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a

A data-driven computational method is introduced to extract chemical reaction mechanisms from time
series chemical concentration data. It is realized through the use of dynamic symbolic regression in
which a sparse analytical form for a dynamical system is discoverable from the underlying data. We

specifically develop the stoichiometrically-informed symbolic regression (SISR) method to address

a standing challenge in complex chemical reaction networks:

given a time-series dataset of

concentrations of several components, what is the mechanism and the associated rate constants? SISR
finds the optimal mechanism, kinetic equations and rate constants by combining differential optimization
with a genetic optimization approach that searches a symbolic space of possible reaction mechanisms.

Use of SISR in several paradigmatic examples spanning linear and nonlinear reaction schemes results in

Received 18th October 2025
Accepted 19th April 2026

excellent agreement between true and predicted mechanisms, including when the method is applied to

noisy data. The advantages of a stoichiometrically-informed approach such as SISR to address reaction
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rsc.li/digitaldiscovery approaches.

1 Introduction

Determining chemical reaction mechanisms is foundational in
many research areas such as catalysis, electrochemistry,
combustion, and biochemistry that feature prominently in
modern scientific and technological landscapes.’™® Chemical
reaction mechanisms give fundamental insight into a physico-
chemical process, providing elucidation and allowing inter-
pretation of the underlying chemical reactions that give rise to
a process. Chemical mechanisms can also be used to forecast
how the outcome or output of a process will change over time.
However, deriving a set of kinetic mechanistic equations that
accurately describes the time evolution of concentrations of
chemical species involved in a mechanism is often difficult or
simply intractable in practice due to, for example, complex
nonlinear interactions between reacting species, a large
number of chemical species participating in the process, and/or
reactions occurring over multiple timescales. Deriving chemical
reaction mechanisms by hand generally requires physical
intuition about a system and subject matter expertise.*>*> This
is because determining accurate functional forms for reaction
mechanisms typically involves searching a vast space of
possible reactions that are involved in a process while also
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discovery is illustrated through comparison with the use of generic state-of-the-art data-driven

determining how those reactions are coupled in the overall
mechanism. This problem is compounded because not only
does the reaction mechanism itself need to be determined, but
the chemical rate constants describing species-to-species
transformations, i.e., chemical reactions, must be parameter-
ized, often over varying thermodynamic conditions such as
different temperatures and pressures.***”

Because of these difficulties, automated reaction mechanism
generation is an emerging data-driven research approach that
can accelerate the extraction of accurate reaction mechanisms
from data.>®'®?° Data-driven and machine learning (ML)
methods have been broadly and successfully applied in many
areas of the physical sciences.*** Data-driven approaches for
reaction discovery have been used to decipher complex and
large datasets of chemical concentration data by extracting
chemical reaction pathways, rate constants, and reaction
mechanisms.*®* The current data-driven reaction mechanism
discovery methods, however, generally suffer from the same
shortcomings that are typical of most data-driven and ML
approaches including lacking interpretability, a large number
of parameters, the black-box nature of the approximating
function, and poor performance when extrapolation outside of
the training data is performed. One ML approach that is used to
circumvent these limitations is Symbolic Regression (SR)—
a method to search for simple analytical functions that best
describe a dataset. SR has been applied in multiple contexts to
extract sparse and interpretable functional forms from data.*”*°
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In the context of SR applied to dynamical systems,*® dynamical
SR approaches can be used to extract a sparse analytical form
for a dynamical system from time series data. Integrating the
discovered system of dynamical equations will generate the
time-evolution of the input variables, for example the time-
dependence of the concentrations of chemical species.*"**

One of the most prominent SR methods that is used to discover
the dynamical equations giving rise to a time series dataset is the
Sparse Identification of Nonlinear Dynamical systems (SINDy)
approach.**** SINDy has been applied broadly in the physical
sciences and has seen successful applications in diverse areas such
as biological networks,** aerodynamics,* and plasma physics,*
among others. One of the primary advantages of SINDy is that
given a collection of time series data, it can quickly (relative to, for
example, genetic SR approaches®”') search a large space of
possible analytical functional forms and corresponding parameter
values to generate a simple dynamical system that when integrated
matches the time evolution of the input data. Other approaches to
determine symbolic expressions for physical mechanisms have
been developed. For example, the sure-independence screening
and sparsifying operator (SISSO) method®>* can be applied to
generate sparse analytical descriptors of a material's properties.

The SINDy framework has been applied to determine chemical
reaction mechanisms using an approach termed Reactive SINDy
(see ref. 41). This interesting application of SR to chemical reaction
networks produced sparse reaction mechanisms in good agree-
ment with the input data and illustrates the potential of dynamical
SR in macroscale chemical reaction dynamics. The Reactive SINDy
approach does have limitations that reduce its utility and robust-
ness including: (1) the user must propose a collection of reaction
ansatz, iLe., the user must guess what reactions are present in
a process. This requirement can be cumbersome and time-
consuming especially if the number of species being studied is
large or little is known about the physical process being examined.
(2) There are no constraints on the reaction rates in the derived
mechanism which can lead to unphysical results such as negative
concentrations when the system is integrated. (3) Fast-slow
dynamics® are not well-described. For example, if there are rate
constants that differ by multiple orders of magnitude the SINDy
approach will generally prune the slow process from the derived
dynamical system. This poses a problem because elimination of
reactions with small rate constants can eliminate reaction path-
ways that are vital to the overall mechanism. While these problems
are not present in all chemical reaction networks/mechanisms,
they do limit the applicability and utility of Reactive SINDy in some
cases.”* Other approaches such as SINDy - CRN** where CRN
stands for Chemical Reaction Network, and the one defined in ref.
55 seek to alleviate some of these problems.

