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Major crop models were developed before the 1990s and many of their algorithms are (semi-)empirical. In the
recent two decades, the number of models has grown rapidly, but the increase in their quality does not match the
growth in number. Often, an ensemble of multiple models is required to make a useful prediction. This ensemble
approach does not facilitate the improvement of models as a tool to understand crop physiological mechanisms.
On the other hand, following a bottom-up approach that tries to assemble all elements along different scales of
biological organisation may result in numerically clumsy models that are not necessarily more robust than
existing models in simulating phenotypes at the crop scale.
We argue that to model complex crop phenotypes in a simple yet accurate manner, crop modellers should be
inspired by experiences in some fundamental sciences. For example, physicists used sound theories and solid
mathematics in thought experiments, and came up with seemingly simple equations to explain the behaviour of
very diverse systems, from sub-atomic particles to the largest clusters of galaxies.
We review examples, where biological insights and mathematics are combined to derive simple equations that
apply to different processes of crop growth. The essence of this modelling approach is a combination of simplicity,
elegance and robustness. Models integrating those equations can predict crop phenotypes as well as generate
hypotheses or emerging properties to assist in knowing the unknowns. Thus, crop models should not only provide
practical predictions, but should especially be considered as a research tool for data interpretation, system
design, and heuristic understanding.

1. Introduction
Since the pioneering work by de Wit (1959,1965,1968) and Duncan
et al. (1967), crop modelling research has seen exciting initial de
velopments (see the review of Loomis et al., 1979). Up to the middle of the
1990s, crop modelling experienced phases of infancy, juvenility, adoles
cence, and maturity (Sinclair and Seligman, 1996). Since then, further
development or improvement of major crop models has stagnated despite
a growing number of crop models becoming available. It is now recognised
that these models need improving to face new challenges in crop science
(Boote et al., 2013), such as predicting complex crop phenotypes (Muller
and Martre, 2019) and assessing the impact of climate change on crop
productivity and designing new crop types and management practices
based on underlying genotype-environment-management interactions
(Rötter et al., 2011; Peng et al. 2020). However, discussions on how to
improve crop models are rare, and where new approaches are presented,

opinions differ with regard to how to improve crop modelling.
In the wake of the present heydays of fundamental plant biology,
many researchers propose a bottom-up approach, trying to assemble all
biological elements from genome up (e.g. Zhu et al., 2016; Chew et al.,
2017) to model a crop or an ecosystem. So far, this approach has been
reported for handling single traits like time to flowering (e.g. Welch
et al., 2003; Wilczek et al., 2009), leaf photosynthesis (Kannan et al.,
2019), and a single-plant growth (Chew et al., 2014). To the best of our
knowledge, this approach has not yet been applied to modelling com
plex traits at the crop level. But if it will be tried, a danger of the
bottom-up approach is insufficient representation of the strong
inter-plant competition in a plant community, given that in the eyes of
many biologists working on basic processes, a crop is merely a plant of
agricultural relevance. Furthermore, models may become increasingly
clumsy numerically: even small errors, which seem to occur inevitably
along biological scales of organisation, are amplified by proliferation to
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an extent that the aggregated model is probably less accurate than
existing crop models.
An opposite approach is currently practised for various crops and
regions in a dominant force of the crop modelling community under the
umbrella of AgMIP (Agricultural Model Intercomparison and improve
ment Program) (e.g. Asseng et al., 2013, 2014; Martre et al., 2015;
Wallach et al., 2018). By comparing the simulation results of many
voluntarily participating models, this programme aims to identify the
sources of uncertainties in existing crop models in projecting the impact
of environmental variables on crop production, and where identified, to
find ways for model improvement. For example, the intercomparison of
a large number of models has identified uncertainties and weaknesses in
modelling leaf area index (LAI). This is similar to modelling comparison
activities in the 1990s when models were much fewer, which also
identified LAI as a bottleneck to the performance of crop models (e.g.
Wolf et al., 1996; Jamieson et al., 1998). This suggests that in the last
two decades crop models mainly grew in number but did not improve in
model algorithms. In fact, some classical modelling philosophies have
largely been ignored as attention has largely shifted to phenomenolog
ical or empirical models (Connor, 2019). Often, where models are
revised, algorithms are formulated from regression fitting to data by
using polynomials or other empirical equations whose parameters have
little biological meaning. While such a revision may make the models
perform better under particular conditions, it is, strictly speaking, only
model calibration but not model improvement because parameter
values in empirical equations are context dependent and the revised
model may not necessarily perform well under other conditions. Real
model improvement has hardly been seen so far; instead, an ensemble of
multiple models’ predictions has been proposed to make a useful pro
jection (e.g. Asseng et al., 2013, 2014; Martre et al., 2015). Crop
modelling is hitting a wall, where numerous papers on model descrip
tion, model parameterisation, model comparison, and model ensembles
which are contradictory and descriptive, often overwhelm reviewers.
We feel, crop modelling is entering a paradox stage that the more models
we have, the less certain we understand the crop.
Here, we argue that crop modellers should aim to achieve real bio
logically improved models that predict complex crop phenotypes on the
basis of underlying physiological principles. To that end, we review an
approach that reflects both biological rigour and numerical simplicity,
in analogy to some physicists’ thought experiments using sound theories
and solid mathematics. Equations (such as the universal gravitation F =

is hard to develop such analytical algorithms but still possible to simplify
numerical procedures are also discussed. We hope, these cases and
discussions can catalyse the efforts towards real improvement of crop
models in the future. Our discussions focus on annual crops, cereals in
particular, and on processes at the field-plot scale.
2. Developing model algorithms - the LAI exemplar
The LAI has long been regarded as a hard-to-predict trait in crop
models (e.g. Kropff et al., 1994; Jamieson et al., 1998; also see Intro
duction). Traditionally it was modelled in relation to the increment in
leaf mass, using a parameter called the area : mass ratio or “specific leaf
area” (sla) and partitioning rules. This makes the simulated LAI
carbon-determined only, thus, being extremely sensitive to a small error
in input parameter sla because of the positive feedback loop among LAI,
canopy productivity, and leaf biomass (Kropff et al., 1994). Later there
has been growing awareness that LAI is also dependent on leaf nitrogen
content in the canopy. A question is how to describe the LAI as affected
by nitrogen.
2.1. Empirical approaches
Empirical algorithms were reported to simulate the effects of nitro
gen on LAI (e.g. Olesen et al., 2002). However, coefficients and pa
rameters in these empirical models are hard to interpret. For example,
an allometric equation may often be used to describe the relation be
tween leaf area index (L, m2 leaf m− 2 ground) and canopy leaf-nitrogen
content (N, g nitrogen m− 2 ground): L = aNb where a and b are allo
metric coefficients. It can be seen that either the unit of a depends on the
value of b, i.e., m2 m− 2/(g N m− 2)b if b is dimensionless or the unit of b
depends on the value of a, i.e., ln(m2 m− 2/a)/ln(g N m− 2) if a is
dimensionless; otherwise, the units on the left and the right sides of the
equation cannot be in balance. This dependence makes the meaning of
either parameter a or b extremely hard to interpret.
A way to bypass this problem would be to stick to the rules that the
arguments of logarithms and exponentiations are dimensionless. This
can be done by replacing N with N/Nx so that the empirical equation
’
becomes L = a’ (N/Nx )b . The coefficient a’, by definition, will have the
same unit as L while the coefficient b’ becomes dimensionless. One
might speculate that this dimensionless coefficient represents a dimen
sionless combination of underlying constants with a real biological
meaning, an analogy to the dimensionless Nusselt’s number in transport
physics and the Richardson’s number in atmospheric physics. At this
point we will have to leave this question unanswered. In this equation,
however, there is one extra parameter, Nx (the reference N at which L
equal a’). In fact, this equation is over-parameterised, i.e. the three pa
rameters cannot all be estimated from curve fitting to data. One would
still need the equation L = aNb to first estimate a and b, and then choose
a reference value for Nx and calculate a’ and b’ as: a’ = aNx b and b’ = b. It
is clear that the dimension problem of the first equation L = aNb dis
appears only if an implicit Nx of 1 g N m− 2 is assumed.
Empirical equations of this type are often used to derive information
from, for example, big data of high-throughput phenotyping. Regardless
of the data type, care should be taken to ensure that each model
parameter is biologically meaningful and has a measurable unit wher
ever it applies.

