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Abstract

Several studies have been conducted to understand the dynamic of primary
metabolisms in fruit by translating them into mathematics models. An ODE
kinetic model of sugar metabolism has been developed by Desnoues et al. [1]
to simulate the accumulation of different sugars during peach fruit develop-
ment. Two major drawbacks of this model are (a) the number of parameters
to calibrate and (b) its integration time that can be long due to non-linearity
and time-dependent input functions. Together, these issues hamper the use
of the model for a large panel of genotypes, for which few data are available.
In this paper, we present a model reduction scheme that explicitly addresses
the specificity of genetic studies in that: i) it yields a reduced model that
is adapted to the whole expected genetic diversity ii) it maintains network
structure and variable identity, in order to facilitate biological interpreta-
tion. The proposed approach is based on the combination and the systematic
evaluation of different reduction methods. Thus, we combined multivariate
sensitivity analysis, structural simplification and timescale-based approaches
to simplify the number and the structure of ordinary differential equations of
the model. The original and reduced models were compared based on three
criteria, namely the corrected Aikake Information Criterion (AIC¢), the cal-
ibration time and the expected error of the reduced model over a progeny
of virtual genotypes. The resulting reduced model not only reproduces the
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predictions of the original one but presents many advantages including a re-
duced number of parameters to be estimated and shorter calibration time,
opening new promising perspectives for genetic studies and virtual breeding.
The validity of the reduced model was further evaluated by calibration on 30
additional genotypes of an inter-specific peach progeny for which few data
were available.

Keywords: model reduction, sensitivity analysis, structural simplification,
quasi-steady-state, peach fruit, kinetic model, model calibration,
gene-to-phenotype.

1. Introduction

Plants are sessile organisms endowed with the capacity to alter their de-
velopment, physiology, and morphology depending on the context. Plant
phenotype is the result of the interaction between the environment, cultural
practices and plant’s genetic background (genotype). In the context of agron-
omy, increasing efforts have been made to select varieties that better meet
consumers’ expectations. Today it is clear that future breeding should ac-
count for complex plant phenotypes, responding to a large panel of criteria,
including increased yield, abiotic and biotic stress tolerance, and quality of
food products.

Genotype-phenotype models have been considered as the tools of the fu-
ture to design new genotypes since they can help to test the performance
of new genotypes (G) under different Environments (E) x Management (M)
conditions. The challenge is to build ecophysiological models that integrate
genetic information associated to specific processes (traits). In general, geno-
types are defined by a set of parameters, which depends on gene expression
or allelic combination, depending on the genetic complexity of the considered
trait as well as the available information [2]. Genetic-improved ecophysiolog-
ical models can then be used to capture GxExM interactions. They can also
be used to design “ideotypes” i.e. real or virtual plant cultivars expressing
an ideal phenotype adapted to a particular biophysical environment, crop
management, and end-use [3, 4]. For this, it is necessary to combine the
genetic-improved ecophysiological model with a multi-objective optimization
algorithm to identify the best genotypes for specific conditions [5].

Construction of gene-to-phenotype models is challenging. First, the ap-
proach requires that a sole and unique model can reproduce the behavior of
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all genotypes, in multiple environments, the diversity observed being sup-
ported by different sets of parameters. Second, calibration of the models for
a large number of genotypes is generally difficult, due to a large number of
parameters (typically from 50 to 200 in whole-plant ecophysiological mod-
els) along with a restricted number of observations [6, 7]. Due to the model
complexity and non-lineairities, evolutionary and bio-inspired algorithms are
increasingly used both for parameter estimation and ideotype design. These
methods can explore high-dimensional parameter space efficiently but they
rely on a large number of model evaluations, that can rapidly increase the
computational time required to find a solution. Third, the genetic architec-
ture of complex traits can be very complex, due to epistatic and pleiotropic
effects. In this sense, the presence of biologically-meaningful parameters can
considerably help the interpretation of the resulting genetic architecture, fa-
cilitating the breeding process. Ideally, most the model is close to omics data,
the easier the linkage between the parameters and the underlying physiolog-
ical processes.

Kinetic modeling has been successfully applied to several metabolic path-
ways in plants [8, 9, 10]. In this spirit, a kinetic model of sugar metabolism
has been developed in [1] to simulate the accumulation of different sugars
during peach fruit development. The model correctly accounts for annual
variability and the genotypic variations observed in ten genotypes derived
from a larger progeny of inter-specific peach cross. At term, the objective
of the research is to integrate the genetic control of sugar metabolism in
this kinetic model and develop a methodology to design ideotypes by vir-
tual breeding. To achieve this, it is necessary to estimate accurately the
values of the influential parameters of the model for the whole progeny of
106 genotypes for which few data are available. Unfortunately, the size of
the parameter space and the non-linearity of the reaction rates make the
calibration of the model unreliable and time-consuming.

One way to face these weaknesses is to reduce the complexity of the model
[11]. Several reductions and approximation approaches exist in the literature,
each one addressing a specific aspect of model complexity [12, 13]. A number
of methods, such the lumping method |14, 15] or the classical quasi-steady-
state (QSS) approaches, aim at reducing the number of variables based on
chemical or time-scale considerations |16, 17]. Methods from sensitivity anal-
ysis may help to reduce the parameter space by identifying non-influential
parameters, whose values can be fixed by broad literature data [18, 19, 20, 21].
Last but not least, the structure of the model itself can be simplified. Meth-
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ods for model decomposition [22, 23, 24| aim to separate the system into
sub-networks or sub-models, that are easier to analyze and parameterize.
The choice of reaction kinetics is also very important for model complexity.
In this perspective, the use of simplified enzyme kinetics [25, 26, 27| may be
useful to avoid the emergence of numerical and identifiability issues.

Different reduction methods can be combined together. In [28] for in-
stance, model decomposition is associated to variable transformation, re-
sulting in a low-dimensional description of the “exterior” part of the system,
whereas in [15] time scale analysis is used to identify a cluster of fast variables
to be lumped together.

In the work of Apri et al. [29] different reduction steps (parameter re-
moval, node removal, variable lumping) are sequentially tested following a
practical scheme: at each step, if the reduced model, after parameter re-
estimation, can reproduce some target outputs, the modification is selected,
and rejected otherwise. From the point of view of genetic applications, a
major drawback of the approach of Apri et al. [29] is that the selection of
acceptable reduction results depends on the specific target dynamics.

As a consequence, different target outputs (i.e. genotypes) can give rise
to reduced models with different structures or parameters number, making
their comparison difficult in the perspective of genetic studies.

The objective of this work was to provide a method to build a reduced
model that is adapted to the specificity of genetic studies in that: i) it yields
a reduced model that is adapted to the whole expected genetic diversity ii) it
maintains network structure and variable identity, in order to facilitate the
biological interpretation of the reduced model.

Similarly to the approach of Apri et al. [29], our reduction strategy tests
different methods in several parallel steps that, if retained, are combined
together into a final reduced model (Fig. 1).

First, multivariate sensitivity analysis was attempted to reduce the pa-
rameter space [30]. Second, we tried to simplify the structure of the model
by reducing non-linearity and time-dependent forcing, and finally, a quasi-
steady-state approximation based on time-scale separation was tested to re-
duce the size of the system. Particular attention was devoted to the system-
atic evaluation of the different reduction methods. Three main criteria were
used to assess the interest of the reduction: i) the corrected AIC value, eval-
uating the relative gain between model simplification and loss of accuracy
over an experimental dataset, ii) the calibration time, as a measure of model
efficiency, iii) the expected error between the original and the reduced model

4
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over a population of virtual genotypes, as a measure of the reliability of the
simplification scheme.

As a case study, the proposed reduction scheme was applied to the model
of sugar metabolism proposed by Desnoues et al. [1]. The resulting reduced
model correctly reproduces data on the original 10 genotypes with only 9 es-
timated parameters (out of 14 in the original model) and a gain in calibration
time over 40%. In addition, the reduced model was successfully calibrated on
30 new genotypes of the same inter-specific peach progeny, for which fewer
data points were available.

