'* and DL is critical because together these
parameters set the intercepts and aftect the slope of Anet—Ce relationships (Busch et al.,
2024; Walker & Ort, 2015). Imprecisely parameterised I'*(T) or DL(T) directly propagate
to inferred values of Vemax and Jmax, obtained from Ane—Ce curves, such that variation in
I'*(T) or DL(T) can be mistaken for genuine changes in carboxylation or electron transport

capacity (Bernacchi et al., 2001; Busch et al., 2024; Sharkey et al., 2007).

Reliable estimates of I'*(T) and DL(T) improve the mechanistic understanding of
variability in photosynthetic parameters between species and environments and increase
confidence in measurement systems by grounding inference in biochemistry rather than
in instrumental or methodological artefacts. Reduced parameter uncertainty also enable

mechanistic coupling of photosynthesis to energy budgets and metabolite pools,
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improving the interpretation of post-illumination CO: fluxes and the early dynamics of

light—dark transitions.

Here, I extend my previous integration of the Laisk framework with photosynthetic theory
to quantify how I'* and DL vary with temperature. My objective is to estimate ["*(T) and
Di(T) from Ane—Ci curves. For I'*, 1 evaluate the simple Arrhenius and constant-Qio
models. I did not fit MMRT to I'*(T) because MMRT describes temperature effects on
catalytic rates via transition state thermodynamics, whereas I'* is a derived concentration
determined by Rubisco specificity and gas solubilities; the theory and my data therefore
support near-exponential behaviour over the range. For Di, I test simple Arrhenius,
constant-Q10, and MMRT functions. Model choice prioritises parsimony while capturing
observed curvature. For each model, I report parameter estimates with confidence
intervals, the local temperature sensitivity s(T) and implied Q1o(T), as well as standard

goodness of fit metrics.
4.2 Materials and Methods

4.2.1 Plant Growth Conditions and Gas Exchange Measurements

Sunflower (Helianthus annuus “Russian Giant”) plants were grown in a plant growth unit.
Plants were watered daily to field capacity and fertilised weekly with a balanced nutrient
solution. The photoperiod was 14 h, day/night air temperatures were 24/19 °C, and relative
humidity was around 40 % during the day and approximately 65 % at night. Incident PPFD

at the leaf surface during growth was 400 pmol photons m2 s°!.

Gas exchange was measured on fully expanded, upper-canopy leaves using a LI-6400XT
portable photosynthesis system (LI-COR Biosciences, Lincoln, NE, USA). Before each
temperature curve, the leaf was acclimated for 20 min at the target leaf temperature with
chamber relative humidity near 60 %, 40 Pa of CO2, ambient Oz, 500 pmol photons m s-
!"and recorded atmospheric pressure. Leaf temperatures ranged from 3.9 to 42 °C during

the measurements.
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4.2.2 Determination of I'* and DL

At each target leaf temperature, I'* and DL were estimated with the modified Laisk
approach as described by Moreno-Echeverry et al. (2026). For every temperature, I
measured three Anet—Ce curves at low COz partial pressure and under three sub-saturating
PPFD levels, while holding leaf temperature constant. Each curve consisted of six to eight
measurement points across the low CO:2 range. Each modified Laisk estimate was based
on the intersection of three linear regressions fitted, resulting in a total of 56 independent
Laisk determinations across all temperatures. The three light levels were analysed jointly
in a Laisk-type, low-Ci framework linked to the FvCB model. PPFD was treated as a driver
of the initial slope, whereas ['* and DL were constrained to be identical across the three
curves at that temperature. Under these constraints, the fitted Ane—Cec curves shared a
single common intersection in (Cc, Anet) coordinates, from which I'* was taken as the x-
intercept and DL as the y-intercept (reported as a positive rate corresponding to a negative

Anet-intercept). I worked in Ce space through:

Anet
9m

C.=C;— (4.1)

where gm was estimated within a constrained, multi-stage fitting procedure using the full
A-Ci dataset across light levels, rather than being inferred from the Ci—C. relationship
alone.”. Thus, Cc and gm were jointly constrained by the model during curve fitting,

ensuring internally consistent estimates of Vemax, Jmax, ['* and DL.

To stabilise the common intersection across light levels at each temperature, fitting
proceeded in stages for each leaf and temperature, using all Anet-Ci data from the three

light intensities simultaneously at every stage:

1. Stage 1. All parameters free (Vemax, Jmax, o, 0, DL, I'* and gm), using the combined

dataset for that leaf at that temperature across the three light levels.
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2. Stage 2. Refitting while holding Vemax, Jmax, o and 0 at their first stage estimates
and updating I'*, DL and gm. This step allows the common intersection to stabilise
while holding the capacity and curvature terms constant.

3. Stage 3. final refit of I'* and DL with gm held fixed.

All parameters were estimated with the Excel fitting template developed in my chapter 1,
using Solver (GRG Nonlinear) to minimise the sum of squared residuals, under

biologically informed bounds.
4.2.3 Temperature-response models for I'* and DL

To characterise the temperature dependence of I'* and Di, I fitted standard thermal-
response functions. For both, I used the constant-Qio and simple Arrhenius models, for

D, I additionally fitted MMRT. The reference temperature was T2s = 298.15 K (25 °C).

Arrhenius/MMRT use absolute temperature T (Kelvin) and the constant-Qio exponent is

written per °C. Parameters are reported relative to the value at 25 °C.

Literature benchmark for I'* and DL

To provide independent literature benchmarks derived with the Laisk method, I included
the in vivo Arrhenius formulations of Bernacchi et al., 2001 for both I'*(T) and DL (R4 in

their paper). In their parametrisation,

AHa,F*)

I'*(T)[mmol mol™t] = exp <cl~* -

(4.2)

AH

a,Rday

o > Ryay(25°C) =1 (4.3)

Raqy(T)(normalised) = exp <CRday —
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The parameters used were ¢ = 19.02 and AHa= 37.8 kJ mol'!, R is the gas constant and T
is in Kelvin. I'* was converted to Pa using I'* (Pa) = I™*mmol mol-1 X P/10° with P=101.000
Pa. Because Rday (T) in Bernacchi (2001) is normalised (unitless, equal to 1 at 25 °C), for
comparison with my Dt data (umol CO2 m? s!) I anchored its magnitude by multiplying

the normalised curve by the Arrhenius-estimate DL 2s.
DLBern (T) = DZ‘EE X Rday (T) (4'4)

Both benchmarks’ curves are plotted alongside the fitted models but are excluded from

model ranking (AICc) because their coefficients are fixed and not estimated from my data.

Constant-Q10 model

T,—25

X(T,) = X35Q,,° (4.5)

where X is I'* (Pa) or DL (umol CO2 m? s™!), Tt is the leaf temperature in °C, X2s is the
value at 25 °C, and Q1o is the fold-change per 10 °C.

Arrhenius model

1 1

X(T) = X,5 exp [% (E — 7)], (4.6)

with activation energy Ea (J mol!), gas constant R = 8.314 Jmol'K"!, and T in Kelvin.

This form preserves X(T2s) = Xos.

MMRT model

kBT>+A5* AH*+AC§1 T (T 47
n)" R RT " R ") @D

where X is Dr, Tret= 298.15 K, ks is Boltzmann’s constant and h is Planck’s constant.

InX(T) = ln(
Tref

AH, AS* and AGCy' are fitted activation enthalpy, entropy and heat-capacity change,
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respectively. For estimation, I used the algebraically equivalent, numerically stable

centred log-linear form according with Liang (2018):

1 1 T
InX(T) =a+ b<—— >+cln< >+d(T—Tref) (4.8)
T Tref Tref

This parameterisation keeps 7 in Kelvin, reduces collinearity by centring at Tter, and yields

stable robust fits (bisquare weights).

Interpretation of the compact coefficients in the thermodynamic form:

kBTref> AS*  AH*
a=In +—— , (4.9)
< h R RT,y
AH* AC} AC}
b=—-——, c=1+-—-L = (4.10,4.11,4.12)

R’ "~ RTyef

I used the compact coefficients a, b, ¢, d solely for estimation and did not treat them as

directly interpretable thermochemical quantities.
4.2.4 Apparent parameters for cross-model comparison (Ea* and Q10*)

To compare models on a common scale, I fitted In X(T) by robust non-linear least squares

(bisquare weights) with 7 in Kelvin, and then computed the local log-slope:

dlnX
dT

s(T) = [K~1], (4.13)

evaluating at 725 = 298.15 K gives the apparent quantities
E;(T) = RT? s(T), Qi0(T) = exp[10 s(T)]. (4.14,4.15)

For each model the implied X2s, s(T), Ea*(T) y Q10*(T) are:
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Q10 model:

In In
s(T) = 1%10, E.(T) = RT? 1% 0 QM) =0, (416,4.17,4.18)
Arrhenius model:
E * * 10Ea
s(D) =+ E;(T) = E,, Q10(T) = exp [ == ] (4.19,4.20,4.21)
MMRT model:
b
s(N) =-m5+= ‘14, (4.22)

ES(T) = R(=b + cT + dT?),  Q}(T) = exp [10 (—i +i4 d)] (4.23,4.24)

AtT = Trep, Xa5 = exp(a)

Coefficients to describe the thermal response of I'* and DL are fixed from Bernacchi et
al., 2001. Apparent local sensitivity and implied Q1o at 25 °C follow directly from the

published activation energies:

[% °C™1], (4.25)
Eo(T2s) = AH,, (4.26)

* A,
Qo5 = exp (1 ) (4.27)

I report I'*25 in Pa and Dr2s in umol m s°!. Confidence intervals are not provided because

these benchmarks are not fitted to my data.
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4.2.5 Arrhenius-coordinate diagnostic

I examined temperature responses in Arrhenius coordinates by plotting In X against
1000/T (with T in Kelvin), where X denotes either I'* (Pa) or DL (umol CO2 m? s7!). For
each parameter, I fitted the linear model [In(X) = a+px], x=1000/T, using robust least
squares with bisquare weights. The fitted slope P provided a diagnostic of the apparent

activation energy via:
E, = —1000R (4.28)
I also report the local temperature sensitivity, s(T) and the corresponding Q10* at 25 °C.

100E;

. 10E,
Qio = exp RTZ (4.29,4.30)

4.2.6 Statistical analysis

Fitting approach and domains

All thermal response models were fitted by nonlinear least squares in MATLAB R2025b.

Goodness of fit and parsimony metrics were always computed on the same domain used

for fitting 3.9 to 42 °C.

Goodness of fit and parsimony

For observation i, yi is the observed rate and yi the model prediction; # is the sample size

in the fitting domain and & the number of free parameters.

n n
1
SSE = Z()’i - 371)2, RMSE = - E (y; — )2 (4.31,4.32)
=1 i=1
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Model ranking used the small sample corrected Akaike Information Criterion,

AlC, =nl (SSE) ok KA D) 433
L n—k—1 (4-33)
Within each comparison set, I report,
AAICc; = AICc; — rIr?éAI} AlCcy,, (4.34)
And the corresponding Akaike weight,
exp (- %AAICC, /)
pj = (4.35)

ZmEM exp (_ % AAICc,m)

Here, M denotes the set of candidate models in the comparison. The AAICc values
quantify distance to the best model (0 the best). Interpretation follows common thresholds:
AAICc < 2 (essentially equivalent), 4—7 (some support for the lower-AICc model), >10
(strong support for the lower-AICc model). The weights p;j provide the relative support for
each model (summing to 1 across M). For the Bernacchi benchmark curves, I report SSE,
RMSE and R? against the observations over the same fitting domain for I'* and DL but
excluded these benchmarks from AICc computation and model ranking because no
parameters are fitted to my data. The benchmarks therefore provide an external reference
for absolute and local performance while preserving the fairness of the model selection

framework.
4.3 Results

Across the 56 Laisk datasets, ['* rose smoothly with leaf temperature over the measured
range (3.9-42.0 °C), showing the gently accelerating increase expected for an exponential-
type response (Figure 4.1). In panel (a) I compare the two most widely used T'*

temperature functions: Brooks & Farquhar (1985), derived in vivo from gas-exchange,
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and Jordan & Ogren (1984), determined in vitro. The first one was made only between 15
and 30 °C, whereas the second one used data spanning 5 to 40 °C. As aresult, extrapolation
outside the original calibration windows, especially of the polynomials, is not reliable and,
as seen in Figure 4.1, can introduce visible deviation at the extremes. Panel (b) shows that
both the simple Arrhenius and the constant-Qi0 models reproduce the overall trend with
comparable fidelity. Discrepancies are small and emerge chiefly near the limits of the

temperature range.

The Bernacchi et al (2001) benchmark aligns closely through the mid-temperature range
but sits below the observations at cooler temperatures and increases above them towards
the warm end, indicating a steeper warm-side sensitivity than observed here. Overall, for
I'*, either empirical formulation (Arrhenius or constant-Qio) provided an adequate
description over the experimental span, with the Bernacchi curve serving as an external

check.

@ ‘ ‘ . (b)
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——Jordan & Ogren (1984) ——Bernacchi et al. (2001)
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Figure 4.1. Temperature dependence of I'* (Pa). (a) Comparison of the Brooks and Farquhar, 1985
and Jordan and Ogren, 1984 parameterisations. Solid segments indicate the author’s reported
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temperature ranges, dashed lines are extrapolations. (b) Fits of simple Arrhenius and constant-Q1
models to my data, with the fixed in-vivo benchmark of Bernacchi et al. (2001) overlaid. Symbols
are observations; lines denote model predictions/benchmark.

Table 4.1. Parameter estimates for the temperature dependence of I'* under two alternative
models. [*s) is I'* at 25 °C in pascals. For the constant-Q,o model the fitted parameter is Qio; an
apparent activation energy E.* is reported. For the Arrhenius model, the fitted parameters were
I*@s) and the activation energy E,. An apparent Qio* is also reported. Red asterisks denote
parameters not fitted in that model but computed to aid cross-model comparability, they should be
interpreted as apparent values conditional on the assumed model form. Confidence intervals for
derived quantities were obtained by propagation of uncertainty from the fitted parameters.

Parameter Model Estimate 95% CI
Constant-Qo 4.36 [4.31, 4.40]
I'*y5 (Pa)

Arrhenius 4.39 [4.34, 4.44]

Constant-Qo 28.47* [27.74, 29.19]
E, (kJ mol)

Arrhenius 27.62 [26.83, 28.41]

Constant-Qio 1.47 [1.46, 1.48]
Q1o

Arrhenius 1.44* [1.42, 1.47]

Constant-Qo 3.85 [3.77, 3.94]

s25 (% °C™)
Arrhenius 3.74 [3.65, 3.82]
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Parameter estimates for ['* at 25 °C were virtually identical across models (Table 4.1):
I'*25 was 4.36 Pa under the constant-Qio fit and 4.39 Pa under Arrhenius, with narrow,
overlapping 95% Cls. The two models also yielded similar temperature sensitivities at 25
°C (s25= 3.7-3.9 % °C-"). As expected, the models express that sensitivity with different
primary coefficients. The constant-Qio fit gave Qio = 1.47, while the Arrhenius fit
estimated Ea = 27.62 kJ mol!. When expressed on the common apparent scale, the Q1o-
derived Ea* (28.47 kJ mol™") and the Arrhenius-derived Qio* (1.44) closely match their
counterparts, reinforcing that both formulations describe a moderate thermal dependence
of I'*. The fixed Bernacchi (2001) benchmark converted to 4.31 Pa at 25°C with AH. =
37.83kJ] mol!, implying s25=5.12 % °C! and Q%*10 25=1.64, consistent with

species/protocol differences and the fact that these coefficients are not fitted to the dataset.

Goodness of fit metrics were similarly high for both models, with a R? =0.99 in each case
(Table 4.2). The constant-Q10 model achieved slightly lower SSE and RMSE, and the best
AlCc (-204.7), giving AAICc=0 for Q10 and AAICc = 7.20 for Arrhenius. By conventional
thresholds, this constitutes strong support for the constant-Q1o model over Arrhenius for
I'* across the temperature range, while acknowledging that the differences were small for
practical purposes. For context, the fixed Bernacchi (2001) benchmark, yielded SSE =
19.735, RMSE = 0.578 and R? = 0.88 against the observations over the same temperature

domain, reflecting expected offsets for a literature curve not fitted to these data.
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Table 4.2. Goodness of fit and information criteria for the models in Figure 4.1b. Reported metrics
are R? (coefficient of determination), SSE (the sum of squared residuals), RMSE (root-mean-
squared error, same scale as the response), AICc (small-sample corrected Akaike Information
Criterion) and AAICc (difference from the best model within each trait). Lower SSE, RMSE and
AlCc indicate better fit. Model selection was based on the native fitted parameters only; the
apparent quantities marked with red asterisks in Table 4.1 were provided solely for interpretability
and do not influence these metrics.

Model R? SSE RMSE AICc AAICc
Qo 0.989 1.343 0.155 -204.7 0
. 7.2
Arrhenius 0.990 1.528 0.165 -197.5
Bernacchi 0.879 18.735 0.578 - -

Dv increased smoothly across the measured range and accelerates toward the warm end.
The constant-Q10 and Arrhenius curves remained essentially exponential throughout, at 45
°C the Qio prediction was higher than the Arrhenius prediction. The MMRT curve
followed the same rise at cool-moderate temperatures but showed a subtle change in
curvature at the hottest end, bending slightly rightwards and thus departing from a pure
exponential. Consequently, near 45 °C, the Q10 and MMRT predictions were very close,
with Q1o giving marginally higher values, while Arrhenius gave the lowest. Overall, model
separation remained modest and remained confined to the warmest temperatures (Figure

4.2).

In the MMRT fit, the curvature coefficient d was not significantly different from zero (its
95% Cl included 0), consistent with ACy* = 0 over the experimental range. The coefficient
¢ was also poorly constrained (ill-conditioned). Taken together, and given the parameter
non-identifiability, there was no statistical evidence for a non-zero ACp* within the

temperature span.
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Figure 4.2. Observed rates of D, (umol CO, m™2s7!) are plotted against leaf temperature, together
with model predictions from three alternatives: a constant-Q;o model, a simple Arrhenius model,
and an Eyring-based MMRT. Fits were obtained by non-linear least squares. The magenta line
shows the Bernacchi et al (2001) day-respiration benchmark, normalised in the original study and
here scaled to my D¢ s (Arrhenius) to place it in absolute units; it is provided for reference only.
Lines show the fitted curves evaluated over the plotted temperature range, and symbols show the
data.