Other methodologies for extracting dynamical systems from
data have been developed and applied to good effect.*** In the
context of chemical reaction mechanism discovery, it would be
advantageous to developing a method that (a) gives the explicit
individual reactions involved in a process, (b) gives the stoichi-
ometry of those reactions—a fundamental property in the anal-
ysis of chemistry and chemical reactions, (c) does not rely on
neural network formulations of the chemical reaction network, as
they can reduce interpretability and accurate extrapolation (i.e.,
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accurate time-series forecasting), (d) can detect hidden variables
such as unknown chemical intermediates in a reaction mecha-
nism, (e) does not require a postulated set of potential reactions
be included as reaction ansatz, (f) accurately returns the rate
constants for each reaction, and (g) is robust to noise in data.

In this work, we develop and apply a stoichiometrically
informed symbolic regression (SISR—pronounced “scissor”)
tool to determine chemical reaction mechanisms and chemical
kinetic equations from time-series concentration data. Our
specific technical advance is to apply a physics-informed
mathematical formalism that accounts for intrinsic stoichi-
ometry in a chemical reaction to automate the discovery of
accurate chemical reaction mechanisms from data. The devel-
oped method returns sparse and interpretable analytical forms
for a reaction mechanism discovered from data. A genetic
optimization approach is employed to search the symbolic
space of possible reaction mechanisms to find the one that best
matches a time-series dataset of chemical concentrations. That
genetic approach is coupled with the stoichiometrically-
informed method to fit the rate constants in a reaction mech-
anism through differential optimization. Applying the method
results in excellent agreement between true and predicted
mechanisms over data from multiple linear and nonlinear
reaction schemes. The agreement is shown to persist over
sparse and noisy datasets, such as those that would typically be
obtained from experiments.

The remainder of this article is organized as follows: Section
2 contains details of methods and the formalism that are
applied including the genetic search procedure over the
symbolic reaction space and the numerical procedures used to
fit the rate constants in those reactions. In Section 3, the results
of the method for several model reactive schemes and chemical
reaction networks are presented. Conclusions and future
directions are discussed in Section 4.

2 Stoichiometrically-informed
symbolic regression (SISR)
2.1 Data structure and mathematical formalism

The overall goal of SISR is to take time series concentration data for
chemical processes where the underlying reactions are unknown,
and to extract the correct reactions and rate constants from that
data. The SISR method is described using the following mathe-
matical formalism. Consider a dataset of chemical concentration
data containing N chemical species, where the concentration of
each species is measured at times ¢, ¢, ..., t,,. Expressed in matrix
form where each column is the times series concentration data for
a different species, this dataset is

[Si](z1)  [Sa)(n1) [Sv](t1)
s— | Sil(n) [S:](2) [Sv](22)
[S1](tn)  [S2) () [Sw] (£

where the [S;] notation represents the concentration of chem-
ical species S;. The goal is to derive a symbolic reaction

© 2026 The Author(s). Published by the Royal Society of Chemistry
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mechanism M and the corresponding set of rate constants k
that best fits the dataset S. The total reaction mechanism
comprises a set of chemical reactions involved in the process,
the rate constants for those reactions, and the corresponding
set of kinetic equations for the set of reactions. Our approach is
to use a genetic algorithm to evolve stoichiometry-constrained
symbolic expressions for a collection of reaction mechanisms,
fit the rate constants in those mechanisms to numerical deriv-
atives of the concentration data, and repeat this process for
multiple iterations (generations) using the best mechanisms
from the previous generation to generate the next generation.
After a set number of generations are evolved, a final determi-
nation of the best overall mechanism is made. A schematic
diagram of the developed workflow is shown in Fig. 1.

The mechanisms are fit and constructed in the derivative
space of the concentration data. Here, the numerical derivatives
of the concentration data, obtained using finite difference
methods, are represented by

rd[Si] d[S,] d[Sy] 1
dr - dt = dr =
d[si] d[S,] o d[Sy]
S=| dr|_, dr|_, dr |,
d[Si] d[S,] - d[Sy]
de |_, ~ dr|_, dr |_, |

Fitting to derivatives is a common approach used to discover
symbolic dynamical systems from data because it allows the
de dy dz
for example, @ dr dr
structed directly as opposed to constructing the primary func-
tions, x(t), y(t), 2(t), and then deriving the dynamical system
from those functions.*>** We apply this same approach.
A symbolic reaction mechanism M is a collection of chemical

reactions

derivative functions, to be con-

= [rxn,, X1, IX1,...], (1)

where each reaction (rxn) is associated with a rate constant k.
The total mechanism is a combination of the symbolic mech-
anism M and an array of rate constants k that contains
a numerical value for the rate constant of each reaction in that
mechanism. For example, some reactions that are possible in
a process involving three chemical species S; = A, S, =B, and S;3
= C are

2A— B,
A+B—C, 2
2A+3B+C—A+2B.

The size of a mechanism is given by its cardinality [M| which
is the number of reactions in the mechanism.

