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Abstract

Glucosinolates are an important group of specialized metabolites in the Brassicaceae
family, playing a role as defensive compounds against biotic attackers. In response to
biotic stress, plants upregulate glucosinolate biosynthesis in part by increasing the
abundance of enzymes in the glucosinolate biosynthetic pathway. As an increase in
enzyme abundance is often preceded by an increase in the corresponding mRNA levels,
the dynamic changes in mRNA levels should capture the information required to infer
how metabolite levels change over time. In order to test this hypothesis, a time series of
experimental glucosinolate content data collected from Arabidopsis thaliana, exposed to
either a mock or methyl jasmonate (MeJA) treatment, as a proxy for biotic stress, was
combined with existing mRNA abundance data over time at the same developmental
stage and treatment. We propose the GEEM model, a multilevel mechanistic ordinary
differential equation (ODE) model, which goes from Gene expression to an enzyme level
model, followed by a Michaelis Menten kinetics metabolite model, to simulate the
dynamics of a segment of the indolic glucosinolate pathway. In order to constrain the
GEEM model, three models were fit to experimental de novo specialized metabolite
data, using different degrees of freedom by utilizing both a Gradient Boosted Tree
model with a tested architecture to predict the kinetic constants, and augmenting these
predictions with a literature review of the known Michaelis Menten kinetic constants
from the glucosinolate pathway. Using Sequential Monte Carlo - Approximate Bayesian
Computing to fit the GEEM model to the experimental data, we showed that given the
mRNA levels and initial concentrations of metabolites, the changes in specialized
metabolites over time and treatment can be modeled.
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Acronyms

1IMOI3M 1-Methoxy-3-indolylmethyl Glucosinolate
10HI3M 1-hydroxyindole-3-ylmethyl Glucosinolate
4MOI3M 4-Methoxy-3-indolylmethyl Glucosinolate
40HI3M 4-hydroxyindole-3-ylmethyl Glucosinolate
GSL Glucosinolate

I3M Indole-3-ylmethyl Glucosinolate

JA Jasmonic Acid

MeJA Methyl Jasmonate

ODE Ordinary Differential Equation

SMC-ABC Sequential Monte Carlo - Approximate Bayesian Computing

May 22, 2026


https://doi.org/10.64898/2026.05.29.728632
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.29.728632; this version posted May 30, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under a CC-BY 4.0 International license.

Author Summary

We study how plants adjust their natural chemical defenses over time when they are
under attack from living organisms. In the mustard family, including the subject of our
experiment Arabidopsis, one important group of defense chemicals is called
glucosinolates. When Arabidopsis is under attack, certain gene pathways can be
activated or deactivated, allowing the plant to modulate the amount of enzymes they
produce, which in turn modulates the levels of these defensive chemicals.

In this work, we combine measurements of gene activity and glucosinolate levels
from Arabidopsis treated with a compound used in stress signal that mimics insect or
pathogen attack. We then constructed a mathematical model that goes from gene
activity, to amount of enzyme present, and ends with the amounts of specific
glucosinolates over time.

By fitting this model to experimental data, we show that it is possible to predict
how glucosinolate levels change over time from the gene activity and initial
glucosinolate levels. Our approach offers a way to connect gene expression datasets to
real changes in plant defense chemistry, with potential applications in plant breeding
and insight into how these pathways change due to stress.

Introduction

Understanding the interplay between the genome, environment and a plant’s
phenotypical characteristics is of key interest in biological sciences, and is relevant when
considering ever changing environmental conditions. In order to defend themselves,
plants can produce specialized metabolites, which can cause a number of effects on the
herbivores and pathogens. The concentrations of these specialized metabolites can vary
under different environmental and stress conditions due to alternate prioritization of
resource allocation. The ability of plants to fine-tune the production of specialized
metabolites is crucial for effective defense responses and environmental adaptation. A
well studied group of specialized metabolites are glucosinolates (GSLs), which are
exclusively present in the Brassicales order, containing crops species like broccoli,
cabbage, radish and brussels sprouts, but also the model species Arabidopsis

thaliana [1]. GLSs typically share a common structure comprising a S-thioglucose
moiety, a sulfonated oxime moiety, and a variable side chain and can be classified into
three major groups based the amino acid precursor of the variable side chain [2]. Indolic
GLSs are derived from tryptophan, aliphatic GLSs from methionine and aromatic GLSs
from phenylalanin or tyrosine. In Arabidopsis the indolic group consist of five different
GLSs, Indole-3-ylmethyl Glucosinolate (I3M), 1-hydroxyindole-3-ylmethyl Glucosinolate
(LOHI3M), 4-hydroxyindole-3-ylmethyl Glucosinolate (4OHI3M),
1-Methoxy-3-indolylmethyl Glucosinolate (IMOI3M), 4-Methoxy-3-indolylmethyl
Glucosinolate (4MOI3M), which will be of focus in this work (Fig|[I).

Upon insect herbivory, GLSs are hydrolysed by the enzyme myrosinase, triggering a
so called "mustard bomb", and releasing toxic products that act as insect deterrents.
Plants can modulate their GLS profiles in response to different biotic stressors [317],
sometimes accomplished through multiple enzymatic reactions for the same substrate to
product, but the mechanisms by which these profile shifts are regulated remain poorly
understood. It has been demonstrated in Arabidopsis that indolic glucosinolates and
the genes encoding enzymes in the glucosinolate pathway increase when exposed to
MeJA, which is converted in the plant into Jasmonic Acid (JA) [3H6]. JA is a key
phytohormone that is increased in plants upon feeding by herbivorous insects and
causes major shifts in gene expression and metabolite production [8]. Mechanistic
models can provide insight into the choices plants make upon receiving a stressor, giving
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insight into the altered fluxes and metabolite profiles within the indolic GLSs pathway.
MO: 3-indolylmethyl GSL
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Fig 1. Metabolic pathway of the modeled indolic glucosinolates Figure shows
the GSLS modeled: Indole-3-ylmethyl Glucosinolate (I3M), 1-hydroxyindole-3-ylmethyl
Glucosinolate (10HI3M), 4-hydroxyindole-3-ylmethyl Glucosinolate (4OHI3M),
1-Methoxy-3-indolylmethyl Glucosinolate (1IMOI3M), 4-Methoxy-3-indolylmethyl
Glucosinolate (4MOI3M)) and the various enzyme/reaction combinations modeled
(CYP81F1-4, IGMT1, IGMT2, IGMT5). Each metabolite and enzyme/reaction
combination is represented in a shorthand (M# and R+# respectively).

To understand the characteristics of enzyme-metabolite reactions, mechanistic
models using mass action kinetics or Michaelis Menten kinetics have been used to
characterize the rates of metabolites synthesis in biosynthesis systems. These kinetic
constants are often found experimentally, but this is not always feasible and can be
costly, due to the time and resources required to produce the required enzymes and
substrates for the reactions. In these situations, the same mechanistic models which
were previously used to understand the dynamics of the enzyme substrate reactions can
be used to determine the missing kinetic constants via fitting to easier to obtain
experimental data rather than performing traditional enzyme kinetics experiments.
These mechanistic models can also be used in conjunction with traditional enzymatic
assay analysis in order to reduce the amount of assays required to determine the kinetic
constants [9].