Across the three models, the 25 °C rate clustered tightly at Dr2s around 1.36-1.45
umol CO2 m2 s7!, with overlapping 95% CIs (Quo: 1.36 [1.19, 1.53]; Arrhenius: 1.38
[1.20, 1.56]; MMRT: 1.45 [1.27, 1.66]). Thermal sensitivity differed modestly by model
(Table 4.3). The MMRT fit implied the strongest response at 25 °C, with s25= 7.26% C!
and an effective Q10™ = 2.07. The Arrhenius and constant-Q1o fits were slightly lower and

similar to each other: s25= 5.97% C-! (Arrhenius) and 6.06% C! (Q10), corresponding to
Qio* =1.78 and Q10 = 1.83, respectively.

77



Table 4.3. Parameter estimates for the temperature dependence of Di under three alternative
models. Dy »s is the rate at 25 °C in umol CO, m%s!. In the constant-Q;o model, Dy »s and Qo
were fitted, and the local temperature sensitivity at 25 °C and the apparent activation energy are
reported. In the Arrhenius model, Dy s and E, were fitted, with the s»s and the apparent Qio*
reported for comparison. For MMRT D »s, 525, and the apparent quantities £,* and Qo™ at 25 °C
are reported. Red asterisks mark parameters that were not fitted within that model but calculated
to aid cross model comparability. Confidence intervals for derived quantities were obtained by
propagation of uncertainty from the fitted parameters.

Parameter Model Estimate 95% Cl1
MMRT 1.45 [1.27, 1.66]
Dy.>s (umol m? s™) Arrhenius 1.38 [1.20, 1.56]
Quo 1.36 [1.19, 1.53]
MMRT 53.67* [45.49, 61.86]
E, (kJ mol™) Arrhenius 44.11 [35.35, 52.88]
Quo 44.82* [40.45, 49.19]
MMRT 2.07* [1.85,2.31]
Qo Arrhenius 1.78% [1.68, 1.89]
Qo 1.83 [1.63,2.04]
MMRT 7.26 [6.16, 8.37]
s25 (%o °C1) Arrhenius 5.97 [5.35, 6.59]
Quo 6.06 [5.47, 6.66]
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On the apparent scale, the three models yielded activation energies in the range 44-54 kJ
mol-!' and Q1o (or Q10*) values of 1.78-2.07. This combination indicates a strong thermal
sensitivity of Dr around 25 °C. It falls squarely within the widely cited range for enzyme-
mediated respiratory processes in leaves (Q10~ 2; Ea = 45-60 kJ mol!) across species and
biomes (Atkin & Tjoelker, 2003; Cai et al., 2018; Heskel et al., 2016). As an external
reference, the Bernacchi et al. (2001) day-respiration curve (normalised in the original
study) was scaled by my Arrhenius Dv2s to place it in absolute units. Over the same

domain it gave Dr25= 1.379 umol CO2m 27!, 525 =6.277 % C! (implied Q10,25 = 1.836).

Model-fit metrics were high and had similar R? values (0.78-0.82). Residual scatter
(RMSE) was small for all models (0.49-0.54 on the response scale). AICc nonetheless
differentiated them: MMRT had the lowest value (-71.38) and the highest Akaike weight
(0.74), Q10 was competitive (AICc -68.91; weight 0.22), and Arrhenius received the least
support with AICc -65.60 and 0.04 of weight (Table 4.4). The Bernacchi et al. (2001)
benchmark, assessed over the same domain but not fitted, yielded R? = 0.798, SSE =
14.795 and RMSE = 0.514.

In Arrhenius space, both traits show clear, near-linear trends across the sampled range. For
I'* (Figure 4.3a) the observations, expressed as In(I'*), fall tightly on a straight line and
the two model curves are practically coincident, with only negligible spread at the warm
end. For Dv (Figure 4.3b), In (D) decreases almost perfectly linearly with 1000/T. MMRT
predicts the highest values compared with the other models at the warm end, with the

spacing widening slightly toward the cold end.

In summary, all three models describe DL(T) well. MMRT captures a slightly stronger
curvature/temperature sensitivity and is favoured by information criteria, while the
constant-Qio gives a comparably good empirical description. Arrhenius performs

marginally worse over the full temperature range.
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Table 4.4. Goodness of fit and information criteria for the three fitted models MMRT, Arrhenius
and constant-Qjo. The Bernacchi et al. (2001) day-respiration benchmark is included for reference
only. Reported metrics are R? (coefficient of determination), SSE (the sum of squared residuals),
RMSE (root-mean-squared error, same scale as the response), AICc (small-sample corrected
Akaike Information Criterion) and Akaike weight. Model selection is based on the native fitted
parameters only; the apparent quantities marked with red asterisks in Table 4.3 are provided solely
for interpretability and do not influence these metrics.

Model R? SSE RMSE AlCc Weight
MMRT 0.817 13.38 0.488 -71.378 0.74
Arrhenius 0.780 16.09 0.536 -65.602 0.04
Quo 0.793 15.17 0.520 -68.914 0.22
Bernacchi 0.798 14.79 0.514 - -

For I'*, the apparent activation energy from the linear fit [In X = a + B (1000/T)] was
27.42 kJ mol”!, indicating a moderate thermal dependence (Figure 4.3a). The local
temperature sensitivity at 25 °C was 3.71 % °C"!, implying that I'* increases by 3.7 % per
°C around this temperature. Consistent with this, the Q10* was 1.45, meaning a 10 °C rise
multiplies I'* by 1.45. For Dv, the Ea* was 51.15 kJ mol!, consistent with s25=6.92% °C-
"and Q10*=1.99 (a doubling per 10 °C; Figure 4.3b).
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Figure 4.3. Arrhenius plots for the temperature responses of I'* and D;.. (a) In of I'* vs 1000/T (K
. (b) In of Dy vs 1000/T (K'"). Symbols show the observations; solid lines are model predictions
(Quo in blue, Arrhenius in orange, and MMRT in green). Fits were obtained by non-linear least
squares. The upper x-axis gives the corresponding temperature in °C; y-axes are natural-log scales

with units indicated.
4.4 Discussion

4.4.1 Interpreting the temperature dependence of I'*

The temperature dependence of I'* arises from Rubisco biochemistry. In the FvCB model,
I'* = 0/(2Se0), so it reflects the balance between Rubisco carboxylation and oxygenation
and is proportional to oxygen partial pressure (Galmés et al., 2016). With warming, I'*
increases primarily because the CO2:0: specificity factor (Sc/o) declines as the oxygenation

transition state becomes relatively favoured (Bernacchi et al., 2001).
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The apparent activation energy for I'* in sunflower in this study (E.* = 27-28 kJ mol!)
lies at the upper edge of the interspecific range reported from Rubisco-specificity analyses
in C3 plants = 19.8-26.5 kJ mol"'; Glycine max at 26.5 kJ mol! (Hermida-Carrera et al.,
2016). By contrast, Bernacchi et al. (2001) reported a higher value for Nicotiana tabacum
(Ea = 37.8 kI mol™), plausibly reflecting differences in species, growth conditions and

estimation methodology.

Physiologically, a 3.7% °C! rise in I'* has tangible consequences. Because I'* sets the
photorespiratory load at low C¢, warming shifts the Anet-Ce curve rightwards and increases
the CO2 compensation point in the absence of Di, thereby depressing Anet unless
carboxylation capacity or gm increase in parallel (Busch & Sage, 2017). This helps to
explain why cooler conditions often favour C3 photosynthesis at ambient CO2, whereas

hot, low-CO2 environments accentuate photorespiration.

The fixed in-vivo benchmark of Bernacchi et al., (2001) yields a ['*25 very close to mine
(= 4.32 Pa vs 4.36-4.39 Pa), but a steeper local sensitivity at 25 °C (s25 = 5.1 % °C"!,
Q*10.25 = 1.64) than my fitted values (= 3.7-3.9 % °C-'). This difference is consistent with
species/protocol effects and with the explicit O2-dependence of I'*. In my measurements
Oz was held constant and I'*(T) was estimated from the improved Laisk method (Moreno-
Echeverry et al., 2026), producing a near-exponential response across the sampled range

that falls well within published interspecific ranges.
4.4.2 Interpreting the temperature dependence of D1

Dv is not synonymous with dark-type mitochondrial respiration alone. In the light, CO2
release also arises from anabolic decarboxylation tightly coupled to biosynthetic demand
(Araujo et al, 2014; Tcherkez et al., 2024). For example, plastidial pyruvate
dehydrogenase supplies acetyl-CoA for fatty-acid synthesis, releasing CO2 from pyruvate;
the oxidative pentose-phosphate pathway (OPPP) decarboxylates 6-phosphogluconate to
ribulose-5-phosphate, providing reducing power and ribose precursors for sucrose and

nucleotide formation, and isocitrate dehydrogenase decarboxylates isocitrate to 2-
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oxoglutarate (2-OG), a key carbon skeleton for amino-acid biosynthesis (Aragjo et al.,
2014; Galili et al., 2014; Lin & Oliver, 2008; Tcherkez et al., 2024; Tcherkez & Atkin,
2021).

Each step is enzyme-catalysed and therefore temperature-responsive. Taken together with
TCA-linked fluxes, these routes can amplify the apparent E.* and Qio* of DL as
biosynthetic demand rises. This view is consistent with illuminated mitochondria acting
as thermodynamic buffers that coordinate ATP/ADP and redox balance across
compartments via malate and citrate valves (Igamberdiev & Bykova, 2023), thereby

tightening the coupling between photosynthetic metabolism and light-linked COxz release.

Mechanistically, photorespiratory NADH elevates the mitochondrial reduction state in the
light, activating the alternative oxidase (AOX) and internal dehydrogenases and biasing
the TCA towards an open hemicycle (Igamberdiev & Bykova, 2023). Citrate efflux to the
cytosol supports NADPH generation and 2-oxoglutarate production via the citrate valve,
thereby sustaining amino-acid biosynthesis and other 2-oxoglutarate-dependent reactions
(Igamberdiev & Bykova, 2023). Within this redox-buffering framework, DL is expected
to show a non-linear temperature response, increasing more steeply per degree Celsius at
higher temperatures as enzymatic rates in mitochondrial metabolism accelerate. This
provides a mechanistic basis for why Dr should not be considered equivalent to dark
respiration. Consistent with this interpretation, the thermal sensitivity of DL observed here
is stronger than that typically reported for dark respiration, supporting a dominant role of
mitochondrial control of COz2 release in the light. Enzyme-limited reactions in the TCA
cycle and the mitochondrial electron-transport chain commonly exhibit activation
energies of approximately 45-60 kJ mol'! (Atkin & Tjoelker, 2003; Bernacchi et al., 2001;
Caietal., 2018; Heskel et al., 2016), and the Ea.* estimated for DL in this study falls within
this physiological range.

At moderate temperatures, respiratory fluxes are strongly temperature-sensitive; however,

the apparent sensitivity (e.g. Qio, s25) depends on the measurement temperature and the
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model used. For dark respiration, reported Q1o values cluster around 2.0, but commonly
span 1.3-2.5 as irradiance, substrate supply, leaf nitrogen and thermal acclimation vary
(Covey-Crump et al., 2002; Heskel et al., 2016; Tjoelker et al., 2001). Moreover, Q1o
typically declines with measurement temperature as control shifts from enzyme limited
capacity (i.e. the maximal catalytic/transport potential of the pathway) to resource
limitation (restricted by available substrates and adenylate/phosphate balance) (Atkin &
Tjoelker, 2003; Covey-Crump et al., 2002). Consequently, both the magnitude and
curvature of DL(T) can vary across species and measurement protocols. Within the
physiological leaf-temperature range, many datasets are well described without imposing
a warm-side deactivation term for Dr (Bernacchi et al., 2001; Cai et al., 2018). Short-term
regulatory adjustments and long-term changes in respiratory machinery both moderate the

temperature response (Atkin & Tjoelker, 2003).

The biosynthetic demand for membrane lipids, stromal protein turnover and sucrose
export often increases as leaf temperatures increase (Fan et al., 2024; Mathieu et al., 2018;
Saidi et al., 2010). This means that chloroplastic and cytosolic decarboxylation fluxes
must also scale with temperature, shifting the partitioning of DL away from strictly
mitochondrial origins. Conversely, under sink limitation (e.g., restricted export/phloem
loading or phosphate shortage) these anabolic decarboxylation routes may down-regulate,
reducing DL without a change in core mitochondrial capacity (Buckley & Adams, 2011;

Paul & Foyer, 2001).

Bernacchi’s Rday(T) is a normalised Arrhenius function (equal to 1 at 25 °C) derived via
Laisk method in tobacco plants. To compare with my DL (umol CO2 m2s™ "), I scaled that
fixed-shape curve by my Dv2s (from the Arrhenius fit) to place it on an absolute scale.
Across the same temperature range, it tracked the mid-range values of DL reasonably but
diverged at the extremes, indicating a steeper warm-side sensitivity here. Such differences
are plausible given species and protocol contrasts, and growth and acclimation histories.

Because its coefficients are fixed a priori and not estimated from my data, I treat the
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Bernacchi function as an external reference rather than including it in model ranking; it is

useful for context, but not for AICc comparison.

4.5 Conclusion

The temperature dependence of I'* and DL can be captured with simple equations that are
both empirically robust over my measurement range. For I'*, a constant-Qio model
provides the strongest statistical support and offers a parsimonious empirical description,
whereas for DL, the MMRT model was favoured and better reflected the slight warm-end
curvature observed. Importantly, practical differences between models were small across
most temperatures, so model selection should prioritise parsimony, biological plausibility,

and the intended use of the parameters.

Viewing DL as a light-linked composite flux, rather than as an approximate measure of
dark respiration, provides a useful framework for interpreting its temperature dependence.
Likewise, estimating both traits from common Laisk intersections in Cc space reduces
methodological artefacts and improves transferability to Vemax and Jmax fitting, and to crop

and land surface models.
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5 Temperature dependence of Vemax and Jmax

5.1 Introduction

Plants play a key role as carbon sinks through photosynthesis, capturing atmospheric CO2
and storing it temporarily. This process supports plant growth and development, underpins
terrestrial primary production, and is strongly modulated by environmental factors (Chen
et al., 2024; Liao et al., 2023). Among environmental factors, temperature exerts a
dominant control on photosynthesis because it directly regulates the rates of the
underlying biochemical reactions (Crous et al., 2022; Moore et al., 2021). Most of these
reactions are enzyme mediated, and both catalytic rates and structural stability vary

markedly with temperature.

Photosynthetic parameters, such as the maximum rate of carboxylation by Rubisco ( Vcmax)
and the maximum rate of electron transport (Jmax), show pronounced temperature
dependence (Kumarathunge et al., 2019). Their thermal optima are not universal but vary
with species, environmental conditions, and the physiological state of the plant (Machino
et al,, 2021; Yamaguchi et al., 2016). However, at temperatures above the thermal
optimum, photosynthesis can be impaired by multiple mechanisms. These include
irreversible processes such as protein denaturation and loss of membrane integrity (Lee et
al., 2024; Yanhui et al., 2020), and partially reversible processes such as elevated
production of reactive oxygen species (ROS), which can be neutralised by antioxidant

systems (Devireddy et al., 2021; Khorobrykh et al., 2020).

Rubisco activation declines with increasing leaf temperature, and this pattern is better
explained by regulation through Rubisco activase (Rca) than by changes in Rubisco

content (Perdomo et al., 2017; Scafaro et al., 2018). Rubisco activase is an ATP-dependent
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chaperone that removes inhibitory sugar phosphates from Rubisco active sites. The
thermal behaviour of Rca depends on isoform composition, sensitivity to the ADP to ATP
balance, redox state and post translational modifications, leading to genotype and
environment specific temperature responses of Rubisco activation (Amaral et al., 2024;
Crafts-Brandner & Law, 2000; Perdomo et al., 2017; Salvucci & Crafts-Brandner, 2004;
Scafaro et al., 2019). Increasing leaf temperature alters the stromal environment and can
increase thylakoid proton leak, which constrains Rubisco activase and lowers the fraction
of active Rubisco (Crafts-Brandner & Law, 2000; Filacek et al., 2022; Salvucci & Crafts-
Brandner, 2004).

From a thermodynamic perspective, enzyme temperature responses can be interpreted
with transition state theory (Arcus et al., 2016). The rate constant depends on the activation
free energy (AG*), which is set by the enthalpy of activation (AH*), and the entropy of
activation (ASY), such that AG* = AH* — TAS*. When the heat capacity change on
activation (ACp?) is negative, both AH* and AS* vary with temperature, which produces
the characteristic curvature and a thermal optimum (Arcus et al., 2016; Liang et al., 2018).
At temperatures above this optimum, increases in AH* together with shifts in ACp* raise
AG*, reducing catalytic rates and causing reversible thermodynamic deactivation (Arcus
et al.,, 2016). This provides a quantitative rationale for the reversible loss of Rubisco

activation when heat limits Rubisco activase and activity is restored on cooling.

The characterisation of thermal responses in biological processes has traditionally relied
on empirical and semi mechanistic equations. The Arrhenius equation is widely used as a
parsimonious description of temperature dependence and for tis practical value in model
parameterisation (Galmés et al., 2016a; Tikhonov & Vershubskii, 2020). In its original
form, the Arrhenius equation assumes a constant activation energy and predicts an

exponential increase in rate with temperature.

At the intact leaf level, net CO2 assimilation rate reflects interacting components that

respond differently to temperature: Vemax, Jmax and triose phosphate utilisation, and is
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further constrained by CO: diffusion through stomata and mesophyll to the chloroplasts
(Evans, 2021; Farquhar et al., 1980; Flexas et al., 2012; Warren & Dreyer, 2006). As
temperature rises, Rubisco’s specificity for CO: relative to Oz declines and the
photorespiratory CO2 compensation point (I'*) increases. This shifts the net balance
towards oxygenation, so net assimilation can peak and then decline even if the underlying
capacities for Vemax and Jmax continue to increase with temperature (Brooks & Farquhar,
1985; Jordan & Ogren, 1984). However, at the leaf level these interacting components
often produce curvature in log rate versus temperature, and clear thermal optima that the
original formulation cannot capture (Bauerle et al., 2012; Crous et al., 2022; Kositsup et
al., 2009; Slot & Winter, 2017). To address these limitations, extensions have been
proposed, including the peaked Arrhenius with high temperature deactivation for Vemax
and Jmax, which captures both the initial rise and the decline above the thermal optimum
and has been applied in field and controlled studies (Benomar et al., 2019; Bermudez et
al., 2021; Fiirstenau Togashi et al., 2018; Kumarathunge et al., 2019). Empirical fits have
also been used to describe curvature, including non-mechanistic equations fitted to Anet as
a function of temperature, although extrapolations require caution (Bauerle et al., 2012;

Kositsup et al., 2009).