G m1r2m2 of Isaac Newton, mass-energy equivalence E = mc2 of Albert
Einstein, and quantum mechanics E = hυ of Max Planck) seem simple,
but were derived from combining physical principles and mathematical
analytics, albeit with approximations in some cases. Constants in these
equations G, c and h all have physical meanings with explicit units.
These equations, explaining the behaviour of physical systems, show
that there is beauty and simplicity at every level, from the sub-atomic
particles to the largest clusters of galaxies. To elaborate this further,
we cite what Prof. Edward Witten, a physicist of our time and a laureate
of the 1990 Fields Prize in mathematics, said in the interview after
winning the 2014 Kyoto Prize (https://www.kyotoprize.org/en/laureat
es/edward_witten/), “Most of us are familiar with the beauty of music or
maybe the beauty of an outdoor scene. If you don’t work in math or physics or
some related field, it might be a little hard to understand the concept of the
beauty of an equation, but the equations that describe modern physics, like
Einstein’s equation of general relativity or the equations of quantum me
chanics, have a very intense inner beauty and harmony which is well
appreciated by anyone who has studied them and this beauty is one of the
things that gives a physicist the passion for physics.”
In this paper, we start with an example where empirical approaches
versus the approach with combined biological principles and simple
mathematics are compared in modelling LAI. More cases will follow to
highlight potential roles of simple analytical equations in improving
crop simulation as well as in other physiological analyses. Cases where it

2.2. An approach using biological principles and numerical iteration
Instead of using totally empirical or descriptive algorithms, one may
explore established physiological principles to simulate a physiological
process. In the case of LAI-nitrogen relationships, it has been observed
that leaf nitrogen content over the canopy layers (ni) follows the BeerLambert law, i.e. it declines exponentially from the top to the bottom
of a crop canopy (Evans, 1993): ni = n0 e− kn Li , where n0 is the nitrogen
2
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content of top leaves in the canopy, Li is the LAI counted from the top to
the i-th layer of the canopy, and kn is the nitrogen extinction coefficient.
It is also known that there is a base value of leaf nitrogen content (nb), at
or below which leaf is no longer photosynthetically active (Evans, 1983;
Sinclair and Horie, 1989), as some nitrogen has to be incorporated in
structural components. Based on these two biological principles, one can
envisage that the nitrogen-determined LAI would be the leaf areas
accumulated from the top to a bottom layer of the canopy, where leaf
nitrogen content is lowered from n0 at the top to nb at a bottom layer.
Further lower leaves in the bottom are senesced or photosynthetically
inactive, and their areas do not contribute to LAI. Therefore, for a given
canopy characterised by kn, one can immediately design a numerical
approach, in which one can start with a value of n0, calculate ni with ni =
n0 e− kn Li , layer by layer, until the layer where ni reaches nb, then sum up
∑
∑
all ni to
ni and assess whether the difference between
ni and the
pre-known canopy nitrogen content (N) is small enough within a pre-set
tolerance level. If not, renew the calculation for another series of iter
ations until the tolerance level is reached. The sum of leaf areas over the
layers in the final iteration circle is the numerically predicted LAI as
determined by N.

Ln =

)
(
1
kn N
ln 1 +
kn
nb

(1)

The equation has two biologically meaningful parameters: kn, leafnitrogen extinction coefficient in the canopy (m2 ground m− 2 leaf)
and nb, the base leaf nitrogen content for photosynthesis (g nitrogen m− 2
leaf), and each parameter has an explicit unit. This showcases that in
crop science, while there are few constants as invariant as those like G, c
and h in physics, it is still possible to identify those crop- or genotypespecific parameters, like kn and nb in Eq. (1). If these coefficients are
found to also vary with environmental conditions, the equation can help
identify how physiological characteristics (like nitrogen profile in the
canopy) are modulated by environmental variables. Unlike totally
empirical equations, Eq. (1) is based on physiological principles as the
above numerical approach. It overcomes the latter approach’s weakness
that it is time consuming in calculation and gives only an approximate
LAI.
2.4. Applications of the analytically derived equation
Because Eq. (1) is built on underlying theory with its parameters
having clear biological meaning, the model can be used to characterise
potential differences between crops or between genotypes or between
environmental conditions in each of the two parameters, relying on
common agronomic experiments on LAI and canopy nitrogen uptake
(Yin et al., 2003a; also see Fig. 1a). This reduces the necessity to conduct
more sophisticated measurements in determining kn and nb. Note that
measuring kn would need the sampling of leaves at different layers of the
canopy (e.g. Archontoulis et al., 2011) using the equation ni = n0 e− kn Li ,
while estimating nb would need extrapolating the relationship of

2.3. An approach combining biological principles and analytical
mathematics
An alternative, more elegant approach is to develop an analytical
solution to LAI as determined by a given amount of canopy nitrogen
content on the basis of the above-mentioned two biological principles.
Yin et al. (2000) derived such an equation (see Appendix A) for
nitrogen-determined leaf area index (Ln, m2 leaf m− 2 ground) in relation
to canopy leaf-nitrogen content (N, g nitrogen m− 2 ground):

Fig. 1. Exploiting the leaf area index (LAI) –
canopy nitrogen (N) relationship, Eq. (1), to: (a)
estimate physiological parameters kn and nb
from common agronomic experiments (from Yin
et al., 2003a), (b) to simulate timing for onset of,
and the amount of, rice leaf senescence (where
points are measured dead-leaf weight, and the
arrow downwards indicates the day of flower
ing), based on Eq. (2) (thick curve), compared
with the approach in the ORYZA model where
leaf senescence rate is calculated using empiri
cally determined development stage-dependent
relative leaf death rate coefficients (thin curve)
(from Yin et al., 2000). The simulated LAI by the
ORYZA-model procedure was very sensitive to
input parameter “specific leaf area” (Panel c),
whereas the approach based on Eqs. (1–2)
considerably decreased the sensitivity of simu
lated LAI (Panel d), to a 20 % increase (thin
continuous curves) or a 20 % decrease (thin
dashed curves) with respect to the default value
(thick continuous curves) of “specific leaf area”
(from Yin et al., 2000).
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2017). The total accumulated sink demand (g m− 2) is: Sink = wmax
(Fig. 2a).
Considering the common pattern that the activity of the source (net
assimilation rate, g m− 2 d-1) to support grain growth declines with time
during the grain-filling phase, Shi et al. (2017) came up with a reversed
sigmoid model: smax [1 − f(t) ], where smax is the maximum source ac
tivity at the onset of the grain filling (g m− 2 d-1), and f(t) has the same
form as Eq. (4) (Fig. 2b). Integrating this equation over time gives the
following expression:
⎤
⎡
(
)( )t −tet
e
m
t
t
⎥
⎢
W = WH + smax t⎣1 − 1 −
(5)
⎦
3te − 2tm
te

measured photosynthetic rates versus nitrogen content of leaves (e.g.
Evans, 1983; Sinclair and Horie, 1989).
Eq. (1) combines simplicity and biological rigour. It is not only about
the LAI-N relationship per se, but offers a physiologically coherent
approach to simulate rate of leaf senescence, − ΔWleaf/Δt (in g DM m− 2
d-1):
−

ΔWleaf Lc − min(Lc , Ln )
=
sla τ
Δt

(2)

where Lc is the carbon-determined LAI, and τ is a time constant. Such
algorithms not only overcome empiricism of existing crop models in
simulating both timing and amount of leaf senescence (Fig. 1b), but also
substantially reduce the sensitivity of the simulated LAI to the error in
the input parameter sla (Fig. 1c,d). The approach works well for
modelling senescence under non-stress conditions.

Eq. (5) can describe the dynamics of the whole-plant weight (W)
during the grain-filling phase, where WH is the whole-plant weight
observed at the onset of grain filling (Fig. 2c). Therefore, once the
whole-plant weight is measured frequently during grain filling, source
activity dynamics can be derived from fitting Eq. (5) to data on the
whole-plant weight, and the total source supply (g m− 2) during the

3. Role of models in physiological analyses
The above example of developing the LAI-nitrogen relationship
suggests that theory-based analytical algorithms can not only improve
crop modelling, but also provide tools for additional physiological an
alyses. Next, we will show more examples in developing and applying
algorithms of similar kind in physiological analyses.
3.1. Characterising inter- or intra-specific differences in response to
environmental variables
Source-sink balance during the seed-filling phase is an important
concept in crop science, and this concept is included in some crop
models. If the source is in deficit, the carbohydrates accumulated in
vegetative organs during the pre-seed-filling phase will have to be
remobilised to support seed growth. Quantifying the contribution (%) of
the remobilised carbohydrates to seed growth for different crops/ge
notypes or under various growth conditions has long been a challenging
task. Traditionally this has been quantified by defoliation treatments or
using a 13C-labelling technique. The artefact of the defoliation and the
expense and technical sophistication of labelling are the major draw
back of these approaches.
Relying on the flexible sigmoid equation for determinate growth of
Yin et al. (2003b), Shi et al. (2017) described an approach to quantify
the contribution (%) of the remobilisation to seed growth that only re
quires periodical samplings of biomass of both whole-plants and of seeds
during seed filling as commonly practised in agronomic experiments. A
sigmoid seed growth pattern is commonly described using classical
growth equations like the Logistic equation. But these equations model
the maximum weight (wmax) as an asymptotic parameter, thereby not
explicitly defining the duration of seed growth. To overcome this
weakness of the classical growth equations when applied to a determi
nate growth pattern, Yin et al. (2003b) analytically derived a sigmoid
model having three parameters that are all biologically meaningful:
{
wmax f (t), if 0 ≤ t ≤ te
w=
(3)
wmax ,
if t ≥ te

Fig. 2. Dynamics of: (a) weight of the sink, grains, described by Eqs. (3–4), (b)
the activity of the source (s) described by s = smax[1− f(t)] (see the text), and (c)
maturity
∫
the whole-plant weight (W), i.e. integration of s over time
sdt during

where f(t) is a time (t) dependent function having values between 0 and
1, defined as:
f (t) =

(
)( )t −tet
te − t
t e m
1+
te − tm
te

(4)

heading

grain filling phase, see Eq. (5), where WH is the whole-plant weight observed at
the onset of grain filling (or at heading in case of cereal crops). Mathematically
the area between time 0 and te under the curve of Panel (b) gives the total
source during the grain filling period, as described by Eq. (6). If this curve is
symmetrical (i.e. tm = 0.5te), the two area parts between the dashed straight
line and the curve in Panel (b) cancel each other out and the area under the
curve is equivalent to a triangle, whose area is smax te /2, exactly equal to what
Eq. (6) becomes if tm = 0.5te. Data in Panels (a) and (c) from Wei et al. (2018).