To illustrate the SISR method, consider the abstract chem-
ical reaction example

© 2026 The Author(s). Published by the Royal Society of Chemistry
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where the terms on the LHS are reactants (denoted by the
superscript “r”) and the terms on the RHS are products (deno-
ted by the superscript “p”). The sums are taken over all the
chemical species involved in the process. The stoichiometric
coefficients of species S; in the reactant and product states are
s and s, respectively. To represent each reaction in vector
form (a convenient mathematical notation for our purposes), we
break each reaction into a reactant vector and a product vectors,
each containing the stoichiometric coefficients in the respective
state. The reactant vector for eqn (3) is

rxn® = [s{?, s, s, (4)
the product vector is
rxn® = [P, s, 5P, (5)

and the total reaction vector is obtained through a concatena-
tion of the reactant and product vectors:

rXn = [s(,”,sg”, ...73%)] ® [s(lp),s(zp), ...,S§$>]
(6)
= [s(lr),sgr), s s s ...,sﬁ\},’)}eNOZN,

where @ represents the concatenation operation. For example,
consider again a reaction involving three species: S; = A, S, =
B,and S; = C defined by

2A+3B+C5A+2B 7)

The reactant vector for this reaction is
rxn® = [2, 3, 1], (8)

the product vector is

xn® =

(1,2, 0], )
and the total reaction vector is

rxn=1[2,3,1]® [1,2,00=[2,3,1,1,2,0] (10)
Using this formalism, chemical reactions can be expressed
in convenient mathematical form that maps to a symbolic
representation for analysis and optimization.
Each total mechanism has a corresponding system of

symbolic kinetic equations defined by:

d S
g = k(=) 11817
rXne J=
d[Sz N 5
= 2o =) 1507 (1)
d[SN] (r)

= > ke (s =50 [Tis7"

rxneM j=1
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The kinetic equations are integrated to determine the time
evolution of the concentration of each species.

2.2 Genetic search for the optimal reaction mechanism

We now describe the mathematics of how symbolic mecha-
nisms are evolved in SISR.

2.2.1 Reaction list. The first step is to create a reaction
list—a list of all possible reactions that could be included in
a mechanism. The reaction list is created based on predefined
constraints for the maximum reaction order, O, and maximum
stoichiometric ratio, R, that can be included in each reaction on
the list. Each reaction in a mechanism is represented by
a reaction vector like in eqn (6) with 2N elements, where the first
N elements are the stoichiometric coefficients of the reactants,
the sum of which must satisfy the constraint

N
Z sl(vr) =0.
=1

(12)

This is a mathematical statement that a reaction on the
reaction list must not exceed the predefined reaction order.
Typical values for O will be O = 1 if only first order (and
optionally zeroth order) reactions are to be included or O = 2 if
first and second order reactions (and optionally zeroth order)
are to be included, although higher reaction orders can also be
used. The last N elements in the reaction vector are the stoi-
chiometric coefficients of the products, the sum of which in the
SISR method is constrained by:

N
ngp) =0 xR (13)
s

The number of possible reactant vectors is given by N + O

N+O

Choose 0, ie., < 0

), and the number of possible product

vectors is (O x R)N. The final list of reactions is formed by
combining every possible reactant vector with all possible
product vectors and eliminating redundant or stoichiometri-
cally prohibited reactions.

We utilize an islanding procedure in the SISR genetic algo-
rithm, where multiple islands are created, each containing
mechanisms with a fixed number of reactions, |M|. Islanding is
a technique used in genetic algorithms where the population is
divided into distinct subpopulations (here based on the number
of reactions in a mechanism), each evolving separately on
different “islands”. The mechanisms in each island maintain
a constant number of reactions throughout the evolutionary
process. The genetic algorithm is then applied separately to
each island, allowing independent evolution of mechanisms
with their respective constraints on the number of reactions. No
information is transferred between islands during the search
procedure. The islanding approach promotes diversity among
potential solutions and mitigates the need to address
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mechanism complexity (or other factors) for optimal mecha-
nism selection during the search on each island. This ultimately
leads to more efficient optimization and also makes the search
easier to parallelize.

2.2.2 First generation. In the next step, the first generation
of possible reaction mechanisms

G, =[M;, M, M,.. ], (14)
is constructed for each island using the reaction list. In the first
generation, nme.n Mmechanisms are constructed. Each mecha-
nism is constructed by randomly and sequentially selecting
reactions from the reaction list until (a) all the chemical species
that are involved in a process are included in that mechanism
(either as reactant, product, or both) and (b) the number of
reactions in the mechanism is equal to the cardinality of the
specific island size. The first constraint is imposed so that if the
concentration data set contains data for N chemical species,
then every mechanism should involve N chemical species, i.e., if
N chemical species are represented in the data, then all N
species must be involved in the mechanism. Each reaction in
the reaction list is equally weighted in this initial selection
procedure. The outcome is collection of nyen possible
mechanisms.

After constructing symbolic expressions for each reaction
mechanisms in the generation, the next step is to fit the rate
constants for each mechanism to the data. Our aim is to
minimize the discrepancy between the true concentration

d([lii] and the predicted derivatives % for each
species ¢ where the hat notation signifies that the derivatives
arise from fits to the data. The time derivatives are computed
using a second-order accurate central difference for interior
points and first-order accurate forward/backward differences at
the boundaries. This approach is able to handle both uniformly-
spaced and nonuniformly-spaced time-series datasets.