Although useful, these approaches do not impose thermodynamic constraints or represent
how AH* and AS* vary with temperature, nor do they account for variation in AC,* (Arcus
et al., 2016; Hobbs et al., 2013; Liang et al., 2018). Macromolecular rate theory (MMRT)
explicitly incorporates ACy}, reproducing both the rise and the decline beyond the thermal
optimum and yielding thermodynamically interpretable parameters, AH*, AS* and AC},
from which the optimal temperature (7opt) and the inflection temperature (7inf) can be

derived (Liang et al., 2018).
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In leaf respiration, MMRT has been shown to outperform Arrhenius models and to
perform comparably to flexible log-polynomial formulations when evaluated at the global
scale (Alster et al., 2022; Duffy et al., 2021; Liang et al., 2018; Numa et al., 2021; Schipper
et al., 2019). Beyond leaves, MMRT has also been applied to soil microbial and total soil
respiration, providing a unifying framework for describing temperature responses across
biological scales (Numa et al., 2021; Schipper et al., 2019). Across these systems, the heat-
capacity term ACp* behaves as a conserved thermal trait across biomes and functional
groups, whereas the pre-exponential factor a and the reference rate k(To) vary
systematically with acclimation and environmental history (Alster et al., 2022; Duffy et

al., 2021).

Despite these advances, direct applications of MMRT to photosynthesis, and specifically
to Vemax and Jmax, remain unexplored. To address this gap, I characterised the temperature
dependence of photosynthesis in sunflower by evaluating Vemax and Jmax through a
comparative analysis of the peaked Arrhenius model and MMRT. This approach allows
determination of the extent to which MMRT changes the representation of the full shape
of the temperature response curve and the estimation of key thermal parameters relative

to simpler models.
5.2 Materials and Methods

5.2.1 Plant Growth Conditions and Gas Exchange Measurements

Sunflower (Helianthus annuus “Russian Giant”) plants were grown inside a plant growth
unit. Plants were watered daily to field capacity and fertilised weekly with a balanced
nutrient solution. Day/night air temperature was 24/19 °C, with relative humidity at
approximately 40 % during the day and 65 % at night. A 14 h photoperiod was supplied,
providing a photosynthetic photon flux density (PPFD) of 400 umol photons m~ s! at the

leaf surface. Gas-exchange measurements were conducted on fully expanded upper-
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canopy leaves using a LI-6400XT portable photosynthesis system (LI-COR Biosciences,
Lincoln, NE, USA).

Before each measurement, the selected leaf was acclimated for 20 min at the target leaf
temperature under chamber conditions set to approximately 60 % relative humidity, a
PPFD of 2000 pmol m™2 s7!, and a CO: partial pressure of 40 Pa. Aner—Ci curves were
generated by varying the chambrer inlet CO2 from 200 to 5 Pa, with leaf temperatures
ranging from 5.4 to 44.3 °C.

5.2.2 Estimation of Vemax and Jmax from Ane—Ci Curves

Vemax and J were estimated from Ane—Ci response curves using the Farquhar, von
Caemmerer and Berry model of Cs photosynthesis (Farquhar et al., 1980), incorporating
modifications of Kirschbaum & Farquhar (1984) and Ubierna et al. (2019). Full equations
and temperature functions are provided in Chapter 2, Section 2.4. Ambient pressure was
101.6 kPa and oxygen was 21 %. The Michaelis Menten constants at 25 °C were K¢ (25)
= 0.037 kPa and K, (25) = 35.1 kPa (Jordan & Ogren, 1984; von Caemmerer & Quick,
2000). Activation energies were Ea (Kc) = 59.4 kJ mol™! and Ea (Ko) = 35.9 kJ mol™!
(Sharkey et al., 2007), and the gas constant was R = 8.314 J mol' K~'. The
photorespiratory compensation point was computed as I'* =42.7 + 1.68(T — 25) + 0.012(T
— 25)? where T is leaf temperature in °C (Brooks & Farquhar, 1985). Fits were obtained
using nonlinear least squares in MATLAB R2025b.

5.2.3 Temperature dependence modelling of Vemax and Jmax

The temperature dependencies of normalised Vemax and Jmax were characterised as a
function of leaf temperature using two alternative models: Macromolecular Rate Theory

(MMRT) and the peaked Arrhenius function.

First, to anchor the response around the observed rise to the empirical optimum, I fitted a

cubic polynomial to the normalised trait over the ascending limb of the response. For a
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polynomial y(T)= aT?+ bT?+ ¢T + d (with T in °C), the inflection temperature (Tinf) was
defined as the real root of the second derivate, y’(T) = 6aT + 2b, hence:

b
Ting = =520 Yling = Y(Tins) (5.1)

These anchors were then converted to Kelvin for model evaluation and used as reference
points in MMRT by setting 7o = Tinf and enforcing a pass through [ Tinf, y(Tinf)]. Next, I
implemented MMRT in its 7inf anchored form (the formulation used for fitting). Let x =
T/Tint with T in Kelvin and R = 8.314 J mol"! K-!. The anchored MMRT writes the rate

relative to the anchor as:

k(T) —ACH ACE
l =14+ [—2@x—-1)+—5=(x—1)? 5.2
nlkmfl t | D+ -1 (5.2)
I fixed 7inf and kTinf (= y7Tinf for normalised traits) from the polynomial step and estimated
only ACp* by nonlinear least squares on the ascending limb data (for Vemax: 5-35 °C; for
Jmax: 5-31 °C), evaluating temperature in Kelvin. I enforced the physically motivated
constraint ACp#<0 (bounds [-4000, -10-3] J mol-! K*'; initial value -1000 J mol-! K*!). Full

range predictions were reconstructed as:
_ -AC} Ach 2
k(T)= kipr*exp+(1+ T(x—l)+;(x—1) (5.3)

with X = T/Tinf and R = 8.314 J mol"! K-!. The baseline optimum followed from d In &/dT
=0, with

~AC; ACE —

Gin =1+ [T bawea =R ot = g5

(5.4,5.5,5.6)

and,
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Tope = Ting (1 + Xopt) (5.7)

Finally, where a clear downturn above the optimum was evident, I multiplied the anchored

MMRT term by a reversible Medlyn type deactivation factor,

1+ exp (—Tref as - Hd)
RT,
faeact(T) = e Trep = 298.15K (5.8)
1+ exp (—RT d)

and estimated Ha (J mol ') and AS (J mol' K™') on the full temperature range while keeping
Tint, kTint and the fitted ACp* fixed (bounds: Hd € [5 X 10%, 5 X 103] J mol'!; AS € [100,
1200] J mol! K-!; initials Hg= 2 x 103 Jmol-1, AS = 650 Jmol-'K1).

For comparison, [ fitted the peaked simple and peaked Arrhenius response across the full

temperature range, estimating Ea, Hd, and AS by nonlinear least squares.

EN((T-T
k(T) = kyef exp [(Fa) <(?T;f)>l Trof = 298.15K (5.9)
re
ToAS — H
1+ exp (L—FH+—2
EN((T=T
KD = ey exp [(Fa) <( TT re}c))l ((TAsRiO 7] )) ' Trer = 298.15K
ref 1+ exp(—s7+—2
RT

(5.10)

5.2.4 Linearity diagnostic in Arrhenius coordinates

To identify the temperature sub-range on the ascending limb where the Arrhenius
transform is approximately linear, I analysed In(y) versus 1000/T (K). Starting from the
lowest temperature, I ran a forward range-scan, fitting a linear model [In(y) = o +  x] and
testing a quadratic extension [In(y) = o + B x + y x?] at each step. I extended the upper

bound until the quadratic term became significant at two sided p < 0.05 and reduced AIC
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by more than two units. The largest range that did not breach this criterion was designated

the linear window.
5.2.5 Statistical analysis

Fit domains and parameter counts.

All thermal response models were fitted by nonlinear least squares in MATLAB R2025a
(Isgnonlin). Goodness of fit and parsimony metrics were always computed on the same
domain used for fitting: the basal window for Arrhenius and MMRT stage-2, and the full
5-43 °C span for MMRT x Deact and Peaked Arrhenius. The basal window was 5-35 °C
for Vemax and 5-31 °C for Jmax. That is, from the minimum temperature to the 7opt of each
one. Parameter counts were k = 1 for Arrhenius (E.) and MMRT stage-2 (ACp?), k = 2 for
MMRT x Deact (Hd, 4S), and k = 3 for Peaked Arrhenius (Ea, Hd, AS). In MMRT stage-
2, the curve was anchored at (Tinf, y(Tinf)) and only ACp was fitted on the basal window;

MMRT x Deact then fitted (Ha, AS) in the full temperature range with that anchor fixed.

Metrics and model ranking

For observation i, yi is the observed normalised rate and yi the model prediction; n denotes

the sample size in the fitting domain and & the number of free parameters.

n n
1
SSE = Z(yi —5)%  RMSE= |- E i = 9? (5.11,5.12)
=1 i=1

Model ranking used the small sample corrected Akaike Information Criterion:

555) g 2kGe+ D 5.13)

AICC=n1n<T + 2 m

Within each comparison set (basal models; global models), I report AAICc = AICc — min
(AICc), so the best model in that set has AAICc = 0. Interpretation follows the usual
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thresholds: AAICc < 2 (essentially equivalent), 4—7 (some support for the lower-AICc
model), >10 (strong support for the lower-AICc model). I also report the apparent
temperature optimum (Topt) from the fitted curves. R? is shown only for the basal linearity
diagnostics described next; for bell shaped global fits I rely on SSE/RMSE and AICc (and
rank by AAICc).

5.3 Results

In this chapter, I analysed 85 Anet-Ci curves from sunflower leaves spanning 5.4 to 44.3
°C. Figure 5.1 shows representative curves at 10, 20, 30, and 40 °C. Across temperatures,
net CO2 assimilation rate (4net) increased with intercellular COz2 partial pressure (Ci), with
both magnitude and curvature varying systematically with temperature. From cold to
warm conditions, 4net rose across the Ci range, peaked at mid to high temperatures, and
declined at the hottest measurements, indicating high temperature deactivation. Limitation
partitioning behaved as expected: Rubisco limitation (4c) dominated at low Ci, RuBP-
regeneration limitation (4j) prevailed at higher Ci, and the 4c-Aj crossover shifted to higher

Ci with increasing temperature.
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FIGURE 5.1. Representative 4n—C; response curves across four leaf temperatures (Anei: pmol
m~s™'; Ci: Pa). Panels (a—d) correspond to 10, 20, 30 and 40 °C, respectively. Filled circles are
observations; the solid black line is the FvCB fit; dashed red and blue lines indicate the Rubisco-
limited rate (4c) and the RuBP regeneration-limited rate (4;). Measurements were made at a
saturating photon flux density of 2000 umol photons m=s™.

Figure 5.2 connects the qualitative patterns to the curve features that inform parameter
estimates. For a representative leaf, the fitted FvCB components are overlaid to show how
Vemax and Jmax are identified. In panel (a), the Ane—Ci responses separate cleanly by
temperature (10, 15, 25, 35, 40 °C). At low C;, the 10 and 15 °C curves almost coincide
and have the shallowest initial slope. Warming to 25 °C makes the initial slope steeper,
and the steepest initial slope occurs at 35 °C. At 40 °C the initial rise is less steep than at
35 °C, signalling the onset of high-temperature impairment. With warming, the point
where curvature increases and the curve bends toward its ceiling shifts leftwards
(saturation is reached at lower C; at 25-35 °C than at 10-15 °C). The high Ci asymptote
climbs from 10 °C to 25 °C and to 35 °C and then drops at 40 °C, ending near the cool
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temperature levels. Thus, 35 °C attains the highest 4net across the range, 25 °C is slightly
lower, and 10, 15 and 40 °C converge to similar upper rates despite their different starts,

an overall warm side optimum with a downturn at 40 °C.

Comparing panel (a) with panel (b), the Rubisco limited rate (4c) closely tracks net
assimilation at low to moderate Ci. At each temperature the curves are nearly coincident
over the low and moderate Ci range (10 and 15 °C are very similar; 25 and 35 °C are
steeper but preserve the ordering). The key divergence appears at high Ci: in panel (a) Anet
bends to a temperature dependent plateau (highest near 35 °C), whereas in panel (b) the
Rubisco-limited rate (4c) continues to rise without a clear ceiling over the plotted C; range.
That separation marks the onset of regeneration limitation: Anet saturates not because
Rubisco has reached a ceiling, but because the regeneration side becomes limiting at high
Ci. At 40 °C, both panels are depressed relative to 25-35 °C, consistent with warm side

impairment.

Panel (c) shows the RuBP regeneration-limited rate (4;), which behaves quite differently
at the start of the curves: the initial slope is much steeper than in (a) or (b), and the response
reaches a plateau at substantially lower Ci. The level of that plateau follows the same
temperature pattern as Anet 1s highest near 35 °C, slightly lower at 25 °C, and reduced at
40 °C; 10 °C remains lowest. Thus, 4j in panel (c) sets the high C; ceiling seen for Anet in
panel (a). At the fixed irradiance used, this ceiling reflects the available electron-transport

capacity (J) and downstream regeneration steps.

With Vemax and Jmax derived from the 4ne—C; curves spanning 5.4 — 44.3 °C, each leaf’s
series was normalised to its 25 °C value so that differences in scale did not interfere with
thermal patterns. Using these normalised series, the temperature dependence of both

parameters was then evaluated and compared using the MMRT and Arrhenius models.
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FIGURE 5.2. Responses of net assimilation (4n.), Rubisco-limited rate (4.) and RuBP
regeneration-limited rate (4;) across intercellular CO; partial pressure (C;) for one representative
leaf at several temperatures. Curves are fits of the FvCB model.
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MMRT was implemented as a three-stage fitting procedure. First, a cubic polynomial was

fitted to the basal segment of each normalised temperature series (Vemax: 5—35 °C; Jmax: 5—

31 °C) to locate the Tinf and its ordinate y(7inf). The fitted polynomials were:

Vemax = Y(T) =-=5.70x107°T3 + 440 x 107372 — 510 x 1072T + 0.410

Jmax = y(T) = —5.40x 1075T3 + 2.90 x 1073T2 — 7.40 x 1073T + 0.240

Estimates of 7inf and y(7inf) derived from these fits are shown in Figure 5.3 and listed in

Table 5.1.
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FIGURE 5.3. Normalised Vemax and Jmax versus temperature, with cubic polynomial fits used to
locate Tinrand y(Tinr). Open circles are the observations (red for Vemax and blue for Jmax); the dashed
line is the cubic fit; the filled square marks Tins (with ordinate y(Tinf)). (2) Vemax (fit over 5-35 °C);

(b) Jmax (fit over 5-31 °C).



Second, using Tinf and y(7inf) as anchors, the MMRT stage-2 form was fitted on the same
basal window to estimate the curvature parameter ACp? (Equation 5.3). Third, with Tint
and ACp! held fixed, the deactivation parameters (Hd, AS) were fitted over the full range
of temperature (Equation 5.8). Parameter estimates for Vemax and Jmax from these MMRT
fits are reported in Table 5.1. MMRT yielded very similar apparent ACy* values for the
normalised fits (—2.26 and —2.11 kJ mol! K-! for Vemax and Jmax, respectively), with Tinf of
25.79 °C (Vemax) and 17.68 °C (Jmax). Using the same basal window but fitting the rates in
original units (unnormalized rates) with Tinf and y(7inf) held fixed, ACp* was -1.43 and -
2.79 kJ mol! K-! for Vemax and Jmax, respectively, and Tinf was 27.62 °C and 15.70 °C.
Thus, while the qualitative ordering is unchanged (Jmax has a lower Tinf), the anchored fits
indicate stronger basal curvature for Jmax (more negative ACp'). The deactivation

parameters were Ha 237 and 239, and AS 750 and 763 for Vemax and Jmax respectively.

Tint was estimated prior to ACy* to minimise parameter collinearity and to ensure that basal
curvature was quantified relative to a well-defined inflection point, rather than allowing

ACpt to absorb uncertainty in Tinf.

In parallel, I fitted Arrhenius type models to the same normalised series. Over the basal
window, the simple Arrhenius fit estimates only Fa. Across the full 5-44 °C span, the
Peaked Arrhenius allows for deactivation and estimates Ea together with Haq and AS.
Parameter values for Vemax and Jmax from these Arrhenius fits are summarised in Table 5.2.
The Arrhenius activation energy is higher for Vemax than for Jmax in the basal window, (Ea
=41.8 vs 35.9 kJ mol™") and over the full temperature span and using the Peaked Arrhenius
(Ea = 58.3 vs 42.4 kJ mol ™). The deactivation constants are Ha = 195-208 kJ mol™!' and
AS = 627-672 ] mol™! K~! for Vemax and Jmax respectively.
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TABLE 5.1. MMRT fitting workflow and parameter estimates for Vemax and Jmax. Stage 1 fits a
cubic polynomial to the basal temperature window to obtain the anchor point Tinr and its ordinate
W(Tine). Stage 2 fits the MMRT on the same basal window, with Tiyr and y(Ting) held fixed, to
estimate the curvature parameter AC,*. Stage 3 fits the deactivation form over the full range
temperature, with Tinr and apparent AC,* fixed, to estimate Hy and AS. The Fit domain column
gives the temperature range used at each stage in °C; Anchors held fixed lists parameters
constrained from the preceding stage. Units: Tint (°C); ¥(Tinf) (dimensionless); AC,y* (kJ mol™! K1);
Hy (kJ mol™!) and AS (J mol! K™).