Many enzyme kinetic models assume constant enzyme concentrations, thereby
simplifying the systems so the kinetic parameters become the only dependent variable of
metabolic flux [10L[11]. In vivo, however, enzyme concentrations are highly dynamic,
organisms continuously adjust their metabolic content in response to developmental
cues and biotic and abiotic conditions. The biosynthesis of specialized metabolites is
typically low under non-stress conditions and is transcriptionally activated when
required, for example upon herbivore attack or pathogen infection [12|. Upon
perception of a stressors a signaling cascade (often involving phythormones such as
jasmonic acid or salicylic acid) is triggered that changes gene expressions leading to
increased production of biosynthetic enzymes leading to elevated specialized
defense-related metabolites. As such, a model could capture the changes in
glucosinolate content via the observed changes in mRNA levels of the biosynthetic
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enzymes by incorporating variable enzyme levels, given the initial mRNA, enzyme and
metabolite concentrations, and the mRNA concentration through time.

Experimentally determining metabolite dynamics under stress is labor intensive.
Computational models that integrate gene expressions, enzyme kinetics, and metabolite
dynamics can be used to investigate the impact of specific stressors and guide more
targeted experiments. By understanding how enzyme levels and specialized metabolite
content can change over time, such models can improve our understanding of resource
allocation and the structure and control of biosynthesis networks during stress response.
For instance, in the work of Cloutier et al. [13], the metabolic network of Arabidopsis
was modeled through time using mRNA levels to show how single gene perturbations
affected seed fatty acid content. However, these models did not focus on how different
(combinatorial) environmental conditions would affect the fatty acid profile.

We propose that the changes in gene expression during an (a)biotic stress event are
reflected in the changes of metabolite concentration. As existing models tend to used a
fixed enzyme concentration to find kinetic constants. Changes in enzyme levels are most
often preceded by changes in the corresponding mRNA levels. Therefore, to capture
dynamics during a stress event, changes in gene expression and the resulting changes in
enzyme concentrations, must be considered. By considering the enzyme concentration
as a function of the corresponding gene expression, enzyme kinetics models should be
able to capture the up and down regulation of enzymes and metabolites through time
over different conditions.

In order to test this hypothesis, we created a model which uses de-novo metabolite
data consisting of four indolic GSLs, collected through time from rosette tissue of
Arabidopsis (Col-0) combined with an existing time series of mRNA data [14], both
from Arabidopsis treated with MeJA. This Gene Expression, Enzyme, Metabolite
(GEEM) model combines mass action kinetics and Michaelis Menten kinetics to
replicate experimental observations from the segment of indolic glucosinolate pathway
using the gene expression data. The mRNA levels are used to model the production of
the enzymes using mass action kinetics. By having the enzymes modeled such, we do
not require the assumption that one mRNA count is equivalent to one protein, allowing
the data to constrain the relationship between the mRNA and enzymes. These variable
enzyme levels are then used with combinations of Michaelis Menten and mass action
kinetics to model the changes in metabolite concentration through time.

The GEEM model requires kinetic constants for every step in the process for every
enzyme and substrate. As there are no experimentally obtained kinetic constants for the
enzyme-substrate reactions in question, the architecture from recent machine learning
models from Kroll et al. |15}/16] was utilized to predict the Michaelis constant K s and
turnover rate k.q, as a starting point. This gradient-boosted tree model was trained on
a subset of the original dataset containing specialized metabolite reactions of
spermatophythes (seed plants).

After evaluating the ability of the GEEM model to reproduce the experimental data
using the machine learning model predicted reaction kinetics and fitting the enzyme
mass-action parameters to the data, we subsequently fit the Michaelis—Menten constants
with the enzyme mass-action parameters, constraining them around the machine
learning model predicted values. Next, a literature study was performed on known
Michaelis Menten kinetics of the enzymes involved in the production of glucosinolates in
Arabidopsis. This information was combined with the previous machine learning model
prediction based priors and the model was fit for comparison. The models proved able
to replicate the experimental metabolite content results given the precursor metabolite
profile and treatment specific mRNA level profiles.
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Materials

To test whether changes in gene expression under (a)biotic stress are mirrored by
changes in metabolite concentrations, we generated a targeted metabolomics dataset
under growth conditions and a sampling protocol closely matching those used to
generate the transcriptomics data |14]. Arabidopsis thaliana of the ecotype Columbia-0
(Col-0) were grown as described in the supplemental methods. In short, five week old
plants were treated with either a MeJA (0.1 mM) or a mock solution (see supplemental
Metabolite Data Collection). Leaf material (n=6) was sampled and analyzed by
targeted LC-MS for GLS content.

In the de novo metabolite experiment, six replicates were sampled at 2, 4, 8, 24, 48,
120 and 216 h after treatment, as well as immediately after treatment (0 h) and 1 h
prior to treatment (-1 h). For each replicate the rosette was harvested and flash frozen
in liquid nitrogen. The GSLs of interest (I3M, 4O0HI3M, 1MOI3M, and 4MOI3M) were
extracted and the concentration measured using the procedure outlined in the
supplementals. A standard for TOHI3M was not available and it has not been observed
in measurable quantities in literature [17},/18]. The resulting data for these metabolites
can be seen in Fig

. 4 — 13m —— 4OHI3M
X ) — MOI3M  —— 4MOI3M
20

W
o

uMole
9d

Concentration
o

05

0.0

0 50 100 150 200
Time (hour)

Fig 2. Experimentally obtained glucosinolate content ("Tl\fv) Figure shows the
mean concentrations of the glucosinolates, I3M, 1O0HI3M, 1IMOI3M, and 4MOI3M, over
time after the mock (solid lines) and MeJA (dashed lines) treatments. Individual
replicates for the mock (circles) and the MeJA (crosses) are shown (n=6).

The transcriptomic data used in this experiment comes from Hickman et al. |14],
where a similar procedure was followed for the growth and treatments. The normalized
mRNA counts were determined for the genes encoding the particular enzymes of
interest (Fig|l| CYP81F1-F4, IGMT1, IGMT2, IGMT5) as described in Hickman et
al. [14]. In this mRNA level dataset, the 6th leaf was sampled 0, 0.25, 0.5, 1, 1.5, 2, 3, 4,
5,6, 7, 8,10, 12, 16 h after treatment. The mRNA level data for both treatments can
be seen in Fig
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Fig 3. Transcript abundance enzymes of interest after Mock and MeJA
Treatment Figures show the experimental observations of the normalized fraction of
counts (log scale) for the enzymes of interest in the mock (a/left) and MeJA (b/right)
treatment. Lines show the mean mRNA levels across time; individual data points are
shown as symbols.

Methods

ML Kinetic Constants Predictions

To begin to constrain the undefined Michaelis Menten kinetics, two XGBoost tree
models with architectures derived from Kroll et al. [15,/16] were used to predict the K,
and k.q: of the enzymes of interest. An analysis of the original k.,; model showed that
it was unable to predict meaningful values for mutants and unfamiliar enzymes [19].
Therefore, we retrained the architecture using a subset of the original data, focused on
the specialized metabolites biosynthesis from seed plants, in order to bring the training
data closer to that required for the task.