The rate constant fitting is achieved using the mean squared
error (MSE) defined through the loss function in the derivative
space

derivatives

. 2
d|s;
U
_ 1 n N dt i=t; 1=t;
o= N 2 2 SN (]a[s] -
== I max | |—— i
dt max 2

)Eiz

as an overall loss metric for each mechanism where the sum
over j accounts for all the time points in the dataset and the sum
over i accounts for all the chemical species. Each derivative
value in the MSE is scaled so that species with large derivative
value do not dominate the error calculation. The fitting process
is performed by finding the set of rate constants that minimize
the MSE between the observed and predicted derivatives:

K = argmin(Zge (Kk)). (16)
k

© 2026 The Author(s). Published by the Royal Society of Chemistry
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The time derivatives for each species in a mechanism are fit
to expressions that encode stoichiometric information in the

form:
d[s)]

K

rxne M J

s()"

1

(17)

N
t=t;

for each species. The minimization is performed using
nonlinear least squares regression implemented through the
trust region reflective method. All of the rate constants are fit at
the same time, as opposed to a sequential fitting procedure.
After numerical values for the rate constants in every mecha-
nism have been assigned using the fitting procedure, we have
the first generation of fit mechanisms

G{" = M{™, M5, M{™,.. ] (18)
and a corresponding set of values for the loss function
) = [a(ﬁ/der(l)7gder(2)7‘$der(3)7 ] (19)

The initial generation of mechanisms is then sorted and
ranked based on fitness defined by the MSE in the derivative
space, i.e., Lder-

2.2.3 Next generations. The npest = int(ENmeen) fittest
mechanisms from the previous generation G; are kept for the
next generation G4 using an elitism fraction &. Therefore, in
each subsequent generation after the first, 7,ew = fmech — Mbest
new mechanisms must be created using information from the
best mechanisms from the previous generation. This process is
performed using crossover methods and then mutation
methods.

Crossover involves taking information (reactions, reactant
vectors, and/or product vectors) from the best performing
mechanisms and using that information to generate new
mechanisms. The probability of a mechanism from the
previous generation being involved in a crossover event comes
from the ranked-based selection:

_ Nmech —i+e
Pi= )

Hmech

Z (nmech _j + 5)

J=1

(20)

where ¢ is a small fractional numerical value (throughout taken
to be 0.2) used so that a non-zero probability is assigned to all
the mechanisms in a generation. We use this ranking procedure
instead of weighting directly according MSE value to avoid high-
fitness mechanisms dominating in early generations. The
ranked-based weighting adds diversity to the pool of
solutions.

The crossover mechanism is generated by choosing two
mechanisms (the parents) randomly according to the proba-
bility p;. The reactions contained in the two selected parent
mechanisms are then combined into a gene pool which is
a collection of all the reactions involved in the chosen mecha-
nisms. The gene pool is edited so reactions only appear once.
Two offspring mechanisms are then created by randomly
selecting reactions from this gene pool. The offspring are

© 2026 The Author(s). Published by the Royal Society of Chemistry
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created by randomly and sequentially selecting reactions from
the gene pool until all the chemical species that are involved in
a process are included in children mechanisms and the number
of reactions in the mechanism is equal to the cardinality of the
specific island size being evolved. For example, consider the two
parent mechanisms from an [M| = 4 island:

M, = [rxn;, rXn,, rxnsz, rxng], (21)
M, = [rxns, rXng, rxns, rxng]. (22)

The gene pool for these parents is
GP = [rxnj, rxn,, rXns, rxng, rxns, rxng, rxn;, rxng]. (23)

Using this gene pool to generate two children, results in
mechanisms such as:

Mcpilar = [rXny, rXny, rxns, rxng). (24)

and

Mhilg2 = [rXny, rxns, rxn;, rxng). (25)
Crossover can be chosen to occur over specific reactions as
described above, or in the reactant and/or product vectors
separately. The latter will be advantageous when examining
chemical processes with large number of chemical species.

Once the new generation of mechanisms is created using
crossover, a random number of the newly-generated mecha-
nisms are selected to be mutated. Mutation is not performed on
the npes elite mechanisms, only on the n,e, new mechanisms
generated using crossover. This is to retain the best solutions,
otherwise the mutation could take an optimal solution and
change it, removing important reaction information from the
overall gene pool. Throughout this work we use a mutation rate
At of 0.1, meaning 10% of the new mechanisms are mutated. In
the mutation procedure, first, a random mechanism is selected
from n,., mechanisms. Next, a random reaction is selected
from the selected mechanism and is substituted for another
reaction from the original reaction list, with all reactions on this
list being equally probable. Finally, the new mechanism with
the substituted reaction is checked to see if it satisfies the
constraint that all chemical species in the dataset are included.
If so, the new mechanism is substituted with original mecha-
nism before mutation. If not, then the mutation procedure
starts over by selecting a new mechanism to mutate, and the
original mechanism stays on the list of mechanisms.

The rate constants in the new generation are then fit to
constrict the new generation of fit mechanisms G and a cor-
responding set of values for the loss function #;,;. Then, the
sort — crossover — mutate algorithm starts again until a set
number of generations are evolved.

2.2.4 Final generation and mechanism selection. Because
islanding is used in the SISR genetic algorithm, after the final
generation of mechanisms is generated there is not a single best
solution but instead a collection of best solutions, one for each
island. Therefore, final selection of the overall best mechanism

Digital Discovery, 2026, 5, 2325-2341 | 2329
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Fig. 1 Schematic diagram showing the workflow for the developed SISR method.

must be made. There are several ways to approach this problem.
Here, we employ an approach based on multiobjective optimi-
zation. Specifically, we seek the mechanism that minimizes the
discrepancy (the MSE) between the scaled ground truth
concentration data and the data generated by the extracted
mechanism:

%= 5 22 mgxg[;,}) - m[:i(([ts?n ’

(26)

and that also minimizes the complexity of the derived mecha-
nism.* Complexity metrics in symbolic regression are used to
quantify the simplicity or sparsity of the generated models.
These metrics penalize overly complex expressions that do not

A —balA] + 2klB] + KB
dt (+)
- ‘/I\/\\/h N
( ] (X ) X))
(1) Cw @) 5 G kz\\:[B]\ (17 (k) (B Ti0)
O O gg NN NG AN AN
X
b ) Complexity = 16
/\/\ /\/ \
”I\X \/ilk\\B /[ S\ 5
,,/' \\,, : RN [ ]‘ N 1 : 5 ‘\ ‘ ‘\[
Complexity = 14
IO _ kmic ©
> =
A \,/ [B]/ ‘\[ ,] Complexity = 5

Total Mechanism Complexity = 35

Fig. 2 Expression tree complexity analysis for the example mecha-
nism shown in eqn (28).