Fit
Trait  Stage Anchors held fixed Fitted parameters
domain

1 5-35 None (polynomial fit) Tinr=25.79; y(Tinr) = 1.06
Vemax 2 5-35 Tint=25.79; y(Tind) = 1.06  Apparent AC,* =-2.26

3 5-44 Tint= 25.79; ACp*=-2.26 Hq=237; AS=750

MMRT
1 5-31 None (polynomial fit) Tine=17.68; y(Tinr)=0.71

Jmax 2 5-31 Tint= 17.68; y(Ting) = 0.71  Apparent AC,* =—2.11

3 5-44 Tint= 17.68; ACp*=—2.11 Hq =239; AS =763
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TABLE 5.2. Arrhenius and Peaked Arrhenius parameter estimates for Vemax and Jmax. Basal fits
are restricted to the ascending-temperature window (¥emax: 5-35 °C; Jmax: 5-31 °C) and fitting only
the activation energy (E.). Peaked fits use the full range (5—44 °C) and estimate E, together with
the high-temperature deactivation terms (Hq and AS). The Fit domain column lists the temperature
interval used for each fit in °C. Units: E, and Hg in kJ mol™'; AS in J mol~! K.

Trait Model Fit domain Fitted parameters
Basal 5-35 E.=41.38
Vemax
Peaked 5-44 E.=58.3; Ha=195; AS =627
Arrhenius
Basal 5-31 E.=359
Jmax
Peaked 5-44 E.=42.4 Hqa=208; AS=672

Figure 5.4 summarises the temperature response of normalised Vemax, separating the basal
window (5-35 °C) from the full temperature range. Within the basal window (panel a),
both the simple Arrhenius and the basal MMRT capture the rise, but MMRT fits better: R?
improves from 0.88 (Arrhenius) to 0.90 (MMRT), SSE falls from 1.82 to 1.48, RMSE
from 0.17 to 0.15, and AICc from —230.2 to —243.8 (AAICc = 13.6 in favour of MMRT;
Table 5.3). Over the full range of temperature (panel b), MMRT with an explicit high-
temperature deactivation term and the peaked Arrhenius produce nearly identical curves
through the rise and peak. Their errors are very similar (SSE 5.99 vs 5.94; RMSE 0.267
vs 0.266), and AICc differs by only 1.41 units (—217.65 vs —216.24), favouring MMRT +

deactivation; both recover a warm-side optimum near 35 °C (35.0 vs 34.2 °C; Table 5.4).
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For panel (b), Vemax is well described by both forms, with a small but consistent
information criterion edge for MMRT with deactivation. However, the residual warm side
departures suggest that additional damage or regulatory terms may still be required to

reproduce the observed pattern.
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FIGURE 5.4. Temperature dependence of normalised Vemax. (a) Basal fits (5—35 °C): MMRT
versus Arrhenius. (b) Full range of temperature: MMRT with high-temperature deactivation versus
Peaked Arrhenius. Symbols are Vemax estimates derived from A4,.—C; curves; green solid lines show
MMRT (with or without deactivation), and orange dashed lines show Arrhenius (simple or
peaked).

Figure 5.5 presents the corresponding analysis for normalised Jmax, again distinguishing
the basal window (5-31 °C) from the full temperature range. In panel (a) the separation is
clearer: MMRT substantially outperforms the simple Arrhenius equation within the basal
window (R?0.99 vs 0.95; SSE 0.05 vs 0.24; RMSE 0.03 vs 0.07) and MMRT is decisively
preferred by AICc (—375.8 vs —290.3; AAICc = 85.6; Table 5.3). In panel (b) MMRT +
deactivation again has the lower error (SSE 1.81 vs 1.88; RMSE 0.417 vs 0.418) and the
better AICc (—317.99 vs —314.63; AAICc = 3.36), with essentially the same Topt (30.8 vs
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30.7 °C; Table 5.4). Overall, Jmax shows pronounced curvature that the MMRT captures

more effectively both in the basal domain and over the full thermal range.
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FIGURE 5.5. Temperature dependence of normalised Jmax. (a) Basal fits (5-31 °C): MMRT versus
Arrhenius. (b) Full range of temperature: MMRT with high-temperature deactivation versus
Peaked Arrhenius. Symbols are Jnax estimates derived from A,.—C; curves; green solid lines show

MMRT (with or without deactivation), and orange dashed lines show Arrhenius (simple or
peaked).
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TABLE 5.3. Basal-window fits for normalised Vemax (5—-35 °C) and normalised Jnax (5-31 °C).
Two models are compared: a basal MMRT form and simple Arrhenius. Columns report R?
(coefficient of determination), SSE (sum of squared errors, normalised scale), RMSE (root-mean-
squared error, same scale as the response), AICc (small-sample corrected Akaike Information
Criterion), and AAICc (difference from the best model within each trait). Lower SSE, RMSE and
AlCc indicate better fit; higher R? indicates more variance explained. All metrics are unitless
because the responses are normalised.

Trait Model R? SSE RMSE AICe AAICce
MMRT 0.90 1.48 0.15 -243.8
chax 1 3 .6
Arrhenius 0.88 1.82 0.17 -230.2
MMRT 0.99 0.05 0.03 -375.8
Jmax 85.6
Arrhenius 0.95 0.24 0.07 -290.3
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TABLE 5.4. Full-range fits for normalised Vemax and Jmax. Two model structures are compared:
MMRT + deact (MMRT with an explicit high-temperature deactivation term) and Peaked
Arrhenius. Columns report Top (temperature of the fitted maximum, °C), SSE (sum of squared

errors, normalised scale), RMSE (root-mean-squared error, same scale as the response), AICc
(small-sample corrected Akaike Information Criterion), and AAICc (difference from the best
model within each trait). Lower SSE, RMSE and AICc indicate better fit. T is derived from the
fitted curve. All metrics except Top: are unitless because the responses are normalised. Fits were
performed over the full temperature span shown in Figures 5.4b and 5.5b.

Trait Model Topt SSE RMSE AlICc AAICe
MMRT + deact 35.0 5.99 0.267 -217.65
chax 1.41
Peaked
34.2 5.94 0.266 -216.24
Arrhenius
MMRT + deact 30.8 1.81 0.147 -317.99
Jmax 3.36
Peaked
30.7 1.84 0.148 -314.63
Arrhenius

On Arrhenius coordinates, both Vemax and Jmax display an approximately linear segment at

low to mid temperatures that defines the basal window. Using only this temperature range,

I compared MMRT with Arrhenius. In the same coordinates, the MMRT overlay follows

the curvature evident in the observations, whereas Arrhenius remains a straight line for

both Vemax and Jmax (Figure 5.63, b)
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FIGURE 5.6. Arrhenius plots for Vemax (a) and Jmax (b). Data are plotted as In (normalised rate)
versus 1000/T (K™). Lines are Arrhenius (orange) and MMRT (green) models fitted only to points
within the linear Arrhenius region, symbols are observations. Vertical dashed lines mark the basal
window; the upper x-axis shows T (°C).

5.4 Discussion

My data resolve the temperature dependence of the two biochemical determinants of C3
photosynthesis, Vemax and Jmax, and reveal both the shape and mechanistic origin of their
thermal responses. Three results stand out. First, on the ascending limb, the observations
on Arrhenius coordinates show a consistent departure from strict linearity within the basal
window for both traits (Figure 5.6). Second, using only this window, MMRT reproduces
that bend and fits better than a simple Arrhenius line; the presence of curvature on In(rate)
versus 1000/T (K!) implies ACp* # 0, meaning that AH* and AS* vary with temperature,
whereas the Arrhenius form assumes ACy* = 0 and therefore linearity in this space. Third,

once the decline above the thermal optimum is included, MMRT with an explicit
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deactivation term and the peaked Arrhenius recover essentially the same Topt for each trait
with Vemax = 35 °C and Jmax = 31 °C (Table 5.4), which explains why the full-range

performance is statistically similar despite the models differing in interpretation.
5.4.1 Thermodynamic and physiological interpretation

In MMRT, negative heat capacity change of activation (AC,%) causes both AH* and AS* to
decrease with warming, bending Arrhenius plots and naturally producing a finite optimum
without invoking ad hoc breakpoints. Using normalised data, the apparent AC,* for Vemax
and Jmax were similar (= —2.2 kJ mol™! K!), consistent with enzyme catalysed processes
where transition states are more ordered than ground states (Arcus et al., 2016; Walker et
al., 2024). I used normalised fits to place leaves on a common scale so that model fit
statistics reflect the form of the temperature response rather than differences in magnitude.
These magnitudes sit within the range reported for other biological rates (= —1 to —12 kJ
mol™' K1), supporting the view that curvature is an intrinsic thermodynamic property
(Arcus et al., 2016; Van Der Kamp et al., 2018; Xu et al., 2021). To interpret AC,* in
original units I also fitted MMRT to unnormalized rates over the same basal window with
Tint and y(Tinf) held fixed, which gave AC,* of -1.43 for Vemax and -2.79 kJ mol™! K! for
Jmax. These raw anchored values indicate stronger basal curvature in Jmax and are
consistent with RuBP regeneration and stromal environment being more heat sensitive
than Rubisco carboxylation, while the conclusions from the normalised model comparison

remain unchanged.

When ACp* # 0, because AH* and AS* vary with temperature, the activation barrier, AG,
rises at temperatures above the optimum even without structural damage (Arcus et al.,
2016). Catalytic rates could decline in a reversible manner (Crafts-Brandner & Law, 2000;
Salvucci & Crafts-Brandner, 2004). This explains why the activation state of Rubisco falls
when heat limits Rubisco activase, and why activation could be restored on cooling (Qu
et al., 2021). The same thermodynamic driver is expected to influence electron transport

capacity, consistent with early changes in chlorophyll fluorescence that occur before
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membranes or reaction centres are compromised (Filacek et al., 2022; Maxwell &
Johnson, 2000). Together, these lines of evidence support the suggestions that the basal
curvature reflects ACp*#0 and reversible thermodynamic deactivation of stromal enzymes,
with Rubisco activase acting as an early heat sensitive control on Rubisco activation, while
thylakoid complexes show an efficiency loss that is detectable before visible damage (Qu

etal., 2021).

With ACp* < 0, Topt lies above Tinf by an offset governed by the balance of AH* and AC!
(Hobbs et al., 2013; Liang et al., 2018). In my data, Tinf for Jmax is about 8 °C lower than
for Vemax and Topt is also cooler for Jmax (= 30.7-30.8 °C) than for Vemax (= 34.2-35.0 °C).
Physiologically, this ordering indicates that RuBP regeneration becomes
thermodynamically disadvantaged earlier than Rubisco carboxylation as the leaf warms,
consistent with an earlier decline in electron transport capacity and with the sensitivity of
Calvin—Benson regeneration steps (Crous et al., 2022; Scafaro et al., 2023). In MMRT
terms, the two traits have similar apparent ACy* (= —2.2 kJ mol™' K™'), however, raw fits
indicate a more negative ACp! for Jmax than for Vemax (-2.79 vs -1.43 kJ mol™! K1),
consistent with stronger basal curvature. In both cases, the cooler anchor for Jmax (lower
Tinr) shifts its response leftwards, yielding an earlier peak and earlier downturn. This
pattern accords with comparative studies where Jmax often peaks at cooler temperatures
than Vemax and begins to decline sooner, though field conditions and species identity can
reduce or mask this separation (Dreyer et al., 2001; Hernandez et al., 2021; Slot et al.,

2021).

Although Jmax is often interpreted as reflecting electron-transport-limited RuBP
regeneration, it is a pathway level property that integrates thylakoid electron transport,
control at the cytochrome bsf complex, ATP synthase coupling and downstream Calvin-
Benson cycle steps such as sedoheptulose-1,7-bisphosphatase (SBPase) and
phosphoribulokinase (PRK) (Harrison et al., 2001; Johnson & Berry, 2021a; Ruban, 2016;
Scafaro et al., 2016). Accordingly, warming can reduce Jmax through multiple factors:

shifts in proton-motive force partitioning (ApH/AY) and membrane ion conductance,
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acceleration of non-photochemical quenching and state transitions, and temperature-
dependent constraints on regeneration enzymes (Avenson et al., 2005; Lefebvre et al.,
2005; Salvucci et al., 2006; Takizawa et al., 2007; Tikkanen & Aro, 2012; Weston et al.,
2007).

By contrast, Vemax reflects Rubisco catalytic competence at saturating RuBP and COa,
buffered by Rubisco activase, carbamylation state and Mg?" availability (Scafaro et al.,
2016; Weston et al., 2007). At higher temperatures, Rubisco activase becomes heat-labile,
and its function is further curtailed by elevated ADP:ATP ratios and changes in stromal
pH. In parallel, warming promotes decarbamylation of Rubisco’s active site and can
weaken Mg?" coordination, lowering the proportion of catalytically competent enzymes.
In this framework, those effects reduce the active fraction before the onset of irreversible
damage, and are therefore captured phenomenologically by the deactivation factor, which
reproduces the reversible warm-side downturn in the thermal response (Qu et al., 2021;

Salvucci et al., 2006; Scafaro et al., 2016).
5.4.2 Deactivation dynamics at high temperature (Hd, AS) and their interpretation

Across the full temperature range, the high-temperature deactivation term (Ha = 237-239
kJ mol!; AS = 750-763 J mol~! K™!) captures the reversible warm-side downturn before
irreversible injury is evident (Kattge & Knorr, 2007; Medlyn et al., 2002). A comparatively
high, positive AS is consistent with greater configurational disorder in the inactive
ensemble (for example, local unfolding, altered oligomeric state or weakened cofactor
binding), in line with reversible enzyme-inactivation frameworks prior to denaturation
(Hobbs et al., 2013; Peterson et al., 2007). Thus, Topt is jointly determined by the anchored
MMRT rise (ACp*, Tinf) and the warm-side deactivation (Ha, AS). The near-identical Topt
recovered by the two model structures, MMRT X deactivation versus the peaked
Arrhenius, suggests that both models capture the same catalytic efficiency increases to a
warm optimum and then a decline in a largely reversible manner (Kattge & Knorr, 2007;

Kumarathunge et al., 2019). As is well recognised, when warm-side coverage is limited,
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the deactivation parameters can be weakly identified and strongly co-vary, which is why
many analyses fix Had to a canonical value (=200 kJ mol') unless the data clearly support
otherwise (Medlyn et al., 2002; Kattge & Knorr, 2007). Conceptually, the deactivation
factor is phenomenological: it captures the warm side shape as a reversible shift in the
active-inactive ensemble and does not, by itself, diagnose irreversible denaturation
(Peterson et al., 2007; Hobbs et al., 2013). I did not directly measure protein denaturation,
but leaves remained viable at the temperatures and exposure durations used, with no
visible heat injury. Accordingly, I interpret the warm side downturn as regulation
dominated, consistent with enzyme activation control and stromal environment discussed
above, while not excluding a possible contribution from denaturation at the upper end of

the temperature range.
5.4.4 Model evidence and selection.

Within the basal windows (5-35 °C for Vemax; 5—31 °C for Jmax), Arrhenius lines under-fit
the warm side of the rise, whereas MMRT follows the slight negative curvature, yielding
lower SSE/RMSE and much better AICc (notably for Jmax: AAICc = 86 in favour of
MMRT). This reflects a thermodynamic signal: the single extra parameter (ACp?) replaces
the assumption of constant activation energy with a physically grounded curvature term.
Once the downturn is included, however, both MMRT X deactivation and the peaked
Arrhenius have sufficient flexibility to capture the bell-shaped response, explaining the
small AICc differences in Table 5.4. However, agreement over the full range of

temperature does not diminish the thermodynamic gain observed in the basal window.

For inference on thermal trait shape, MMRT-derived quantities, ACp*, Tinf and Topt, should
be preferred, as they provide interpretable axes that apparent activation energies cannot.
When data are confined to the basal window, MMRT without a deactivation term is
appropriate. Where the dataset spans high temperatures, an MMRT baseline coupled to a
high-temperature deactivation function is recommended for mechanistic interpretation.

However, in any model that includes a warm-side deactivation function whether MMRT

110



with deactivation or the peaked Arrhenius, parameter identifiability warrants caution: with
limited warm-side coverage the deactivation parameters (Hd4, AS) are often weakly
constrained and strongly co-vary. In such cases, it may be preferred to confine inference

to the MMRT rise or fix Hd to a canonical value if a downturn must be represented.
5.5. Conclusion

In sunflower leaves, the temperature responses of both Vemax and Jmax depart from linearity
in Arrhenius coordinates over the rising (sub-optimal) range. An MMRT formulation with
ACpt < 0 captures this basal curvature and improves fit quality, particularly for Jmax. Over
the full temperature range, the position of the optimum and the warm-side downturn are
recovered equally well by the composite MMRT with deactivation and by a peaked

Arrhenius.

Thermodynamically, the fitted ACp* values for the two parameters are similar, indicating
comparable ordering at the transition state, yet Jmax displays lower Tinf and Topt than Vemax,
consistent with RuBP-regeneration processes being more heat-sensitive than Rubisco-
carboxylation. Methodologically, MMRT provides thermodynamically interpretable trait
axes, ACpt, Tinf and Topt that a simple Arrhenius cannot. Within the basal window, MMRT
should therefore be preferred for inference on shape and for comparing traits across
contexts. Where the data span temperatures above the optimum, an MMRT baseline
coupled to a reversible deactivation function affords a mechanistic account of both the rise

and the downturn. The peaked Arrhenius remains adequate for descriptive purposes.
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6 Temperature dependence of the components of leaf
CO: release in the dark.

6.1 Introduction

Production of CO2 by darkened leaves, commonly described as leaf dark respiration
(Rdark), reflects the combined activity of many biochemical processes that oxidise
carbohydrates, organic acids or amino acids. These processes support cellular energy and
redox balances, recycle cofactors, and provide carbon skeletons for growth, repair and
defence (Geigenberger & Fernie, 2014; Igamberdiev & Bykova, 2023; Le & Millar, 2023;
O’Leary et al., 2019; Tcherkez et al., 2024). This CO2 efflux is supplied mainly by
glycolysis (pyruvate decarboxylation) and the tricarboxylic-acid (TCA) cycle (Fernie et
al., 2004). Electrons from NADH and FADH: reduce molecular oxygen to water via the
mitochondrial electron transport chain (involving cytochrome ¢ oxidase, complex IV) or
the alternative oxidase (AOX). Proton pumping across the inner membrane drives
oxidative phosphorylation to form adenosine triphosphate (ATP) (Schertl & Braun, 2014).
Only a small amount of ATP is produced within the TCA cycle itself via succinyl-CoA
ligase (Zhang & Fernie, 2023).