The paper is organized as follows. In the next section, we briefly present
the original model of sugar metabolism developed by Desnoues et al. [1].
Section 3 is devoted to the description of the individual reduction methods,
whereas Sections 4 and 5 present, respectively, the datasets and the numerical
methods used for the assessment of the proposed model reduction. The
results of the application of our reduction scheme to the model of sugar
metabolism are reported in section 6. A general discussion on the advantages
and limitations of our approach closes the paper.

2. Description of the peach sugar model

The model developed by Desnoues et al. [1] describes the accumulation
of four different sugars (sucrose, glucose, fructose, and sorbitol) in peach
fruit during its development over a progeny of ten peach genotypes with
contrasting sugar composition. The fruit was assumed to behave as a single
big cell with two intra-cellular compartments, namely the cytosol and the
vacuole. Carbon enters the fruit from the plant sap which is transformed by a
metabolic network, including enzymatic reactions and transport mechanisms
between the cytosol and the vacuole.

The developed dynamical model made explicit use of experimental data to
describe the evolution of the sub-cellular compartment (due to fruit growth)
and enzyme activities (due to fruit developmental program) over time. To
this aim, measured fruit dry and fresh masses and enzyme activities were
represented by genotype-specific temporal functions and provided as input
to the model.

From a mathematical point of view, the model can be described as a set
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of parametric ordinary differential equations:

dx
E :f($(t)71(t),v(t),p), (1)
l’(to) = 2o, (2)

where ¢ is the independent time variable in days after bloom (DAB); z € R1°
is the concentration vector of metabolites in the corresponding intra-cellular
compartment and zo € R in Eq.(2) is the vector of the corresponding ini-
tial values. I € R is the time-dependent input of carbon from the plant
and v € R” is the vector of time-dependent measured enzymatic activities;
p = (p1,-..,p23) is the vector of parameters defining the rate reactions where
Pi1,--.,p14 have to be estimated and pis,...,po3 are fixed from literature
data. f(x(t),1(t),v(t),p) of Eq.(1) describes the change in compounds con-
centrations. Equations of the reduced and original model are introduced in
Appendix Appendix A.l.

3. Model reduction methods

In this section, we present a reduction scheme explicitly dedicated to
genetic studies that combines different methods in several parallel steps as
shown in (Fig. 1) and explained in the next subsections.
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Original Model

Multi-variate
sensitivity analysis
Apply the - Calibration Time The selected method
Structural simplification reduction method - Expected Error is discarded
methods
—» | Combine (part of ) the | The selected method
validated reduction methods is validated

Intermediate Reduced
Model

- Calibration Time
- Expected Error,

QSS Approximation

Final Reduced Model Yes

- Calibration Time
< Expected Error

Figure 1: Graphical representation of the proposed model reduction scheme. Yellow di-
amonds represent model evaluation steps by means of our 3 criteria: the corrected AIC
value, calibration time and expected error over a virtual population. The tested reduction
methods are indicated in green. Multivariate sensitivity analysis and three structural sim-
plification methods are independently applied to the original model and evaluated. The
validated methods are then combined into an intermediate reduced model whose perfor-
mances are again submitted to evaluation. Finally, the application of a QSS approximation
over the intermediate reduced model is tested to yield the final reduced model.

3.1. Multivariate sensitivity analysis

Generally, in the case of complex models, estimating parameters requires
a lot of effort and is known to be a difficult and challenging task. In par-
ticular, it is tricky to determine which parameters can be fixed. The global
sensitivity analysis methods allow to explore the influence of each parameter
on model outputs and thus to identify the key parameters that affect model

7
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performance and play important roles in model parameterization, calibra-
tion and optimization [21]. Multivariate sensitivity is a method developed
by Lamboni et al. [30] that allows the application of global sensitivity anal-
ysis to models having a multivariate (eg. dynamic) output. The idea is to
perform a principal components analysis on the outputs, and then compute
the sensitivity indexes for each principal component. The results are sum-
marized by the generalized sensitivity indices (GSI) that provide a unique
ranking of the parameters over the whole output.

This method was applied to the 23 parameters of the original model

and to the measured enzymatic activities v. Each parameter was studied at
three levels, corresponding to 0.05, 0.5 and 0.95 quantiles of the previously
estimated 14 parameters values |[1] and to a variation of —20% and +20%
of the fixed values for the other parameters. For time-dependent enzyme
activities, the same —20% and +20% variation was applied on their average
values over the whole dynamics.
In order to evaluate the impact of the genotype choice on the results of
the sensitivity analysis, simulations were performed according to a factorial
design, following the ANOVA model genotypes x (p1+. .. pag+v1+...+v7)%
The package "Planor" in R (R Development Core Team 2015) was used.
The minimum resolution of the plan was fixed by using the tool MinT [31]
to test all main effects and interactions. The factorial design resulted in
10 x 3% = 196 830 simulations.

Multivariate sensitivity analysis was performed independently on the dy-
namics of the four output sugars (i.e sucrose, glucose, fructose, and sorbitol)
that compose peach fruit. In order to determine the least sensitive parame-
ters, the whole sugar phenotype has to be taken into account, with respect to
the relative proportions of each sugar. For this aim, an aggregate generalized
sensitivity index (aGST) was constructed for each parameter as

4
aGSI = ZGSA Bi (3)
i=1

where GST is the generalized sensitivity indice computed for the sugar ¢ and
B; the relative proportion of sugar i in the fruit. g = (0.72,0.13,0.09,0.05)
for sucrose, glucose, fructose, and sorbitol, respectively.

3.2. Structural simplification methods
This section aims to simplify the structure of the model in terms of net-
work and reaction rates while preserving its predictive ability. The structural
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simplification includes the three following strategies:

3.2.1. Simplifying the description of enzymatic capacities

Seven enzymatic capacities V,,,, are represented in the original model.
Some of these capacities were assumed to vary over time (temporal effect)
and /or to depend on the phenotypic group (phenotype effect), according to
experimental evidences [32]. The characteristics of enzyme capacities are
summarized in Table 1. In order to simplify the model, we systematically
tested the impact of the suppression of the phenotype and/or the tempo-
ral effect on each single capacity. Depending on the characteristics of the
considered enzyme (Table 1), the procedure is slightly different:

1 Vl V2
Phenotype effect : { v@” — Ymaz * Vinaa (4)
Vmax 2
Temporal effect : Vinaz(t) = < Vinaz () >4 (5)
Double effect : (4) then (5) applied (6)

where < . >; stands for temporal average over the whole dynamics.

Table 1: Characteristics of enzymatic activities in [1]

Vinaz Phenotype effect Temporal effect

V1 No No
Vg No Yes
U3 Yes No
o No Yes
Vs No Yes
Ug Yes Yes
Uy Yes Yes

3.2.2. Rate simplification
In the original model, enzymatic reactions were represented by an irre-
versible Michaelis-Menten (MM) equation:

i (7)

u(z,t) = Vipaw
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where V.. is the enzymatic capacity. K, is the affinity of the enzyme for
the substrate, x(t) is the concentration of the substrate at time ¢.

The objective here is to simplify Eq.(7) in order to improve the efficiency
of the numerical simulation. Depending on the relative levels of the substrate
concentration and the MM equation affinity, two simplifications of the flows’
equations can be made:

Case 1: if z(t) << K,

Substrate concentration is small compared to the affinity of the enzyme for
the substrate then we can write: u(z,t) = ‘;(m—:fx(t)

Case 2: if z(t) >> K,,

Substrate concentration exceeds the affinity of the enzyme for the substrate,
so that the enzyme can be supposed close to saturation: u(z,t) = V0.

3.2.8. Futile cycle removal

The presence of internal cycles within a metabolic network can lead to
the appearance of thermodynamically unfeasible loops i.e. reactions that run
simultaneously in opposite directions (for example Fig. 2) and have no overall
effect on the exchange fluxes of the system. This is an undesirable situation
that causes numerical issues and makes the estimation of the corresponding
parameter values an ill-posed problem.

D

Vacuole

Figure 2: S, is the glucose in the cytosol transported to the vacuole as Sy via an active
(unidirectional transport) and passive (reversible transport).