2330 | Digital Discovery, 2026, 5, 2325-2341

significantly improve predictive performance.*>*** Notice in
eqn (26) that while we discover the total mechanisms in the
derivative space, the final determination of the best mechanism
is made based on the concentration error, which is then
coupled with a complexity metric.

The complexity metric applied in this work arises from
counting the nodes in an expression tree that represents the
kinetic equations for a mechanism (see eqn (11)). Symbolic
expression trees represent analytical functions in a hierarchical
structure, where each node represents an operation or operand.
The overall complexity metric is a sum over the number of
nodes in the expression tree for each species in a mechanism:

N
=> IT,
i=1

where T; is the expression tree (the graph) of the kinetic equa-
tion for the i-th species and |T}| is the number of nodes in that
tree. Example expression trees are shown in Fig. 2.

Complexity(M (27)

Several modifications to typical expression tree construction
are implemented:

(1) We want larger stoichiometric coefficients to contribute
more to the complexity in comparison to smaller coefficients.
Therefore, all stoichiometric coefficients are written as a sepa-
rate node or subtree. If the stoichiometric coefficient s = 1, it is
written as a single node. If the stoichiometric coefficient s > 1, it
is expressed as a subtree with s + 1 nodes where the additional
node is due to the “+” operation.

(2) The “power” operation is not used to write nonlinear
terms. Instead we write nonlinear terms such as [A]* using the
product operation. This is because terms like [A]* should
contribute the same complexity as terms like [A][B].

In general, chemical reaction mechanisms have specific
mathematical forms that contain polynomials but do not
include other types of functions such as trigonometric or
exponential functions. This simplifies the complexity calcula-
tion because we do not have to decided how to weight these
different functions in the complexity hierarchy.

To illustrate how the complexity metric is implemented,
consider the example mechanism

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00470e

Open Access Article. Published on 20 April 2026. Downloaded on 5/31/2026 9:03:38 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Paper
AZB
B>A+A (28)
B+C3A
that is described by the set of kinetic equations
d[A
I 1A+ 2608 + B
dB
O k1A~ kolB] — K BIC] 9)
e _
£ = Bl

Fig. 2 illustrates the expression trees for each of the three
equations in this system. Three key points are:
da]
dt
note that the stoichiometric coefficient is broken into a sum.
This adds a penalty on the stoichiometric values in the
expression complexity.

(2) Nonlinear terms such as ky[A]> contribute more
complexity than linear terms such as k;[A]. This agrees with
physical intuition that nonlinear expressions are more complex
than linear expressions.

(3) All rate constants contribute the same to the complexity.
Meaning no penalty is placed on the values of the rate
constants. This is to avoid problems with coefficient thresh-
olding that can arise in other methods.

The overall goal of the SISR procedure is to solve the multi-
objective optimization problem

(1) In the subtree for the term 2k,[B] in the equation,

IINllllI‘l( Z., complexity), (30)

meaning we want to find the mechanism and the corresponding
rate constant values that minimize the concentration error with
respect to the ground truth data and also minimizes the
complexity.

3 Results

3.1 Sequential linear mechanism

The first mechanism we examine is paradigmatic sequential
linear mechanism

ALB
B%C (31)
C3D

that is described by the set of kinetic equations for the time
evolution of the concentrations:

dlA] _

5 = alAl
diB] _ . ra7_
& = k> [B] — k3[C]
diDj_ k3[C]
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Fig. 3 Time evolution of the (a) concentrations and (b) scaled deriv-
atives—eqn (34)—of each species in the sequential linear mechanism
given in egn (32). The solid lines are the results of the SISR method and
the corresponding black markers are a subset of the data used by SISR
to extract the reaction mechanism and fit the rate constants. The
concentrations are shown in units of millimolar and time is shown in
units of seconds.

0.01

0.001}

minimum derivative error

generation

Fig. 4 Minimum derivative error, min(.%;), as a function of generation
using SISR to extract mechanisms from the ground truth data gener-
ated using the mechanism given in egn (32). The y-axis is shown on
a log scale. Each curve is the result of a different island in the SISR
method, where each island contains mechanisms with the number of
reactions |[M| shown in the legend.

with rate constants k; = 6.312 X 10 ° s~ %, k, = 1.262 x 10 %572,
and k; = 3.156 x 107> s~ ' and concentrations given in milli-
molar. The search space involves 142 reactions that can be
combined into ~1.1 x 10'® possible mechanisms considering
mechanisms with 2-6 reactions. So the search space is large.
The kinetic equations were integrated using the Explicit Runge-
Kutta method. We used this integration method for all exam-
ples in this manuscript. 500 equally spaced data points over the
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time interval [0100 000] in units of seconds was fed into the
SISR algorithm. For this mechanism, the SISR method was
evolved for 10 generations over 5 islands with number of reac-
tions |M| = 2-6. A population size of 2000 was used for the |M| =
3-6 islands while a population size of 500 was used for M| = 2
island because of the smaller number of possible mechanisms
on that island. The maximum reaction order was O = 2. The
mutation rate was .# = 0.1. The elitism was ¢ = 0.1 (meaning
the top 10% of the solutions were retained across generations)
except for the |M| = 2 island where the elitism was & = 0.4 due
to the smaller population size.
The symbolic reaction extracted by SISR is:

-l
=l -ef

! (33)
SENITRC

U>

dp|
i~k

which is exactly the true mechanism. The hat notation signifies
that the rate constants and concentrations arise from the fits to
the data. The rate constants in the extracted reaction mecha-
nismare , k; =6.310 x 10 ° s~ %, k, =1.262 x 10 *s™, and ks =
3.156 x 107> s~' in excellent agreement (0.0317% error or
better) with the true rate constants. The results of the fitting are
shown in Fig. 3. The concentrations predicted by the SISR
method closely match the time evolution of the true mecha-
nism, as illustrated in Fig. 3(a). In fact, at the presented level of
visual fidelity, the ground truth data and the SISR result are
indistinguishable. An important observation is that even
though SISR searches over a symbolic space of nonlinear
functions, the true linear mechanism is selected as the best
model. Fig. 3(b) illustrates a comparison between ground truth
and SISR results for the scaled numerical derivatives,

d[Si]

W (34)

dt)

demonstrating remarkable quantitative alignment. Note that
the rate constants for each total reaction mechanism and the

MSE used to sort mechanisms on each island are calculated in
the derivative space. So, while the overall goal is to develop
a mechanism that results in time series concentration profiles,
analyzing the SISR results in the derivative space is illustrative
of results for the fitting and sorting procedure.

We have found that for the linear sequential mechanism, the
SISR search converges to the true symbolic mechanism using as
few as 20 data points in the fitting procedure. This supports the
possibility that SISR will perform well on sparse kinetic data, for
example, on the types of data that could be generated in some
experimental setups. As expected, the more data points that are
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used in the fitting the closer the extracted rate constants
become to the true rate constants. It is also interesting to note
that the fitting method gives good agreement even when
a relatively small number of data points are used.

Fig. 4 illustrates how the minimum derivative error for each
generation i, i.e., min(%;), changes over 10 generations of the
SISR genetic algorithm. In this case, the data that was fed into
the SISR method was concentration data from 50 equally spaced
time points over the time interval [0, 100 000]. Each color curve
in Fig. 4 represents the results for a different island size in the
SISR algorithm. Fig. 4 demonstrates that the genetic evolution
of mechanisms results in monotonically decreasing error over
each generation. This shows that the SISR algorithm is opti-
mizing the symbolic mechanism and the genetic search tends
toward an optimal mechanism on each island. For [M| = 2, only
two reactions are included in each mechanism, and so the
search space of possible mechanisms is small—approximately
10* mechanisms. Therefore, the optimal solution for that island
is found after only a couple of generations because each
generation includes a large portion of the total search space of
possible mechanisms. However, the error generated on the [M]
= 2 island is large compared to the other islands. The ground
truth mechanism has |M| = 3 reactions, and there is a dramatic
(approximately two orders of magnitude) drop in error when
going from the [M| = 2 island to the |M| = 3 island. This illus-
trates an important result because to identify the correct
mechanism a heuristic argument is to look for the optimal

107} -
1 1 1 1 1 1 1 1

15 20 25 30 35 40 45 50 55 60
Complexity

Fig. 5 Complexity vs. concentration error . for the sequential linear
mechanism. Each marker corresponds to the best mechanism as
calculated using the derivative error Zger from the labeled island. The
y-axis is shown on a log scale.

Table 1 SISR error metrics for the sequential linear mechanism on
each island

(M| Pder Pe Complexity
2 3.59 x 1072 1.88 x 107+ 19
3 6.09 x 107* 1.05 x 107* 26
4 3.97 x 107* 7.58 X 107° 35
5 3.44 x 10°* 1.54 x 10°* 45
6 2.81 x 107* 2.03 x 107* 57

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 Time evolution of the concentrations of each species in the
sequential linear mechanism given in eqn (32). The SISR fit for each
species extracted from noisy data is shown by a solid curve. The
markers are a subset of the noisy data used by SISR.

mechanism on the island that occurs immediately after a steep
drop in error with respect to variation in mechanism size. Later
we will give a more rigorous definition for mechanism selection,
although we have found this heuristic observation to be an
accurate identifier over the systems examined in this work.

In the derivative space, we see an interesting result which is
that while the true mechanism has [M| = 3 reactions, the
islands with [M| = 4, [M| = 5, and |M| = 6 reactions actually
generate lower error than the true mechanism, although this is
not the case in the concentration space as we will show next.
The cause of this reduction in error when adding spurious and
erroneous reactions to the true mechanism size is that as more
reactions are added, the algorithm has more coefficients to
adjust in the fitting procedure, thereby fitting the data more
closely. This means that the mechanisms on those islands are
overfitting the data and doing so on symbolic functions that do
not best fit the data. This also illustrates the need for
a complexity measure when making the final mechanism
selection, because if only minimum error was used then the
wrong mechanism would be chosen in this case.