The carbon that fuels respiratory metabolism in leaves is derived from multiple
interconnected sources that collectively sustain Rdark. Sugars and starch are catabolised
through glycolysis and pyruvate dehydrogenase to acetyl-CoA, which enters the TCA
cycle (Fernie et al., 2004). Amino acids contribute to carbon skeletons by transamination
and deamination, for example alanine to pyruvate and glutamate to 2-oxoglutarate
(Hildebrandt et al., 2015). In addition, preexisting pools of malate, citrate and oxaloacetate
are dynamically mobilised and replenished according to metabolic demand (Araujo et al.,

2012).
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These intermediates are not confined to energy production but are continuously withdrawn
from the TCA cycle to support biosynthesis and cellular maintenance (Nunes-Nesi et al.,
2013). 2-oxoglutarate plays a central role in amino-acid turnover and nitrogen
assimilation, while oxaloacetate and aspartate contribute to nucleotide and amino-acid
biosynthesis (Azevedo et al., 2006; Han et al., 2021; Hodges, 2002; Huergo & Dixon,
2015). Glutamate further serves as the precursor for tetrapyrrole synthesis required for
haem and chlorophyll formation via the plastidial C5/delta-aminolevulimnate acid
pathway (Brzezowski et al., 2015). Citrate exported to the cytosol provides acetyl-CoA
for lipid remodelling and membrane repair and supplies carbon skeletons for nitrogen

assimilation during subsequent light periods (Abadie et al., 2024; Fatland et al., 2002).

Viewed in this context, Rdark represents a CO2 efflux that supports net photosynthetic
carbon gain at the whole-plant scale by maintaining metabolic flexibility, redox balance
and the capacity for repair and acclimation. By sustaining these processes within a viable
operating range, Rdark contributes not only to carbon balance but also to leaf energy
homeostasis and long-term physiological performance (Atkin & Tjoelker, 2003; Z. Xu et
al., 2015).

Immediately after leaf transition from light to darkness, two phenomena that produce CO2
are linked to previous light conditions: the post-illumination burst (PIB) and the light-
enhanced dark respiration (LEDR) (Atkin et al., 1998; Raghavendra & Padmasree, 2003).
PIB is a brief transient increase in net CO2 release dominated by decarboxylation of
photorespiratory intermediates as light-maintained pools and gradients collapse (Gregory
et al., 2024; Hoefnagel et al., 1998). A prominent contributor is glycine that accumulates
during photorespiration and is oxidised by the mitochondrial glycine decarboxylase
complex (Fu et al., 2023; Vines et al., 1983). The term “burst” comes from how infrared
gas analysers register a peak in net CO2 release when photosynthetic uptake stops abruptly
while decarboxylation continues, so the measured trace shows a spike before relaxing
towards as lower baseline in the dark. Mechanistically, this is a pool-depletion driven

efflux rather than the activation of a new source or new enzymatic activity, consistent with
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a transient mismatch between the fall in CO2 uptake and the persistence of decarboxylation
from light-maintained pools (Fu et al., 2023; Hoefnagel et al., 1998; Parys &
Romanowska, 2000). The magnitude and apparent temperature sensitivity of the PIB may
in part reflect the size and turnover of the photorespiratory glycine pool and the activity
of the glycine decarboxylase complex, while also depending on irradiance, oxygen
availability and temperature (Fu et al., 2023; Parys & Romanowska, 2000; Peterson, 1983;
Sharkey & Xu, 2025).

LEDR is a more prolonged elevation of respiratory COz2 release measured in darkness after
illumination before decreasing to an eventual steady baseline respiration rate in the dark
(Atkin et al., 2000; Barbour et al., 2007; Lehmann et al., 2016). This release of COz is
believed to reflect the continued oxidation of metabolites accumulated in the light together
with rebalancing of ATP and redox states across organelles (Fan et al., 2024; Gessler et
al., 2009; Lehmann et al., 2015, 2016; Raghavendra & Padmasree, 2003; Scheibe, 2004).
Malate is often reported as a key contributor to LEDR, acting through the malate valve
and as an anaplerotic substrate that accumulates in the light and can support part of the
excess respiration after illumination (Atkin et al., 1998; Lehmann et al., 2016; Scheibe,
2004). This is consistent with malate and oxaloacetate cycling that transfers reducing
power between chloroplast, peroxisomes and mitochondria, often termed the malate valve

(Lehmann et al., 2016; Raghavendra & Padmasree, 2003; Scheibe, 2004).

When light is turned off, these pools are oxidised and decarboxylated, increasing the
respiratory flux above rates in the light, until a new equilibrium in pools sizes and fluxes
are established (Atkin et al., 2000; Barbour et al., 2007; Pinelli & Loreto, 2003; Sharkey
& Xu, 2025). The size of the organic acid pools and the strength of respiratory coupling
therefore influence both the amplitude and the duration of LEDR, and both scale with light
intensity and with the balance between photochemical supply, photorespiratory demand
and anabolic sinks (Gessler et al., 2009, 2017; Igamberdiev & Eprintsev, 2016; Reddy et
al., 1991).
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Previous work has shown that temperature strongly modulates Rdak and LEDR (Gessler
et al., 2017; Zheng et al., 2024). It alters enzyme kinetics, protein stability, membrane
viscosity, and proton conductance elements that set the degree of respiratory coupling,
substrate supply and cofactor availability (Atkin & Tjoelker, 2003; Hazel et al., 1991;
Nicholls, 2021). At moderate temperature, respiratory rates usually increases with
temperature. At higher temperatures, curvature and apparent optima arise as
thermodynamic limits and structural constraints raise the free energy of activation and
promote uncoupling or alternative electron transport pathways (Arcus et al., 2016; Atkin

& Tjoelker, 2003; Vanlerberghe, 2013).

Despite extensive work on leaf dark respiration, there is no consensus on the dark
acclimation time used before measurement. Protocols range from a few minutes to one
hour after lights off, which risks confounding LEDR with the steady state dark respiration
rate and may bias measurements of both the rate and temperature dependence of Rdark
(Bruhn et al., 2025; Schmiege et al., 2023). Furthermore, Rdark 1S not a single process, but
the aggregate of components with distinct pool dynamics and thermal responses, but the
temperature dependence of these components and their shifting timing and amplitude after
leaf darkening have not been quantified on a comparable basis. Here I address these gaps
by resolving the post illumination trajectory, separating LEDR from steady state Rdark
across a wide thermal range, and comparing parsimonious thermal models. I also test
whether the status of metabolite pools before and after darkening explains variation in
LEDR magnitude and duration. The post illumination burst is described qualitatively but
excluded from modelling, because analyser response time and chamber mixing distort the

earliest seconds after darkening and would bias parameter estimates.

115



6.2 Materials and Methods

6.2.1 Plant Growth Conditions and Gas Exchange Measurements

Sunflower (Helianthus annuus “Russian Giant”) plants were cultivated in a plant growth
unit. They were watered daily to field capacity and fertilised weekly with a balanced
nutrition solution. The photoperiod was 14 h, with day and night air temperatures of 24
and 19 °C respectively. Relative humidity was approximately 40% during the day and
65% at night. Photosynthetic photon flux density at the leaf surface during growth was
400 pmol photons m? s'!. Gas exchange was measured on fully expanded upper canopy
leaves using a GFS-3000 portable gas-exchange and fluorescence system (Heinz Walz

GmbH, Effeltrich, Germany).
6.2.2 Partitioning of dark respiration components

Leaves were exposed to 2000 umol photons m s™! at different measurement temperatures
for one hour and then measured for one hour in darkness. Leaf temperature spanned 8.4
to 41 °C. Quantitative analysis focused on basal Rdark and on LEDR. Basal Rdark was taken
as the mean of the last five minutes of the dark period, and net CO2 exchange in darkness

was expressed as a negative flux (Figure 6.1).
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FIGURE 6.1. Schematic of the partitioning of dark respiration components. The black trace shows
the observed CO, exchange after lights-off. The red dashed line marks Rgak. Grey shading
indicates the R area. Green shading denotes the LEDR (excess above Raak), separated into the
left-side LEDR fit (green dashed line) and the post-peak decay. The green vertical line marks the
LEDR amplitude, and the green dot marks the LEDR peak. The magenta dot shows the PIB peak
in the first seconds after darkness begins.

6.2.3 LEDR modelling and area calculation

LEDR amplitude, denoted as LEDRamp, was modelled as a rise to a peak followed by a
decay toward Raark. The observed net CO2 exchange after lights-off is R(t) in pmol m2 s
I, with R(t) < 0 in darkness and Ruaak is the steady dark respiration baseline. The excess

respiratory flux above the baseline rate was calculated as:

AR() = Rygx — R(t) = 0. (6.1)

117



Note that this procedure calculates the integrated excess respiration flux as a positive
integral. The LEDR peak was located by fitting a fourth-order polynomial to the data
segment around the maximum of AR(t) and taking the minimum of the fitted R(t). The
peak time was recorded as tpeak. The LEDRamp was calculated as the excess above the Rdark

baseline, also expressed as a positive quantity:
LEDRymp = Raari — R(tpeax) > 0. (6.2)

The rising limb (left side) was modelled as a normalised exponential that approaches the

fitted peak from an unknown baseline Rbase With Rdark < Rbase < 0. In excess form:

1—exp (T:L:e)

rise

AR(t) = ARpgse + (LEDR gy — ARpgse) , 0<t<tyeq (63)

Where ARbase = Rdark — Rbase. The rise time constant (Trise) and Rbase Were estimated by least

squares on the pre-peak segment, with the fit constrained to lie between Rdark and zero.

Post-peak data were smoothed with locally weighted regression and then fitted by least

squares to a single exponential in excess form:

t— tpeak

AR(t) = LEDR gy, €xp <— >, t = tpear. (6.4)

Tdecay

Areas were computed as excess relative to the Rdark baseline. The time tos was defined as
the first time at which the smoothed trace satisfies AR(t) < 0.05 LEDRamp. The left hand
LEDR area was

tpeak
ALEDR, left = f max{OIRdark - Rleft(t)} dtr (65)
0
where Rieft (t) is the fitted rising limb. The right hand LEDR area was
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tend

ALEDR, right = .f max{O'Rdark - Rright(t)} dt, (6.6)

tpeak
where Rright (t) 1s the smoothed decay and tend = min (195, tiast), with tiast the final available
time point in the record. The total LEDR was ALEDR = ALEDR, left + ALEDR, right. Integrals
were calculated numerically with the trapezoidal rule on the native time grid, converting

minutes to seconds to report areas in pmol m2,

At or below 10 °C, no identifiable LEDR peak was observed within 60 min and there was
no clear approach to a stable dark rate. Consequently, amplitude and integral were not

identifiable, and the records were excluded from curve fitting and summary statistics.
6.2.4 Temperature dependence modelling of R4ark and LEDR

Rates were normalised to their value at 25 °C and modelled as a function of leaf
temperature over the observed range. Throughout, 7" denotes absolute temperature (K), 725

=298.15 K and y(T) is the normalised rate with y(T2s) = 1.

Constant-Q10 model

T,—25

y(T) = Q,,"° (6.7)

where T is the leaf temperature in °C and Q1o is the fold-change per 10 °C.

Arrhenius model

y(T) = exp [% (é - %)] (6.8)

with activation energy Ea (J mol!), and the universal gas constant R = 8.314 J mol"! K.,

This form preserves y(T2s) = 1.

Peaked Arrhenius

119



TZSAS — Hd)

1+ exp
RT,5
y(T)_eXp[< ES__] I TAS—Hd

—w)

with deactivation enthalpy Ha (J mol™") and entropy AS (J mol-' K-1).

; (6.9)

MMRT anchored at the empirical inflection point

A cubic polynomial was fitted to the ascending limb of the normalised trait y versus 7T¢
(°C). For y(T)=aT*+ bT?+ ¢T + d, the inflection temperature (7inf) satisfies y”(7) = 6aT
+ 2b, hence:

b
Ting = =520 Yling = Y(Tins) (6.10)

These anchors were converted to Kelvin and used in MMRT by fixing 7inf and y(7inf). The

anchored MMRT describes the response relative to the anchor as:

y(T) f—chf AC}
In =1+ (x—1)+—(x—1)? 6.11

With the single fitted parameter ACp*<0 estimated by non-linear least squares on the

ascending limb. Full-range predictions follow as

¥ ¥
P(x - 1)+%(x— 1)? (6.12)

V(T) = Yinr exp| 1+

The baseline optimum satisfies d In y/dT = 0, with
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Qin = 1+ R 2 ) quad = Z_RP’ Xopt = =

(6.13,6.14,6.15)
quuad

and,

Tope = Ting (1 + Xopt) (6.16)
6.2.5 Linearity diagnostic in Arrhenius coordinates

To assess Arrhenius linearity, rates were plotted as In y(T) against x = 1000/T (K"), with
a synchronised top axis in °C. A straight trend in these coordinates indicates simple
Arrhenius behaviour, whereas systematic curvature signals temperature-dependent
deviations. Observations and the four fitted curves were overlaid in the same coordinates
to permit a direct visual diagnostic of linearity versus curvature within the measurement

temperature range.
6.2.6 Metabolite time courses and sampling

This set of measurements was designed to test how the concentration of key soluble
metabolites changes immediately after lights off, and whether I could detect a metabolic
time course, and if so, whether it depended on temperature. I focused on major compounds
that are expected to contribute to respiration in darkness and to the early light-dark
transients, which include low molecular weight sugars and organic acids. Metabolic
analyses were carried out using NMR, which is the best method to quantify metabolites
directly (i.e. unlike mass spectrometry which requires calibration curves and isotopic
internal standards, NMR provide direct quantification). NMR analyses generated spectra
showing the intensity of chemical groups of metabolites as a function of the chemical shift
(magnetic resonance frequency expressed relative to the international standard, in part per
million). Chemical shifts are intrinsic properties of molecules and thus allow metabolite

identification. The NMR analyses were carried out at the French National Research
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Institute for Agriculture, Food and Environment (INRAE), using the NMR facility of
Moltech Anjou (University of Angers, France).

Two metabolite time courses were conducted to characterise temperature-dependent
metabolite dynamics during the first hour of darkness: the first one (referred to as ‘short-
term’) focused on the first 90 seconds, and the second one (referred to as ‘mid-term’)
corresponded to samples collected over the first hour after the light was turned off. Proton
nuclear magnetic resonance ('H-NMR) was used to analyse samples from the short-term
time series. Carbon-13 nuclear magnetic resonance (3C-NMR) was used to analyse
samples from the mid-term series. This difference in NMR analysis was due to sample
size, short-term series samples being much smaller (10 mg dry weight) than long-term
series samples (100 mg dry weight). This analytical strategy was a compromise to account
for the fact that (7) 'H analysis is more sensitive and thus adapted to small samples, despite
a lower resolution for individual sugar peaks; (ii) '*C analysis is less sensitive and so
adapted to large samples but provides a better resolution for sugar individual peaks (and
the malate peak associated with the C-2 carbon atom position). In other words, the main
constrain were the trade-off between sensitivity and spectral resolution and the need for
different sample sizes for the two series. 'H-NMR provided higher sensitivity but some
overlap among individual sugar peaks. '*C-NMR reduced peak overlap and resolved the
malate C-2 signal but required larger samples and longer acquisition times. These choices
reflect a design to capture both rapid early transients and subsequent changes over the first

hour in darkness.

Plants were maintained at 5, 25 or 35 °C for one hour under 700 umol photons m s™' and
then for one hour in darkness. The experiment started every day at 09:00 am. Plant growth
conditions are described in the section ‘Plant Growth Conditions and Gas Exchange
Measurements’. For each temperature, there were four biological replicates and six time
points. The first time point was taken in the light two minutes before light was turned off.
In the rapid "H-NMR series (short term) the remaining five samples were collected within

the first 60 — 90 seconds of darkness. In the *C-NMR series (mid-term), the remaining
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time points in darkness were at 1, 4, 10, 30 and 60 minutes. At each time point, samples
were excised and immediately quenched in liquid nitrogen to stop enzymatic activity. All
material was lyophilised to preserve metabolite profiles and allow normalisation on a dry

mass basis.
6.2.7 Extraction for metabolic analysis

Lyophilised tissue was pulverised to a fine powder using a bead mill with stainless steel
beads (SPEX SamplePrep, Geno/Grinder). For 'TH-NMR, 10 mg dry matter was extracted
with 80:20 (v/v) methanol-d4: water (CD30OD: H:20), vortexed and centrifuged for 15
minutes at 10,000 revolutions per minute (rpm) and 4°C. The supernatant was transferred
and dried in a vacuum concentrator (miVac Quattro, Genevac; speed vac) for 18 hours,
then resuspended in 540 pL phosphate buffer with 10 pL TMSPS (sodium 3-
(trimethylsilyl)propionate-2,2,3,3-d4 0.05% w:w in D20; quantification and chemical shift
reference) and 50 pL D20 (deuterium oxide), vortexed and transferred to the NMR tube.
For 13C-NMR, 100 mg dry matter was extracted with 80:20 (v/v) methanol: water plus 0.2
mL 2,3-*Cz-maleic acid solution at 6.25 mM (internal *C reference for quantification),
vortexed and centrifuged for 30 minutes at 10,000 rpm and 4°C. The supernatant was
transferred and dried in a vacuum concentrator for 18 hours, then resuspended in 550 pL

phosphate buffer with 50 pL D20, vortexed and transferred to NMR tubes.
6.2.8 NMR analysis

All NMR analyses were performed using a 600 MHz Bruker Ascend NMR spectrometer
(Bruker BioSpin) with automated sample handling and He-cryoprobe. Acquisitions were
completed using deuterium as the lock and 298 K as sample temperature. 'H-analyses
were carried out using excitation sculpting for water suppression (pulse program zgesgp),
1 s acquisition time, 1 s inter-scan delay, 9.5 us pulse power (90° pulse) over 256 scans
(about 12 min per sample). '3C analyses were carried out using an inverse-gated pulse

program (zgig) with 1 s acquisition time, 1 s inter-scan delay, 10 ps pulse power (90°
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pulse) and H-decoupling via the Waltz64 sequence, over 16,200 scans (about 9 h per

sample).
6.2.9 Quantification and unit conversion for malate

Leaf mass per area (LMA) was used to convert malate from a dry-mass basis to an area-
normalised amount. LMA was calibrated for this sunflower cultivar under the same
growth conditions, using leaves from the upper canopy third that matched the sampling
position for the NMR material. A biological triplicate was harvested for this calibration.
For each leaf i, dry mass DW;i (g) and area Ai (cm?) were recorded, and LMA was

computed as:

DW;
LMA; [gm™2] = A—lx 104, (6.17)

l

The factor 10* converts cm? to m?2. The calibration value used for all conversions was the

triplicate mean:
LMA = 32.52 gm™2

NMR provided malate concentration on a dry-mass basis, denoted here as cpw (umol mg-

' DW). To express malate per leaf area (umol m2), values were converted as:

Malate [umol m™2] = cpy [umol mg=] x 1000 [mg g~ ] x LMA[gm™?%] (6.18)
Here, the factor 1000 converts pumol mg! to umol g!.
6.2.10 Statistical analysis

Fitting approach and domains

All thermal-response models were fitted using non-linear least squares in MATLAB
R2025b. For this chapter, goodness of fit and parsimony metrics were always computed

on the same domain used for fitting.
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Metrics and model ranking

For observation i, yi is the observed rate and yi the model prediction; #» is the sample size

in the fitting domain and & the number of free parameters.

n n
1
SSE = Z(}’i -2 RMSE = m E (y; — )2 (6.19,6.20)
i=1 i=1

Model ranking used the small sample corrected Akaike Information Criterion,

AlIC, =nl <SSE>+2k+2k(k+1) 6.21
L n—k—1 (6.21)
within each comparison set, I report,
AAICc; = AlCc; — nr?elnr/} AlCc,y,, (6.22)
and the corresponding Akaike weight,
exp (—%AAICC, /)

Smemexp (—5AAIC, )

where p;j are Akaike weights (sum to 1) indicating the relative support. Interpretation
follows the usual thresholds: AAICc < 2 (essentially equivalent), 4—7 (some support for
the lower-AICc model), >10 (strong support for the lower-AICc model).