where tm is the time point, at which the growth rate is maximal, and te is
the time point for the end of growth, at and beyond which weight stays
at its maximum value wmax (g m− 2). The model describes an asymmet
rical sigmoid pattern from the start point (t = 0) to the end point te, and if
tm = 0.5te, the model becomes symmetrical. The dynamics of the sink
(growing grains, g m− 2) can be well described by this model (Shi et al.,
4
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grain-filling phase is the area under the curve between time 0 and te
(Fig. 2b), which can be calculated from the whole term after WH of Eq.
(5) for the end time point te, i.e.:
Source = smax

te2
3te − 2tm

where Cc is the chloroplast CO2 level, Γ * is the CO2-compensation point,
J is the rate of linear electron transport rate, and Rd is the day respira
tion. On the surmise of what is essential and what can be left out, the
model was derived from the balance of electron supply from photo
synthetic light reactions and electron demand by the Rubisco-catalysed
carboxylation cycle and photorespiratory cycle. This model suggests
methods to indirectly estimate Rd, as described below.
Because J depends on the light level and A is approximately linearly
related to Cc within low CO2 levels, plotting measured A against Cc at
two or more light intensities will show two or more A-Cc lines. According
to Eq. (7), these A-Cc lines have a common intersection and the negative
intercept in the A-axis at the intersection gives the estimate of Rd
(Fig. 3a). This is the well-known Laisk method popularised by Brooks
and Farquhar (1985) based on conventional gas exchange measure
ments of photosynthetic CO2 response curves, to estimate Rd. An alter
native is to explore the photosynthetic light response curve. As linear
electron transport rate (J) can be expressed by definition as absorptance
* incident irradiance (Iinc) * proportion of absorbed light partitioned to
Photosystem II * Photosystem II electron transport efficiency (Φ2), one
can plot measured A as a function of (IincΦ2/4) within a range of low
light conditions, and according to Eq. (7), the negative intercept in the
A-axis of this linear plot gives the estimate of Rd (Fig. 3b). As A is

(6)

One can then assess whether source supply and sink demand during
grain filling are in balance. If Source > Sink, the final yield would be sinklimited; if Source < Sink, there must be remobilisation of pre-anthesis
assimilate reserves, and the contribution (%) of the remobilisation to
Source
the final yield would be: Sink−Sink
× 100. This makes it possible to
quantify the source-sink (im)balance merely using measurements in
agronomic experiments without recourse to laborious or sophisticated
techniques (like pruning, 13C-labelling). This again exemplifies the role
of simple analytical equations with biologically meaningful parameters
in crop physiological analyses.
Shi et al. (2017) used this approach to quantify the source-sink (im)
balance of three rice genotypes grown under nitrogen × night temper
ature × season combinations, showing that in many cases remobilisation
was not needed, and where needed, the remobilisation contributed more
in wet than in dry seasons, more in the high night temperature treatment
than in the control, with nitrogen treatments having no clear impact.
Wei et al. (2018) used the same approach to characterise three rice
genotype classes under field conditions and found that the remobilisa
tion was needed only in the indica hybrid class (5–12 %) whereas there
was no role of remobilisation at all in the japonica inbred class and the
japonica-indica hybrid class. Based on a similar framework, Shao et al.
(2021) estimated the contribution of pre-anthesis carbohydrates to grain
filling of rice and wheat under global dimming, which was higher in rice
(25–34 %) than in wheat (3–31 %), and higher under dimming treat
ments (8–34 %) than in the control treatment (3–26 %). They also
applied the approach to nitrogen, indicating that 45–75 % of grain ni
trogen in wheat and 52–60 % of grain nitrogen in rice came from the
pre-heading uptake.
The approach is particularly suitable for annual crops like cereals
where the carbon cost is similar for vegetative organs and grains. For
crops like legumes and oil crops where the carbon cost is higher for
grains than for vegetative organs, the original data for grain weight need
to be corrected for the carbon-cost difference (see Penning de Vries
et al., 1989 for this difference) prior to applying the approach.
3.2. Estimating parameters that are hard to measure directly
Earlier we stated that Eq. (1) can be used to estimate kn and nb,
relying on agronomic experiments on LAI and canopy nitrogen uptake,
thereby reducing the necessity to conduct more sophisticated mea
surements in determining these two physiological parameters. Likewise,
but in retrospect, Eq. (5) can be used to estimate maximum net assimi
lation rate of the crop (smax) without recourse to canopy gas exchange
analyser.
In other cases, some parameters virtually cannot be directly
measured, but only be indirectly estimated relying on a model. For
example, the rate of respiration of photosynthesizing leaves (also called
“day respiration”, Rd) being an important parameter in some crop and
ecosystem models, cannot be directly measured by conventional gas
exchange measurements (Tcherkez and Atkin, 2021), because CO2
release by respiration and CO2 uptake by photosynthesis occur simul
taneously in illuminated leaves. Many researchers simply assume that Rd
is equal to leaf respiration in the dark (which can be measured easily).
The widely used biochemical model of C3 photosynthesis, developed
by the laureate of the 2017 Kyoto Prize Prof. Graham Farquhar and his
colleagues (Farquhar et al., 1980), describes the net rate of electron
transport-limited leaf photosynthesis (A) as:
A=

Cc − Γ *
J − Rd
4(Cc + 2Γ * )

Fig. 3. Illustration of (a) the Laisk method where A-Ci curves of wheat leaves
are measured usually at three light levels as marked in μmol m− 2 s-1, and (b) the
Yin method where light responses of A and Photosystem II electron transport
efficiency (Φ2) of potato leaves are measured at low incident light intensities
(Iinc), for indirect estimation of leaf day respiration (Rd) when leaf is photo
synthesising. Data from Yin et al. (2011).

(7)
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measured by conventional gas exchange, which can now routinely be
combined with chlorophyll fluorescence to measure Φ2, this linear plot
was proposed by Yin et al. (2011) as the combined gas exchange and
chlorophyll fluorescence method to estimate Rd, now known as the Yin
method (Tcherkez et al., 2017). Yin et al. (2011) showed that the values
of Rd estimated by the Laisk and Yin methods were very similar across C3
species. For C4 species, due to the operation of the CO2-concentrating
mechanism (CCM) as will be discussed later, Cc changes little and A-Cc
curves tend to be horizontal lines. Therefore, the Laisk method cannot be
used, but the Yin method still works, to estimate Rd of C4 species. It was
shown that the estimated Rd in both C3 and C4 species was about 15 %
lower than the measured leaf respiration rate in the dark (Yin et al.,
2011).
3.3. Understanding interactions of variables on physiological parameters
Crop physiological processes can be either directly or indirectly
affected by (multiple) environmental variables, but how to model the
effects of the interaction between these variables on physiological pro
cesses or parameters has constantly been a challenge to crop modellers.
In some crop models like SUCROS (Goudriaan and van Laar, 1994) and
ORYZA (Kropff et al., 1994; Bouman et al., 2001), leaf photosynthesis is
explicitly modelled, which is then scaled up to the canopy, whereas the
majority of crop models (such as the standard APSIM; Hammer et al.,
2010) bypass the modelling of leaf and canopy photosynthesis but use
radiation use efficiency (RUE). How to model the interaction of atmo
spheric elevated CO2 level ([CO2]), with temperature on photosynthesis
or RUE has been central to these models for assessing the impact of
climate change on crop growth.
Crop modellers often take an empirical approach, typically assuming
a multiplication of the [CO2] effect, f(CO2), and the temperature effect, g
(T), to quantify their interaction on these photosynthetic parameters or
radiation use efficiency: parameter = parameterref⋅f(CO2)⋅g(T), where
parameterref is the parameter value at the reference [CO2] and the
reference temperature, and f(CO2) and g(T) are usually derived from
experimental data on [CO2] effect and temperature effect, respectively.
In case of the parameter “initial light use efficiency” of photosynthetic
light-response model, also called “quantum efficiency of CO2 assimila
tion”, ΦCO2, it has been reported that ΦCO2 increases with elevating
[CO2] level, but decreases with increasing temperature (Ehleringer and
Pearcy, 1983), in C3 species. It follows from the multiplicative formula,
which is the case in the widely used rice crop model ORYZA2000
(Bouman et al., 2001), that ΦCO2 declines more strongly with increasing
temperature at elevated than at ambient [CO2] levels (Fig. 4a).
In fact, ΦCO2 can be derived from a biochemical model, Eq. (7).
Under low light conditions, J in Eq. (7) can be expressed as IabsΦ2LL/
(1+Φ2LL), where Iabs is the absorbed irradiance and Φ2LL is the electron
transport efficiency of Photosystem II under limiting light (Yin et al.,
2004). Combining this with Eq. (7), one can easily obtain:
ΦCO2 = lim

A + Rd
(Cc − Γ * )Φ2LL
=
Iabs
4(Cc + 2Γ* )(1 + Φ2LL )

Iabs →0

Fig. 4. Temperature sensitivities of initial light-use efficiency of C3 leaf CO2
assimilation (ΦCO2) under ambient and doubled CO2 conditions, predicted by:
(a) the empirical multiplicative model as used in the ORYZA crop model
(Bouman et al., 2001), and (b) a biochemical model-derived Eq. (8). Measured
ΦCO2 under three CO2 (μmol mol− 1)/O2 (%) gas mixtures as in Panel (b) are
shown in Panel (c) (based on Yin et al., 2014), agreeing with the biochemical
model’s prediction – a weaker temperature sensitivity of ΦCO2 at high CO2 and
low O2.

ambient [CO2]. The model predicts that ΦCO2 declines more weakly with
increasing temperature at elevated than at ambient [CO2] (Fig. 4b),
opposite to what the empirical multiplicative model predicts.
The opposite direction of [CO2]-temperature interaction predicted
by the two models triggered us to conduct an experiment after failing to
find literature that provides data to directly support the model. In the
experiment we also included a measurement condition where a doubled
[CO2] was combined with 2% [O2] to virtually eliminate photorespira
tion. The data (Fig. 4c) supports the prediction by the biochemical
model. The growingly weaker temperature response of ΦCO2 with
decreasing [O2] or with increasing [CO2] reflects the Rubisco kinetics
because low [O2] or high [CO2] suppresses photorespiration to such a
level that the decrease of Rubisco affinity for CO2 with increasing tem
perature no longer matters much. This showcases the role of modelling
for understanding the physiology via an iterative “modelling-experi
mentation” cycle.

