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The transition of the chemical industry toward renewable biocatalysis requires robust kinetic models to scale and
optimize enzymatic processes. However, deriving these models typically relies on manual, trial-and-error fitting
of predefined equations, while data-driven machine learning approaches often produce accurate but physically
meaningless “black-box” models. Here, we present an adaptive kinetic model evaluation framework that auto-
mates the discovery of enzymatic rate laws directly from batch progress curves. By employing Grammar-Guided
Symbolic Regression (GGSR) the algorithm autonomously constructs rate equations using only physically
permissible kinetic building blocks. The framework’s reliability was first validated against 13 synthetic kinetic
mechanisms, confirming structural and parametric identifiability. The pipeline was then applied to a real
experimental case study of glucose-fructose isomerization using Streptomyces murinus isomerase. The algorithm
successfully recovered a reversible kinetic equation featuring an apparent uncompetitive-type interaction term
providing specific activities and Michaelis constants that align well with literature. This work demonstrates that
GGSR can bridge the gap between data-driven automation and mechanistically interpretable biochemical

engineering.

1. Introduction

Enzymes offer enormous potential for the transition of the chemical
industry from finite fossil-based resources toward renewable feedstocks.
Their high selectivity makes them attractive catalysts for a wide range of
chemical reactions (Waluga et al., 2026). To transfer such processes to
industrial scale, process modelling represents a powerful and indis-
pensable tool (Boodhoo et al., 2022). The core of such models is the
kinetic description of the enzymatic reaction in the form of mathemat-
ical equations. This equation is used to describe concentration profiles
under varying reaction conditions. The mathematical structure itself can
also provide insight into the underlying reaction mechanism and
thereby contribute to a molecular-level understanding of the process
(Cornish-Bowden, 2012). The most fundamental equation in enzyme
kinetics is the Michaelis-Menten kinetics model as shown in Eq. (1),

VmaxCs
V=—"— 1
Ky + ¢ )

with v, as maximal reaction rate, cg as substrate concentration and Ky,
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as Michaelis-Menten constant. Nevertheless, this equation only repre-
sents the simplest case of an enzymatic reaction and can be extended by
additional mechanistic contributions such as external, substrate or
product inhibition as well as multiple substrates and products as well as
reversible reaction steps or Hill-type cooperativity (Cornish-Bowden,
2012; Waluga and Nagshi, 2026).

Symbolic regression has emerged as a powerful approach for
deriving mathematical relationships directly from experimental data
(Reissmann et al., 2025; Lima et al., 2025). These methods follow the
principle of parsimony seeking the most simple and accurate models, by
penalizing their complexity. Parametric methods, such as the ALAMO
approach (Cozad et al., 2014) derive a simple model by the optimal
weighting of an a-priori known combination of basis functions, solving
an optimal subset selection problem with a model fitness metric derived
from information theory (Wilson and Sahinidis, 2017). Non-parametric
methods for a symbolic regression do not require a-priori selection of
basis functions, but simultaneously seek an optimal model structure and
parametrization represented by a syntax tree or directed acyclic graph,
applying genetic programming (McKay et al., 1997) or deterministic
global optimization (Cozad and Sahinidis, 2018). Such methods have e.

Received 25 June 2026; Received in revised form 31 August 2026; Accepted 22 September 2026

Available online 23 September 2026

2772-5081/© 2026 The Authors. Published by Elsevier Ltd on behalf of Institution of Chemical Engineers (IChemE). This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Open access funding enabled and organized by Projekt DEAL.


https://orcid.org/0000-0001-5308-3338
https://orcid.org/0000-0001-5308-3338
mailto:thomas.waluga@tuhh.de
www.sciencedirect.com/science/journal/27725081
https://www.elsevier.com/locate/dche
https://doi.org/10.1016/j.dche.2026.100346
https://doi.org/10.1016/j.dche.2026.100346
http://creativecommons.org/licenses/by/4.0/

T. Waluga et al.

g. successfully identified basic physicochemical laws (Neumann et al.,
2020), kinetic laws in material science (Wang et al, 2019) or
phenomenological models for flux and rejection predictions of mem-
brane separations (Goebel et al., 2020; Goebel and Skiborowski, 2020).