Model datasets The original models from Kroll et al. |15,/16] integrated kinetic
values from three different databases, i.e. Brenda, UniProtKB, and SABIO-RK,
covering a broad range of organisms and reaction types in order to predict Kj; and keq;.
For this model we utilized SABIO-RK and UniProtKB, as Brenda contained only
duplicates for the enzymes of interest. Different organisms can have different metabolic
dynamic scales, and different types of reactions, such as primary, specialized, or redox
reactions, can have vastly different speeds. As such, to predict the enzyme kinetics for a
specific functional type of reaction and organism, the training data from the original
model contains information which can skew the prediction. Here, we are only interested
in a subset of enzymes involved in part of the indolic glucosinolate (GLS) biosynthetic
pathway of Arabidopsis thaliana. Thus, we trained a new predictive model using a
mixture of architectures from Kroll et al. [15}[16], focused on specialized metabolism
enzymes from seed plants, bringing the training data closer to the specific task.

Model Inputs As the function of an enzyme is related to the temperature and the
pH of the environment of the reaction, the new metabolite specific machine learning
models use the temperature and the pH from the experimental source of the kinetics.
For our predictions, we used the average pH found in the literature experiments, i.e. pH
7.5, and the temperature of the experimental conditions, i.e. 21 °C. Additionally, the
model used to predict the Kj; incorporates the main substrate, enzyme and reaction.
The main substrate is incorporated by training a graphical neural network (GNN) to
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create a representation of the molecule structure, more information can be found in
Kroll et al. [15,/16]. The enzyme representation is created using the ESM-2 [20] model
and the reaction embedding is created using RDkit [21]. The model used to predict the
kcqt uses the enzyme representation and its reaction representation, using the
aforementioned methods, in addition to the temperature and the pH.

Model Predictions Using the seed plant and specialized metabolite specific models,
the kinetic constants for the enzyme reactions were predicted (Table . These values
were compared to the known literature values for GSL reactions, (Table [3) and were
found to lie within the observations from literature. Those comparing the tables may
notice the max value of Kj; was limited to 500 M, but there have been observed
values as high as 80000 pM [22).

Table 1. Machine learning models Michaelis Menten Kinetics predictions
shows the reaction number, enzyme - protein combination and machine learning models
predictions per reaction for Kp; and keq.

Reaction | Enzyme - Product | Kni(uM) | keat(R71)
RO CYP81F1 - 10HI3M 5.30 250.77
R1 CYP81F2 - 10HI3M 6.36 1139.04
R2 CYP81F3 - 10HI3M 6.09 563.13
R3 CYP81F4 - 10HI3M 5.93 1039.98
R4 CYPS81F1 - 4O0HI3M 5.30 245.82
R5 CYP81F2 - 40HI3M 6.36 928.03
R6 CYP81F3 - 40HI3M 6.09 429.62
R7 IGMT1 - IMOI3M 42.83 195.11
RS IGMT2 - 1IMOI3M 38.83 295.31
R9 IGMT5 - IMOI3M 50.68 260.32
R10 IGMT1 - 4AMOI3M 114.10 187.05
R11 IGMT2 - 4MOI3M 130.10 283.12

Indolic Mechanistic Model

The GEEM model is a multi-system model which attempts to capture the changes in
metabolite concentration as a function of the gene expression. Starting at the mRNA
level, the change in the rate of synthesis of the enzymes is modeled. The change in
enzyme concentration then modifies the rate of synthesis of the metabolites, and
therefore the metabolite content becomes a function of the mRNA level over time. The
different systems are modeled with ODE’s to reflect the rate of production and loss of
the enzymes and metabolites through time.

To test the model, we are examining a segment of the indolic GLSs pathway, seen in
Fig[ll The GEEM model simulates from the start of the experiment (t=0) to the last
metabolite measurement (t=216h). To determine the combinations of parameters that
would allow for both conditions to be modeled given the condition specific mRNA level,
the GEEM model was fit simultaneously to both the mock and MeJA treatments. In
order to achieve the model which could best reflect the data, the priors of the Michaelis
Menten kinetic constants were modified over three experiments to include more
information/freedom into the model. In the first version, the ML parameters were used
as fixed values, and the remaining enzyme kinetic parameters were fit. In the second
version, the ML predicted constants were used to guide the priors of the parameters. In
the third and final version, the ML based priors were combined with existing literature
knowledge of other enzyme reactions in the GSL pathway to create the final priors.
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All code and data for the model will be available on |Github.

Enzyme Modeling

Enzyme Model The rate of change of the concentration of enzymes is modeled as a
function of mRNA level using mass action kinetics as proposed in Cloutier et al. [13].
The enzymes are synthesized from their associated mRNA and lost at a rate
proportional to the amount of enzyme present. This scheme can be seen for the general
case in eq. [T}

Vig,
s (1)
The rates equation derived from the scheme can be seen in equation |Z[ Vg is the

rate of synthesis of the enzyme as a function of the mRNA concentration while Vg is
the rate of loss of the enzyme which is a function of the enzyme concentration.

[mMRN A 55 [E]

d [Ei(t)]

= Vg —V 2
o Vie — Vae (2)

By assuming mass action, Vsg and Vyg can be re-written as seen in equation [3| and
The rate of synthesis (V;g) is then proportional to the concentration of mRNA and
the synthesis reaction rate constant (ksg,) for each synthesis reaction. Likewise, the
rate of loss (V) is proportional to the concentration of enzyme and the loss reaction
rate constant kqg, for each synthesis reaction.

Vs = ksg, [ImRN A;(t)] (3)

Vie = kag, [Ei(t)] (4)

Combining, we arrive at the generalized rate equation for the enzyme kinetics (eq. .

LN _ b, RN A — ks, (5400 6
Model Inputs In order to model the concentration of enzymes over time, using eq. [
the mRNA level, represented as a concentration, through time is required as an input.
The data from Hickman et al. [14] is discrete, while the model requires a continuous
input. As such, a linear interpolation of the data is used to ensure a continuous data
source.

The mRNA data includes measurements until 16 h. As the model simulates until
t=216 h, we need to make assumptions for what occurs with the mRNA levels over that
time. The mRNA data indicates that by 16 h, mRNA levels of the GSL enzymes were
returning to approximately their initial values. Literature also suggests that the mRNA
level response should be returning to pre-stress levels around 24 h [23]. As such, we
assume that at t=24 h the mRNA levels return to their pre-stressed values and remain
such for the rest of the simulation, in line with the quasi steady state assumption we
made at the start of the experiment.

Additionally, for some specific mRNAs, counts close to 0 were observed. To be able
to still use these data points, these low values were substituted for 10 counts, as done
previously by Hickman et al. |14].

May 22, 2026


https://github.com/jelrae/GEEM_model
https://doi.org/10.64898/2026.05.29.728632
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.29.728632; this version posted May 30, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under a CC-BY 4.0 International license.