(8)

It is generally believed that Φ2LL is conserved with a value of about
0.8 mol mol− 1 (Baker, 2008), and stomatal and mesophyll conductance
regulate CO2 diffusion in such a way that the Ci:Ca ratio (where Ca and Ci
are ambient-air and intercellular-airspace [CO2] levels, respectively) is
about 0.7 (Goudriaan and van Laar, 1978; Wong et al., 1985), the Cc:Ci
ratio is also roughly 0.7 (Kitao et al., 2021), and thus Cc remains about
0.5Ca in a wide range of conditions (Yin et al., 2014). The term Γ*, whose
value determines the magnitude of photorespiration, is known to in
crease with increasing temperature as a result of the decrease of Rubisco
affinity for CO2 (relative to that for O2) with increasing temperature.
This temperature dependence could be described by either the Q10 or the
Arrhenius model (see later), with Γ * at 25 ◦ C being about 35 μmol mol-1
at the atmospheric O2 condition (21 % O2) (Farquhar et al., 1980). This
gives rise to about 0.065 mol mol-1 for 25 ◦ C combined with the current
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This example also suggests that the mechanistic model, Eq. (8), is not
necessarily more complex than an empirical model. This is especially
true, given that Rubisco kinetics constants (like Γ*25◦ C = 35 μmol mol− 1;
Q10 = 1.55; Yin et al., 2014) are conserved among C3 species; so little
calibration is required for modelling different C3 crops. For C4 crops (like
maize, sorghum, sugarcane, and millet) where Cc is so high (about 1000
μmol mol− 1) due to the operation of the so-called CCM that effectively
suppresses photorespiration, Eq. (8) becomes:
ΦCO2 =

(1000 − Γ * )Φ2LL (1 − 0.5)
4(1000 + 2Γ * )(1 + Φ2LL − 0.5)

environmental and physiological factors (Olesen et al., 2002; White
et al., 2011).
To convert canopy light use efficiency (in mol CO2 mol− 1 photon)
into the RUE expressed in g DM MJ− 1, the value of ΦCO2,canopy should be
multiplied by a lumped factor (von Oijen et al. 2004), i.e.:
)
/
(
R
12 × 4.56 × 0.5 Cbiom
RUE = ΦCO2,canopy 1 −
(12)
P
where 12 is the weight (g) per mol carbon, 4.56 is the factor of con
verting MJ photosynthetically active radiation (PAR) into mol photons,
0.5 is the fraction of PAR in global solar radiation, Cbiom is the carbon
fraction in crop biomass, which depends on crop species (ranging from
0.43 to 0.48, Penning de Vries et al., 1989), and R/P is the crop respi
ration : photosynthesis ratio. For simplicity, the R/P ratio has been set as
constant (van Oijen et al., 2004) as confirmed by theoretical calculations
(Amthor, 2010) and experimental observations (Gifford, 1995; Cheng
et al., 2000) being 0.3− 0.4 for a wide-range of conditions (but see
cautions discussed later). The relatively constant R/P ratio could be
explained partly by the fact that the growth-respiration component must
be proportional to gross photosynthesis (Penning de Vries et al., 1989),
whereas the maintenance-respiration component is believed to depend
on temperature but this dependence may acclimate to temperature such
that in the long term, the thermal response of respiration has a shape
similar to that of photosynthesis (Atkin and Tjoelker, 2003). With this
assumption, the model shows a complex interaction effect of [CO2] and
temperature on RUE, which is strongly modified by radiation (Fig. 5).
First, the temperature response pattern of RUE under low light is close to
that of leaf ΦCO2 shown in Fig. 4b,c, whereas the temperature response
of RUE under moderate and high light intensities is increasingly deter
mined by photosynthetic capacity parameter Jmax (see Eq. C2 in Ap
pendix C). Second, the optimum temperature of RUE increases not only
with increasing [CO2] but also increases with light intensity. Third, the
fertilisation effect of the elevated [CO2] on RUE at (supra)optimum
temperatures is higher than at suboptimum temperatures. Such a com
plex interplay of temperature, [CO2] and light on RUE cannot be
exhibited by measurements from field experiments, nor can it be pre
dicted by empirical (multiplicative) RUE models unless trivial calibra
tions are made to adjust the response shape. Our illustration based on
the current understanding from a theoretical model suggests that RUE in
a small time scale responds greatly to various environmental variables,

(9)

where 0.5 refers to the fraction of total electron flux being the cyclic
electron transport for providing ATP to support the operation of CCM
(based on the theoretical analysis of Yin and Struik, 2012). Despite an
1000− Γ*
increase of Γ* with temperature, the term 1000+2Γ
varies only slightly
*

and any small variation in the actual Cc has little impact on the value of
the whole term, suggesting that as a result of CCM, ΦCO2 of C4 crops is
virtually insensitive to changes in temperature and [CO2] levels. This, as
confirmed by experimental data (Ehleringer and Pearcy 1983), means
that in terms of temperature insensitivity, ΦCO2 of C4 crops is similar to
ΦCO2 of C3 crops in the absence of photorespiration (Fig. 4c). However,
Eq. (9) predicts that absolute C4 ΦCO2 is about 0.065 mol mol− 1, which is
very similar to C3 ΦCO2 under ambient conditions at 25 ◦ C, suggesting
that under limiting light conditions, the gain from suppressing photo
respiration is largely cancelled out by extra ATP costs required for
operating the CCM.
What about the light use efficiency at the canopy scale across various
light intensities? de Pury and Farquhar (1997) developed an analytical
sun/shade model for scaling leaf photosynthesis up to canopy, which
they showed is as accurate as a more complicated, numerical multi-layer
model. Despite being analytical, the model is perhaps still too complex
for most crop modellers who prefer the simple concept of RUE to model
canopy productivity (see review of White et al., 2011). Partly based on
the work of van Oijen et al. (2004), here we present a simple yet bio
chemically based equation for canopy light use efficiency (in mol CO2
mol− 1 photon) for C3 and C4 crops:
ΦCO2,canopy,C3 =

(Cc − Γ * )Φ2LL
(
)
kl Iinc
4(Cc + 2Γ * ) 1 + Φ2LL + Φ2LL
Jmax,0

(10)

ΦCO2,canopy,C4 =

(1000 − Γ* )Φ2LL (1 − 0.5)
[
]
0.5)kl Iinc
4(1000 + 2Γ * ) 1 + Φ2LL − 0.5 + Φ2LL (1−Jmax,0

(11)

where Iinc is incoming light irradiance, kl is the extinction coefficient of
light in the canopy, and Jmax,0 is photosynthetic maximum linear elec
tron transport rate of canopy uppermost leaves under saturating light.
The derivation of Eqs. (10 and 11) and their underlying assumptions are
given in Appendix B. The dependence of biochemical parameters Γ* and
Jmax on temperature, and that of Jmax on leaf nitrogen, are given in
Appendix C. Because of their nature of treating a canopy as a ‘big-leaf’
(see Appendix B), which does not account for differences between direct
and diffuse light profiles in the canopy, these simple equations may not
be as accurate as the model of de Pury and Farquhar (1997) in calcu
lating canopy photosynthesis. However, they are considerably simpler,
have much fewer parameters, and do not differ much from the form of
Eqs. (8 and 9) for the leaf-scale initial light-use efficiency. Yet they
quantify the interactive effects of temperature, [CO2], light, and physi
ological factors (like leaf nitrogen content) on canopy-scale light use
efficiency. This is in analogy to the earlier calculation of yield potential
and light use efficiency from underlying biochemistry (Loomis and
Williams, 1963; Loomis and Amthor, 1999), but differs fundamentally
from many current crop models, where RUE is often set constant at the
reference condition that is to be modified (e.g. multiplicatively) by some

Fig. 5. Modelled temperature responses of radiation use efficiency (RUE) of C3
crops under ambient (380 μmol mol− 1; full curves) and elevated (760 μmol
mol− 1; dashed curves) CO2 conditions, at three irradiance levels: 50 μmol m-2 s1
(black), 500 μmol m-2 s-1 (yellow), and 1500 μmol m-2 s-1 (red). Input
parameter values for this simulation are as given in Appendix C (For inter
pretation of the references to colour in this figure legend, the reader is referred
to the web version of this article).
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in contrast to the common belief that RUE is conserved. See later for how
Eqs. (10–12) can generate the conserved nature of crop RUE as
commonly observed under field environments.