Spectra from NMR were segmented into 166 manually delimited integrals for 'H and 200
integrals for '3C, with automatic integration run with Topspin®. Each integral then
represented a metabolic feature that could be used for statistical analyses. Features were

assigned to metabolites by chemical shift and multiplicity, and the resulting peak areas
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were taken forward for statistical analysis. Univariate analyses used a two-way ANOVA
with temperature, time and their interaction across six discretised sampling points.
Complementary analyses treated time as a continuous variable, within each individual
temperature, and tested for the significance of the linear regression (F-test). In addition,
multivariate analysis by orthogonal partial least squares (OPLS) was performed to assess
temperature- or time-driven structure in the data. The results of the OPLS are not shown

here since the time effect was not significant (P > 0.05) in the multivariate analysis.

6.3 Results
6.3.1 Thermal responses of the CO: flux in the dark

I recorded 57 light-to-dark transitions across temperatures ranging from 8.4 to 41 °C; one
hour at 2000 pmol photons m s! was followed by one hour in darkness. Dark respiration
was partitioned into three observable features as outlined in Figure 6.1. A post illumination
burst during the first seconds in darkness (PIB), a sustained light enhanced dark respiration

above the darkness baseline (LEDR), and a steady state that defines basal Rdark.
6.3.2 Temperature dependence of PIB

Figure 6.2 shows representative time courses at five temperatures. Very shortly after
lights-off, the net CO2 exchange became negative, produced a transient peak consistent
with the PIB that was visible at 17, 25 and 37 °C, but could not be identified at 7 and 41
°C. Superimposed on this response, there was a clear period of light enhanced dark
respiration, with amplitude and duration that varied with leaf temperature. Warmer leaves
typically reached the dark baseline more quickly, whereas cooler leaves maintained an
elevated excess for longer. The steady state rate taken from the last five minutes defined

basal Rdark for each trace.
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FIGURE 6.2. Example time-courses of leaf dark respiration after lights-off at five leaf
temperatures (7, 17, 25, 35 and 41 °C), with each temperature in a distinct colour as indicated in
the legend. Traces show an immediate post-darkness dip (the PIB, whose prominence varies with
temperature), followed by a transient LEDR response that relaxes towards a steady state Rgar.

With the three components derived from the light-to-dark transition measurements, each
leaf’s series was normalised to its own 25 °C value so that differences in scale did not
interfere with thermal patterns. At lights-off, photosynthetic CO: fixation stops almost
immediately, the accumulated photorespiratory intermediates are metabolised (glycine is
rapidly decarboxylated), the TCA cycle becomes fully engaged, and organic acids
accumulated in the light begin to be oxidised (Fu et al., 2023; Lehmann et al., 2016). The
gas analyser therefore registers a composite signal in the first seconds that mixes the
cessation of photosynthetic CO2 uptake with the release of CO: in the dark, while

instrument response delay and chamber mixing accentuate a peak shaped signal.

Rather than a discrete physiological spike as often portrayed in the literature, the PIB is
better understood as the combined effect of a physiological feature of post-illumination

COz release together with an instrument-level visual artefact that at the operational level
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led to an apparent overshoot. Nevertheless, the PIB provides a partial indicator of the
underlying glycine oxidation that follows lights-off (Fu et al., 2023; Rawsthorne &
Hylton, 1991), even though it does not capture that process in full because of gas mixing
in the chamber and tubing. For that reason, the PIB was treated here only qualitatively and
excluded from statistical and modelling analyses. The magnitude of its peak was recorded
by the IRGA being consistently detectable within an intermediate thermal window of

about 15 to 35 °C and its value increased with temperature (R?>= 0.93) (Figure 6.3).
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FIGURE 6.3. Post-illumination burst (PIB) as a function of leaf temperature, with values
normalised within each leaf to its 25 °C value. Points show the normalised PIB in the first seconds
after lights-off. The black dashed line is a linear regression fitted over the data range.

6.3.3 Temperature dependence of basal respiration Rdark

Across the 8.4 - 41.0 °C span, normalised Rdark rose monotonically over the measured
temperature range (Figure 6.4). Comparing the models on the normalised data, constant-
Q10 and simple Arrhenius captured the cool to moderate rise but systematically overshot
at the warm end, where the observations start to curve. By contrast, the peaked Arrhenius

and MMRT followed this warm data while preserving the mid-range slope, which gave
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visibly closer agreement across the full temperature range (Figure 6.5a). The Arrhenius
diagnostic in log space reinforced this view. As temperature increased, clear departures
from linearity emerged above 33 °C, consistent with temperature-dependent deactivation
of respiratory enzymes and changes in mitochondrial control of electron transport. In this
domain, the constant-Qio and simple Arrhenius representations diverged from the
observations, whereas MMRT captured the systematic downturn in basal Rdak (Figure

6.5b).
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FIGURE 6.4. Normalised Rqak versus temperature, with cubic polynomial fits used to locate Tinr
and y(7inr). Grey open circles are the observations, and the dashed line is the cubic fit over 8.4—
41.0 °C. The filled square marks Tinr (with ordinate y(Tinr)).

The MMRT workflow used two stages with explicit anchors that stabilised the fit on the
normalised response (Table 6.1). First, a cubic polynomial was fitted over the measured

range to locate the inflection and its ordinate y(7inf) (Figure 6.4). The fitted polynomial

was:
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y(T) = —4.10x107°T3 + 440 x 1073T? — 5.82 x 1072T + 0.379 (6.24)

which placed the inflection point at 35.8 °C, with ordinate y(7inf) = 2.05. Below the
inflection, the rise was approximately exponential, and above it, the rate increased more
slowly, anticipating high-temperature deactivation. Holding these anchors fixed, the stage
two MMRT fit estimated the curvature parameter, giving ACpt = -2.18 kJ mol™! K-!. Only
MMRT delivered an optimum, with 7opt = 56.0 °C, a feature that the constant-Qio and

simple Arrhenius models cannot generate and that the peaked Arrhenius did not realise for

these data.
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FIGURE 6.5. Temperature dependence of normalised Raak. (2) Observations (open circles) with
fits from four thermal models: constant-Q,, simple Arrhenius, peaked Arrhenius and MMRT. (b)
Arrhenius plot of In (normalised Raak) against 1000/T (K™'). The lines in (b) match the fits shown
in (a). Curves were normalised within leaf to that leaf’s value at 25 °C. For scale, the across-leaf
mean Ry at 25 °C was 2.07 £ 1.18 pmol m? s™! (mean + SD).

130

In(Normalised Ryawk)



Parameter estimates from the simple Arrhenius and constant-Qi0 formulations are not
presented because these models provide an inadequate description over the observed
temperature range. By contrast, the peaked Arrhenius improved curvature relative to the
simple form and returned Ea = 110.9 kJ mol"!, Ha = 88.8 kJ mol! and AS = 299.7 J mol"!
K-!. However, this set is not physiologically interpretable because Ha < Ea. In the
deactivation form an interior maximum requires Hd > Ea so that activation dominates at
cooler temperatures and deactivation dominates at warmer temperatures. When Hq < Ea
the response remains monotonic, and any apparent maximum occurs at the boundary of

the data. In this fit, the empirical maximum falls at the upper limit of the observed window.

TABLE 6.1. MMRT fitting workflow and parameter estimates for Raax. Stage 1 fits a cubic
polynomial to obtain the anchor point 7inr and its ordinate y(7inr). Stage 2 fits the MMRT with Tigs
and y(Tin) held fixed, to estimate the curvature parameter AC,*. Units: Tinr (°C); y(Tinf)
(dimensionless); AC,* (k] mol ' K.

Model Stage Anchors held fixed Fitted parameters

1 None (polynomial fit) T =358 y(T, )=2.05
MMRT

2 Tian 358’y(Tmf) =2.05 AC'p;t =-2.18

Goodness of fit and information criteria supported these visual patterns (Table 6.2).
MMRT had the strongest support once parsimony was accounted for, with AICc = -188.07
and an Akaike weight of 0.684. The peaked Arrhenius also fitted well with AAICc = 1.54
and a weight of 0.316, which indicates secondary, but not trivial, support relative to

MMRT. The simple Arrhenius and constant-Q10 models were clearly inferior, with much

131



larger AAICc values. All reported metrics are dimensionless because responses were
normalised. Overall, the figures show that MMRT captures the warm end curvature while
preserving mid-range slopes, and the information criteria confirm MMRT as the preferred

description of the thermal response of Rdark.

TABLE 6.2. Goodness of fit and information criteria for the MMRT, simple Arrhenius, peaked
Arrhenius, and constant-Q1o models fitted to normalised Ryak. Reported metrics are SSE (the sum
of squared residuals), RMSE (root-mean-squared error, same scale as the response), AICc (Akaike
Information Criterion with small sample correction), and AAICc (difference from the best model
in this table). Smaller SSE, RMSE and AICc indicate better fit. All metrics are dimensionless
because the responses were normalised.

Model SSE RMSE AICe AAICe
MMRT 2.03 0.19 -188.1 0
Simple Arrhenius 5.33 0.31 -130.8 57.3
Peaked Arrhenius 1.85 0.18 -186.5 1.5
Constant-Q1o 6.66 0.34 -118.1 69.9

6.3.4 Temperature dependence of LEDR

At or below 10 °C, a LEDR peak could not be identified within 60 min and there was no
clear approach to a stable dark rate. Traces showed a near plateau with only a very small
decline, so the amplitude and the integral were not identifiable. A representative low

temperature curve is provided in figure 6.6.
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FIGURE 6.6. CO; release after lights off at 7 °C. The trace shows a monotonic decline without
an identifiable LEDR peak or a clear approach to a dark steady state within 60 min, so amplitude
and area were not defined, and these temperatures were excluded from LEDR analyses.

The normalised LEDR increased with temperature, but the increase became progressively
less steep at higher temperatures, indicating reduced temperature sensitivity rather than a
decline in amplitude (Figure 6.7a). To anchor the MMRT workflow, I first fitted a cubic
polynomial to the observations. The cubic provided smooth trends across the measurement
range and could be used to locate the inflection temperature Tinf = 23.2 °C, together with

its ordinate y(7inf) = 0.85. The fitted polynomial was:

y(T) = —6.15x1075T3 + 4.28 x 107372 — 0.019 T — 0.247 (6.25)
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FIGURE 6.7. Normalised LEDR amplitude (a) and Normalised LEDR peak (b) versus
temperature, with cubic polynomial fits used to locate Tinr and y(7inf). Grey open circles are the
observations, and the dashed line is the cubic fit over 13.0-38.0 °C for LEDR and 13.0-41.0 °C
for LEDR peak. The filled squares marks 7i¢ (with ordinate y(7inr)).

Using those anchors, I fitted the MMRT models in two (Figure 6.8a) and three stages
(Figure 6.8b), as summarised in Table 6.3. Stage 2 held Tinf, and y(7inf) fixed, as calculated
in stage 1, and estimated the parameter ACp?, which was -4.00 kJ mol! K-!. Stage 3 then
fitted the deactivation form over the full temperature range with Tinr and ACy* fixed and
returned Hq equal to 251 kJ mol™! and AS equal to 637 J mol! K-!. These anchored stages
ensured that the curvature around the basal window and the high temperature decline were

constrained by a common physical reference.
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FIGURE 6.8. Temperature dependence of normalised LEDR amplitude. (a) MMRT 2-stage,
simple Arrhenius and constant-Qio. (b) MMRT 3-stage (with high-temperature deactivation)
versus Peaked Arrhenius. Symbols are observations; green solid lines show MMRT (with or
without deactivation function), the blue solid line shows constant-Q;o, and orange lines show
Arrhenius (simple or peaked). For scale, the across-leatf mean LEDRamp at 25 °C was 1.08 £ 0.24
umol m? s (mean + SD).

I then compared alternative thermal response models using the normalised LEDR data.
Figure 6.8a overlays simple Arrhenius and constant-Q10 against the MMRT 2-stage curve.
The simple Arrhenius and constant-Qio fail to describe the warm end behaviour, so
parameter estimates for these formulations are not reported. Figure 6.8b contrast the
MMRT with high temperature deactivation (3-stage) against the peaked Arrhenius model.
The peaked Arrhenius fit returned Ea equal to 85.6 kJ mol-!, and deactivation terms Ha

equal to 168.8 kJ mol-! and AS equal to 548.2 J mol! K.
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TABLE 6.3. MMRT fitting workflow and parameter estimates for LEDR amplitude. Stage 1 fits
a cubic polynomial to obtain the anchor point 7inr and its ordinate y(7is). Stage 2 fits the MMRT
with Tins and y(Ting) held fixed to estimate the curvature parameter AC,*. Stage 3 fits the
deactivation form over the full range temperature, with Tiyrand AC,* fixed to estimate Hy and AS.
“Anchors held fixed” lists parameters constrained from the preceding stage. Units: Tins (°C); y(Tinf)
(dimensionless); AC,y* (kJ mol ! K1), Hyq (kJ mol™') and AS (J mol ! K1).

Model Stage Anchors held fixed Fitted parameters

1 None (polynomial fit) Tint=23.2; y(Tinr) = 0.85
MMRT 2 Ting= 23.2; y(Tinr) = 0.85 ACp* =-4.00

3 Tint=23.25 ACp* =—4.00 Hy=251; AS =637

Goodness of fit and information criteria are given in Table 6.4. The peaked Arrhenius
model gave the smallest SSE and RMSE and the lowest AICc, so it ranked first with
AAICc equal to 0. MMRT 2-stage (without explicit deactivation) ranked second with AICc
equal to -127.9 and AAICc equal to 2.9. A AAICc of about 3 implies only modest evidence
for the best model over the runner up, and SSE and RMSE were very similar for these two
models. MMRT with deactivation was close in RMSE but had higher AICc and AAICc
equal to 10.4. Simple Arrhenius and constant-Q1o had much larger errors and much higher
AlICc values, which indicates poor statistical support once the temperature peak is

considered.

Given the small AICc gap between the top two models, I use the 2-stage MMRT for
mechanistic inference, because its single free parameter ACy' quantifies the heat capacity
change of activation and therefore the intrinsic curvature of the temperature response. This
parameter is interpretable, dimensionally consistent, and comparable across treatment and

species because Tinf and y(7inf) standardise the scale. Consistent with those rankings,
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estimated optima were well defined for the peaked models. Importantly, this choice does
not imply that the peaked Arrhenius is inferior in a predictive sense, but rather reflects the
different aims of empirical description versus mechanistic interpretation. The peaked
Arrhenius returned Topt equal to 34.9 °C, while the MMRT returned 7opt equal to 37.3 °C

whether the deactivation term was enabled in the final stage, or not.

TABLE 6.4. Goodness of fit and information criteria for the MMRT, Arrhenius and constant-Qo
models fitted to normalised LEDR amplitude. Reported metrics are SSE (the sum of squared
residuals), RMSE (root-mean-squared error, same scale as the response), AICc (Akaike
Information Criterion with small sample correction), and AAICc (difference from the best model
in this table). Smaller SSE, RMSE and AICc indicate better fit. All metrics are dimensionless
because the responses were normalised.

Model SSE RMSE AICec AAICe
MMRT 2-Stage 2.72 0.24 -127.9 2.9
MMRT 3-Stage 291 0.25 -120.5 10.4

Simple Arrhenius 8.01 0.42 -78.3 52.6
Peaked Arrhenius 2.32 0.22 -130.9 0
Constant-Qo 8.12 0.42 -77.7 53.2

Results for the normalised magnitude of the LEDR peak are presented in Figure 6.9. Cubic
polynomial provided the anchors used to standardise the peak analysis. In Figure 6.7b the
cubic fit identified the inflection temperature and its ordinate for the LEDR peak, which I
then used as fixed anchor in the MMRT workflow. Table 6.5 summarises this workflow.