However, since non-parametric symbolic regression methods allow
for a rather unrestricted combination of mathematical operators, they
may generate functions that accurately describe experimental data but
lack physically or mechanistically meaningful interpretation
(Reissmann et al., 2025; Crochepierre et al., 2022; Lima et al., 2025). To
avoid this problem, Grammar-Guided Symbolic Regression (GGSR)
provides a highly promising alternative by restricting the symbolic
model search to expressions generated by predefined grammar. This
grammar specifies the admissible mathematical structures and can
encode prior knowledge such as physical consistency, mechanistic as-
sumptions, dimensional constraints, or known functional relationships.
This enables the resulting model to be constructed exclusively from
physically meaningful building blocks into the resulting kinetic model
(Reissmann et al., 2025; Narayanan et al., 2022). Moreover, the modular
nature of GGSR (Hoai et al., 2026) aligns particularly well with the
structure of enzyme kinetic equations, where individual mechanistic
contributions can be incorporated as building blocks of the overall ki-
netic model.

While GGSR has been proposed as a general framework for incor-
porating domain knowledge into symbolic model discovery, to the best
of our knowledge, this study represents the first investigation of GGSR
applied to enzyme kinetics. As an initial proof-of-concept study, the
scope is limited to a simple uni—uni reaction system involving one sub-
strate molecule and one product molecule. The objective is to evaluate
whether grammar-guided approaches can recover mechanistically
meaningful kinetic expressions while maintaining sufficient predictive
accuracy for experimental data. GGSR relocates domain expertise from
manual equation selection toward grammar construction and model
adjudication, rather than eliminating it.

2. Material and methods
2.1. Grammar-Guided Symbolic Regression

A custom workflow for adaptive kinetic model evaluation was
implemented in MATLAB. The overall framework consisted of four
consecutive blocks (cf. Fig. 1): (i) data loading or synthetic data gen-
eration and standardization, (ii) pre-processing and extraction of kinetic
information from experimental data by the use of spline interpolation
(Markus and Plesser, 1981; Waluga et al., 2025) as constrained
smoothing splines fitted under monotonicity and concavity constraints
that regularize the concentration data prior to differentiation showed
the lowest average parameter-estimation error under Gaussian noise of
up to 10% relative amplitude, and the widest range of viable initial
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parameter guesses, among the methods compared in a dedicated prior
study (Waluga et al., 2025), (iii) GGSR for kinetic model discovery, and
(iv) model validation and visualization. Block (ii) also produces a pre-
liminary Michaelis-Menten fit used only to scale parameter bounds and
initial guesses in Block (iii), not to restrict candidate model structure. All
code as well as experimental data are available in our repository, listed
in the Data Availability statement.

The symbolic regression approach was based on a grammar-guided
search strategy in which predefined mechanistic building blocks were
iteratively combined to construct kinetic equations. The grammar con-
sisted of physically interpretable numerator and denominator terms
representing common enzymatic reaction motifs such as substrate
binding, reversibility, and inhibition phenomena. Exemplary building
blocks are illustrated in Fig. 2. By construction, denominator building
blocks are dimensionless concentration ratios with matching-unit con-
stants, so admissible combinations remain dimensionally homogeneous.

In contrast to unrestricted symbolic regression, the search space was
constrained by a predefined reaction grammar to avoid physically
implausible model structures (Crochepierre et al., 2022). The regression
procedure was implemented as a custom multi-phase adaptive beam
search algorithm based on the principles of beam search (Lemons et al.,
2022). Initially, experimental data were flattened into concentration
vectors and corresponding observed reaction rates. The search started
from a null model and iteratively expanded candidate equations by
adding admissible numerator or denominator terms according to the
predefined grammar. The search was restricted to a one-parameter
orthogonal grammar during the mechanistic discovery phase. Hill-type
cooperativity terms were intentionally excluded at this stage to pre-
vent phenomenological overfitting during early model construction.