The model uses a concentration of mRNA rather than the counts found in the
transcriptomics analysis. To convert the fraction of counts (¢, ) data into a concentration
of mRNA, a conversion was applied as seen in eq. [f] We assume the number of mRNA
molecules per cell (mRN A, = 250000) taken from literature [24L25] of mammalian cells
in absence of data on plant cells. The assumed number of cells per leaf (nc; = 764, 000)
originates from literature [26{28] and the mass of a leaf (m;) was measured in the
experiments and averaged to 35 mgF' W, which can be converted to 4.697 mgDW using
the conversion factors from Tolleter et al. [27]. N4 is the Avogadro constant which is
used to convert the number of particles to the amount of a substance (in moles).

RN A] = cn * mRN A, x ne;

(6)

myN

Additional Model Constraints In order to determine the rate of change for each
enzyme, the rate of synthesis with respect to the mRNA level and the rate of
degradation of the enzymes are needed. The synthesis rate of different families of
enzymes (Vi) [29] and the degradation constant of proteins (kqg) [30] in Arabidopsis
were used for fitting the model (Table . The synthesis rate provided in Piques et

al. [29] is in terms of enzymes/minute, which is the overall rate, unrelated to mRNA
level. We assume that at the start of the experiment, before perturbation, the plant is
in a qquasi steady state (% = 0). Therefore, in order to convert the synthesis rate
(Vsg) into the synthesis reaction rate constant (ksg) we use the concentration of mRNA
at t=0 as the steady state value. Next, applying first order mass action approximation

we solve for ksg as seen in equation

Vie

kg = m (7)

In a similar method, we solve for the initial concentration of enzyme from equation
using the assumption of quasi steady state, as seen in eq. [§

(Bt =0) =~

(8)

While it could be the case that some of the genes in question are linked to the
circadian clock [31], in this experiment we assume these effects are negligible as there is
not enough data to incorporate these effects into the model.

Metabolite Modeling: Michaelis Menten Model

To model the metabolite synthesis rate, Michaelis Menten kinetics, a standard approach
to modeling enzyme-substrate synthesis, are used. The fate of the indolic GLSs after
production is not well known (e.g. whether they degrade, are recycled, transported
outside of the leaf, dispersed through growth of the leaf, etc). Therefore, we model the
loss of the metabolites using mass action kinetics, which could represent any
combination of these fates. The system can then be expressed as a rate of synthesis
(Vsas;) and loss (Vaay,) of metabolites as in equation @

d [M;]
de

The synthesis reaction is modeled using Michaelis Menten kinetics (equation
with the ith metabolite being produced from the hth metabolite by the jth reaction

= Vsm, — Vau, 9)
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using the turnover rate (kcat].) and Michaelis Menten constant (K Mj) for the specific
enzyme (E;). As there are multiple reactions, these are summed over the enzymes
involved in the synthesis of the substrate (nsg).

§ kcatj [E]] [Mh]

Vim, =
M K, + [Mp]

i

(10)

The loss rate can have two components (equation , the first being the synthesis of
the metabolite into another product, another Michaelis Menten reaction. Here the ith
metabolite is being used in the kth reaction by enzyme k. This is summed over the
enzymes involved in the loss for the substrate (n;g). The second is the general loss of
the metabolite modeled through mass action kinetics where the loss of the ith metabolite
is proportional to the loss rate (kqas,) and the concentration of the metabolite.

Van Z Fetn B ) b, M) (1)
dM; K]V[k ] dM;

These components are then combined for the different synthesis and loss reactions
for a given metabolite. In equation [12] we see an example for a reaction which has one
source, one product and a loss. Here we can see the summation for the synthesis and
the loss of the metabolites respectively.

d [M]] K kcatj [E]] [MO] = kcatk [Ek] [Ml]

= — —k M 12

Z K, + [Mo] Z Ky, + [M] an, M) (12)

Each metabolite is controlled by one such equation, combining all the synthesis and
lose reactions for the enzymes involved.

Model Input To simulate metabolite dynamics over time, the model requires a
precursor metabolite that acts as a deterministic input to the system. This requirement
stems from the system structure. If the source is not a constant supply, or a
deterministic (function based) supply without loss, the precursor can be used up
completely during the experiment. Once the precursor metabolite is completely used by
the reactions, the other metabolites would also start to degrade, as no more production
can occur. This breaks the ability for the system to have a non-zero steady state and
therefore in this experiment we make I3M the source, using the mean time trajectory at
each measurement per treatment. Since the model is concerned with capturing the
average system dynamics, the initial conditions of other GSLs are set to the average of
each at t=0 h.

As 10HI3M was not recorded during the analysis and has not been recorded in
previous literature in Arabidopsis, an assumption about the concentration of this
metabolite was made, in order to constrain the model and metabolite. The
glucosinolates are thought to have similar dynamics, considering that many of the same
enzymes are used for both reactions. Therefore, we make the assumption that the
concentrations between similar reactions are on a similar scale as well. As such, in this
model in order to determine the concentration of 1OHI3M, the ratio between the
concentrations of 4OHI3M and the concentrations of 4MOI3M was calculated at t=0 h
and using the concentration of IMOI3M as seen in eq. [I3]| the concentration of 1IOHI3M
was approximated. The concentration found was 1.333e~2 umol/gDW . This was
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assumed to be constant for the course of the time series, as the desire was to ensure a
low concentration was maintained.

[4OH I3M]

(13)

Additional Model Constraints The metabolite loss rates are related to the chosen
synthesis parameters, and in order to reduce the number of parameters being fit, the
assumption of near homeostasis is used to determine the rates of metabolite loss.
Assuming that the change is almost 0 over time at the initial conditions, we can rewrite
the basic metabolic reaction equation (eq. to solve for the rate of metabolite loss
(kanr,) for each metabolite as seen in equation

d[M], &
T ];O MMR; — kan [M]; =0 (14)
Nt MMR
kan, =0 / (15)

Each metabolite has a number of reactions (n,) where the metabolite is either
synthesized or converted into another metabolite, represented as M M R. By summing
over these and normalizing to the concentration of the metabolite, we can find the
required loss rate to balance the parameter choices for the model.

Fitting

Sequential Monte Carlo - Approximate Bayesian Computing Since the
system is under-constrained, gradient based methods would find multiple solutions
depending on the initial guess of the parameters. In order to explore the landscape of
the parameters and determine if there is some underlying combinations more likely than
others to give rise to the observed dynamics, Sequential Monte Carlo - Approximate
Bayesian Computing [32] (SMC-ABC) was used to fit the system. In ABC the
parameters are represented by a (posterior) distribution rather than a singular value,
showing the probability (or likelihood) of the parameter being that value given the data.
This approach allows for the inclusion of relevant information in the form of the prior,
and gives a wider view the parameter space.