The fitted polynomial was:
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y(T) = —6.97 x 107°T3 + 5.87 x 1073T% — 0.077 T + 0.354 (6.26)

Stage 1 fitted the cubic to obtain 7inr=28.1 °C and y(7inf) = 1.28 for the LEDR peak. Stage
2 then fitted the anchored MMRT to estimate the single curvature parameter, returning
ACpt =-3.63 kI mol! K-!. I next compared thermal response models for the magnitude of
the LEDR peak (Figure 6.9a). The peaked Arrhenius returned Ea = 128.1 kJ mol™! and AS
= 386.3 J mol”! k’!. Because Ha < E., this fit does not exhibit a finite thermal optimum

within the observed ranged, so Ha and AS are not physiologically interpretable.
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FIGURE 6.9. Temperature dependence on LEDR peak magnitude and timing. (a) Normalised
LEDR peak versus leaf temperature. Open circles are observations; curves show constant-Qo
(blue), simple Arrhenius (orange), peaked Arrhenius (orange dashed), and MMRT (green) fits. (b)
Time to the LEDR peak versus leaf temperature with a second-degree polynomial fit (dashed). For
scale, the across-leaf mean LEDR peak at 25 °C was 3.14 + 1.18 pmol m? s' ! (mean + SD).
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TABLE 6.5. MMRT fitting workflow and parameter estimates for normalised LEDR peak. Stage
1 fits a cubic polynomial to obtain the anchor point Tinr and its ordinate y(7inr). Stage 2 fits the
MMRT with Tinr and y(7inf) held fixed, to estimate the curvature parameter ACy*. Units: Tinr (°C);
Y(Tins) (dimensionless); AC,* (k] mol ' K').

Model Stage Anchors held fixed Fitted parameters

1 None (polynomial fit) Tine=28.1; y(Tint) = 1.28
MMRT

2 Tinf =28.1; y(7inf) = 1.28 AC=-3.63

Goodness of fit and information criteria for models fitted to normalised LEDR peak are
shown in Table 6.6. MMRT two stage had the smallest SSE and RMSE and the lowest
AlCc. The peaked Arrhenius model was second, with AAICc = 2.7, indicating that the two
models are statistically competitive, with only modest evidence favouring MMRT. Simple
Arrhenius and constant-Qio showed much larger errors and much higher AICc values,

indicating weak statistical support.

The temperature that maximises the LEDR peak from the anchored MMRT was Topt =
43.2 °C (Figure 6.9a). Finally, the timing for the peak shortened markedly with
temperature (Figure 6.9b). A second-degree polynomial captured a monotonic decline in
the time to peak as leaves warmed (R? = 0.74), consistent with faster approach to the peak

at higher temperatures.
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TABLE 6.6. Goodness of fit and information criteria for the MMRT, simple Arrhenius, peaked
Arrhenius, and constant-Q1o models fitted to normalised LEDR peak. Reported metrics are SSE
(the sum of squared residuals), RMSE (root-mean-squared error, same scale as the response), AICc
(Akaike Information Criterion with small sample correction), and AAICc (difference from the best
model in this table). Smaller SSE, RMSE and AICc indicate better fit. All metrics are
dimensionless because the responses were normalised.

Model SSE RMSE AICe AAICe
MMRT 1.25 0.17 -163.9 0
Simple Arrhenius 3.81 0.29 -112.5 51.4
Peaked Arrhenius 1.20 0.16 -161.1 2.7
Constant-Q1o 4.20 0.30 -108.1 55.8

Figure 6.10 shows the data and model fits in Arrhenius coordinates to emphasise shape.
Figure 6.10a shows that the In normalised LEDR amplitude declines approximately
linearly with clear curvature at the coolest and warmest ends. MMRT tracks this curvature
and stays close to the observations over the full span because it allows a non-zero ACp?,
so the activation enthalpy and entropy vary with temperature, and the Arrhenius plot bends
accordingly. Simple Arrhenius fixes Ea and therefore gives a straight line, which appears
to poorly match the apparent curvature in the observations. In Figure 6.9b, MMRT again
follows the data best across the full range, while simple Arrhenius and constant-Qio show

the largest systematic departures.
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FIGURE 6.10. Temperature dependence of normalised LEDR amplitude and its normalised peak
in Arrhenius coordinates (In rate versus 1000/T). (a) Normalised LEDR amplitude. (b) Normalised
LEDR peak. Open circles: observations; lines: fits from three thermal models (constant-Qio,
simple Arrhenius, and MMRT). The lower axis shows 1000/T(K™!) and the upper axis leaf
temperature (°C). Curves are the models fits to the data in each panel. Rates were normalised
within leaf to that leaf’s value at 25 °C.

Normalised LEDR area integrated above Rdark during the first hour after lights-off are
plotted against leaf temperature (Figure 6.11). Figure 6.11a (Total area) integrates the
excess of COz released from lights-off to 60 min. Figure 6.11b (Left area) integrates from
the LEDR peak back to the onset, and Figure 6.11¢ (Right area) integrates from the peak
forward to the Rdark baseline. Parameter estimates are summarised in Table 6.7. For
MMRT, the curvature was governed by negative ACp* values in all panels (—6.76 to —9.17
kJ mol! K-, consistent with the concave thermal shape, while AHo* varied in sign and
magnitude across panels, giving analytic optima at 27.7 °C (Total), 24.5 °C (Left), and
28.8 °C (Right). The peaked Arrhenius returned activation energies between 113.6 and
117.6 kJ mol!, high-temperature deactivation enthalpies between 166.2 and 207.9 kJ mol-

I, and entropies between 559 and 702 J mol! K-!. Its analytic optima were lower than

MMRT in every panel, at 20.1 °C (Total), 22.4 °C (Left), and 20.7 °C (Right).
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FIGURE 6.11. Normalised LEDR area versus leaf temperature. Panel (a) shows the total
normalised LEDR area integrated over one hour after lights off. Panel (b) shows the left area,
defined as the integral from lights-off up to the LEDR peak. Panel (c) shows the right area, defined
as the integral from the LEDR peak back to the Rgwk baseline. Symbols are normalised
observations. Solid curves are model fits from MMRT (green) and the peaked Arrhenius (orange).
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TABLE 6.7. Thermal response parameters estimated for the normalised LEDR area. Rows show
fits of the MMRT and the peaked Arrhenius model to the total, left and right areas, where left area
is the area from the LEDR peak back to onset and right is from the LEDR peak forward to the Rark
baseline. Reported parameters for MMRT, AC,* (kJ mol! K™') and AHy* (kJ mol™); for peaked
Arrhenius, E, (k] mol™), Hy (kJ mol™") and AS (J mol! K!). Ty (°C) is the analytic optimum from
each model’s parameters. The scale terms (log A for MMRT and A for peaked Arrhenius) were
fitted but were omitted here for brevity. All LEDR areas were normalised at 25 °C before fitting.

Model Area Fitted parameters Topt
Total ACp*=-7.04; AHy*=16.5 27.7
MMRT Left ACp*=-9.17; AHy*= -6.74 245
Right ACp*=-6.76; AHy*=23.3 28.8
Total E,=117.6; Hi=174.4; AS = 588.6 20.1

Peaked
Arrhenius Left E,=1142; Hy=207.9; AS=701.7 22.4
Right E,=113.6; Hy=166.2; AS=559.3 20.7

Goodness of fit and parsimony metrics are showed in Table 6.8. Across panels, SSE was
2.72-4.13 and RMSE 0.23-0.31. MMRT received the higher Akaike weight for the Total
area (0.64); AAICc = 1.13 for peaked Arrhenius and for the Right area (Akaike weight =
0.73; AAICc = 1.97), indicating slightly stronger support after accounting for parameter
count. For the Left area the evidence was essentially similar (Akaike weight = 0.52 for
MMRT and 0.48 for peaked Arrhenius; AAICc = 0.17). The results indicate that MMRT

provides a marginally better description of the temperature pattern of normalised LEDR
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area, particularly for the Total and Right windows, while the peaked Arrhenius yields

similar accuracy with lower estimated optima.

TABLE 6.8. Goodness of fit and parsimony metrics for thermal response models fitted to the
normalised LEDR areas. For each area (Total, left and right) I report the residual sum of squares

(SSE), RMSE (root-mean-squared error, same scale as the response), AICc (Akaike Information
Criterion with small sample correction), AAICc (difference from the best model in this table) and
the Akaike weight. Smaller SSE, RMSE and AICc indicate better fit. All metrics are dimensionless
because the responses were normalised. The parameter counts were k = 3 for MMRT and k = 4 for

the peaked Arrhenius function.

Akaike
Model Area SSE RMSE AlICc AAICc
Weight
Total 2.80 0.26 -107.0 0.00 0.64
MMRT Left 2.31 0.23 -115.1 0.00 0.52
Right 4.13 0.31 -90.8 0.00 0.73
Total 2.72 0.25 -105.9 1.13 0.36
Peaked
Left 2.19 0.23 -114.9 0.17 0.48
Arrhenius
Right 4.08 0.31 -88.8 1.97 0.27

144



6.3.5 Metabolic analysis during PIB and LEDR
6.3.5.1 Overview of metabolic profiles

After characterising thermal responses with different models, I examined how metabolites
changed during a dark period following illumination. Representative 'H-NMR and '*C-
NMR spectra of leaf extracts were segmented into 166 and 200 integrals respectively, used
as quantitative features (Figure 6.12). The results were analysed using a two-way ANOVA
to find metabolites that were associated with a time effect, a temperature effect and an
interaction time x temperature effect. Using the ANOVA and hierarchical clustering
(Pearson correlation) of significant features, the spectra were visualised as metabolic
profiles across six discretised sampling instants and three temperatures. The NMR data
are represented here as heatmaps, showing significant NMR signals (using a colour scale
to show relative intensity) listed in rows (referenced with the chemical shift on the right
hand side) in samples (in columns). Column (sample) labels are encoded as 7-¢-i to track
each replicate and its temporal sequence (Figure 6.13). NMR signals were organised via

hierarchical clustering (visible on the left hand side).
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FIGURE 6.12. Representative 'H-NMR (a) and *C-NMR (b) spectra of sunflower leaf extracts.
The x-axis shows chemical shift in parts per million (6, ppm). The y axis shows signal intensity.
In panel (a), the blue trace is the proton spectrum, and blue peaks (either as singlets or multiplets)
correspond to protons (non-exchangeable H-atoms) in different metabolites. In panel (b), peaks
correspond to distinct carbon atoms (singlets only). Red regions mark the manually delimited
integration windows (buckets) used as quantitative features, with n= 166 for 'H and n= 200 for
13C; the red numbers are the corresponding areas.
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FIGURE 6.13. Heatmap of NMR features associated with a significant temperature effect. (a) 'H-
NMR with166 features; (b) *C-NMR with 200 features. Rows are the integrated spectral features
identified by their chemical shift in ppm shown at right. Columns are individual samples, labelled
in the header as 7-#-i where T is temperature in °C (5, 25 or 35), ¢ is the discretised time point from
0 to 5 within each biological replicate and i is the sample number from 1 to 72. For each
temperature, there are four biological replicates, each sampled at six time points. Colours represent
row wise z scores (standardised within each feature): blue indicates values below the feature mean,
and red above the mean. The left dendrogram shows hierarchical clustering of features with similar
profiles across samples (Pearson correlation) and allows the visualisation of clusters of covarying
metabolites. All features passed the two-way ANOVA for a temperature effect across the six
discretised sampling points. On the right hand side, most important metabolites in each cluster are
indicated.

In both the 'H and '3C heatmaps, temperature was the dominant source of variation. 'H-
NMR revealed the groups enriched at 35 °C. That included aromatic and organic acid
signals such as chlorogenate, fumarate and phenylalanine (cluster 1), whereas a block of
sugars declined after the light was turned off and remained lower under warm conditions
(cluster 2). A third group (cluster 3), composed mainly of organic and amino acids
(including malate and glutamate), increased later during the dark period. The 3C data
showed a consistent picture. At 35 °C, signals assigned to phosphocholine and the organic-
acid region around 181 ppm increased, and isocitrate was also detected. In contrast,
glycerate and chlorogenate were lower at 35 °C. Sucrose was more abundant at 5 °C, while
glucose and galactose were higher at 25 °C and 35 °C. For both nuclei ('H, '*C), almost
all features passed the two-way ANOVA threshold for the temperature effect across the
six sampling times. Time itself had a much smaller influence than temperature, simply
because a subset of features showed trajectories that differed with temperature (i.e.
temperature-dependent time effect) within the early part of the dark period and thereafter,
the change with time was proportionally smaller than that of temperature and therefore,
was more impacted by leaf-to-leaf variability. For "TH-NMR, no feature was associated
with a significant time effect while some features were associated with a time x
temperature interaction effect. These included: fumarate, chlorogenate and
glutamate/glutamine, with early changes at 35 °C that were not found at 5°C (Figure

6.14a). In BC-NMR, more features were found to be associated with a time effect (Figure
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6.14b), but only two had a significant time x temperature interaction effect: isocitrate (at
39.17 ppm) and probable methyl maleic acid (137.04 ppm) displayed transient responses
that differed between 5, 25 and 35 °C over the six sampling instants.

" increase transiently
(e.g. Ile, isocitrate)
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FIGURE 6.14. Heatmap of NMR features showing a significant time x temperature interaction
effect or time effect. Panel (a) shows '"H-NMR features with a time x temperature effect, and panel
(b) shows '*C-NMR features with a time effect. Rows are the integrated spectral features identified
by their chemical shift in ppm shown at right. Columns are individual samples, labelled in the
header as 7-t-i where i is the sample number from 1 to 72, T is temperature in °C (5, 25 or 35),
and ¢ is the discretised time point from 1 to 6 within each biological replicate. For each temperature
there are four biological replicates, each sampled at six time points. Colours represent row wise z
scores (standardised within each feature): blue indicates values below that feature’s mean, and red
above the mean. The left dendrogram shows clustering of features with similar profiles across
samples. Features displayed met p < 0.05 in a two-way ANOVA across the six sampling points.
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6.3.5.2 Effect of time and temperature on malate content

At this stage, it is interesting to focus on malate, since it has been suggested to be a key
actor of LEDR (Atkin et al., 1998; Fan et al., 2024; Lehmann et al., 2015, 2016). Absolute
malate concentrations were calculated from NMR signals and expressed in umol m
(Figure 6.15). It could be seen that (i) there was an apparent tendency of the average
content to decline with time at 25 and 35°C (but not at 5°C); (ii) the malate content differed
significantly between temperature treatments. However, despite the apparent tendency to
change with time after lights-off, this change was not statistically significant (P > 0.05).
At 25 °C, the malate pool was largest throughout, starting at 1035 £+ 260 umol m™ and
dipping within 1 min, then returning to its initial level by 4 min and remaining near 830 +
260 pmol m™ at 60 min. At 35 °C, the malate pool was consistently lower than at 25 °C
and declined steadily from 927 to 576 umol m by 30 min before a slight recovery to 614
+ 195 umol m at 60 min. In contrast, at 5 °C the malate concentration was smallest (298
+ 97 umol m2), rose transiently to 426 pmol m at 4 min, then declined, ending at 273 +

163 umol m™.

Over the first hour in darkness, LEDR at 5 °C was indistinct, respiration rates were close
to the detection limit, and malate concentration remained nearly constant. I therefore did
not quantify the LEDR-malate relationship at this temperature and focused on 25 and 35
°C. The integrated LEDR area increased from 775 umol m at 25 °C to 919 umol m at
35 °C, while malate decrease from its concentration in the light to the lowest value reached
within the first hour of darkness (Amalate) by 260 umol m at 25 °C and 351 pmol m™ at
35 °C. Expressed as the fraction of LEDR potentially supplied by malate loss (f =
Amalate/LEDR), the contributions were f = 0.33 at 25 °C and f = 0.38 at 35 °C. These
patterns indicate that malate turnover scales with the magnitude of LEDR and could
potentially account for about a third of the CO2 release during LEDR at moderate to warm

temperatures.
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FIGURE 6.15. Temporal changes in malate concentration following lights-off at three
temperatures. Panels show 5 °C (a), 25 °C (b) and 35 °C (c). Symbols show temperature-specific
means with connecting lines and shaded bands show the standard deviation across replicates. The
“light” point is the sample taken two minutes before lights-off. Subsequent samples were taken at
1,4, 10, 30 and 60 min. Malate concentration per leaf area is expressed in pmol m?.
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6.4 Discussion

6.4.1 Scope and modelling framework

This chapter addresses how temperature shapes two observable facets of leaf respiration
in darkness: the basal steady state Rdark and the transient light enhanced dark respiration
(LEDR). The experimental design separates the immediate post-illumination burst (PIB)
from LEDR and treats PIB qualitatively, given known response-time distortions in the first
seconds after darkening (Bulley & Tregunna, 1970; Jud et al., 2016; Reddy et al., 1991).
Data obtained at different temperatures on the same leaves were normalised to 25 °C to
reduce data variability that stemmed from differences in leaves’ photosynthetic capacity
and allowed better focused inference on responses to different temperatures (Heskel et al.,
2016; Medlyn et al., 2002). Within this framework, anchored MMRT captured the
temperature response and warm-side curvature in Arrhenius coordinates for Rdark and
LEDR metrics, and it provided an interpretable parameter through the heat capacity
change of activation ACy*. The peaked Arrhenius served as a flexible descriptive
comparator while the simple Arrhenius and constant-Qio functions could not adequately
describe the high-temperature down-turn in enzyme activities (Arcus & Mulholland,
2025; Atkin & Tjoelker, 2003; Heskel et al., 2016; Liang et al., 2018; Warren & Dreyer,
2006).

6.4.2 Rdark: monotonic warming with warm side curvature

Normalised Rdark increased monotonically across the measured range and showed warm-
side downward curvature in Arrhenius space above about 33 °C, consistent with global
analyses that report a declining temperature sensitivity of leaf respiration as leaves warm
(Crous et al., 2022; Heskel et al., 2016; Zheng et al., 2024). MMRT captured this curvature
in the normalised data (Liang et al., 2018). Thermodynamically, a negative ACp* makes
the apparent activation enthalpy and entropy vary with temperature, which bends the

Arrhenius plots as temperature rises (Arcus et al., 2016; Arcus & Mulholland, 2025).
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Physically, warming redistributes the proportion of functionally distinct conformational
sub ensembles in the catalytic and transport machinery, thereby shifting the effective
activation barrier with temperature (Arcus et al., 2016; Bunzel et al., 2021). Across
studies, Q1o for leaf respiration is not fixed and usually falls as temperature rises, matching

the observed warm side curvature in Rdark (Atkin & Tjoelker, 2003; Crous et al., 2022).