For each expansion step, model parameters were estimated by
nonlinear least-squares regression using the MATLAB function Isqcur-
vefit, via an eight-point multi-start strategy to mitigate convergence to
local minima. Parameter uncertainties (95% confidence intervals and
relative standard errors reported throughout) were derived from the
Jacobian of the nonlinear least-squares fit, which provides an approxi-
mate parameter covariance matrix. Candidate models were evaluated
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Fig. 2. Concept for the building blocks. Selected examples for the inhibition of
a simple irreversible uni-uni reaction.
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Fig. 1. Pipeline of the adaptive kinetic model evaluation. Each block is a standalone MATLAB function. Struct-based data contracts ensure modularity.
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using the corrected Akaike Information Criterion (AICc) (Hurvich and
Tsai, 1989), which served as the primary model selection metric. Only
models that improved the AICc by at least two units relative to their
parent model were retained for further exploration. This threshold is
consistent with the interpretation that AAICc values below two provide
little evidence in favor of one model over another (Burnham and
Anderson, 2004). To reduce the risk of convergence toward local
minima, multiple candidate branches were maintained simultaneously
using a beam width of three. Both settings are user-adjustable rather
than fixed constants. To avoid structurally unstable solutions, an addi-
tional identifiability filter was incorporated into the workflow. Candi-
date models were excluded from further consideration if parameter
perturbation sensitivity analysis revealed poorly identifiable or weakly
constrained parameter combinations, here referred to as “sloppy”
behavior. This step was intended to remove models with poorly identi-
fiable parameter combinations despite apparently good numerical fits.
After convergence of the mechanistic search phase, a second phase was
performed to evaluate potential cooperative substrate effects. In this
step, linear substrate-related terms were systematically transformed into
Hill-type expressions containing an additional cooperativity exponent.
These transformed models were only accepted when two criteria were
fulfilled simultaneously: (i) a significant improvement in AICc relative to
the corresponding mechanistic ancestor model and (ii) a fitted Hill co-
efficient of at least 1.6. Candidates are filtered in this fixed order:
physical admissibility, the identifiability gate, AICc-based ranking, and
finally cross-validation. Candidate Hill models were subsequently
ranked using leave-one-out cross-validation (LOOCV) (Arlot and Celisse,
2010), whereby entire progress curves rather than individual time
points were withheld to avoid leakage from the per-reactor spline fit, to
improve robustness against overfitting.

In the validation phase, the final candidate model was compared
against all mechanistic ancestor models within its evolutionary lineage.
LOOCV was performed to evaluate the generalization capability of the
discovered equations. If a simpler ancestor model exhibited superior
predictive performance while only showing a moderate loss in AICc, the
simpler model was preferred. This final lineage-wide validation step was
introduced to identify and remove unnecessary mechanistic terms that
improved the in-sample fit but reduced generalizability.

2.2. Experimental details for a real experimental case study

In addition to synthetic data, real experimental data were generated.
To this end, a reversible isomerization of fructose to glucose was carried
out using an isomerase. The experimental conditions can be summarized
as follows: the reaction took place in a 50 mL glass reactor at 45 °C in
0.05 M MgCl; and 0.01 M TRIS HCI buffer (pH 7.5) assumed as an ideal
stirred tank reactor. Substrate was added for the desired concentration.
5.55 g L~ Sweetzyme IT extra (from Streptomyces murinus by Novo-
zymes) was used. Samples of 200 uL. were periodically withdrawn and
filtered. A 100 uL aliquot of each filtrate was immediately quenched
with 150 uL of 1 M HCI and 1250 uL of buffer to stop the reaction prior to
HPLC analysis. HPLC was performed as described in the Supporting
Information.

3. Results
3.1. Code validation with synthetic data

To validate the developed code for parameter estimation using
GGSR, synthetic datasets were generated in Block 1. In this case, the true
kinetic model and parameters are known a priori and can therefore be
directly compared with the generated model candidate and estimated
parameters. The synthetic data was also superimposed with Gaussian
noise of 2% relative amplitude (plus a small additive floor to avoid a
degenerate zero-noise condition at zero concentration). The synthetic
data generation enables the representation and evaluation of 13
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different kinetic models. Exemplary results of model validation are
shown in Table 1 and 2 for a simple irreversible Michaelis-Menten ki-
netic according to Eq. (1) and a more complex reversible Michaelis-
Menten kinetic with uncompetitive product inhibition, respectively.
During model evolution, candidate models were retained only if they
improved the AICc of their direct parent by at least two units and passed
an identifiability screening. The final model was selected using a com-
bination of AICc-based ranking and LOOCV to balance goodness-of-fit
and generalization performance. The selected models are marked in
italic in the Tables 1 and 2. Details of this model validation for all 13
models can be found in our Supporting Information.