In this context, our strategy was to remove each futile cycle by replacing
the antagonist reactions by a single effective reaction preserving the net ex-
change flux of the system. Different kinetics can be tested for the effective

10
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reaction, as alternative reduction approaches. Consistently with the previous
reduction method, we decided to test two linear reaction forms, namely

and
u(x,t) = ki(x; — ;) 9)

where z;,z; are the variables involved in the futile cycle and k;, k; are the
coefficients to be estimated.

3.3. Time-scale analysis and QSS approximation

Biological systems are often characterized by the presence of different
time scales (seconds, hours, days). Following Heinrich and Schuster [17], an
appropriate measure of the time scales involved is given by

1

= R

(10)
where Re(\;) are real parts of the eigenvalues \; of the Jacobian matrix of the
system, along a given trajectory. The presence of fast modes in the system
allows the reduction of the number of variables based on a quasi-steady-state
assumption.

Based on the above information and on the analysis of time-series of the
full model, variables can be divided into two groups z = (1), 2(?)), where
=M and z® correspond respectively to the slow and fast variables of the
system [17, 33].

Application of the QSS approximation states that

dx®
dt

= fo(aW, 2@ I(t),0(t),p) =0 — 2@ =g"V)  (11)

It follows that, after a relaxation period, the system can be approximated by
the reduced model:
dx
dt

AW, (W), 1(t), v(t), p) (12)

of lower dimension.

11
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4. Experimental and artificial data

4.1. Ezxperimental data

The 106 peach genotypes used in this study come from an inter-specific
progeny obtained by two subsequent back-crosses between Prunus davidi-
ana (Carr.) P1908 and Prunus persica (L.) Batsch ‘Summergrand’ and then
‘Zephyr’ [34]. They were planted in 2001 in a completely randomized design
in the orchard of the INRAE Research Centre of Avignon (southern France).
Experimental monitoring of peach fruit growth and quality has been con-
ducted in 2012, as described in [32]. The concentration of different metabo-
lites, namely sucrose, glucose, fructose, sorbitol, and hexoses phosphates, the
fruit flesh fresh weight and dry matter content were measured at different
time points during fruit development, for all genotypes. In addition, the
temporal evolution of enzymatic capacities (maximal activity) of the twelve
enzymes involved in sugar metabolism was measured over the whole pop-
ulation [32]. The resulting dynamic patterns were analyzed and compared
by means of a generalized mixed linear-effect model (GLMM). Accordingly,
some enzyme activities were shown to vary over time and/or depend on the
phenotypic group [32].

Training set

The 10 genotypes already used by Desnoues et al. [1| were selected as
the training set for our reduction strategies. They include five genotypes
having a ‘standard phenotype’, namely a balanced fructose-to-glucose ratio
at maturity between 0.6 and 0.9, and five considered to have a ‘low fructose
phenotype’ due to the lower proportion of fructose compared with glucose
based on their sugar composition at maturity [1|. For these 10 genotypes, 3
biological measurements are available at 6 dates after bloom.

The training set was used to test each reduction method individually as
well as their combination, based on the AIC¢ value and the calibration time
(see section 5.3).

Validation set

The quality of the final reduced model was evaluated by calibration on a
validation set for which fewer data points were available (one single biological
measurement at 6 dates). The idea was to select 30 additional genotypes of
the inter-specific peach progeny, which in complement to the training set,
represented the greatest diversity in terms of growth rate and duration. For

12
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this aim, experimentally measured growth curves were interpolated with a
smoothing spline algorithm [35] with 16.4 degrees of freedom in R (R Devel-
opment Core Team 2015) and the maximum and average growth rate quan-
tified as the maximum and the average of the growth curve’s derivative over
fruit development. A principal component analysis (PCA) was performed on
growth rate and growth duration for the whole progeny of 106 genotypes us-
ing the R ADEA4 library. The first two principal components accounted for
more than 90% of the genetic diversity. The first axis was mainly related to
the growth rate whereas the second one reflected the duration of growth. As
shown in Fig. 3, the ten genotypes of the original study provided a good rep-
resentation of the observed diversity in growth rate. However, their growth
duration was relatively short, compared to the existing variability. As a con-
sequence, most of the new genotypes have been selected in the upper-left
panel of the plan, in order to capture the greatest genetic diversity in terms
of fruit development. An equal proportion of the two phenotypic groups was
maintained.

13
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Figure 3: Principal component analysis (PCA) for the whole progeny of 106 genotypes. It
represents the projection on the Dim1 and Dim2 of the growth duration and growth rate
obtained with growth curves.

4.2. Virtual genotypes

In addition to the training set, a virtual experiment was performed to
evaluate the reliability of the reduction methods to variations in parameter
values, initial conditions, and input functions, expected in large genetic pop-
ulations. For this aim, 20 000 virtual genotypes were generated by randomly
assigning model parameters and inputs, based on data from the 10 profiles
used in [1].

The values of the parameters p were taken randomly using a uniform
distribution between the minimum and the maximum of the previously es-
timated values over the set of 10 genotypes [1]. Initial conditions, such as
itial fruit weight, and initial sugar concentration were assigned ran-
domly using a uniform distribution within the range of observed values plus
a variation of 40%.

Given the high correlation among parameters describing fruit growth curves

14
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[36], model inputs, such as fruit weight, were randomly assigned using a uni-
form distribution picking one of the observed growth dynamics and adding
an overall random variation between zero and 10% on fruit weight. Finally,
shifts in the duration of fruit development among genotypes were also consid-
ered. The maturity date was chosen randomly using a uniform distribution
within the range of observed dates broaden of 40%.

5. Numerical methods

5.1. Mathematical notations
e (t,p™): original model associated to parameters p*) (i.e. genotype
k)
o %(t,p™): reduced model for the genotype k.

Note that the notation Z (¢, p*)) can apply to different versions of the reduced
model, depending on the considered reduction method.

° 73(’“): set of the Ng simulation times for the genotype k

. T]éfk): set of the Nj); measurement times for the genotype k

o X (t;): N experimental observations for the genotype k, with t; €
T]\(/[k). Note that N =4 x N x r, where r is the number of replicates
at time t;, for the 4 different sugars (sucrose, glucose, fructose and
sorbitol). r = 3 for the training set and r = 1 for the validation set.

5.2. Parameter estimation

In this section, we aim to estimate the parameters of the models to fit
our observations i.e. our measured sugars concentrations. For this purpose,
we note X #) = (Xl(k), . ,X](\’;)) the vector of the experimental observations
at several times for the genotype k and suppose that:

E(X®) = My (2)

where 2" = (2®(t;)) is the set of system variables at (;)icp.nj, p*) is
the vector of parameters to be estimated and Mp(k) is the mathematical

function relying the considered model to the data (see Appendix A for more
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information). Here, the observations X*) are assumed to follow a Gaussian
law N (M (™), 0%) with constant variance o7.

The estimation of our parameters can be performed through the maxi-
mization of the likelihood. We note ¢(p), o2) the log-likelihood function for
the genotype k.

Under the assumption of observation independence, the log-likelihood can
be defined as follows:

N N Al
t(p®, 62) = ——10g(27r) -5 log(o}) Z (R (%(k)))2 (13)
i1

A maximum log-likelihood estimator (p*), 5;,%) of (p,a?) is a solution to
the maximization problem:

(ﬁ(k), U}f) = arg max E(p(k), 0',%) (14)
p®) 52

In this Gaussian case, the maximum log-likelihood estimator is thus equiv-
alent to the ordinary least-square estimator:

N
p* = argmaxy (X" — My (=) (15)
p(k) i1
1 N
~ k k
ot = 2 = My (@)’ (16)
i=1

Matlab software (MATLAB R2018a, The MathWorks Inc., Natick, MA)
was used for model integration (solver ode23tb [37]) and calibration. A ge-
netic algorithm (function ga [38] of Global Optimisation Toolbox) was used
for maximization of Eq. (15). The population size, the maximum number
of generations, and the crossover probability have been respectively set at
200, 300, and 0.7. For each reduced version of the model (individual or com-
bined reduction methods), free parameters were numerically re-estimated.
The fitting process was considered at convergence when the average relative
change in the best-cost function, i.e. the sum of squared errors, value over
generations was less than 107%. For each genotype k and reduced model,
estimations procedure has been repeated ten times to take into account the
stochastic nature of the genetic algorithm and to ensure the good exploration
of the parameters’ space. The solution having the best score was kept for
subsequent analyses.
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5.8. Model selection

Individual and combined reduction methods were evaluated according to
three criteria of major importance for our application: the corrected Akaike
Information Criterion (AIC¢), the gain in calibration time (%) and the ex-
pected error (%) between the original and reduced models.