The peaked Arrhenius equation failed to yield an interior maximum over the observed
range for Rdark because Ha < Ea, so parameter values were not physiologically interpretable
for these data. By contrast, MMRT required only ACp* once Tint and y(T'inf) were anchored
and explained the curvature through a single, dimensionally consistent quantity. MMRT
estimated a Topt near 56 °C for Rdark, above the measured window, which should be read

as a model implied optimum rather than an observed maximum.

6.4.3 LEDR as a light conditioned response

Amplitude

LEDRamp rose with temperature up to an intermediate range and then declined at warmer
temperatures. Anchored MMRT returned a Topt of about 37 °C, which was within the
physiological operating range for sunflower leaves and coincides with the observed peak

of the response.

LEDRamp differs from Rdark because its substrates and redox constraints were set in the
preceding light (Lehmann et al., 2016; Tcherkez et al., 2017). High light builds organic
acid pools like malate and fumarate and primes chloroplastic NADP-malate
dehydrogenase through thioredoxin, with greater engagement of cytosolic and
mitochondrial dehydrogenases (Scheibe, 2004; Selinski & Scheibe, 2019; Yokochi et al.,
2021). On darkening, these pools are oxidised and decarboxylated, producing a transient
excess above the Rdark baseline that depends on prior light metabolism and available
respiratory substrates (Lehmann et al., 2015, 2016; Parys & Romanowska, 2000; Tcherkez
et al., 2005; Vines et al., 1983).
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A negative ACp* for LEDRamp indicates that the ensemble of steps governing the transient
inherits temperature dependent curvature, consistent with MMRT and with experimental
demonstrations of negative activation heat capacity in enzymes systems (Arcus et al.,
2016; Arcus & Mulholland, 2025; Bunzel et al., 2021; Liang et al., 2018). At cold to
moderate temperatures, LEDRamp often increases with warming because metabolic steps
involved in decarboxylation are sensitive to temperature and use substrate pools built in
the light. A temperature dependent limit then appears as reflected by curvature and due to
substrate pools exhaustion. As a result, warming speeds the effective steps on the rising
part of LEDR and can raise the amplitude, before any “warm side” limit appears (Lehmann

et al., 2016; Parys & Romanowska, 2000; Vines et al., 1983).

Peak magnitude and timing

The LEDR peak is the instantaneous net CO2 flux rate at tpeak and equals Rgark plus
LEDRamp (please see Fig. 6.1 for further clarification). Because it combines baseline and
LEDR-driven excess, its temperature pattern reflects both components. In my data, Rdark
shows a strong, smooth temperature dependence that the models capture well, whereas
LEDRamp is more scattered. Consequently, the LEDR peak inherits the clear temperature
signal from Rdark and tracks the model fits more closely than LEDRamp alone. The time to
peak shortened with temperature, consistent with a faster approach to the maximum as

effective rate constants increase.

LEDR areas: rise and decay with time

The total normalised LEDR area integrates the transient above Rdark, While the left and
right areas isolate the rise and the decay, respectively. The left area quantifies how quickly
the system moves from lights-off to the peak and depends on the rapid remobilisation of
substrates inherited from the light phase, thus (i) exerting a strong reductant pressure

immediately after darkening, and (ii) a transient adenylate imbalance that initially
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constrains phosphorylation with cytosolic ADP becoming limiting, such metabolic
conditions have long been recognised during light-dark transitions (Geigenberger &
Fernie, 2014; Hampp et al., 1982; Santarius et al., 1964; Urlrich et al., 1992). Rapid
engagement of non-phosphorylating routes relieves redox backpressure when ADP is
limiting, allowing electron flow without immediate ATP formation and stabilising redox
poise, for example through AOX (Igamberdiev & Bykova, 2023; Igamberdiev &
Eprintsev, 2016). These routes help keep the TCA cycle turning and maintain NAD to
NADH ratios while adenylates equilibrate via adenylate kinase and related reactions
(Geigenberger & Fernie, 2014; Igamberdiev & Kleczkowski, 2006). At lights-off, several
reduced pools are primed for oxidation, including malate, isocitrate, pyruvate, glycolate,
and other carbon skeletons (Lehmann et al., 2015, 2016; Rawsthorne & Hylton, 1991;
Selinski & Scheibe, 2019). Consistent with the idea of a rapid metabolic process (redox

and adenylate readjustment), the left area tends to covary with LEDRamp and peak timing.

The right hand area captures how quickly the system returns to Rdark and is governed by
the degree of proton-ATP coupling in the mitochondrial electron transport chain as well
as any high-temperature loss of catalytic efficiency. Uncoupling (i.e. proton “leak™ across
the inner mitochondrial membrane, so that protons return to the matrix without ATP
generation by the ATP synthase) reduces respiratory efficiency and accelerates dissipation
of the proton-motive force (Divakaruni & Brand, 2011; Igamberdiev & Kleczkowski,
2006; Jastroch et al., 2010; Sweetlove et al., 2006).

Because temperature can influence the rise and decay of LEDR through partly distinct
mechanisms, the left and right areas showed different thermal patterns even when the total
area of LEDR appeared only weakly temperature dependent. After normalisation, residual
differences in redox “history” (i.e. inherited from the light period), light interception and
sink demand remain, but these are mostly present as shifts in timing and symmetry rather

than as change in magnitude in my data.
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6.4.4 PIB: a qualitative window on residual photorespiratory flux

The PIB was most visible within a mid-temperature window and was weak or absent at
the cold and hot extremes. This pattern may be consistent with the combined effects of
photorespiratory glycine pool size in the light and analyser response on darkening. In Cs
leaves, a substantial glycine pool accumulates in the light and declines rapidly after lights-
off as glycine decarboxylase drives a post-darkening CO2 pulse. The IRGA registers an
apparent overshoot because photosynthetic uptake ceases almost immediately while
decarboxylation persists and increases as mixing within the gas exchange chamber
equilibrates gas concentrations. Although the instrument-related overshoot component is
an artefact, the temperature window where the PIB is clearly resolved still encodes useful
information about situations in which light history and photorespiratory process build
sufficient glycine to produce a measurable pulse (Fu et al., 2023; Rawsthorne & Hylton,

1991). For this reason, the PIB was treated qualitatively and excluded from model fitting.
6.4.5 Mechanistic integration

Three features provide a unified explanation for the observed warm side bend and for the
decline of LEDRamp beyond the intermediate peak. First, increasing proton conductance
across the inner mitochondrial membrane increases proton leakage, dissipating the proton
motive force more rapidly than at lower temperatures, which lower effective
phosphorylation efficiency. For a given electron flux less ATP is formed per unit oxygen
reduced, so additional heating yields progressively smaller gains in respiratory throughput
(Divakaruni & Brand, 2011; Jastroch et al., 2010; Macherel et al., 2021). Second,
temperature shifts the partitioning of electron flow between tightly coupled pathways and
alternative routes that bypass ATP formation, for example engagement of the alternative
oxidase. Such bypass flow lowers the ATP yield per O2 and attenuates the marginal benefit
of further warming (Sluse & Jarmuszkiewicz, 1998; Vanlerberghe, 2013; Vanlerberghe et
al., 2020). Third, temperature sensitive protein stability reduces catalytic competence.

Unfolding, active-site reorganisation and cofactor lability depress catalytic turnover. In
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MMRT terms, this appears as negative ACp¥, which implies temperature dependent
activation thermodynamics in the ensemble of the enzymes that set the respiratory CO2
flux (Arcus et al., 2016; Arcus & Mulholland, 2025; Bunzel et al., 2021; McLeod et al.,
2025). Together these processes reduce the incremental return of extra thermal energy on
catalytic performance, producing the non-Arrhenius curvature in Rdark and shaping the rise

and decay of LEDR.
6.4.6 Metabolic evidence against a single organic acid mechanism in LEDR

The metabolite survey using NMR supports the view that the post-illumination dark period
is not fuelled by a single substrate pool but reflect a broader temperature conditioned
reallocation/utilisation of carbon (Abadie et al., 2018; Lehmann et al., 2016; Xu et al.,
2025). Heatmaps for 'H and '3C show a strong temperature effect across the sampling
window (all metabolites were associated with a temperature effect in 'H data), which
aligns with the kinetic evidence that, under my experimental condition, temperature is the
primary driver of respiratory behaviour. The time course of malate is consistent with this
view because absolute concentrations are relatively small and the changes after lights-off

are modest.

A progressive utilisation of the malate pool formed in the light cannot account
quantitatively for the time course or the temperature response of respiration. Across the
hour in darkness malate pools ranged around 300 to 1000 pmol m™ and shifted only
modestly, with the largest net decline about 350 pmol m at 35 °C, and a brief early rise
at 5 °C. Expressed against the integrated LEDR signal, f = Amalate/LEDR was 0.13 at 5
°C, 0.33 at 25 °C and 0.38 at 35 °C, so malate loss could at most account for about one
third of LEDR at warm temperatures and only a small fraction at 5 °C. The remainder

must arise from other substrates and processes operating in parallel.

Consistent with this, NMR spectra show temperature-structure changes across several
organic-acid and aromatic regions, together with increases in hexose-rich zones, while

cold conditions show a considerable increase in leaf sucrose content (Adler et al., 2025;
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Kaplan et al., 2004; Kitashova et al., 2023). This combination suggests that lights-off
triggers a broad re orchestration of storage and transport metabolites towards substrates

that feed central carbon metabolism and redox balancing, with the exact balance set by

temperature (Guy et al., 2008; Lehmann et al., 2016; Obata & Fernie, 2012).

Only a small set of features showed a significant time x temperature interaction. In the
proton data, fumarate, chlorogenate and glutamate (or glutamine) changed early at 35 °C
but not at 5 °C. In the carbon data, isocitrate vary with both factors. These results suggest
that specific pathways are affected by time in a temperature-dependent manner, while
many metabolites are primarily affected by temperature and then change only modestly
over one hour. This is consistent with a picture where a limited number of specific control
points respond rapidly at lights-off, while most metabolite pools follow the thermal

context set by the preceding light period and by mitochondrial function in darkness.

At 35°C the pattern is compatible with higher anaplerotic flux via PEPC supplying
oxaloacetate and malate to the TCA cycle, together with shifts in ATP and NAD(P)H
coupling that suggest increased AOX activity and partial uncoupling (Sweetlove et al.,
2010; Vanlerberghe et al., 2020; Zhang et al., 2023). Higher levels in organic-acid regions
and selected amino acids are consistent with the flux through the TCA cycle and related
pathways (which generate carbon skeletons and feed organic acid pools) that generate CO2
without necessarily producing ATP at the same efficiency as under cooler conditions
(Abadie et al., 2024; Boex-Fontvieille et al., 2013). The decline in sucrose and the relative
rise of hexose-rich regions at warm temperature likely reflects an increased investment of
carbohydrate into respiratory routes as well as export (Lafta & Lorenzen, 1995; Nicholls,

2021).

This study used NMR base metabolic profiling to obtain an overview of temperature
effects on metabolites around the light to dark transition. A full mass balance and
comparison with COz2 loss would require absolute contents for all relevant metabolites,

calculations that combine them, and targeted approaches such as high-resolution gas
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chromatography coupled to mass spectrometry (HR-GC/MS), isotope labelling and

enzyme assays, which are beyond the scope of this thesis.
6.5 Conclusions

e Anchored MMRT has been statistically demonstrated to be the preferred
framework for mechanistic comparison of dark respiration components. Once 7inf
and y(T'nf) are fixed from the polynomial stage, a single parameter ACp' captures
the curvature, with parsimony and clear meaning. This parameter is comparable
across traits and treatments, and links directly to how the apparent activation
energy varies with temperature. Anchoring at the empirical inflection reduces
leverage from the warm tail and avoids over fitting with multiple deactivation
terms. The same negative ACp* that explains warm curvature in Rdark is consistent
with the higher LEDRamp and the shorter time to LEDR peak at warmer
temperatures. Peaked Arrhenius remains a useful descriptive comparator, whereas
simple Arrhenius and constant-Q10 are adequate only within a basal window.

e Metabolically, LEDR is not a single pool phenomenon. The NMR profiles and the
mass balance against COz loss indicate that malate can contribute but alone cannot
account for the full transient, especially at low temperature. Instead, several
pathways participate, including organic acid turnover, amino acid metabolism and
carbohydrate remobilisation, with temperature shaping both coupling and
substrate use.

e Altogether, these results support a thermodynamic view in which warming reduces
the marginal ATP yield per electron through increasing proton leakage and altered
partitioning, while the enzymatic machinery shifts towards states with higher
activation free energy. Anchored MMRT therefore offers a coherent basis for
inference and comparison. These results motivate future work that pair absolute
metabolite quantification with gas exchange and determines whether ACp* and

inferred coupling changes scale from leaf to canopy.
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7 Conclusions and perspectives

This thesis shows that the classical Laisk method, when applied across wide CO2 ranges
or without bracketing the I"*cxp, can yield biased or physiologically implausible estimates
of I'* and Dv. Integrating the Farquhar, von Caemmerer, and Berry (FvCB) photosynthesis
model into the Laisk method: (i) reduces systematic bias by capturing the inherent
curvature of the Aner—Ce. relationship, (i) maintains accuracy across a wide spectrum of
temperatures and CO2 partial pressures and (iii) lowers the variance of the estimates under

realistic measurement noise, as shown by Monte Carlo.

The temperature dependence of I'* and DL can be captured with simple equations that are
both empirically robust over my measurement range. For I'*, a constant-Qio model
provides the strongest statistical support and offers a parsimonious empirical description,
whereas for DL, the MMRT model was favoured and better reflected the slight warm-end
curvature observed. Importantly, practical differences between models were small across
most temperatures, so model selection should prioritise parsimony, biological plausibility,

and the intended use of the parameters.

The temperature responses of Vemax and Jmax depart from linearity in Arrhenius coordinates
over the rising (sub-optimal) range. An MMRT formulation with ACy* < 0 captures this
basal curvature and improves fit quality, particularly for Jmax. Over the full temperature
range, the position of the optimum and the warm-side downturn are recovered equally

well by the composite MMRT with deactivation and by a peaked Arrhenius.

Anchored MMRT has been statistically demonstrated to be the preferred framework for
mechanistic comparison of dark respiration components. Once 7inf and y(7inf) are fixed

from the polynomial stage, a single parameter AC,* captures the curvature, with
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parsimony and clear meaning. This parameter is comparable across traits and treatments,
and links directly to how the apparent activation energy varies with temperature.
Anchoring at the empirical inflection reduces leverage from the warm tail and avoids over
fitting with multiple deactivation terms. The same negative ACy* that explains warm
curvature in Rdark 1S consistent with the higher LEDRamp and the shorter time to LEDR
peak at warmer temperatures. Peaked Arrhenius remains a useful descriptive comparator,

whereas simple Arrhenius and constant-Q1o are adequate only within a basal window.

Macromolecular Rate Theory provided the best description of temperature dependence
across most analysed traits (Table 7.1). MMRT captured the intrinsic curvature on a log-
rate scale, yielded interpretable parameters including an effective change in heat capacity
of activation (ACp?), the inflection temperature at which temperature sensitivity is greatest
(Tinf) and the optimum temperature at which the predicted rate is maximal (7opt), and
reproduced warm-side downturns in its baseline form. Here, ACp* should be understood
as an emergent property of the integrated biochemical network underlying each trait,

rather than as a parameter attributable to any single enzyme or reaction.
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TABLE 7.1. Summary of thermal responses for gas-exchange traits. Entries report the inflection
temperature (7ing), the optimum temperature (7o), the heat-capacity change on activation (AC,¥)
and whether a high temperature deactivation term was included. “Not estimated” indicates the
quantity was not fitted by design; “not applicable” indicates the metric does not apply to the trait
or model; “not in range” indicates the model optimum lies outside the observed temperature
window; ‘non-negative’ indicates AC,* was estimated > 0, so no internal optimum exists within

the measurement range.

Tint

Topt

AGy

. Best Deactivation
Trait model term
°O) °O) (kJ mol' K1)

r+ Qo not applicable  not applicable  not applicable  not applicable
Dy, MMRT not estimated not in range non-negative No
Vemax MMRT 25.8 35.0 23 Yes
Jmax MMRT 17.7 30.8 2.1 Yes
Raark MMRT 35.8 not in range 2.2 No
LEDR.., . caked 23.2 373 4.0 No

Arrhenius

LEDRGrea MMRT not estimated 27.7 -7.0 No
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7.1 Guidelines to resolve the metabolic origin of LEDR

NMR profiling supports a multi-substrate origin for LEDR rather than a single organic-
acid mechanism. Malate changes after lights-off explain only a fraction of the integrated
LEDR at warm temperature and very little at low temperatures, while temperature-
dependent shifts in organic-acids, aromatic and hexose regions, together with a low-
temperature induced sucrose rise, indicate a broader reallocation of storage and transport

metabolites towards central carbon metabolism and redox balance as temperature changes.

Future work should close the carbon mass balance of LEDR by pairing MMRT-based gas
exchange with absolute metabolite quantification across the light-dark transition (targeted
organic acids, amino acids and sugars). Also, to solve the origin of the LEDR, future

studies are warranted to:

- use stable-isotope tracing and high-resolution mass spectrometry to resolve substrate
routing and identify the specific metabolic nodes (rate-limiting enzymes, branch points or

shuttles such as the malate valve) that show time and temperature sensitivity

- quantify how ACp?, Tinf and Topt shift with acclimatisation, time of day and species, and

test whether inferred coupling changes scale from leaf to canopy

- exploit genetic resources to explore LEDR: for example, it would be very useful to
monitor LEDR in respiratory mutants such as mitochondrial complex I mutants (Lothier
et al., 2019). In effect, they are viable and have higher basal respiration and lower O2/ATP
coupling efficiency (with higher AOX activity and involvement of alternative NAD(P)H
dehydrogenases). Therefore, they would be instrumental to test the hypothesis of low
mitochondrial efficiency in LEDR.
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- assess the chloroplast contribution by examining whether a transient burst of plastidial
pyruvate dehydrogenase activity consumes residual triose-phosphates immediately after

lights-off before starch degradation becomes dominant.

Finally, it would be interesting to incorporate LEDR area and LEDR amplitude
parameterisations into photosynthesis and respiration submodels so that simulations can
account for the temperature sensitive coupling between light period carbon processing and
dark fluxes. Together with MMRT based descriptions of Vemax and Jmax and a constant-Qio
for I'*, this provides a coherent and implementable set of temperature response functions

that can improve predictions under variable thermal regimes.
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