In the case of the GEEM model, the prior information takes the form of the ranges
of observed values for the kinetics from literature. The distribution found can also
indicate how sensitive a parameter may be, by the width and shape found. The basic
algorithm is given in algorithm

There are 2 main parts to the algorithm, the first being the initial generation of the
valid candidate parameter arrays (henceforth called particle), and the second is
resampling to cooldown to the posterior. In the initial particle generation, particles are
sampled from the chosen prior distribution(s) in order to generate a test particle which
contains the parameter values. These values are then run through the simulation, and
the loss is calculated, using the summary statistic and the distance function, to evaluate
the goodness of fit. If this loss is less than the threshold tolerance allowed at this step,
the particle is accepted and added to the prior list. The prior is then resampled and this
process is repeated until the desired number particles are generated.

In the resampling to cooldown to posterior step, the prior is first replaced with the
new particles. Then the distribution kernel, which is a selected based on assumptions of
the underlying distribution, is fit to the points. This distribution approximates the
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Algorithm 1 Sequential Monte Carlo - Approximate Bayesian Computing

Require: prior 7(#), model f(-,8), summary statistic S, distance function d, weight

10:
11:
12:

13:
14:
15:

16:
17:
18:
19:
20:

update function U, backward Markov kernel L;_;, Markov transition kernel K,
observed data x5, # particles N, tolerances e1.7
Initial Particle Generation
Initialize ¢ < 1.
fori=1to N do
repeat
Sample 6* ~ 7(0)
Simulate & ~ f(- | %)
until d(S(w), S(mobs)) <eg
Set 07 « 0% and w'” « U(n(h), 0%, L(6*|6%), K (6*|61))
end for
Resample and Cooldown Prior to Posterior
for t =2to T do
fori=1to N do

repeat
Draw index j, (Qt(J_)l), from categorical distribution with probabilities
wil” |
Perturbate Qt(j_)l using K;(0 | 6,—1) to make 6*
Simulate = ~ f(-,6%)
until d(S(x), S(:robs)) < &¢ OR out of compute time
Set 6\ « ¢*
end for _
Calculate weights: wt(l) «— U(m(0),0%, L(0*|61), K(0%|6}))
end for

Output: posterior distribution p(8|x,ps)
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underlying distribution of the new samples and will be used to add noise based on the
known distribution at this point. The tolerance is also updated to the next in the
cooldown schedule. A sample is then randomly selected from the new prior and
perturbed by noise generated by the distribution kernel. This becomes a new test
particle and the model is simulated with these proposed parameters. The loss is
calculated and if it is less than new tolerance, it is added to a new accepted particles
list. The previous particles are again randomly sampled and noise from the distribution
kernel is then added and the process is repeated. This continues until either the number
of desired particles is found, or the compute resources are exhausted. If the desired
number of particles is found, the tolerance is updated to the next in the cooldown
schedule, the previous priors (particles) are replaced by the new points and the process
is repeated until either the compute resources run out, or the desired tolerance is
achieved. If the compute time is reached or the desired tolerance is reached, the found
particles from the last completed step are returned.

To perform the fitting, the prior, summary statistic, distance function, distribution
kernel type, number of particles, cooldown schedule and compute resources need to be
selected. In this experiment a uniform distribution was chosen for the prior distribution
as it simplifies the calculations for the kernel and we do not have information to suggest
a more characterized distribution. The summary statistic chosen must be able to
summarize the results of the model in a way that can be evaluated with the distance
function. Since we are evaluating our model against the experimental measurements,
the summary statistic will be the model output at the time points of the experimental
measurements. The distance function compares the summary statistic and the
measurements. Since we are interested in how close the model can fit the measurements,
we opt to use the RMSE between the predictions and the mean of the experimental
measurements. The distribution kernel choice is informed by prior information, however,
as there is no prior information to give an alternative, the default gaussian distribution
was used. The final hyperparameters to choose are the number of particles, the tolerance
cooldown schedule and the compute resources. Please note, the parameters are very
system specific and must be tuned each time. Additionally, a finer cooldown schedule
resolution can allow for a better fit, at the cost of more compute time. The cooldown
schedule used here was: [, 0.25, 0.175, 0.125, 0.1, 0.09, 0.08, 0.07, 0.0675, 0.065, 0.0625,
0.06, 0.0575, 0.055, 0.0525, 0.05, 0.0475, 0.045, 0.0425, 0.04, 0.0375, 0.035, 0.0325]. The
number of points can allow for more exploration but too many can cause the fitting
process to miss rare areas of improvement. This can be overcome by increasing the
compute resources, how many particles/iterations are tried before termination. In this
experiment we settled on 1000 points as a compromise for efficiency and exploration,
while the compute time was limited to 10000 attempts per thread before termination.

Enzyme Kinetics Fitting Parameters In order to fit the GEEM model using
SMC-ABC, a prior is required for the kinetic constants that are being fit. The priors for
the enzyme synthesis and loss rates are consistent throughout the different versions of
the GEEM model fit in this experiment. While no studies on the synthesis and loss rates
for these specific enzymes were found, two studies were found which examined synthesis
and loss rates in Arabidopsis. The enzyme synthesis rates reported by Pigques et

al. [29] included various enzymes and their orders of magnitude were used as the priors.
The enzyme loss rates reported by Li et al. [30] covered both specialized metabolite
synthesis and stress response. These values formed the base for the corresponding priors.
As the enzymes of interest were not present in the studies, the same priors were
constructed for all enzymes across all models fit in this experiment, as shown in Table
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Table 2. Enzyme model priors and distributions shows the reactions, prior
distribution ranges, and prior distributions types used for fitting for the synthesis rate
(Vsg) and degradation constant (kqg) derived from literature [29] [30]

Parameter | Reactions Range Prior
Vg R12 - R18 | [3.325¢~7,0.1015] uMh~' | log-uniform
kaE R12 - R18 [0.00208, 0.02042] h~1 uniform

Metabolite Kinetics Fitting Parameters The metabolic kinetic constants were
handled differently through the versions of the experiment. The first version of the
GEEM model used the ML predictions from Table [1| as the fixed values, referred further
as ML predictions model.

To further improve the model, the next version of the GEEM model fit the kinetic
constants using the ML predictions as priors, now referred to as the ML prior model. A
range was created for each kinetic constant with priors set to one order of magnitude
times the prediction, (pred * 10') and below (pred * 10~1) allowing flexibility in the
predictions, while maintaining the individual characteristics.

The final version of the model used the existing literature to further enhance the
priors for the kinetic constants, referred to as Literature Enhanced Prior, by
investigating the known kinetics of reactions involved in GSLs biosynthesis. As these
reactions produce metabolites required under particular conditions (i.e. recruitment of
specialized metabolites) it is assumed here that their reaction rates should be of a
similar order of magnitude. Using enzymes with comparable functions, we identified the
the minimum and the maximum k.,; were found and used these further widen the prior
distributions.

The Kj; ranges reported in literature ranged from 0.074uM [33] to 80000uM [22].
It is commonly assumed that the Michaelis constant should be on a scale similar to the
concentration of the main substrate in the reaction. Textor et al. |34] reported that the
Ky for the MAM1/3 reactions can be as high as 3000uM. To better align the typical
orders of magnitude of the metabolites in our system, the K, range was limited to the
lower, more commonly observed value of 500uM. These priors were applied to all
kinetics shown in Table [3l

Table 3. Michaelis Menten kinetics prior ranges and distributionsthe reactions,
prior distribution ranges, and prior distributions types used for fitting for Kj; and k.q:
derived from literature.