Akaike Information Criterion
The AIC gives information on the likelihood of the proposed model based
on available experimental data and weighted by the number of free parame-
ters: [39]:
AIC(p) = —24(p,0?) + 2n, (17)

where n, is the number of estimated parameters p and £(p,c?) is the max-
imum log-likelihood. In this paper, we used the corrected AIC as we deal
with a small set of observations and a considerable number of parameters.

2np(np + 1)

AICc(p) = AIC() + 2

(18)
where N is the number of observations. For genotype k and for each reduction
method, we defined

AEfI)CC (ﬁ(k) ) p(k)) = A]CCTeduced (ﬁ(k)) - A-[CCOTiginal (p(k) ) (19)

as the AIC¢ difference between the reduced and the original model. Note
that Aasc, is always computed using the best estimated parameter solution
for the considered model. Whenever the average over the 10 genotypes (<
Aarc. >¢) was negative, the reduction method was validated.

Gain n calibration time

We used the calibration of a specific genotype (E43) as a proxy of the
maximum expected calibration time on the population. Genotype E43 was
selected because it required a long calibration time on the original model
proposed by Desnoues et al. [1| (approximately 11 hours on average on a
3.1GHz Intel(R) Xeon(R) processor) but it did not suffer from numerical
instabilities, that could complicate the calibration process. Note that the
overall calibration time of a model depends both on the integration time of
each evaluation step and on the convergence of the cost function that sets
the actual number of generations performed by the algorithm. Both aspects
may be affected by the model reduction.
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To evaluate the gain in calibration time due to model reduction, pa-
rameter estimation was performed for each reduction method, following the
general procedure (see section 5.2), and compared to the calibration time
obtained for the original model. An initial population Py was randomly se-
lected assuming a uniform distribution in the parameter range and then kept
fixed for all calibration processes (both original and reduced models). For
models having a reduced number of parameters, the initial population was
directly derived from P,.

The gain (G;) was defined as the gain (in %) in calibration time 7" between
the original and the reduced model:

Tori wnal — Tre uce
Gy = —original duced 100

Toriginal

Ezpected error
Simulations of the original and reduced models were compared by the
Normalized Root Mean Square Error over the 10 model variables :

\/NS Z ‘TL j?p(k)) - xz(tﬁp( )>>2

~ mazj(zi(t;, p®)) — min;(z;(t;, p®))

Ji(p™*

Vie{1,...,10} (20)

where z(t, pr) and Z(t, pg) are the concentration predicted by the original and
reduced model, respectively. Parameters for the reduced model were derived
from the values of the corresponding parameters in the original model.

The quality of the QSS approximation was assessed by computing .J; for
each variable in the model, over the whole dynamics.

In the context of the virtual experiment, the Expected Error (%) of the
reduced model was defined as the average distance J over the virtual popu-
lation:

Nya
Expected Error = —— < J;(p™, p®) > %100 21
P Moo ; (™, ) (21)

with
(k) ~(
< J;(p"™,p 10§ Ji(p

where Ny is the number of virtual genotypes and 10 is the number of
variables. In our case, Nyg = 20 000. The Expected Error was used to
quantify the reliability of the reduction.
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6. Results

6.1. Strategy 1: Identification of low sensitive parameters

The objective of the sensitivity analysis was to identify parameters having
a significant influence on the outputs of the model, over the whole dynamics
and for all tested genotypes. A multivariate sensitivity analysis [30] was used
for this purpose. The aggregate generalized sensitivity indices (aGSI) (see
section 3.1) shown in Fig. 4 give a common ranking of model parameters
according to their influence on the whole sugar phenotype, as it is made up
by the four output sugars (sucrose, sorbitol, glucose, and fructose).

1
Fs
genotypes &

o

OWR @M= ~IRNIDLIN & = <D0 5 01— 5 LU B <G R

B o ——————e————rn

=]
o

0.05 0.10 0.15 0.20 0.25

GSsl

Figure 4: Aggregate Generalized sensitivity indices (aGSI) for the parameters of the model
and genotypes (the training set) on four outputs (Sucrose, Sorbitol, Glucose and Fructose)
of the sugar model. The main sensitivity indices are in dark bars and interaction ones are
in grey bars.

Parameter (p;) related to the action of cell-wall invertase in fruit apoplasm
and the coefficient of sucrose import (ps) are the most important parameters,
followed by the activities of acid invertase (po), the activities of Fructokinase
(p3), Hexokinase (p4) and the resynthesis rate of sucrose from hexose phos-
phate (p7). Indeed, py, p3, and py parameters are the most sensitive param-
eters for sucrose, fructose and glucose concentrations respectively (see Fig.
B.2).

Interestingly, the genotype factor is ranked third, meaning that it does
not affect parameters’ sensitivity as much as expected. A closer look at the
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results shows that the choice of the genotype essentially affects the second
principal component, via the definition of the initial conditions of the model
(see the supplemental information Fig. B.1).

Among the 14 parameters estimated (p1,...,p14) in the original model,
four parameters, namely ps, pio, pi2 and py4, have a negligible effect on
the four outputs, independently of the peach genotype. Accordingly, these
parameters can be fixed to their nominal values i.e. their average value over
the ten genotypes, without affecting the quality of predictions. The validity
of such a reduction strategy was tested on the ten genotypes of the training
set. The difference in Akaike criterion (Aarc.) between the reduced and
the original models was computed for each genotype. Results presented in
Table 2 show that such a reduction in the number of parameters is strongly
beneficial for nine out of the ten genotypes with largely negative Aarc,
values, and roughly neutral for one genotype (Aasc. ~ 0). The gain in
calibration time, however, is important (25%) and the expected error over
the progeny of virtual genotypes is low, demonstrating a good reliability of
the proposed simplification. For these reasons, the model with 10 parameters
to be estimated was selected.

Table 2: A4rc, calculated between reduced and original models for the training set and
the gain in calibration time (%) for E43. The Expected error + standard deviation (Std)
between original and different reduced models for 20 000 virtual genotypes.

Simplification Asrcy Calibration Expected
method Error
E1 E33 E43 FI111 E22 F106 F146 HI191 C216 C227 < Auq, >¢ | Time gain % Virtual
genotypes
Low sensitive -11.5 64 -0.9 -14.04 -13.2 -283 -13.5 -143 -187 -87.7 -20.8 25.8 49+6.5
parameters
fixed
Vinaz Type vs |-L01 59 -415 -42 11 23 -03 -61 61 -12.02 79 224 05+1.3
effect Vg -0.1 43 006 -39 0.7 -5.5 -0.3 -5.4 -6.1 -87.7 -11.3 26.6 1.7+1.6
removed vy -0.7 -364 0.2 -6.02 1.4 -5.6 1.9 -5.2 -4.9 -94.5 -14.9 33.9 29445
[V vy -0.1  -31 0.06 -3.7 0.7 -5.1 -0.3 -0.3 6.3  -834 -10.1 31.6 0.3+0.7
Temporal vy -08 82 0.7 -56 -5.03 -25 -2.5 5.1 -61 -90.3 -12.3 19.4 29+25
effect s 02 -68 0.5 -4.8 1.8 -5.8 203 -29 -6.1 -91.1 -11.3 20.3 5.5+5.7
removed Vg -03 -04 -01 -27.04 1.7 -5.5 -0.2 -5.3 -5.7  -849 -12.7 30.5 41+31
V7 86 -251 21.1 11.02 19.6 20.01 29.05 124 156 -97.5 1.5 24.2 6.8+45
Rate -17.2° 534 89 -354 29 2.7 147 -229 5.7 - 71.04 =211 6.7 18.6 £ 9.7
simplification
Futile cycle Eq.(8) | 25 -09 156 -1.6 -0.01 -2.3 -0.6 -1.5 -5.9  -43.23 -3.8 23.6 12.7+14.7
removal Eq.(9) | 07 -56.7 -56 -371 -9.02 -105 -6.7 -355 -122 -70.7 -24.3 24.1 11.5+9.9
Intermediate -32.7 -186 -3.7 -245 -11.8 -24.04 -16.5 -20.3 -188 -43.1 -214 30.5 22.5+8.4
reduced
model
Final reduced -325 -191  -43 251 -127 -101- -164 -204 -188 -43.3 -185 433 22.5+£8.5
model