overcome this loop is to use an expression of es,Tair as a function of air
temperature: es,Tair = 0.611exp[17.4/(239 + Tair )]. The first-order de
rivative of this equation gives an estimate that can be used as the
approximated s in the first step. The error arising from this approxi
mation can be eliminated by a few iterations (McArthur, 1990). This
exemplifies the inevitability of a numerical approach in simulation of
some processes in biological systems.
Furthermore, as indicated earlier, the principles for simulation of
photosynthesis and transpiration are valid for the instantaneous time
scale (typically per second). As responses of these processes to both
radiation and temperature are nonlinear and both temperature and ra
diation vary diurnally also in a nonlinear way, temporal scaling-up from
instantaneous values to daily total also requires numerical integration
approaches (Goudriaan, 1986). Using such a numerical approach and
pre-setting a typical seasonal course of LAI, we simulated, based on Eqs.
(10–12), how RUE can vary during a day and during a growing season.
Fig. 6a shows that despite day-to-day variations in RUE, a seasonal
average of RUE eventually converges at a value as commonly recorded
RUE of C3 and C4 crops in field experiments (Sinclair and Muchow,
1999). The converged seasonal RUE is actually the average weighted by
the relative daily radiation to the seasonal total (a high daily radiation
gives a higher weight; see Fig. 6 caption text). As a high radiation yields
a low RUE (see Fig. 5) because of the nonlinear saturating nature of the
photosynthetic light response curve, the converged seasonal average
RUE tends to be closer to lower daily RUEs than to higher daily RUEs
(Fig. 6a). Likewise, a daily RUE is actually the average weighted by the
relative instantaneous radiation to the daily total, and the daily average
RUE tends to be closer to lower instantaneous RUEs than to higher
instantaneous RUEs (Results not shown). Crop scientists mostly estimate
RUE as the slope of a plot of the accumulated biomass against the cu
mulative intercepted solar radiation, and the linearity of the plot sug
gests the conserved nature of RUE during a growing season. A linear plot
can be obtained from our simulated biomass and light interception
(Fig. 6b), despite the fluctuation of daily RUEs (Fig. 6a). This suggests
that plotting two cumulative variables always generates an apparent
linearity and the “apparent” conserved RUE emerges from continually
varying RUEs within a day and within a season. The relatively conserved
nature of RUE can also be seen among years from simulation results
using multiple-year weather data (Fig. 6c).

4. Reducing empiricism despite the occasional inevitability of
numerical approaches
Algorithms introduced above can also be incorporated into crop
models to simulate subprocesses specifically and crop yield as a whole.
For example, nitrogen-determined LAI can be elaborated, avoiding the
need to introduce additional empirical parameters to simulate leaf
senescence (Fig. 1b). The differential form of Eqs. (3–4) can be used to
describe the dynamics of sink demand for assimilates (Yin and van Laar,
2005; Yin and Struik, 2017). Eqs. (10–11) can be used in RUE-based crop
models to calculate instantaneous RUE values, which, as will be shown
later, can be further explored to model daily dry-matter production.
However, as stated above, Eqs. (10–11) can easily be implemented to
calculate RUE for the potential production situation (i.e. in the absence
of water deficit). In such situation, the Cc:Ca ratio is about 0.5 for C3
species in a wide range of conditions (Yin et al., 2014; Kitao et al., 2021).
However, the Cc:Ca ratio will decrease in response to water deficit, and
the extent of its decrease will depend on the severity of water deficit.
Similarly, the CCM in C4 crops may not operate to keep a high Cc level
under water-limited conditions. In other words, the Cc:Ca ratio in C3
crops or the Cc level in C4 crops can no longer be constant but is
continually varying. This is a reason why in many ecosystem models, a
fully coupled photosynthesis− CO2 diffusion model is used.
The coupled model is often implemented by a numerical iteration to
achieve solutions to the photosynthesis rate A and the Cc:Ca ratio (e.g.
Leuning et al., 1995). An alternative is to solve them analytically but the
solution for calculating photosynthetic rate is cubic (see Yin and Struik,
2009), showcasing the complexity of a biological system. In the presence
of water limitation, most implementations are to assume an empirical
modifying factor that accounts for the effect of water limitation on
stomatal conductance gs (Wang and Leuning, 1998). Yin and van Laar
(2005) have shown that this empirical factor can be avoided, because
the actual stomatal resistance rs,a (the inverse of gs,a) can be solved being
dependent on the actual available water for transpiration (Ea) that can
be predicted from the soil module in an ecosystem model:
rs,a =

(srbh + γrbw )(Ep − Ea ) rs,p Ep
+
γEa
Ea

(13)

5. Assembling to the whole model for generating systems
behaviour

where rs,p and Ep are the potential stomatal resistance and transpiration,
respectively, in the absence of water limitation, rbh and rbw are the
boundary-layer resistance to heat and to water vapour, respectively, s is
the slope of the saturated vapour pressure as a function of temperature
and γ is the psychrometric constant. The derivation of Eq. (13) is given in
Appendix D. With actual stomatal conductance being solved before
hand, the analytical solution for photosynthetic rate under water deficit
becomes even simpler, being quadratic (see Yin and Struik, 2017).
Also due to the inherent complexity, not all solutions to a biological
question can be solved analytically. For example, to accurately simulate
the effect of temperature on leaf photosynthesis, leaf temperature (Tleaf),
rather than air temperature (Tair), should be used. But Tleaf is generally
unknown and has to be calculated from the energy balance of leaf sur
face using the Penman-Monteith principle (Monteith, 1973). First, leaf
transpiration (E) is calculated from the Penman-Monteith equation, Eq.
(D1) in Appendix D. Then, the so-called slope factor s is expressed by
definition as: s = (es,Tleaf − es,Tair )/(Tleaf − Tair ), where (es,Tleaf − es,Tair ) is
the difference in saturated water vapour pressure between leaf interior
and external air. Thirdly, from leaf energy balance, leaf-to-air temper
ature differential can be calculated as: Tleaf − Tair = rbh (Rn − λE)/ρcp ,
where Rn is net absorbed radiation, λ is latent heat of vapourisation of
water, and ρcp is volumetric heat capacity of air. However, there is an
awkward calculation loop comprising of these three equations. A way to

We have shown some examples where individual, physiological
(sub) processes or traits can be modelled using simple, yet biologically
plausible algorithms. These algorithms, when properly implemented,
can generate emergent properties for a certain parameter (e.g. the
conserved RUE). They need to be further assembled to model the whole
crop.
Crop growth involves many interacting yet contrasting components,
and each of these contrasts plays a part in forming the behaviour of the
crop as a system. Some of the biological mechanisms underlying this
behaviour are quantified, whereas others are yet to be quantified or even
totally unknown. Integrating components into crop models can give rise
to emergent properties that result in improved understanding of the crop
performance, despite the fact that many components underlying crop
growth are not understood fully (Connor, 2019).
Developments a decade ago within the APSIM modelling platform
focused on accommodating the physiological and morphological de
terminants of crop growth without introducing undue complexity, and
this resulted in an enhanced power of the crop model (Hammer et al.,
2010). Hammer et al. (2010) described a case of the extended retention
of green leaf area during grain filling (the “stay-green” trait) in sorghum,
which was generated as an emergent consequence of canopy nitrogen
dynamics associated with genetic differences in plant height. Taller
genotypes grew more and required more nitrogen for structural stem
8
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tissue, leaving less nitrogen available for leaves. Nitrogen in leaves was
more rapidly translocated to grains during grain filling. Hence,
stay-green was generated by the model partly as an emerging conse
quence in the shorter genotypes in response to genetic differences in
plant height.
Crop ideotypes have been conventionally defined largely in terms of
morphological traits, whereas most crop models represent physiological
processes of carbon assimilation without considering plant structure.
Dingkuhn et al. (2005) proposed the concept that to better assist ideo
type design and plant breeding, crop models should capture phenotypic
plasticity of morphological traits. They developed the crop model
SAMARA with simulating organ cohorts at a population scale dependent
of a virtual internal sugar signal, whereby yield can be predicted from
resource-sensitive, interactive yield component traits. A model sensi
tivity analysis showed that changing parameter values such as tillering
ability of genotypes had little effect on final grain yield because of the
emergent compensations by other traits (Kumar et al., 2016). This
largely explained why the low-tillering rice genotypes developed in the
1990s at the International Rice Research Institute did not achieve ex
pectations of higher yield potential.
Searching for simple yet biologically meaningful algorithms in
combination with exploring the symmetry of the contrasting compo
nents in terms of carbon vs nitrogen, root vs shoot, source vs sink, and
structure vs reserves has resulted in the development of a new Wage
ningen crop model GECROS (Yin and van Laar, 2005; Yin and Struik,
2017 for its latest version). When being applied to assess the impact of
elevated [CO2], the model was found to realistically estimate the
CO2-fertilisation effect on crop productivity (Yin, 2013), unlike most
crop models that had been reported to overestimate this effect (Ains
worth et al., 2008). The better performance of GECROS without
over-estimation was attributed to its ability in capturing the photosyn
thetic acclimation to elevated [CO2]. This acclimation refers to an
observation that initial enhancement of photosynthesis by elevated
[CO2] cannot be sustained over a longer term (e.g. Xu et al., 1994;
Schapendonk et al., 2000). The acclimation is an emergent property
simulated by the GECROS model for both leaf and canopy levels. At the
leaf level, the photosynthetic advantage of plants grown under elevated
[CO2] will decrease with developmental stage as a result of decreasing
leaf N content due to increased carbon accumulation that dilutes N
content in plants. There is an additional contributing mechanism that
occurs at the canopy scale: carbon-determined LAI is initially higher and
leaves will soon senesce faster under elevated than under ambient [CO2]
for a given canopy N content, see Eq. (2). As a result, LAI may eventually
become smaller, compared with the canopy at ambient [CO2]. Various
molecular mechanisms (e.g. Rubisco deactivation) have been exploited
to explain the photosynthetic acclimation (e.g. Stitt and Krapp, 1999).
GECROS simulation suggests that a large part of the acclimation is a
consequence of the carbon-nitrogen interaction and feedback mecha
nisms regulated at the whole-crop level.
Also using the GECROS model, Yin and Struik (2017) evaluated the
potential of several synthetic biology routes for improving leaf photo
synthesis in increasing C3-crop productivity. Of the nine routes of
enhancing photosynthesis corresponding to nine hypothetical new ge
notypes, only the genotype with the complete mechanism that combined
improved CCM, improved photosynthetic capacity and improved
quantum-use efficiency, brought a yield advantage of ≥50 % under
favourable conditions. This advantage was lower under the future
CO2-rich climates. The genotypes incorporated with the CCM was
simulated to show higher advantages under water-limited conditions,
engendering genotype-by-environment interactions in line with data
shown in Free-Air CO2 Enrichment experiments (Leakey et al., 2009).
Moreover, manipulating photosynthesis was shown to have unwanted
secondary effects on other traits at the crop level, e.g., inducing faster
senescence if nutrient uptake was not increased (Yin and Struik, 2017).
Previous predictions by photosynthesis physiologists, who only used a
photosynthesis model that could not identify this type of feedback