Fig. 5 is a plot of the value for the loss function in the
concentration space %, as a function of the mechanism
complexity. Each marker in the plot represents the mechanism
with the lowest derivative error on each island. This Pareto front
plot illustrates that the |M| = 3 mechanism is the point on the
Pareto front where increasing complexity results in limited
improvement in the accuracy of the mechanism. Therefore the
M| = 3 mechanism is the optimal solution. This can be
observed because there is a steep drop in error when going from
the |[M| = 2 point to the |[M| = 3 point, and while the complexity
for [M| = 2 is smaller, the tradeoff in concentration error is too
dramatic to make it the optimal solution. When comparing the
[M| = 3 to |M| = 4 mechanisms, there is limited improvement in
concentration error when adding a new reaction, however there
is a large increase in complexity. Interestingly, the |[M| = 5 and
M| = 6 mechanisms result in an increase in error with respect
to the |M| = 3 mechanism. This illustrates that including more
terms in the symbolic mechanisms, i.e., including more reac-
tions, does not necessarily result in improved accuracy but will
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generally result in a higher complexity. The error metrics used
to construct the Pareto front in Fig. 5 are shown in Table 1 along
with the corresponding derivative error for each mechanism.
3.1.1 Performance on noisy data. Noise can be a prominent
feature in experiential and simulated chemical kinetics data, for
example, in data obtained from molecular dynamics simula-
tions using reactive force fields. Therefore, examining the
robustness of the SISR approach in the presence of noise is an
important metric. To this end, we examined the performance of
SISR on noisy data by adding Gaussian noise sampled from the
normal distribution .4(0,50) to the same dataset used in the
deterministic solutions of the sequential linear mechanism
given in eqn (32). A Savitzky-Golay (SG) filter was applied to the
concentration data, and that filtered data was used as the SISR
input. This is a general approach that has worked previously
due to known problems with numerical derivative calculations
in the presence of noise.** The derivatives are computed after
the smoothing is performed. The result of the SISR on the noisy
data is shown in Fig. 6, with excellent agreement observed
between the noisy data and the mechanism predicted by SISR.
The SISR method is able to find correct mechanism (the same as
in eqn (32)). The rate constants extracted from the data were k,
=6.346 x 107 s, k, = 1.279 x 10~* s, and k; = 3.091 x
107" s~ " in strong agreement with the true rate constants. Note
the specific rate constant values extracted from noisy data will
depend on the specific realization of the noise. An important

T 1
=== true data
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. T T .
without hidden variable |
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s 3 3 8
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Fig. 7 Time evolution of the concentrations of the species in the
sequential linear mechanism given in egn (32). Panel (a) shows the case
in which data for species A, C, and D are fed into SISR but no hidden
variable (a new chemical species) is allowed in the mechanism and
panel (b) shows the same case but with a hidden variable being
allowed. In both cases, the error function only includes species A, C,
and D. The solid lines are the SISR fit and the dashed lines are the true
data.
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point is that the SISR method is stochastic and not guaranteed
to find the optimal solution (in this case meaning the correct
mechanism) for each realization of the noise. Overall, this result
illustrates the ability of SISR to extract the true reaction mech-
anism on data with high levels of noise.

3.1.2 Hidden variables and intermediates. The SISR work-
flow can also be used to detect the presence of hidden variables
(such as unknown chemical intermediates) in a set of chemical
concentration data. The specific question we want to address is:
given a set of concentration data, does including more chemical
species (like intermediates) in the symbolic regression part of
the SISR algorithm beyond what is present in the data result in
a more accurate reaction mechanism? To address this question,
we consider the case of the sequential linear mechanism but
where only a subset of the data is fed into SISR, for example
concentration data for species A, B, and D or species A, C, and D.
The SISR method is then used to detect the presence of the
missing species (the hidden intermediate species). In all cases
considered in this section, the loss function is computed by only
using species with available concentration data—the hidden
intermediate is excluded from the error calculation.

Fig. 7(a) is the SISR result for the case in which data from
species A, C, and D are used (the unknown intermediate in this
case is species B), and SISR is applied to find a mechanism
containing only those species. In this case, a poor fit and
mechanism is obtained for the available data. The reason for
this is that, without including the hidden intermediate, the
model cannot reproduce the correct time evolution of the
concentrations or reaction pathways that connect the observed
species. Now, compare those results with the results in Fig. 7(b)
where SISR is allowed to search for mechanisms that include
one additional (previously hidden) species. In this case, the
recovered mechanism correctly identifies the presence of the
missing intermediate and yields a significantly improved fit to
the data. Specifically, the error computed using eqn (15) drops
by a factor of approximately 10°> compared to the case shown in
Fig. 7(a) that does not include an intermediate in the reaction
mechanism. It is interesting to note that even though only data
from three species is used, the SISR approach converges to the
exact correct underlying mechanism. Therefore, including the
intermediate species in the reaction mechanism, despite the
absence of direct data for that species, yields a significantly
improved mechanism. This demonstrates that the dataset
implicitly contains evidence of a hidden intermediate, which is
consistent with the known (see eqn (32)) underlying reaction
mechanism.

We have also confirmed that a similar level of improvement
is observed using hidden variables in the reaction mechanism
when other species are removed from the data set. So, for
example, when data for species A, B, and D are used with C
being excluded and when data from species A, B, and C are used
with D being excluded. In all cases we have studied for this
mechanism, the application of SISR yields the exact true
mechanism and also detects the presence of a hidden variable.

This proof-of-concept illustrates how SISR can be used to detect
and then fit hidden chemical intermediates. Further work in this
area will focus on constructing a multidimensional Pareto front
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that also includes the number of species involved in the process as
an optimization dimension. In a many scenarios, for example in
many biological systems, in combustion modeling, and in micro-
kinetic modeling, there could be a large number of hidden vari-
ables. The presented results detail the case when there is only
a single hidden variable, and therefore opportunities exist for
future work to examine the ability of SISR to handle more complex
cases with multiple hidden variables.