6.2. Strategqy 2: Structural simplification of the model

Structural simplification methods are another way to reduce the com-
plexity of dynamic systems by improving the generality of the model and the
numerical integration of the ordinary differential equations.
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Firstly, we tried to remove the temporal and the phenotype effects in the
enzyme activities, v, ..., v7 (v1 has neither phenotype nor temporal effects).
The results of this simplification are shown in Table 2. The elimination of
the phenotype effect for v3, vg and v; resulted in a decrease of the AIC:
value for nine genotypes, neutral for one genotype, and was thus selected for
the final reduction. The elimination of the temporal effect for vy, vy, vs5, v7
was also advantageous on the corrected AIC results for all ten genotypes.
Nevertheless, when we tried to eliminate the temporal effect of v, the result-
ing Aurc. was positive for most genotypes. This is in line with the results
of multi-variate sensitivity analysis according to which vy, ..., v have a low
sensitivity on the four outputs of the model, whereas v; has a non-negligible
effect on the dynamics of glucose concentration. According to these results,
the elimination of the temporal effect was validated only for v, vy, vs, vg.
In support of this choice, the test with the virtual genotypes shows that the
expected error between the reduced and the original model is small (Table
2).

In the second phase, we tested the possibility of simplifying the enzymatic
reaction rates (Eq.(7)). For each reaction in the model, Fig. 5 compares the
order of magnitude of the substrate x(¢) to the corresponding affinity K,,.
The boxplots show that (Case 2, see section 3.2.2) simplification strategy
can be applied only for the reaction rates us and u;. Therefore, their reaction
rates can be written as u = Vj,4,. All other flows verify the (Case 1, see
section 3.2.2) and can therefore be expressed as u = ‘Zwg(t). The rates
simplification improves the corrected AIC for eight genot"&pes and yields a
substantial gain in the calibration time. The expected error over the virtual
progeny is higher than in the previous reduction steps, but still in the range
of accuracy of the original model [1|. According to these observations, the
enzymatic reaction rates simplification strategy was validated.
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Figure 5: Differences in order of magnitude between enzyme affinity (K,,) and substrate
concentration () calculated over the whole dynamics and the training set for each reaction
rate u;, © € {5,7,9...15}.

Eventually, futile cycles were detected to reduce the full system. In the
original model, glucose, and fructose sugars can be transported to the vacuole
via two possible mechanisms: an active, unidirectional transport (us,ur)
and passive reversible transport (ug, ug). Simulations showed that, whenever
the genotype, the net flux mostly pointed in the direction of an export for
both fructose and glucose from the vacuole to the cytosol [1|. However,
futile cycles occurred due to the presence of the active transport mechanism,
that continually brings glucose and fructose back into the vacuole. Indeed,
us and wug (respectively u; and ug) had the same evolution over the whole
dynamics for all ten genotypes (Fig. 6): the active and passive transport ran
simultaneously in two opposite directions.

According to our strategy (section 3.2.3), we tried to remove futile cycles
by replacing reactions (us,ug) (respectively (u7,us)) with an effective reac-
tion rate of the form pig xg — p11 x4 (respectively pg xs — p12 23) preserving the
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net export flux from vacuole to the cytosol. We compared the performance of
the reduced model with respect to the original one (Table 2). The corrected
ATC values were generally slightly negative, with the exception of genotypes
FE and Fy3, suggesting an overall improvement of the model structure. No-
tice that the present strategy did not reduce the total parameters number
but decreased model complexity and improved the calibration time.

As a further simplification, we then tried to use a special case of the above
mentioned reaction rate with p;o = p1; (respectively pg = pi2). This time,
the simplification was fully validated by the corrected AIC on all genotypes
(Table 2, Eq.(9)). The expected error over the virtual genotypes was esti-
mated to 13% and the calibration time was lowered by 24% with respect to
the original model, thanks to structural simplification and the reduction of
the number of parameters to be estimated. Accordingly to these results, the
simplification by Eq.(9) was validated.
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Figure 6: Evolution of the active flux (solid lines) and passive transport (dashed lines)
for glucose (respectively fructose) and net flux during fruit development (DAB, day after
bloom) for the ten genotypes of the training set (different colors).

6.3. Strategy 3: Time-scale analysis and QSSA

Results from the reduction strategies 1 and 2 were combined into an inter-
mediate reduced model. This model had only 9 parameters to be estimated,
linear flows and only one temporal enzymatic capacity, common to all geno-
types. Improvement in AICc with respect to the original model confirmed
a strong benefice for all ten genotypes (Table 2). The expected error over
a large progeny was estimated around 20%, close to the performance of the
original model.
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Figure 7: Order of magnitude of time scales 7; along fruit development (DAB, days after
bloom) for the 10 genotypes of the training set.

On the basis of this intermediate reduced model, time scale analysis was
performed to detect the possible presence of fast modes in the system. The
analysis of the Jacobian matrix, indeed, confirmed the presence of different
modes, with typical time scales spanning a few seconds up to days, for all
tested genotypes (Fig. 7).

A fast transient dynamics, followed by a slow one, was observable in the
numerical simulations of the original and intermediate reduced models for
the hexose phosphates concentration (variable xj, see supplemental infor-
mation, Fig. D.4). In addition, following the method proposed in [33, 17],
we analyzed the predicted concentration of sugars in both intracellular com-
partments, for all genotypes. The concentration of the hexose phosphate
(x5) was systematically lower than the concentrations of the other variables
in the system, as expected for the fast components of the system (Fig. 8).
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Accordingly, z5 was assumed to be at quasi-steady-state and its equation was
replaced by an algebraic function of the slow variables.
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Figure 8: Order of magnitude of the predicted sugars concentrations (mg gFW~1!) in the
cytosol (z1: Sucrose, xo: Sorbitol, z3: Fructose, x4: Glucose, z5: Hexose Phosphate, z1:
Other compounds) and vacuole (zg: Sucrose, xz7: Fructose, xg: Glucose, xg: Sorbitol),
along fruit development (DAB, days after bloom) for the ten genotypes of the training set.

We compared the intermediate reduced model with its QSS approxima-
tion by calculating J; (Eq.(20)) as explained previously. J; was very low, less
than 1%, over the whole dynamics for all variables (Fig. 9). This result was
validated also on the virtual genotypes simulated with QQS approximation
(see the supplemental information Fig. D.5). In addition the QSS assump-
tion, further increased the performance of the model, leading to a gain in the
calibration time of 40% with respect to the original model.
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6.4. Evaluation of the reduced model

The validity of the reduced model was verified on some new genotypes of
the inter-specific peach progeny, for which few data were available.
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Figure 10: Evolution of the concentration (mggFW ~!) of sugars during fruit development
(DAB, days after bloom) for ten representative genotypes of the validation set with stan-
dard (left) and low fructose (right) phenotypes. Dots represent experimental data and
lines are model simulations.

The reduced model was then calibrated on the dynamics of sugar concen-
tration of these selected genotypes, as described in section 5.2. The results
presented in (Fig. 10) showed a satisfactory agreement between model and
data, all over fruit development, for most genotypes. The average NRMSFE
(Table D.6) ranged from 10% to 30% for the main sugars, in good agreement
with estimations over the virtual progeny. These results confirmed that the
reduced model offered a quality of prediction close to the original one with
fewer parameters to be estimated and shorter integration time.