mechanisms, might have overestimated the beneficial effect of the
routes to engineer for high photosynthesis on crop productivity.
6. Outstanding areas for further model development
We have reviewed examples of simple equations that were derived
from combined exploration of physiological knowledge and mathe
matical techniques, and how these equations, when integrated, could
result in new biological insights. We believe, similar algorithms can be
derived for more processes in the future. Here we list a few outstanding

Fig. 6. Panel (a): modelled daily radiation use efficiency RUE (small symbols)
and the RUE calculated from cumulative dry matter (DM) and intercepted solar
radiation (Rint) up to the day concerned (larger symbols – which stand next
each other into a continuous curve) in one growing season. Values of RUE
∑
DM
shown in larger symbols were calculated from: RUE = ∑ ; and the equation
can be broken down as:
DM1 + DM2 + … + DMn
∑
RUE =
Rint
=

Rint

RUE1 Rint1 + RUE2 Rint2 + … + RUEn Rintn
∑
Rint

Rint1
Rint2
Rintn
= RUE1 ∑
+ RUE2 ∑
+ … + RUEn ∑
Rint
Rint
Rint
where the subscripts 1, 2, …, n denote the day number after seedling emer
gence. Therefore, as stated in the main text, the seasonal RUE is actually the
average weighted by the relative daily radiation to the seasonal total. Likewise,
the daily RUE is the average weighted by the relative instantaneous radiation to
the daily total. Panel (b) shows an apparent linearity in the plot of cumulative
DM versus cumulative Rint from the simulated data in Panel (a). Panel (c) shows
the simulated season average RUE from 1980 to 2010 years. Black and orange
symbols are for C3 and C4 crop types, respectively. Model parameter values are
as given in Appendix C. The simulation used the weather data of Los Baños,
Philippines.
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processes that warrant an immediate attention, especially for the cir
cumstances when crops are grown under stress conditions either for a
part of or the whole growing season.

Not only photosynthesis acclimates, but other processes acclimate as
well. For example, respiration constitutes a formidable “tax” during later
developmental stages in many crop models. The cost of physiological
stress defences is also a highly variable and sometimes very important
carbon sink (e.g., osmotic pumping under salinity, osmotic adjustment
under drought, antioxidant production). These stress conditions may
induce non-phosphorylating (futile) respiratory pathways (Millar et al.,
2011). Crop models do not need to simulate all these in detail, but
ignoring such responses of respiration to changing environmental vari
ables may be a major cause of simulation errors.
Also morphological traits acclimate to growth environmental con
ditions (Evans and Poorter, 2001). In addition, the acclimation of these
physiological processes or morphological characteristics can be inter
dependent. For example, photosynthetic acclimation to elevated [CO2]
is common but sink limitation exacerbates this acclimation (e.g. Fabre
et al., 2019), and morphological characteristics such as branching as a
sink may constitutively contribute to genotypic differences in the
responsiveness to elevated [CO2] (Dingkuhn et al., 2020).

6.1. Sink formation
Most crop models follow the dogma that a plant always grows as
much as light, water and nutrient resources would potentially enable,
and thus, net photosynthesis (source) is the driving process. However,
both vegetative and reproductive organs (sinks) are frequently not
commensurate with the potential source (Paul et al., 2020). In partic
ular, when stress such as drought and heat occurs, growth is uncoupled
from photosynthesis (Muller et al., 2011) and crop yield does not depend
much on the availability of photosynthates but more on the sink size
such as the number of spikelets (e.g. Shi et al., 2017). But accurately
simulating the number of fertile spikelets (sink) across diverse envi
ronments with a single set of crop parameters is challenging. Perhaps the
potential number of spikelets formed depends on photosynthates while
their survival depends more directly on the tissue temperature (Julia
and Dingkuhn, 2013; Dingkuhn et al., 2017). In this regard, the time
window in days for determining the potential number of spikelets, and
hours within a day and transpirational cooling for tissue temperature
that determine spikelet survival are all crucial to model (Kadam et al.,
2019).

7. Caveats
This review outlines the needs, strategies and areas of improving
crop models. In this section, we specify caveats from theoretical and
practical considerations of crop modelling, respectively.
Being inspired by the well-known equations in physics, we seek the
concept of clean and elegant modelling of biological systems. The
specificity of biological systems resides in coded memory (DNA) of a
species’ evolutionary past, providing it with an arsenal of behaviours to
capture, compensate or avoid. Although higher plants share core be
haviours (e.g., architectural arborescence, photosynthesis, respiration,
turgor maintenance), the underlying rules are not primary as in funda
mental physics. Genotypes express zillions of DNA codes into their zil
lions of behaviours, translating into zillions of coefficients for zillions of
reaction norms. Crop models must reduce them to a small number of
higher-level, emergent rules that are robust within a given domain. It is
unrealistic to expect such rules to be as clean and generic as laws in
fundamental physics. Have stated that, the cases we presented suggest
that in crop science, while there are few constants as invariant as those
like G, c and h in physics (see the Introduction section), it is still possible
to identify parameters, like kn in Eq. (1), kl in Eq. (8) or more broadsense parameters RUE and water use efficiency (WUE), which are
believed to be, at least to some extent, crop- or genotype-specific. While
the laws of physics impose limits on the range of random genetic fluc
tuations, it is amazing how much variation in life forms is still possible,
even within the small corner of the agriculturally important crop plants
that have various shapes of organs. The powerful force of evolution
shows up in convergence, and the convergence within the limits of
physical and chemical laws takes place in the physiological traits that
are sought by plant breeders, who respond to the needs of the human
society. It is here where the unifying concepts like kn, kl, RUE, WUE etc
appear in the crop models, and we propose to adhere to physiological
principles in combination with solid mathematics for developing algo
rithms expressing differences in RUE, WUE and etc.
While this way may inspire interest and thinking for the directions of
developing next-generation crop models, it is noteworthy that strictly
speaking, all models are not real, and their uncertainties cannot be
neglected. Also, crop models are basically suitable for simulating soilcrop-atmosphere processes over relatively uniform spatial conditions;
however, there are inherent spatial variabilities within and between
fields. These limit the model application in practice for guiding farmers.
Therefore, data of crop, soil water and nutrients in the cropping systems
are critical for practical applications. Currently, big data from remote
sensing, proximal sensing, other sensor technologies, and highthroughput phenotyping are increasingly becoming available. Modern
statistical methods, such as machine learning, deep learning, and arti
ficial intelligence, are available to make best use of these data or derive