The results demonstrate that, under the tested noise level and data-
richness conditions, GGSR is capable of correctly identifying the cor-
rect model structure as well as true kinetic parameters with a low esti-
mation error (cf. Supporting Information). Near-nested candidates with
comparable AICc, such as Models 1 and 2 in Table 1, indicate that some
structural ambiguity remains even under these favorable conditions.
This holds provided that the rule proposed by Stroberg and Schnell
(Stroberg and Schnell, 2016) is fulfilled: “The time scale of time-course
curvature dictates accuracy of parameter estimation.” This relationship
is illustrated in Fig. 3. Experimental data points must necessarily be
located within the curved region of the progress curve. If measurements
are only recorded at early time points and low initial substrate con-
centrations, only the ratio of vy,q, and Kjs can be identified reliably,
which is a known issue in parameter estimation of enzyme kinetics
(Hong et al., 2022). In contrast, at high initial substrate concentrations,
only Vg can be estimated. Furthermore, if measurements are recorded
too late during the reaction progress, reliable parameter estimation is no
longer possible.

3.2. Real experimental case study with isomerase

For the case study based on real experimental data, progress curves
obtained from an isomerase catalyzed reaction were used. Representa-
tive experimental concentration profiles are shown in Fig. 4, while the
complete dataset is available in the associated repository.

As is commonly known, the isomerization of sugars represents an
equilibrium-limited reaction (Nam, 2022). In principle, it would be
sufficient to estimate the kinetic parameters using data from only one
reaction direction. However, this approach is known to result in
increased uncertainties for the kinetic parameters associated with the
reverse reaction (Waluga et al., 2025). Therefore, in addition to two
experiments investigating the conversion of glucose to fructose, further
experiments were conducted for the conversion of fructose to glucose. As
the final candidate model, the GGSR identified a reversible kinetic
equation with an apparent uncompetitive inhibition contribution ac-
cording to Eq. (2a), were Eqgs. (2b) and (2c) represent other candidates.
The estimated parameters are vg)c = 1.48 & 2.28 mM min~!, Vg = 2.08

+ 2.23 mM min’l, Kwm,gle = 241 + 342 mM, Ky pry = 341 £ 314 mM and

Table 1

Results of model validation for an irreversible Michaelis-Menten kinetic ac-
cording to Eq. (1). Automatically selected model in italic. Models 1 and 2 fit the
data almost identically (the Hill exponent in Model 2 converges to about 1); their
AlCc difference reflects only the parsimony penalty for Model 2's extra param-
eter, not a computational error.

Parameter Output Input
Vmax_fwd / mM 1.6977 + 0.0037 1.7000
min~!
K1/ mM 249.5060 + 250.000
0.4669
# AlCc R? Equation
1 —30,826.83 0.9999 v = (Vf*C1) / (1 + C1/K1)
2 30,825.49 0.9999 v =(Vf*C1'n) / (1 + C1"n/
K1"n)
3 16,382.88 0.9770 v = (Vf*C1™n) / (1)
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Table 2
Results of model validation for a reversible Michaelis-Menten kinetic with un-
competitive product inhibition. Automatically selected model in italic.

Parameter Output Input
Vmax_fwd / 1.6917 + 1.7000
mM min-1 0.0214
K1 / mM 0.9830 + 1.0000
0.0150
Vmax_rev / mM 247.8192 + 250.0000
min-1 2.7164
K2 = Kic / mM 341.6503 + 350.0000
4.7259
Kiu / mM 386.4266 + 380.0000
6.7615
# AlCc R2 Equation
1 50,748.41 0.9982 v = (Vf*C1'n - Vr*C2) / (1
+C1"n/K1"n + C2/K2 + C1*C2/
(K1*Kiu))
2 -50,710.87 0.9982 v=(Vf*C1-Vr*C2)/(1+ C1/K1

+ C2/Kic + C1*C2/(K1*Kiu))

2.0

t/ts

Fig. 3. Substrate concentration over time for an irreversible reaction. The
colored region indicates the “curved region”, which is necessary to obtain data
for sufficient parameter estimation, adapted from (Stroberg and Schnell, 2016).

Kiy = 275 + 463 mM. All other parameter values and calculated
goodness-of-fit metrics of the top 3 model candidates are summarized in
Table 3. Candidates 2 and 3 achieve marginally lower AICc and slightly
higher R2 than the selected model (Table 3) but are rejected because
their fitted Hill coefficients (0.80 and 0.79) fall below the 1.6
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admissibility threshold for physically plausible positive cooperativity
(Weiss, 1997). Per our selection hierarchy, Table 3 lists them only as
rejected alternatives for transparency.