From a biological perspective, an important prediction of the model de-
veloped by Desnoues et al. [1| was that a difference in fructokinase affinity
could be at the origin of the phenotypic difference observed between standard
and low fructose genotypes.

We checked if the estimations obtained with the reduced model still sup-
ported this hypothesis. Fig. 11 shows a significant difference of estimated
fructokinase affinity between the two phenotypic groups, in agreement with
the original model based on the Student t-test (p-value <2.0187¢? )

28



555

556

557

558

559

560

561

562

563

564

565

566

Kfk (mg/gFW)

107" 1

|  S—

standard low

Figure 11: Difference in the estimated fructokinase affinity between standard and low
fructose phenotypes, for forty genotypes (training and validation sets). The difference is
significant with a p-value < 2.0187¢~°.

7. Discussion

Models of metabolic systems are usually very complex. Complexity stems
from the number of components and the high degree of non-linearity included
in both the network structure and the individual reaction rates. As a conse-
quence, metabolic models usually suffer from numerical and identifiability is-
sues that seriously hamper their application in the context of genetic studies,
especially when they have to be calibrated for hundreds of genotypes. In this
paper, we present a reduction scheme that explicitly accounts for genomic
diversity. Our approach is based on the systematic evaluation of different
reduction methods, that, if successful, are then combined together to yield
the final reduced model. When applied to the model of sugar metabolism
developed by Desnoues et al. |1] our approach led to a reduced model that
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could be efficiently calibrated on a large diversity of genotypes, for which few
data are available. The reduced model showed comparable predictions and
biological interpretation as the original model, with only a limited number of
estimated parameters. Indeed, calibration time was reduced by 40%, a con-
siderable improvement when considering that the calibration of the original
model could span up to 30 hours for a single genotype. Moreover, mitigation
of model non-linearities can help limiting numerical issues and increase the
reliability of estimated parameters, an important aspect in the context of
genetic studies, where large genetic populations have to be calibrated.

The proposed reduction scheme is especially suitable for dynamical mod-
els of metabolic and biochemical networks, in which a large number of chem-
ical reactions interact with similar non-linear kinetics. In these systems,
indeed, the connectivity properties of the network usually prime over the
precise description of the individual rate laws [40]. The presence of satu-
rating kinetic functions (like the classical Michaelis-Menten), in particular,
allows the simplification of the rate function depending on the substrate
range whereas the presence of redundant or opposite reactions opens the
way to structural simplification of the system. The extension of these reduc-
tion steps to another kind of models is less straightforward. Crop models for
instance can involve a large variety of process kinetics, one for each described
physiological process. The complexity of the cellular network is replaced by
the interaction of a comparatively small number of processes but described
by complicated, ad-hoc kinetic functions that can involve several model com-
ponents as well as external environmental variables (temperature, humidity,
light). The simplification of individual rate laws is still possible but it in-
volves case-by-case study.

Although the application of specific reduction methods is tailored to
model structure, the proposed evaluation strategy is pretty generic and easily
adaptable to a large range of biological models. The main objective of this
work was to provide a method to build a reduced model that is adapted to
the application to a large panel of genotypes. In this sense, we do not look
for the best model for a given genotype but rather for the best compromise
in terms of accuracy and efficiency over a large genetic diversity. The ques-
tion recalls the one of "model validation domain" i.e. the ability for a given
model to describe data obtained in conditions different from those in which
the model itself was calibrated [41]. Here it is about selecting for a reduced
model having a large validation domain and able to cope with changes in
model’s inputs, parameter values, and initial conditions.
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For this aim, we proposed a criterium based on the simulation of a large
number of virtual genotypes and the systematic comparison of the expected
distance between the original and the reduced models. Virtual genotypes are
built based on the variability observed in a sub-sample of the population,
plus a basal variability, expressed as a random effect, to limit the bias due to
the choice of the initial sample and to assure a minimal diversity across the
virtual population. A few remarks are needed. First, the above method tests
the reliability of the reduction, assuming that the original model is valid. In
this sense, the amplitude of the basal random effect should be subject to an
expert knowledge so to avoid biologically unreasonable situations, that fall
outside the conditions of applicability of the model. Second, it is worth to
notice that, given the virtual nature of our comparison, the reduced model
is parameterized using parameter values that are directly derived from the
parameters of the original model, to which it is compared. In this sense, the
‘expected NRMSE error’ of the reduced model represents an upper bound of
its actual accuracy over an experimental dataset, as parameter re-calibration
can significantly improve the performances of the reduced model on real ge-
netic populations.

Ultimately, the existence of a reduced model will considerably speed up
the integration of genetic control into ecophysiological models. Currently,
most genetic-improved ecophysiological models make use of Quantitative
Trait loci (QTL) to describe the genetic architecture of specific model param-
eters. Basically, each parameter has a specific distribution in the population
of genotypes and QTL analyses can be performed for each parameter to deci-
pher the architecture of its genetic control (QTL number and effects, linkage).
However, a major drawback of this approach is the difficulty in the calibra-
tion of the models for a large number of genotypes (due to a large number
of parameters along with restricted number of observations) (6, 7|. Indeed,
the statistical power of QTL analyses strongly depends on the size of the
population and on the QTL effects i.e. their contribution to the variation of
the trait they are associated with [42]. So, in order to be of interest, genetic
parameters have to vary among genotypes and be quantifiable with relevant
accuracy either experimentally or through numerical optimization.

In this perspective, a reduced model with a simpler structure will allow for
a better exploration of the parameter space and a more accurate estimation
of parameter values. Moreover, the improved calibration time opens the
possibility of exploring larger genetic populations so to get more robust QTLs
estimation. Finally, it will allow to do simulations over a large number of
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environmental conditions and/or climatic scenarios.

This is an important step towards dealing with complex Genotype x Envi-
ronment x Management interactions issues expected in the near future. The
development of reliable gene-to-phenotype models will be an important lever
to optimize farming in the future climatic conditions.
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Appendices
Appendix A. Model description

Appendiz A.1. Model equations

The original model [1] was written in terms of species carbon quantities
C(t). Here, we decided to rewrite the system as a function of species concen-
tration x;(t), for a better readability. The quantity of carbon as a sugar i (C;)
depends on the concentration of i (z;) according to the following equation:
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where o; is the carbon concentration of sugar ¢ and Vj is the volume of the
intracellular compartment (cytosol or vacuol) in which species ¢ is located.
The carbon content o; for the different sugar molecules is reported in Table
A.1. Table A.2 specifies variable location within the cell’s compartments.
Differentiation of Equation (Eq. (A.1)) leads to:

- RS ] A2
it oV, dt v, dt (4-2)

Accordingly, for variables 1,...,5,10, C; = o,z;V; whereas C; = o;x;V5 for

. implici me Y = . This lead _ 1 av
zl dv[ ,9]. For simplicity,we assume v . is leads to p(t) A
1.dVy

Vo dt

Table A.1: Carbon content of each sugar

o Sugar Value
01, 0g Sucrose 0.421
03, 0% Fructose 0.4
09, 07 Sorbitol 0.39
04, O Glucose 0.4

o5 Hexose phosphate | 0.27

o019 | Other compounds | 0.44

Table A.2: Model variables and location

Sy Sucrose Cytosol
Sy Sorbitol Cytosol
Ss Fructose Cytosol
Sy Glucose Cytosol
Ss | Hexose phosphate | Cytosol
Se Sucrose Vacuole
Sy Sorbitol Vacuole
Sg Fructose Vacuole
Sy Glucose Vacuole
S0 | Other compounds | Cytosol
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Table A.3: Reaction rates of the original and reduced models

Equations

Original Model

Reduced Model

Input flows

I(t) — dDW

(t) = (oy P qg)dDW

20)
R(t) = guDW Q™

(T—20)

DWQl 10

dDW
t a3

DW = DW (to) + wi(1 — e™2') + %
ur (1) = - Maue(t) (1)