6.2. Sink feedback on photosynthetic source activities
The method described earlier based on eqs. (3–6) is useful as it serves
as an ex-post diagnostic tool to determine the source-sink balance.
However, the challenge is to model source and sink dynamics, including
their interactions. Modelling of the feedback effects of sink on source
activity is still in its infancy, but becomes important as climate change
variables (e.g., [CO2], heat, and drought) increasingly disturb crop
production.
Sink limitation of photosynthesis is common under elevated [CO2]
and this limitation may occur more in the afternoon than in the morning
of a diurnal cycle (Fabre et al., 2019). Furthermore, differences in the
sink : source ratio, expressed in the relative panicle to leaf size (Fabre
et al., 2020) or in branching dynamics (Dingkuhn et al., 2020), may also
constitutively contribute to genotypic differences in growth vigor
throughout the growth cycle. Given that crop models today are
increasingly applied to quantify genetic differences of a diversity panel
under challenging environments (Dingkuhn et al., 2017; Kadam et al.,
2019), accurate modelling of sink-source interactions is a prerequisite
for such endeavour.
6.3. Acclimation to growth environment
Model input parameters are often said to be crop- or genotypespecific, or even called “genetic coefficients”. However, in many cases
genotypic coefficients are instable across diverse environments. In
physics, such variations do not happen. The problem with biological
processes may in part arise from acclimation.
Earlier we showed that the acclimation of photosynthesis to elevated
[CO2] can be simulated by the crop model GECROS as an emergent
phenomenon by the dilution of nitrogen in plant tissues. However, this
mechanism cannot simulate the photosynthetic acclimation to temper
ature and other variables, which may be related to epigenetic control of
acclimation processes. Current crop models assume constant “genetic
coefficients”, which would mean that the same genotype expresses the
same genes across environments. In reality, the expressed genotype
changes with environment (e.g. Stitt et al., 2021). Yin et al. (2019)
explored this and developed a method that can model photosynthetic
acclimation to various environmental conditions; but time constants for
acclimation of various photosynthetic components are yet to be quan
tified before the method can be applied in a crop model framework.
10
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useful algorithms (van Klompenburg et al., 2020). These data and
data-based algorithms provide opportunities to better capture the
spatial and temporal variations when running crop models over spatial
domains (McCormick et al., 2021; Shahhosseini et al., 2021). Thus,
model-data fusion using spatially and temporally referenced data
streams in relation to the simulation objectives will enable crop models
to be more accurate using different data assimilation techniques (Paudel
et al., 2021; Yang et al., 2021). The successful coupling of data streams
to the crop models will provide support to in-season adaptive manage
ment, yield forecasting, assessment of environmental impacts and sus
tainability of crop production. Our proposed modelling strategies can
strengthen the future application of crop modelling when in combina
tion with the emerging data science.

unravelling of the unknowns. Models resulting from this integration can
be used not only for practical prediction, but more importantly, as a
research tool for data synthesis, system design, and (model-)assisted
heuristics. This latter applicability should be considered as a funda
mental criterion to evaluate the quality of crop models, in addition to the
already established criteria for publishing crop models (Sinclair and
Seligman, 2000). Thus, there should not be a separation of models for
prediction from those for heuristics. All models should aim to be based
on underlying causes of a phenomenon, rather than empirically
describing it. In this way, crop modelling complements experimentation,
not merely in a way that experiments generate data for parameterisation
and validation of the predictive model, but more in that modelling and
experimentation interact in an iterative manner to co-contribute the
unravelling of biological insights that, for example, underlie
genotype-to-phenotype relationships.
Historically, crop modelling was not totally separate from physics.
To initiate crop modelling, de Wit (1959,1965,1968; also see de Wit and
Penning de Vries, 1985) followed the ideas of a theoretical biologist van
Bertalanffy, who conceptualized organisms as physical systems (von
Bertalanffy, 1969). De Wit also introduced the approach of Forrester
(1961) for simulating dynamics of industrial systems into crop model
ling. In both biological and physical systems, concepts such as feedback
and feedforward are exploited in models that can generate the emerging
behaviours of the system. We feel, these basic concepts of the modelling
founders are fading into oblivion in the current, dominant crop model
ling community, where making an ensemble of a growing number of
models full of trivial empirical algorithms tends to become a norm. We
hope that examples presented here can help to alter this trend so as to
focus more on improving the real quality of crop models, rather than
merely making model ensembles. Only in this way could modellers get
rid of the paradox that the more models we have, the less certain we
understand the crop. This way is also in line with what Prof Bob Loomis
advocated to quantitatively integrate principles of physics, biochem
istry, botany and physiology (Loomis and Williams, 1963; Loomis et al.,
1979) to address broad questions in agronomic and crop science.

8. Concluding remarks
Regardless of theoretical or practical considerations, crop models
urgently need improvement; but as indicated in Introduction, opinions
differ with regard to how to improve models. Here, we join Hammer
et al. (2019), who argued that biological reality and parsimony in crop
models “do not need to be independent and perhaps should not be”. We
further stress that to achieve both biological rigour and model
simplicity, physiological insights and mathematics should be combined,
in analogy to some equations in physics. We have reviewed examples of
crop-model equations that were derived in such a manner. The equa
tions of this type have an essence of beauty, simplicity and robustness. Our
experiences suggest that numerically incorporating every detail of un
derlying biology per se into a crop model is not always necessary because
the details are already considered in steps for mathematical derivations
of the end equations. Given that overall, crop modelling already relies on
numerical simulation with a certain time step to simulate the final
phenotype (e.g. crop yield), modellers should avoid excessive numerical
approaches for calculating its subprocesses, although numerical itera
tions cannot be avoided sometimes.
The advantages of this modelling approach based on these equations
are multi-fold: (i) principles of crop physiology can still be explored as
overarching guidelines (as used in conventional crop models), yet new
biological understandings are introduced to the models in a modular
manner; (ii) a clumsy, excessively numerical, modelling approach can be
minimised; (iii) there is little requirement to validate individual algo
rithms against experimental data; instead, they help to interpret data;
(iv) the stand-alone algorithms can be applied for various physiological
analyses, e.g. characterising genetic variation or environmental in
fluences on the traits of relevance, and (v) models integrating those
known equations can be used to generate new hypotheses to assist the
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Appendix A. Derivation of eqn (1)
Yin et al. (2000) described the mathematical steps for deriving Eq. (1). As stated in the main text, according to the Beer-Lambert law of leaf ni
trogen distribution in the canopy, the nitrogen content of leaves (in g N m− 2 leaf) at the i-th layer from the top of the canopy, ni, can be expressed as:
ni = n0 e−

(A1)

kn Li

where n0 is the nitrogen content of top leaves in the canopy (in g N m− 2 leaf), and Li is the LAI counted from the top to the i-th layer of the canopy (in m2
leaf m− 2 ground). The total amount of leaf nitrogen in the canopy, N (in g N m− 2 ground), can be obtained by integrating Eq. (A1) over the depths of
the canopy:
∫L
n0 e−

N=

k n Li

(
dLi = n0 1 − e−

kn L

)/

(A2)

kn

0

where L is total green leaf area index of the canopy. Solving Eq. (A2) for n0 and substituting it into Eq. (A1) gives:
/(
)
ni = kn Ne− kn Li 1 − e− kn L
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When Eq. (A3) is applied to the bottom layer of a full canopy where the nitrogen content of the bottom leaves is as low as nb, then ni becomes nb and
Li in Eq. (A3) becomes the LAI from the top to the bottom layer, i.e. L, so, Eq. (A3) can be written as:
/(
)
(A4)
nb = kn Ne− kn L 1 − e− kn L
Eq. (A4) can be rewritten as:
kn N
= ekn L − 1
nb

(A5)

Solving for L from Eq. (A5) gives Eq. (1) in the main text, which analytically expresses Ln, the LAI as determined by the total canopy nitrogen
content N. It avoids a numerical procedure to find the converged value of Ln conditional to a given amount of N (see the main text).
Appendix B. Derivation of eqns (10 and 11)
Gross rate of canopy CO2-assimilation (Ag,canopy) is an integral of the gross rate of CO2-assimilation of individual leaves (Ag,leaf) from the top to the
bottom of the canopy:
∫L
Ag,canopy =

( )
Ag,leaf Li dLi

(B1)

0

where L is total green leaf area index of the canopy, and Ag,leaf(Li) is Ag,leaf for the leaves at the canopy position where the LAI counted from the top is Li.
The values of Ag,leaf can be described by a family of equations for photosynthetic light response curves, characterised by two parameters: light-limited
initial quantum use efficiency (ΦCO2) and light-saturated maximum rate of photosynthesis (Ag,max) (Goudriaan and van Laar, 1994):
rectangular hyperbolic : Ag,leaf =

Ag,max ΦCO2 Iabs
Ag,max + ΦCO2 Iabs

(
negative exponential : Ag,leaf = Ag,max 1 − e−

(B2a)

ΦCO2 Iabs /Ag,max

)

(B2b)

Ag,max ΦCO2 Iabs
squared hyperbolic : Ag,leaf = √̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Ag,max 2 + (ΦCO2 Iabs )2

nonrectangular hyperbolic : Ag,leaf =

ΦCO2 Iabs + Ag,max −

(B2c)
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(ΦCO2 Iabs + Ag,max )2 − 4θΦCO2 Iabs Ag,max
2θ

(B2d)
(B2e)

Blackman − type : Ag,leaf = min(Ag,max , ΦCO2 Iabs )

where θ in Eq. (B2d) is the curvature factor with 0≤θ≤1. With this factor, Eq. (B2d) is generic given that it becomes eqn (B2a) if θ = 0 and becomes eqn
(B2e) if θ = 1. But it does not generate Eq. (B2b) or Eq. (B2c) mathematically. However, curves generated by Eq. (B2b) and Eq. (B2c) are very similar to
those of Eq. (B2d) when θ is 0.7 and 0.8, respectively. Note that Eqs. (B2a-e) could be collectively defined as Ag,leaf = Ag,max f(x), where x is the
dimensionless combination, i.e. x = ΦCO2 Iabs /Ag,max , and the function f(x) has a value between 0 and 1 (Goudriaan, 1995).
Analytical solutions to Eq. (B1) do not exist, except for the case when Eq. (B2a) is used to describe Ag,leaf,i (Yin and Wang, 1964; Thornley, 1976;
Loomis and Connor, 1992; Goudriaan and van Laar, 1994). However, of the two photosynthetic parameters in Eqs. (B2a-e), ΦCO2 is an efficiency
parameter that must vary little with canopy depths while Amax is determined by the level of photosynthetic protein complexes and thus depends on
local leaf nitrogen content (Evans, 1983; Sinclair and Horie, 1989). It has been demonstrated that local nitrogen content, thus local Amax, acclimates to
local irradiance level in the canopy, while the distribution of irradiance in the canopy generally follows the Beer-Lambert law (Monsi and Saeki, 1953;
Evans, 1993). If Amax acclimates to local irradiance level in such a way that the extinction coefficient of Amax is the same as the extinction coefficient of
light intensity (kl) in the canopy, Ag,canopy will be maximised (Goudriaan, 1995). Eq. (B1) can then be analytically solved, regardless of the equation
form for describing the light response curve of leaf photosynthesis (Sands, 1995):
Ag,canopy =