VGicCale — VFruCrru

V= 1+ CGle + CFru + CGlc CFru (23)
Kugie ~ Kmrru  KmgleKiu
- V61cChe — VAruCrru (2b)
1 4 Coe ™ | | CacCru
K gie Kvrru * KmgieKiu
V6icCh. — VEruCrru
_ ctGlc (2c)

1+ Cczc"+ CFru

Ky gle KmFru

The values obtained are in good agreement with literature values.
For comparable reaction conditions but with a higher temperature, Ky,
Fru Values in the range of 86 — 335 mM, Ky gic values in the range of 165 —
219 mM and vg in the range of 0.22 - 0.27 U g’l, VEry in the range of
0.32 - 1.51 U g ! have been reported (Waluga et al., 2025). Using
slightly other reaction conditions in respect to the buffer composition,
K, Fru values of 450 — 822 mM, Ky gic of 497 — 700 mM and vgjc of 0.29 —
0.49U g’l, Verg 0f 0.19 —0.80 U g’1 have been reported (Converti and
Del Borghi, 1997; Dehkordi et al., 2009). Furthermore, other values for
example of Ky gic in the range of 180-1900 mM have been reported in
the literature, summarized by (Waluga et al., 2023). However, these
values are only comparable to a limited extent, as the enzymes studied
originate from different organisms and the reaction conditions varied.
The Kj, can partly be rationalized by the reversible character of the re-
action, as both substrate and product are able to access the active site
(Nam, 2022). At elevated concentrations, additional binding of either
substrate or product to the enzyme-substrate complex may lead to the
formation of non-productive complexes, resulting in apparent inhibi-
tion. Therefore, the additional denominator term should not necessarily
be interpreted as evidence for a specific elementary inhibition mecha-
nism, but rather as an apparent substrate/product interaction term that
effects the kinetic description under high-concentration conditions.

The present grammar fits the forward and reverse rate parameters
independently, without enforcing the Haldane relationship between
them. As a post-hoc check, the fitted rate law's equilibrium condition
implies a Keq of approximately 0.71 at 45 °C, which in good agreement
with reported values of Keq 0.72 and 0.85 at 50 °C and 55 °C, respec-
tively (Dehkordi et al., 2009).

3.3. Extended discussion

3.3.1. Relation to ALAMO and other symbolic regression approaches
ALAMO and similar parametric surrogate-modeling approaches
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Fig. 4. Representative progress curves of the reversible glucose—fructose isomerization catalyzed by 5.55 g 1-' Sweetzyme IT Extra at 45 °C in 0.05 M MgClz, 0.01 M
Tris-HCl buffer, pH 7.5. The left panel shows the forward reaction (glucose — fructose) and the right panel the reverse reaction (fructose — glucose), each for varying
initial substrate concentrations So. Markers denote measured product concentrations, solid lines represent constrained spline fits, and dashed lines represent 95%

confidence intervals. Error bars represent experimental error.
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Table 3
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Estimated kinetic parameters and model statistics for the isomerase reaction. Specific activities are reported relative to the enzyme concentration. Candidates 2-3 (Hill-
type alternatives) are rejected by the n > 1.6 physical-admissibility criterion despite favorable AICc/R2; see main text for the full selection hierarchy.

decision VGle VEru Kwm,cle Kn,pru Kiu n AIC R?
1 Selected 1.48 mM min~! (0.375 U g™1) 2.08 mM min~! (0.267 U g™1) 241 mM 341 mM 275 mM - —~149 0.97
2 Rejected 6.89 mM min 1.30 mM min ! 389 mM 186 mM 1681 mM 0.80 -153 0.98
3 Rejected 6.94 mM min 1.96 mM min ! 360 mM 269 mM - 0.79 -155 0.98

solve a one-shot optimal-subset-selection problem: a fixed, pre-
enumerated library of basis functions is weighted via a global mixed-
integer nonlinear program, and a single fitness metric derived from in-
formation theory determines the retained terms. GGSR instead incre-
mentally grows candidate rate-law expressions through a multi-phase
adaptive beam search: (i) a mechanistic grammar restricts candidate
terms to physically admissible enzymatic building blocks from the
outset, rather than admitting an unconstrained combination of generic
basis functions; (ii) a perturbation-based identifiability ("sloppiness")
gate is applied during the search itself, pruning branches with poorly
constrained parameter combinations before they can propagate; (iii) a
dedicated phenomenological shape-test phase evaluates Hill-type
cooperativity separately, gated by an explicit physical-admissibility
rule (n > 1.6) rather than by the information criterion alone; and (iv)
a lineage-wide leave-one-reactor-out cross-validation step can down-
grade an AICc-preferred model back to a simpler mechanistic ancestor if
the latter generalizes better. This staged, gated search architecture is the
main methodological distinction from ALAMO's single-shot subset se-
lection, in addition to the enzyme-kinetics-specific vocabulary of the
grammar itself.