)\suc(t) = Pt

tmax

Ttewal—w5)

where ¢,,42 corresponds to the maturation time

Metabolism

u(l) = (1 —MI(t)
us(!) = %( Asuc(t))1 (1)
g (v, 1) = p”;T(tx)lxl(t) ug(w1) = 222y () = roaa (t)
uo(z1) = p;izll"l(t) ui(r1) = *l’l( ) = rax1(t)
u11(vg, T2) = p;);-(&i)cz zo(t) w1 (x2) = J2xy = r375(t)
ura(vs, 2) = S0y (1) u12(r2) = ;1‘)3952( ) = ra®a(t)

U13(936, Zzg, 1‘9) Mm%(t)

u13(x6) = T526(1)

una(ve, 73) = 2 5(2) una(ws) = Ba3(t) = rezs(t)
us(vy, 4) = Z%m(t) us(vy, 4) = ”;—(;)m(t)
u16(ws) = pras(t) u16(ws) = pras(t)
ur7(25) = pews(t) u17(2s) = pews(t)
uis(R) = R(t) uis(R) = R(t)
ug(S, x1) = psw1()S(t) ug (S, x1) = psr1(t)S(t)
us(S, w3, wa) = S E—wa (1) S(2) us =0
Transport processes ug(S, x4, 79) = (T9 — x4)p10S(t) ug(S, 24, T9) = (Tg — 24)pr0S(t)
ur(S, 3, wq) = P2 —w(t) S(1) ur =0

U8(5,$3,$8) =

(28 — x3)peS(t)

U19(S, T2, 357) = p14(ar7 - $2)S(t)

Ug(S, s, ng) = ((L‘g — (Eg)pgS(t)

U19(S, T2, 27) = pra(x7 — 22)5(t)

The original model by Desnoues et al.
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of 19 reactions and one input function /(t). The latter described the carbon
supply from the mother plant to the fruit and it was estimated as the sum
of the carbon used for fruit dry mass (DW) increase and the carbon lost by
respiration (R(t)). Two parameters A and Ay, described the fraction of the
input flow that is converted into the different forms of sugars. Fruit respira-
tion was computed following the growth-maintenance paradigm, as described
in [1].

Reaction rates are reported in Table A.3. Enzymatic reactions were generally
described using an irreversible Michaelis-Menten kinetics, with experimentally-
measured capacities v;(t). Transport processes between cytosol and vacuole
were assumed proportional to the vacuole surface (hypothesis of constant
density of transporters) computed from vacuole fresh mass (proxy of the vol-
ume) supposing the vacuole as a sphere of surface S(t) = (47)3(V3)3 (see [1]
for more information). Both active and passive transport mechanisms were
considered for fructose and glucose.

Model equations are reported in Table A.4, for both the original and the
reduced model.
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Table A.4: System of original and reduced models

System of original model System of reduced model
dl'l o
o W + Ui — uo — ug — p(t) 21
dﬂ?g
U2 Uun U 02V1U19 — p(t)zo
de‘g 1 1 dl‘g
E ; us + ng + 22;169 + 203U10 + —’LL11 — U7 — U4 — /L(Zf)mg dt = usz + 03V1 ——ug + égiUQ + 203U10 + _ull — U4 — M(t)i[g
Ty dx
W = us + O‘4V Ug + 1 01 uw + 2U12 — Uy — U1 — /,L(t)l'4 dt4 = Us + O'4V Ug + 1 01 Um + 21612 — U5 — ,U,(t)ill'4
dl’5 1 . 1 :
e 5%”9 + Z—zuu + Z—:Um — U1 — U6 — 5op5 U1 — p(t)zs T5 = p—6+p71+u(t) (%g—éug + g—;uu + Z—:Uw — 051‘/1 U1g)
dIG
—p = iy — g — p(t) e
d$7
. —ﬁulg — p(t)zr
d[[’g dl’g
P + %Z—:Um — 081V2 ug — p(t)rs I %Z_Zul?’ - 081v2 us — u(t)s
dl’g . 1 dl'g 106 1
— = Qs + 209u13 — o le — p(t)ze = 3,3 gt — w(t)xg
dx1o

W = ;—150“17 - M(t)l“lo
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Appendiz A.2. Model parameterization and initialization

A total of 23 parameters are needed to fully define the reaction rates of
Table A.3. Following [1], 9 of these parameters were fixed based on published
data, which were obtained from research studies of peach or fruit. The re-
maining 14 parameters were estimated numerically, as described in section
5.2. In order to compare model and data, sugar concentrations at the fruit
level have to be computed from model variables, describing the metabolite
concentration within intra-cellular compartments. Assuming a constant pro-
portion of vacuolar space in fruit cells, the concentration of each sugar j
(sucrose, glucose, fructose, and sorbitol) at the fruit level is given by:

1 o
L) = ) = pbec ?yt _—
E(X;) = M,(z;) = z; ) x; ] (A.3)

vac Y

i

v
[6,9]) and cytosol (i € [1,5]) (see Table A.2) and a = 71 is the intra-cellular

where 29 and 2% are respectively the variables located in the vacuole (i €

volume ratio. The value of « was estimated by cytological analysis to 0.08 (
see [1] for more information). Fruit fresh mass was assumed as a proxy for
total volume V; + V5.

For each genotype k, initial conditions x(()k) were set using the concentra-
tions X*)(¢) of sucrose, glucose, fructose, sorbitol, and hexose phosphates,
measured at the fruit level at the first stage of development. The conversion
between total and intra-cellular metabolite concentrations was performed
based on metabolite localization at maturity. Accordingly, 98% of fructose,
glucose, sucrose content and 90% of sorbitol content were assumed to be lo-
cated in the vacuole, whereas the hexose phosphates were restricted to the
cytosol. Accordingly, for sucrose, fructose, and glucose:

cytosol 1 2™ (o) = 0.02 X ¥ (¢) ( Z @) i€{1,3,4}
vacuole :  z\M(tg) = 0.98 XP(¢,) (1 + ) i € {6,8,9}
for sorbitol,
cytosol : argk)(to) = 0.10 XM (t,) (1+0) i=2
vacuole 1 z\M(t9) = 0.90 X (¢,) (1 + ) i=T
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and for the hexoses phosphates

cytosol : xgk) = X®(t)
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Table A.5: Table of original and reduced models parameter description

i Parameter Corresponding model Description Reference Value Unit
p1 Asuc original and reduced sucrose proportion hydrolyzed in the apoplasm Estimated 0-1
P8 Tactif Suc original and reduced coefficicent of sucrose transport (active import) from cytosol to vacuole Estimated 0-400 mg gFW~lday !
reduced Section. 3.1 112.1559
Pro TpassifGlu coefficient of glucose passive transport between cytosol and vacuole and in the opposite direction mg gFWtday—!
original Estimated 0-150
Dy TpassifFru | original and reduced coefficient of fructose passive transport between cytosol and vacuole and in the opposite direction Estimated 0-150 mg gFW-day !
= ;Tf Royey = reduced coefficient of the transfer function between sucrose and (fructose + hexoses phosphate) under action of sucrose synthase (susy) enzyme | Section. 3.2.2 1.8809 day™!
ry =2 Ry = reduced coefficient of the transfer function between sucrose and (glucose -+fructose) under action of neutral invertase (ni) enzyme Section. 3.2.2 95.5875 day~!
ry = p% Roan = 22 reduced coefficient of the transfer function between sorbitol and fructose under action of sorbitol dehydrogenase (sdh) enzyme Section. 3.2.2 7.1592 day~!
ry= t Ry, reduced coefficient of the transfer function between sorbitol and glucose under action of sorbitol oxydase (so0) enzyme Estimated 0-10 day~!
Ts = ;)‘J Ra = 3= reduced coefficient of the transfer function between sucrose and (glucose +fructose) under action of acid invertase (ai) enzyme Estimated 0-1 day~!
D2 Kiar original inhibitor constant of acid invertase Estimated 0-10 mg gFW—!
re = ”f Ry = I\‘—/ji reduced coefficient of the transfer function between fructose and hexoses phosphate under action of fructokinase (fk) enzyme Estimated 0-5000 day~!
vy Vhk(t) reduced hexokinase activity (hk) to transfer glucose to hexoses phosphate Section. 3.2.1 | 86.2 — 2.3t + 2e2t? — 8.3¢ 75t | mg gFW~lday~!
P Khk original and reduced hexokinase affinity Estimated 1-300 mg gFW—!
pr ReSyntSuc original and reduced coefficient of the transfer function between hexoses phosphate and sucrose Estimated 0-300 day~!
Do OthComp original and reduced coefficient of the transfer function between hexoses phosphate and other compounds Estimated 450-1500 day~!
reduced Section. 3.1 4.1305
Pua TpassifSor coefficient of sorbitol passive transport between cytosol and vacuole mg gFWlday™!
original Estimated 0-150
oy PropCdw original and reduced carbon concentration of the mesocarp [43] 0.44 gC gDW~!
7 qq original and reduced growth respiration coefficient 143] 0.084 gC gbW—!
P18 Gm original and reduced maintenance respiration coefficient 143] 2.76e-4 ¢C gDW~lday !
P16 Qo original and reduced temperature ratio of maintenance respiration 143] 1.9
P15 A original and reduced sucrose sap proportion 1] 0.65
i Vmtactif Fru original fructose active import (activity) Estimated 0-150 mg gFWtday !
P12 Vmtacti fGlu original Glucose active import (activity) Estimated 0-150 mg gFWtday ™!
Pio KmtactifGlu original Glucose active import (affinity [44] 0.054 mg gFW!
P20 Kmitactif Fru original fructose active import (affinity) |44] 0.288 mg gFW—!
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Figure B.1: PCA-based sensitivity analysis of the sugar model. Columns: principal com-
ponents. Top row: correlation coefficients (y-axis) between the principal component and
the output of each sugar during fruit development (DAB, days after bloom on the x-axis).
Bottom row: first order sensitivity indices (dark bars) and total sensitivity indices (pale
bars).