Parameter | Reactions Range Prior
K,, RO - R11 [16_3, 500} uMi log-uniform
Ecat RO - R11 | [3.6,1.8¢°[ A" [35] [36] | log-uniform
Results

The GEEM model was fit to the mock and JA treatments simultaneously for each of the
three models versions described previously. Below we see the resulting metabolite
response for each of the models as a function of the mRNA level for the mock and
MeJA treatments. We first evaluate how well the machine learning model predicted
kinetic constants were able to reproduce the data while fitting the enzyme kinetic
parameters in isolation. Next, we made the model more flexible by also fitting the
Michaelis Menten kinetic constants, using the ML predictions as a guide for the priors.
Finally, we further widen the priors, by incorporating literature values of similar GSL
reaction kinetics to further increase the models flexibility. Through progressively
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increasing the flexibility of the model, our aim was to create a model that can reproduce
the experimentally observed data, while consistent with existing literature derived
knowledge. In order to evaluate how each prior effects the models fit, the RMSE of the
models found at the termination step of the SMC-ABC process was used, as well as a
comparison of how the dynamics correspond to those observed in the data.

Simulated Metabolite Results

ML Predictions After predicting the kinetic constants using the machine learning
model, the Michaelis Menten constants were fixed and the remaining enzyme kinetic
parameters from the ODEs were fit to the data with a final mean RMSE of the models
found of 0.0617. The resulting models reproduce the metabolite dynamics
experimentally observed dynamics from both the mock and MeJA treatment (Fig [4)).
Comparing the simulations with the data, it can be seen that the approximately
two-fold observed increase in 1IMOI3M between the mock and the MeJA treatment was
captured. The model results for 4AMOI3M captures a similar increase between the mock
and MeJA treatment observed in the data. However there is a slower response observed
for the final metabolites (IMOI3M and 4MOI3M) in both conditions compared to
experimental observations. Additionally, in the mock treatment, the simulated 1MOI3M
concentrations are higher than those measured in the experimental data.

Glucosinolates over Time Mock Treatment Glucosinolates over Time MeJA Treatment
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Fig 4. Metabolite content simulated by the ML predictions GEEM model
shows the model results of the mean glucosinolate concentrations over time for the mock
(a/left) and MeJA (b/right) treatment with 95% CI shown (not visible due to high
similarity to mean). The Michaelis Menten kinetics were fixed to the values predicted
by the machine learning model. The mean RMSE of the models found was 0.0617.

ML Based Prior Using the priors derived from the ML predictions, the models
achieved an improved fit (mean RMSE of 0.0537) to the metabolite data (Fig[5). In
particular, the post 24 h concentrations of 1IMOI3M is better able to capture both
treatments. The simulations of 4OHI3M and 4MOI3M also show a modest improvement
in response compared to the models found by fixing the kinetic constants with ML
predictions. However, the dynamics observed before 24 hours are still not well captured.

Literature Enhanced Prior After incorporation all available information, the
machine learning model predictions and the literature observations, were combined into
a broad prior for the metabolite kinetic predictions. This resulted in further
improvements (mean RMSE of 0.0420). The metabolite simulation results (Fig [6)
showed a further improvements to those obtained using the ML based prior model,
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Fig 5. Metabolite content simulated by the ML priors GEEM model shows
the model results of the mean glucosinolate concentrations over time for the mock
(a/left) and MeJA (b/right) treatment with 95% CI shown (not visible due to high
similarity to mean). The Michaelis Menten kinetics were fit using priors derived from
the machine learning model predictions. The mean RMSE of the models found was
0.0537.

including a higher concentration for 4OHI3M and lower 1IMOI3M, concentrations which
are closer to the actual data.

Glucosinolates over Time Mock Treatment Glucosinolates over Time MeJA Treatment
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Fig 6. Metabolite content simulated by the Literature enhanced priors
GEEM model Figure shows the model results of the mean glucosinolate
concentrations over time for the mock (a/left) and MeJA (b/right) treatment with 95%
CI shown (not visible due to high similarity to mean). The Michaelis Menten kinetics
were fit using priors derived from the combination of the machine learning model
predictions and literature. The mean RMSE of the models found was 0.0420.

Simulated Enzyme Results

In order to control the metabolite changes through time, and connect the mRNA levels
to the metabolites, the enzyme concentrations are simulated. While there is no available
experimental observations for the enzyme concentrations to validate against at this time,
in order to asses the variability of the model, and examine the simulated dynamics, we
show an example of the simulated enzyme concentrations from two of the models, the
ML parameters (Fig[7) and the ML based priors (Fig[8) models.
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Fig 7. Enzyme content simulated by the fixed ML predictions GEEM model
shows the model results of the mean enzyme concentrations over time for the mock
(a/left) and MeJA(b/right) treatment with 95% CI shown. The Michaelis Menten
kinetics were fixed to the values predicted by the machine learning model.
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Fig 8. Enzyme content simulated by ML derived priors GEEM model shows
the model results of the mean enzyme concentrations over time for the mock (a/left)
and MeJA (b/right) treatment with 95% CI shown. The Michaelis Menten kinetics were
fit using priors derived from the machine learning model predictions.

The simulated enzyme concentrations exhibit different orders of magnitude across
the two models. In the ML fixed model (Fig@ the simulated enzymes have orders of
magnitude difference between each other. In contrast, the ML priors model (Fig
shows the simulated enzyme concentrations for the mock treatment on a similar scale,
but retaining the a larger difference in the MeJA treatment caused by the large
difference in the mRNA level. In both models IGMT5 shows an approximate 10 fold
increase between the mock and MeJA treatment as expected from the mRNA level data.

Parameter Distributions

The resulting parameter distributions from the combined ranges models are shown in Fig
[0 When comparing to the original bands seen in Table [3] the parameters have shifted
to a more narrow distribution. While the orders of magnitude of the distributions vary
between parameters, these figures show that during fitting the parameter space is
refined to a narrower subset which can explain the experimental data dynamics.
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Fig 9. Parameter distributions example from the GEEM model shows the
parameter distributions found through the SMC-ABC fitting of the indolic GEEM
model using the combined literature and ML parameters. The figures show for each
reaction the distribution for that parameter type with the x axis being the parameter
value in the scale of the prior, and the y axis being the shorthand names for the
parameters. The figures show kjs (a/top left), k.q+ (b/top right), enzyme synthesis rate
(¢/bottom left) and enzyme degredation rate (d/bottom right).
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Discussion

To test the hypothesis that changes in glucosinolate concentration can be explained by
the observed changes in the mRNA levels of the biosyntehtic enzymes, a multilevel
model was fit to de-novo experimental metabolite data of A. thaliana plants subjected
to two treatments, over time. The models presented above all demonstrate the ability to
reproduce the experimental metabolite dynamics. The quality of this fit is improved in
each subsequent model by adding more information from existing literature. The fits
indicate that a subset of the parameter space, rather than a single parameter vector,
can reproduce the experimental observations.