3.3.2. Relation to SINDy

Sparse identification of nonlinear dynamics (SINDy) and related
approaches identify a sparse combination of terms from a generic
candidate-function library (typically low-order polynomials and trigo-
nometric functions) that reconstructs the governing ordinary differential
equations of a dynamical system, usually via L1-regularized (LASSO-
type) or sequential thresholded least-squares regression. By construc-
tion, SINDy does not restrict candidate terms to mechanistically inter-
pretable building blocks, and it targets the full system of state equations
rather than a single algebraic constitutive relation. GGSR instead targets
the rate law itself, constrains candidate terms a priori to physically ad-
missible enzymatic building blocks via a grammar, and uses a staged
search combining AICc-based ranking, an identifiability gate, and cross-
validation, rather than a single sparsity-promoting regression step.
SINDy is well suited to discovering unknown governing equations with
comparatively few prior structural assumptions, provided a suitable
term library is available. GGSR trades some of that generality for
stronger mechanistic-interpretability guarantees, at the cost of requiring
more domain-specific grammar design. The two approaches are com-
plementary rather than competing: a SINDy-type sparse regression
could, for example, be used to screen for unexpected additional terms
outside the current enzymatic grammar, which could then be incorpo-
rated as new grammar building blocks.

3.3.3. Extension toward homogeneous and heterogeneous catalysis

The overall search and validation architecture of GGSR - the beam
search, AICc-based ranking, the identifiability gate, the phenomeno-
logical shape-test phase, and lineage-wide cross-validation - is not
intrinsically specific to enzyme kinetics and could in principle be reused
for other saturation-kinetics formalisms. What is enzyme-specific in the
present implementation is the vocabulary of grammar building blocks
itself: Michaelis-Menten-type saturation terms, competitive/uncompet-
itive/mixed inhibition terms derived from rapid-equilibrium or quasi-
steady-state assumptions for a single active site, and Hill-type cooper-
ativity terms for multi-site binding. Extending the framework toward
homogeneous or heterogeneous catalysis would require replacing this

vocabulary with mechanistically appropriate building blocks for the
relevant catalytic cycle, for example, Langmuir-Hinshelwood-Hougen-
Watson-type adsorption/desorption and surface-reaction terms for het-
erogeneous catalysis, or elementary-step rate expressions derived from a
proposed catalytic cycle for homogeneous catalysis, while the overall
search and validation architecture could largely be retained. As for
multi-substrate enzymatic reactions, a key open challenge for such an
extension is managing the combinatorial growth of admissible mecha-
nistic terms as the number of catalytic-cycle steps and participating
species increases.

4. Summary and outlook

In the present study, the concept of GGSR was successfully applied
for the first time to the generation of a kinetic model for an enzymatic
reaction. In addition to the development and validation of the workflow
using synthetic datasets, a case study based on experimental data from
an isomerase-catalyzed reaction was also presented.

At the current stage, the implemented grammar is limited to the
simple case of a uni-uni reaction system. Future work must therefore
extend the grammar toward multi-substrate reactions, as they are more
common in nature and of industrial relevance (Cornish-Bowden, 2012).
This will substantially increase the number of possible mechanistic in-
teractions and inhibition terms, as all participating components and
their potential interactions need to be considered. Due to this rapidly
increasing combinatorial complexity, the integration of dynamic
grammar-pruning heuristics or machine-learning-guided beam searches
will become necessary to manage the computational effort while pre-
serving the deterministic, physically constrained nature of the discovery
process. Further necessary extensions include a rigorous identifiability
analysis, starting with a normalized parameter correlation matrix
derived directly from the covariance matrix already estimated via the fit
Jacobian, and extending to a full profile-likelihood analysis, combined
with a total quasi-steady-state (tQSSA) fitting layer, since sQSSA-based
fitting is inherently limited here (Hong et al., 2022), a systematic
noise-level sensitivity study, hard enforcement of the Haldane rela-
tionship, automated canonicalization of algebraically equivalent can-
didates, and a systematic procedure for activating grammar modules for
less-characterized reaction systems. Nevertheless, the present work
represents an important first step toward the future automated genera-
tion of mechanistically interpretable kinetic models using symbolic
regression techniques.
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