Multivariate sensitivity [30] was used to identify the influence of each
parameter on the dynamic output x(¢) during fruit development. Where
x(t) is the sugar concentration (sucrose, glucose, fructose and glucose) and
t is the independent time variable for 20 days after bloom (t = (V1 =
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min(DAB),V2 = max(DAB)/2+2,...,V19 = maz(DAB)/2 +19,V20 =
max(DAB))). Results of the principal components and sensitivity principal
indices are presented in Fig. B.1. For sucrose, glucose and fructose, the first
two components explained 96% of the total inertia of the simulated sugar
dynamics. For sorbitol, the first three components explained 97%. The first
component was positively correlated with all time-points. Correlation val-
ues in Fig. B.1 show that the first principal component corresponds to the
average concentration of sugars (sucrose, glucose, fructose and sorbitol) pro-
duced during the whole fruit development. The second principal component
was positively correlated with sugar concentration at stage 1 and poorly or
slightly negatively correlated with simulated sugar during the second half
of fruit development. Thus, the second principal component corresponds to
the difference in sugar initialization values, that strongly depends on the
genotype factor. For sorbitol, the third principal component accounts for a
much smaller part of inertia, associated with the difference between the sor-
bitol produced in the middle of fruit development and the sorbitol produced
both very early and late. It was sensitive to the set of genotypes.
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Figure B.2: Generalized sensitivity indices (GSI) for the first ten sensitive parameters
(p;) and ten genotypes (the training set) on four outputs (Sucrose, Sorbitol, Glucose, and
Fructose) of the sugar model. The main sensitivity indices are in dark bars and interaction
ones are in grey bars.

The generalized sensitivity indices (GSI) shown in Fig. B.2 gives a com-
mon ranking of model parameters according to their influence on the four out-
put sugars (Sucrose, Sorbitol, Glucose and Fructose), for all tested genotypes.
Parameter p; related to the action of cell-wall invertase in fruit apoplasm is
the most important parameter, for its effect on both sucrose (rank 1) and
glucose (rank 3) dynamics. The activities of Fructokinase (p3;) and Hexok-
inase (p4) are the most sensitive parameters for fructose and glucose con-
centrations, respectively, whereas the sorbitol oxydase affinity (p;3) and the
proportion of sucrose in the plant sap (p;5) affect sorbitol content in the fruit.
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Interestingly, the genotype factor is ranked only third to fifth, depending on
the sugar, meaning that it does not affect parameters’ sensitivity as much as
expected. A closer look at the results shows that the choice of the genotype
essentially affects the second principal component, via the definition of the
initial conditions of the model (see the supplemental information Fig. B.1).

Appendix C. Virtual experiment

In order to evaluate the reliability of the proposed simplifications over a
larger diversity, a progeny of virtual genotypes was randomly created based
on a careful recombination, with noise, of the original 10 dynamics. This
included changes in parameters values, initial conditions and input functions.

We used the results from the principal component analysis (PCA) per-
formed on growth rate and growth duration for the whole progeny of 106
genotypes to verify the distribution of virtual genotypes. To this aim, growth
rates and durations of the 20 000 virtual genotypes were projected on the
PCA plan defined by the previous analysis. As shown in Fig. C.3, the virtual
genotypes provide a good representation of the diversity in growth rate and
growth duration observed in the real progeny.
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Appendix D. Time-scale analysis and QSSA

Timescale-based approaches and quasi-steady-state approximation [17]
were applied to reduce the number of ODEs of the model and to obtain
the final reduced model. The predicted concentrations of sugars in both in-
tracellular compartments were analyzed. A fast transient dynamics of the
concentration of the hexose phosphate (x;), followed by a slow one, was
observable in the numerical simulations of the original and intermediate re-
duced model (Fig. D.4. Together with the analysis of the Jacobian matrix,
this observation led to the assumption of x5 as a fast variable of the system.
Quasi-steady-state approximation on zj, indeed, strongly reduced the fast
transient dynamics in the final reduced model, for most genotypes. Notice
that a few fast modes (already pointed out by the analysis of the Jacobian
matrix) may nonetheless remain in the system. Their elimination would re-
quire a linear combination of the original variables, which is incompatible
with our objective to preserve the biological interpretation of the model. We
therefore decided not to push the simplification of the model further.
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o1 Appendiz D.1. Results of quasi-steady-state approzrimation applied on the
902 intermediate reduced model for the 20 000 virtual genotypes
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Figure D.5: Normalized Root Mean Square Errors J;,i € {1,...,10} between the inter-
mediate and reduced model after application of the QSSA to x5. The boxplot shows the
variability of J; over the virtual genotypes

903 We compared the intermediate reduced model with its QSS approxima-
s0s tion by calculating the Normalized Root Mean Square Error (J;) on the 20
oos 000 virtual genotypes. All J; was very low, less than 0.045, over the whole
s dynamics for all variables (Fig. D.5).
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Table D.6: NRMSE between model simulation and experimental data. Calculated values
of the normalized root mean squared error (NRMSE) are presented for each genotype, the
four sugars separately.

Trainig set

Validation set

Genotype
El
E33
E43
F111
C227
E22
F106
F146
H191
C216

Phenotype
Standard
Standard
Standard
Standard
Standard

Low
Low
Low
Low
Low

Year
2012
2012
2012
2012
2011
2012
2012
2012
2012
2011

Sucrose
0.09
0.04
0.07
0.13
0.07
0.11
0.07
0.05
0.07
0.08

Sorbitol
0.14
0.19
0.11
0.13
0.28
0.09
0.7
0.14
0.15
0.26

Fructose
0.16
0.27
0.24
0.21
0.16
0.21
0.14
0.02
0.18
0.25

Glucose
0.26
0.17
0.16
0.23
0.13
0.18
0.15
0.17
0.16
0.11

Mean
0.16
0.16
0.14
0.17
0.16
0.14
0.26
0.10
0.14
0.17
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The NRMSE can defined as follows:
NRMSE(p™W) => " Ji(p™)

with

VR D, )~ X6
maz; (X" >< t;)) — miny (X" (t;))

)

(D.1)

where N, is the number of observations, #(t, ")) are the concentrations
predicted by the model and X ®¢(¢) are the experimental data and i is the
sugar index.
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