This work extends models from Knoke et al. [10] by incorporating the time
component, as well; as by including multiple conditions. While the model from Cloutier
et al. |[13] also utilizes an mRNA to metabolite model, we add to this model by
including multiple conditions and by modeling the metabolites with Michaelis Menten
dynamics, to attempt to find a measurable, physical constant. Additionally, we combine
the model with current ML methods [15,/16] to try to take advantage of the new
developments in ML. Our GEEM model shows that the inferred kinetics can reproduce
metabolite dynamics under various conditions, such that it replicates the experimental
dynamics. By including these different conditions, we further refined the kinetic
constant predictions, and identified a subset of parameters that satisfy both the stressed
and control (mock) conditions.

Glucosinolate Content

As the flexibility of the model was increased by including more biologically grounded
information, the quality of the fit to the metabolite data, and the flexibility of the
system increased. The starting point of the GEEM model utilized the Michaelis Menten
kinetic constants predicted using the machine learning model as fixed values. Fig[]
shows that while the ML predictions GEEM model can reproduce the overall
experimental results, the MeJA treatment fit is missing much of the early dynamics.
The figure also shows that the model overshoots the experimental data for IMOI3M in
the mock treatment.

Next the Michaelis Menten kinetic constants of the model were fit, using the
machine learning model predictions as the guide for the priors for each of the kinetic
constants, alongside the enzyme kinetics. This resulted in a better RMSE (Fig[5) as by
fitting the Michaelis Menten kinetic constants, the ML priors model is better able to
reproduce the early dynamics in both treatments. While 40HI3M and 4MOI3M show
similar, but improved, fits to the data, the concentration of 1IMOI3M in both
treatments shows a significant improvement. The mock treatment, IMOI3M no longer
overshoots the data, while the MeJA treatment captures the spike around 48 h.

Using the combination of the ML predictions and the literature-derived kinetics (Fig
@ achieves further improvements to the RMSE. The pre-50 h dynamics of IMOI3M are
better captured and the concentration of 4OHI3M better fits the experimental results.
This indicates that while the ML based predictions contain some relevant information or
prediction capabilities, more knowledge from literature still can improve the quality of
the fit.

In all GEEM models fit, concentrations of pathway intermediates are lower than
those observed in the mock treatment, likely due to the model constrained demand for
specialized metabolites and the constraints on loss rates imposed by the initial
conditions and parameter choices. The loss rate threshold also limits the dynamics as
certain combinations yield values which fall outside of this range but would be a better
fit. It is possible that the loss also changes due to the stressed condition, such as

May 22, 2026

20127}


https://doi.org/10.64898/2026.05.29.728632
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.29.728632; this version posted May 30, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under a CC-BY 4.0 International license.

through more transporters or differences in degradation rates. A variable loss rate could
help alleviate this problem but would require more information about the loss dynamics.

In the GEEM models fit, the early dynamics, pre 50 hour, show a slower rate of
change than observed in the data. If we examine the metabolite data, there is a large
variability in the measurements, making those initial values and early dynamics less
clear, making the early dynamics more difficult to fit. If we consider the model, the
differences could be from multiple sources. Glucosinolates are also produced in the
roots, and also stored in other parts of the plant as well. The additional GSLs could
originate in other parts and be transported to the leaves. We also limited the parameter
priors from all values observed in the GSL pathway in literature, which could have
excluded the real values. There could be missing enzymes involved in the process, or a
co-factor or co-enzyme accelerating the reaction that is not modeled here. It is also
possible that there are enzymes which are inhibited before the stressor, and then
activated so the response is faster. As there is no information about these processes we
elected to not include them in the model at this time. The model also uses the
simplified form of Michaelis Menten kinetics, which also does not take into consideration
competitive inhibition. In order to further refine this model, further experiments and
analysis of the biosynthesis pathways should be conducted and the model updated with
the additional information.

Together, these results show that the GEEM framework can mechanistically link
transcriptional responses to time-resolved changes in indolic glucosinolate levels under
stress. By clarifying how regulatory changes and kinetic constraints shape the
accumulation of individual indolic glucosinolates over time, the GEEM model framework
provides a clearer picture of stress-induced metabolic changes and can support the
design of targeted experiments or breeding strategies to optimize these responses.

Enzyme Content

The enzyme concentrations observed in the different fits can differ greatly in scale as
seen in Figs[7] and 8] This is in part due to the low mRNA levels for some of the
enzymes. Since the synthesis rate constant is derived from the initial mRNA level using
the steady state assumption (see supplemental). If the mRNA level is very low, the
synthesis rate will become very large.

The simulated enzyme concentrations (Figs[7| and [§]) predict high concentrations of
IGMTS5 in the MeJA treatment due to the large increase in mRNA compared to the
initial conditions, showing that the model is working as expected with the inputs
received. After approximately 24 hours, the enzyme levels begin returned to their
pre-treatment levels [23]. The higher concentrations of CYP81F4 and IGMTS5 indicate
that these are important to the stress response. This is also reflected in the mRNA
levels, where the levels of these mRNA rise when exposed to MeJA. It can be seen that
the Enzyme concentration of IGMT5 during MeJA treatment is an order of magnitude
higher than the other enzymes. One reason the for this, in addition to the heightened
response during MeJA treatment, is the low concentrations at the beginning of the
experiment and the large increase in counts through the experiment. As the levels are
low to begin with, the ksg calculated for these enzymes are higher than the others,
causing this large response.

In this model we make a quasi steady state assumption that the concentration of
mRNA, enzymes, and metabolites are approximately at steady state before
perturbation. While some of the genes have been shown to have some link to known
circadian transcription factors, such as IGMT2/5 and CYP8F1/2 [31], it is not clear
how strong these influences are and if they effect the concentration of the enzyme in a
significant way. In order to further improve the model, these influences could be further
examined and added into the model.
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Due to a lack of proteomics data, it is difficult to validate the enzyme concentrations,
hence the large difference in scale observed between the resulting fits seen in Figs[7] and
[8l This highlights that the models is still highly flexible due to the unknown dynamics
of the proteins over the course of the experiment. While systems can be found which fit
the metabolite data, as the enzyme concentrations is unconstrained, the Michaelis
Menten kinetics parameters can vary greatly between similarly performing models (Fig
E[). In order to achieve a more accurate model, it would be valuable to obtain initial
enzyme concentration data in plants to impose stronger constraints on relative enzyme
abundances. In addition, time-series measurements of enzyme levels and metabolites
would allow further constraining of the model, improving its ability to capture enzyme
dynamics and refining the metabolite predictions.

Kinetic Constant Distributions

Examining at the distributions found from the literature enhance priors model in Fig [0}
while some parameters appear to be approaching a more clustered distribution, many
still have a wide distribution. This shows that with the constraints in the model
currently, there are many different kinetic constants which could allow for the dynamics
observed. Without more information on the kinetic constants or enzyme abundance to
constrain the model, the reactions become semi-interchangeable. As previously
mentioned the unconstrained enzyme concentrations allow for a wide range of possible
kinetics, the two networks compensating in turn for the varied values.