1 − e−
kl

kl L

(B3)

Ag,leaf,0

where Ag,leaf,0 is the photosynthetic rate of canopy uppermost leaves, whose absorbed light levels would be klIinc (where Iinc is the incoming irradiance
level). Eq. (B3) shows a commonality in calculating leaf and canopy photosynthesis, and is known as the “big-leaf” model for canopy photosynthesis. It
suggests that for a full canopy where L is high and the term (1 − e− kl L ) is close to 1, canopy photosynthesis is about twice as high as the top-leaf
photosynthesis for a typical canopy where kl = 0.5 m2 m− 2.
According to the Beer-Lambert law of light penetration in the canopy, the total amount of light intercepted or absorbed by the canopy, Iabs,canopy, is
(1 − e− kl L )Iinc (Monsi and Saeki, 1953; Charles-Edwards, 1982), as used in most RUE-based crop models. Thus, the canopy quantum-use efficiency of
CO2-assimilation can be formulated as:
ΦCO2,canopy =

Ag,canopy
1
=
Ag,leaf,0
Iabs,canopy kl Iinc

(B4)

We choose the rectangular hyperbolic Eq. (B2a) to be used in Eq. (B4) for calculating Ag,leaf,0 because, for a given set of values for ΦCO2 and Ag,max,
rate of leaf photosynthesis calculated by Eq. (B2a) is lowest among the values by Eqs. (B2a-d). This would compensate for an overestimation of Ag,
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by Eq. (B3) that assumes an optimum vertical distribution of Ag,max (having the same extinction coefficient as kl) whereas the extinction co
efficient of photosynthetically effective nitrogen is mostly lower than kl (Hikosaka et al., 2016). Thus, Eq. (B4) can be written as:

canopy

ΦCO2,canopy =

1
Ag,max,0 ΦCO2 kl Iinc
Ag,max,0 ΦCO2
=
kl Iinc Ag,max,0 + ΦCO2 kl Iinc Ag,max,0 + ΦCO2 kl Iinc

(B5)

where Ag,max,0 is the light saturated maximum photosynthetic rate of canopy uppermost leaves.
From Eq. (7) in the main text, Ag,max,0 can be expressed as:
Ag,max,0 =

Cc − Γ *
Jmax,0
4(Cc + 2Γ * )

(B6)

This assumes that the light saturated photosynthetic rate is determined by Jmax, rather than by Vcmax (the maximum Rubisco-carboxylation rate)the primary enzyme-activity parameter in the model of Farquhar et al. (1980). This assumption works well as long as the model is not used to
sub-ambient [CO2] conditions where photosynthetic rates would be limited by the Rubisco activity. The assumption is also supported by the evidence
that points along an entire light response curve under ambient and higher [CO2] conditions are virtually electron-transport determined (Archontoulis
et al., 2012). This not only simplifies model algorithms but also considerably reduces the number of parameters for using the model of Farquhar et al.
(1980) (the full model, as shown by Yin and Struik, 2017, has 29 parameters for C3 photosynthesis and 41 for C4 photosynthesis, which are now down
to 6–7 parameters for both photosynthesis types, see Appendix C). Substituting Eq. (B6) for Ag,max,0 and Eq. (8) in the main text for ΦCO2 into Eq. (B5),
and then simplifying, give a simple equation, Eq. (10) in the main text, for calculating canopy quantum use efficiency for C3 crops.
Likewise, the equivalent equation for C4 crops can be given as:
Ag,max,0 =

1000 − Γ *
Jmax,0
4(1000 + 2Γ * )

(B7)

Substituting Eq. (B7) for Ag,max,0 and Eq. (9) in the main text for ΦCO2 into Eq. (B5), and then simplifying, give Eq. (11) in the main text for
calculating canopy quantum use efficiency for C4 crops.
Appendix C. Dependence of photosynthetic parameters on temperature and leaf nitrogen
Eqs. (10) and (11) in the main text describe how canopy light use efficiency (ΦCO2,canopy) responds to CO2 levels and light intensities. However,
ΦCO2,canopy is also affected by temperature and leaf nitrogen content. The effect of temperature (T, in K) can be reflected via its effect on parameters on
CO2-compensation point (Γ *) and on maximum electron transport rate (Jmax) whereas the effect of nitrogen is reflected via its effect only on Jmax:
[ (
)]
E 1
1
Γ * = Γ*25 exp
−
(C1)
R 298 T

Jmax

[ (
[ (
) ] 1 + exp HR HS −
E 1
1
[ (
−
= Jmax25 exp
R 298 T
1 + exp HR HS −

)]
1
298

(C2)

)]
1
T

(C3)

Jmax25 = χ (n − nb )
− 1

− 1

− 1

Eq. (C1) is the standard Arrhenius equation, where R is the universal gas constant (= 8.314 J K mol ), and E is activation energy (J mol ). The
standard Arrhenius equation has a shape very similar to the Q10 model. The value of E for Γ * is about 32,000 J mol− 1, which is approximately
equivalent to the Q10 factor of 1.55 (Yin et al., 2014).
Eq. (C2) is a modified Arrhenius equation, where in addition to the activation energy E, there are two other parameters: H is the deactivation
energy (J mol− 1) and S is the entropy term (J K− 1 mol− 1). This modified equation accounts for an optimum response to temperature, with the optimum
temperature (Topt, in K) being: Topt = H/[S + R∙ln(H/E − 1)]. The value of H is about 200,000 J mol− 1, that of S is about 650 J K− 1 mol− 1 (Harley
et al., 1992) and E for Jmax depends on crop species, ranging from 30,000 J mol-1 for temperate crops to 97,000 J mol− 1 for warm-climate grown crops
(Yin and van Laar, 2005), but it has to be lower than H because otherwise Topt cannot be calculated by the equation (Yin, 2021). For our simulation
illustrated in this paper, we set to E for Jmax = 88,380 J mol− 1.
Eq. (C3) is formulated according to Harley et al. (1992) and Yin and Struik (2015), defining the response of Jmax (μmol m− 2 s-1) to leaf nitrogen
content (n, g m− 2), where nb has the same meaning as defined in Eq. (1) in the main text. The slope factor χ of Eq. (C3) has a value of about 100 μmol (g
N)-1 s-1 for C3 crops (Yin and Struik, 2017), and that for C4 crops can be set to about 125 μmol (g N)-1 s-1 to apparently account for about 25 % higher
turnover rate of the primary carboxylation enzyme of the Calvin cycle in C4 photosynthesis than in C3 photosynthesis (Cousins et al., 2010). The linear
relationship as defined in Eq. (C3) guarantees that the extinction coefficient of photosynthetically effective leaf nitrogen, (n − nb ), is the same as that of
Jmax and Ag,max. The value of (n − nb ) for a top leaf in canopy was set to 2.0 g N m− 2 in our simulation.
Appendix D. Derivation of eqn (13)
The derivation of Eq. (13) in the main text was first given by Yin and van Laar (2005). According to the Penman-Monteith equation based on the
principle of leaf-surface energy balance (Monteith, 1973), potential leaf transpiration (Ep, kg m− 2 s-1) is:
/
sRn + ρcp D rbh
)]
(
Ep = [
(D1)
r +r
λ s + γ bwrbh s,p

13

X. Yin et al.

Field Crops Research 271 (2021) 108254

where Rn is net absorbed radiation (J m− 2 s-1), D is saturation vapour pressure deficit of the external air (kPa), rs,p is the potential stomatal resistance in
the absence of water limitation (s m-1), rbh and rbw are the boundary-layer resistance to heat and to water vapour (s m-1), respectively, s is the slope of
the saturated vapour pressure as a function of temperature (kPa ◦ C-1), λ is latent heat of vapourisation of water (J kg-1), ρcp is volumetric heat capacity
of air (J m-3 ◦ C-1), and γ is the psychrometric constant (kPa ◦ C-1).
In the presence of water limitation, the actual transpiration (Ea, kg m− 2 s-1) can be written as:
/
sRn + ρcp D rbh
(
)]
Ea = [
(D2)
r +r
λ s + γ bwrbh s,a
where rs,a is the actual stomatal resistance in the presence of water limitation. Eq. (D2) assumes that values for both s and Rn do not vary between the
potential and actual transpiration situations. This is an approximation because values of both depend on leaf temperature, which does vary between
the two situations. However, if we assume that the stomatal regulation is the major mechanism for the water limitation effect on photosynthesis as
assumed in most models, the effect of the approximation is negligible. Dividing Eq. (D1) by Eq. (D2) gives:
Ep srbh + γ(rbw + rs,a )
=
Ea srbh + γ(rbw + rs,p )

(D3)

Solving Eq. (D3) for rs,a gives Eq. (13) in the main text.
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