The Kjs values found via fitting (Fig@ are on a similar order of magnitude as the
concentration of the substrate, as suggested by the hypothesis of enzymes co-evolving
with the substrates and organism. From the literature it can be seen that the turnover
rate (keqt) should be slower for membrane bound enzymes such as CYP81F1-4. Figs
shows that while the values found are on a similar scale to similar enzymes in the CYP
family, they are not slower than the IGMT enzymes. The Kj; of these CYP enzymes
were also checked and appear to be on a similar scale, further supporting the model.

An advantage of using SMC-ABC is the incorporation of additional information
through the priors. In this study we included the information as a uniform prior, with
ranges derived from a combination of machine learning model predictions and literature.
If later there is additional information uncovered which shows the prior could follow a
certain distribution, this can be used improve the model.

If some of the kinetic constants were to be determined via kinetics experiments, the
solution space would also reduced. This would exclude a large number of these models,
allowing for a more targeted search of the space. The more kinetics given, the narrower
the space would become. Additionally, if some of the concentrations for enzymes were
known for nominal growth conditions, or if there was a time series of proteomics
performed with the experimental data the model could be further improved. The
nominal enzyme concentrations could be used to calibrate the initial conditions, linking
the synthesis and degradation rates of the enzyme. If the full time-series was available,
then the model could either be validated using this data, or it could be used as an
additional metric to fit the model.

Final Thoughts and Future Work

Our GEEM models shows that the observed changes in specialized metabolite
concentrations can be modeled as a function of the mRNA counts under multiple
conditions. By combining enzyme substrate kinetics predictions from machine learning
models with literature knowledge, we are able to fit a model which can reproduce
experimental observations of glucosinolate content in Arabidopsis using the mRNA
levels as the model input. We have shown that while ML predictions alone can give a
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hint to the dynamics, by fitting the Michaelis Menten kinetics alongside the enzyme
dynamics, the model can be further improved. Further augmentation of the priors by
adding information from literature yields further improvements. By fitting across
multiple conditions, we aim to improve the robustness of the inferred kinetics and better
capture the dynamic behavior of the system, compared to previous works.

While the model can replicate the experimental observations, the distributions of the
parameters found are still wide. While previous work has given a single solution |10], we
show that given such an under-constrained system, many possible solutions can give rise
to the observed dynamics. In order to further constrain the models, we propose
including additional conditions in the fitting, which would give further constrains to the
models. Additionally, if enzyme content data could be added to the fitting process, it
would further help constrain and validate the enzyme concentrations of the models.
Finally, in the GEEM model we do not consider competitive binding or feedback
regulation in the Michaelis Menten kinetics. Adding this could yield a better
representation of the system, but would require knowledge of binding preferences. We
identified a number of possible sources for the slower early dynamics which can be
investigated and used to improve the GEEM model.

The increasing availability of transcriptomic and metabolomic data highlights the
need for methods that can effectively integrate these layers of information. By
leveraging mathematical modeling to combine mRNA and metabolite measurements, we
present a framework for capturing the dynamics of underlying metabolic networks. This
approach is readily transferable to other systems and provides a foundation for more
comprehensive analysis of multi-omics data.
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Metabolite Data Collection

Plant growth conditions and treatment

Arabidopsis thaliana ecotype Columbia-0 (Col-0) was used. Seeds were stratified in 0.1%
agar at 4 °Cfor 48 h and sown on sand in closed trays with transparent lids to ensure
100% humidity under a 14-h long day. After 2 weeks, seedlings were transferred to
individual pots containing a twice autoclaved soil: sand mixture (12:5). Plants were
cultivated under a 10-hour long day at 21°C, 70% relative humidity and a light intensity
of 200 pmolm=2s~!. Plants were watered three times per week and supplied with a
nutrient solution once per week.

For treatment, rosettes of 5-week-old Arabidopsis were dipped for 3 sec in either a
MeJA (0.1 mM; Merck Life Science BV) or a mock solution. Both solutions were
prepared in tap water and contained 0.015% (v/v) Silwet L77 and 0.1% (v/v) ethanol.
Samples were collected at 2, 4, 8, 24, 48, 120 and 216 h after treatment, as well as
immediately after treatment (0 h) and 1 hour prior to treatment (-1 h) For each
replicate one entire rosette was harvested and flash frozen in liquid nitrogen.

Glucosinolate isolations and measurments

Sample were freeze dried overnight (Scanvac CoolSafe) and homogenized with a tissue
lyser. From each sample, 15 mg of powdered tissue was transferred to a new tube and
extracted with 0.4 mL of 100% UHPLC,/MS-grade methanol (Biosolve BV,
Valkenswaard, The Netherlands) containing 100pg/uL of the internal standards sinalbin
(Phytoplan Diehm & Neuberger GmbH, Heidelberg, Germany) and sinigrin (Toronto
Research Chemicals). Samples were vortexed thoroughly, followed by the addition of 0.8
mL HPLC-grade chloroform (Rathburn Chemicals Ltd., Walkerburn, Scotland) and
further vortexing. The samples were incubated on ice for 10 min, after which 0.4 mL of
ice-cold LC-MS-grade water (Biosolve BV, Valkenswaard, The Netherlands) was added.
Samples were vortexed for 2 min and centrifuged at 600 rpm for 10 min at 4 °C.

The methanol:water phase was collectedby transferring 0.4 ml supernatant to a new
tube, diluted with 1ml LCMS grade H20 and freeze dried overnight. Dried extracts
were redissolved in 0.4 ml LCMS grade H20, filtered trough a 0.22 pm microspin filter
(BGB Analytik Vertrieb GmbH, Rheinfelden, Germany) and transferred to LCMS vails
for analysis.

1ul per sample was run on U(H)PLC triple quad MS (1290 Infinity II, 6470 LC/TQ,
Agilent) on a Poroshell 120 PFP column with a 2.1 x 5 mm 1.9 micron U(H)PLC guard
column (Agilent). A program using acetonitrile (Biosolve BV, Valkenswaard, The
Netherlands) and 0.1% formic acid in water (Biosolve BV, Valkenswaard, The
Netherlands) was used. The program starts at 5% ACN followed by a gradient from 5%
to 55% (v/v) acetonnitrile in 7,5 minutest, a gradient from 55% to 90% (v/v)
acetonnitrile in 2 minutes and a gradient from 90% to 5% (v/v) acetonnitrile in 6
seconds. For quantification external standard dilutions were used of
4-hydroxyglucobrassicin, 4-methoxyglucobrassicin, neoglucobrassicin and glucobrassicin
(Phytoplan Diehm & Neuberger GmbH, Heidelberg, Germany).

For the experiment, the concentrations of I3M, 1IMOI3M, 4OHI3M and 4MOI3M
were collected at 2, 4, 8, 24, 48, 120 and 216 hours after treatment, as well as
immediately after treatment (Oh) at 21°C' with a mock and a meJA treatment as
previously described. Six replicates were collected for each timepoint and each
treatment which can be seen in Fig
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