3.2 Lotka-Volterra with social friction

Next, we applied SISR to the Lotka-Volterra with Social Friction
mechanism examined in ref. 41 using the Reactive SINDy
method. This mechanism exhibits the types of oscillatory
behaviors seen in some biochemical systems,* for example in
some viruses and in susceptive cells. The specific mechanism is

A+ ALLg
B+ B
ALLA LA
A+B . B+B
) N

(35)

and involves two species A and B. Where (J denotes the anni-
hilation or irreversible removal of reactants. The corresponding
kinetic equations for the system are

dAl_ oy, [A? + ks[A] — ka[A][B]
di

(36)
% = 2ky[B] + k[ A][B] — s[B]

with rate constant values given by ky = 0.1, k, = 0.1, ks =1, ky =
1, ks = 1. The reaction forms in eqn (35) can be interpreted as
effective representations of an underlying atomic mechanism
(see for example, ref. 70). The individual reactions used are
representative of, for example: autocatalytic reactions, branch-
ing reactions, and interactions with sinks, among other chem-
ical processes. In this mechanism, the stoichiometric
coefficients represent the conversion of reactants to products in
the effective representation.

To generate this mechanism, a population of mechanisms
was evolved for 20 generations over 6 islands with [M| = 2-7
reactions. The population size was 2000 for the islands with
|[M| = 3-7 reactions and 500 for the [M| = 2 island. The mutation
rate was 0.1 and the elitism was 0.1 for all islands except the
M| = 2 island where the elitism was 0.4 due to the smaller
population size. The maximum reaction order was O = 2. The
ground truth data was generated using 1000 equally-space
points over the time interval [0, 20]. The search space involves
57 reactions that can be combined into ~3.1 x 10® possible
mechanisms considering mechanisms with 2-7 reactions.

The model extracted from the data by the SISR method is

= 2 [A] e [A] - &[A] 8] (37)

Ul k)]
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Fig. 8 Time evolution of the (a) concentrations and (b) scaled deriv-
atives—eqn (35)—of each species in the Lotka—Volterra mechanism
with social friction given in eqn (36). The solid lines are the results of
the SISR method and the corresponding black markers are a subset of
the data used by SISR to extract the reaction mechanism and fit the
rate constants. The concentrations and time are shown in arbitrary
units (a.u.).
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Fig. 9 Minimum derivative error, min(¥%;), as a function of generation
using SISR to extract mechanisms from the ground truth data generated
using the Lotka—Volterra mechanism given in egn (35). Each curve is the
result of a different island in the SISR method, where each island contains
mechanisms with the number of reactions |[M| shown in the legend.

which is, again, in exact agreement with the symbolic form for
the ground truth reaction mechanism. The values of the rate
constants of this total mechanism were &, = 0.1003, k= 0.1029,
k; = 1.001, k, = 1.001, k5 = 0.996, in strong agreement (2.81%
error or better) with the true rate constants.

The SISR results are shown in Fig. 8 with panel (a) containing
a comparison between the true and predicted concentration
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data and panel (b) containing the same comparison for the
scaled derivative data. Excellent agreement is observed between
the SISR result and the ground-truth data in both cases. The
symbolic reaction mechanism is fitted on the derivative data,
and Fig. 8(b) illustrates a primary advantage in using SISR: due
to the inclusion of stoichiometric constraints, there is a distinct
lack of overfitting the discovered mechanism, ie., in the
dynamical system that is extracted from the data.

Fig. 9 illustrates how the minimum derivative error changes
over 10 generations when applying SISR to the Lotka-Volterra
mechanism. Again, as in the previous mechanism, the genetic
evolution results in monotonically decreasing error over each
generation for every island size. The error generated on the [M]|
= 2 island is the largest. As more reactions are added to the
mechanism, the error decreases, which can be observed by
comparing the results for each island size. The ground truth
mechanism has |[M| = 5 reactions, and the most dramatic
(approximately two orders of magnitude) drop in error is
observed when going from the [M| = 4 island to the M| =5
island. So for this reaction mechanism, the heuristic argument
that the optimal mechanism occurs on the island that follows
immediately after a steep drop in error with respect to variation
in mechanism size would yield the selection of the true mech-
anism. While the true mechanism has |M| = 5 reactions, the
island with |M| = 6 reactions generates a lower error than |M| =
5 island, although this difference is small (1.35 x 10" for [M| =
5 compared to 1.33 x 10> for [M| = 6). The reduction in error
when adding spurious reactions to the mechanism is due to the
algorithm having more coefficients to fit in the symbolic model.

Fig. 10 is a plot of the value for the loss function in the
concentration space %, as a function of the mechanism
complexity for the Lotka-Volterra mechanism. The Pareto front
shown in the plot illustrates that the |[M| = 5 mechanism is the
point where increasing complexity by adding more reactions
results in limited improvement in the accuracy of the mecha-
nism. Therefore the [M| = 5 mechanism was chosen as the
optimal solution. There is a steep drop in error when going from
the M| = 2 point to the |[M| = 3 point and from the [M| = 3 point
to the |M| = 4. Comparing the |M| = 4 point and the M| =5

10}
10-2_

M| =6 M|=7 7]

1 1

1 1 1
15 20 25 30 35 40 45
Complexity

Fig. 10 Complexity vs. concentration error %, for the Lotka—Volterra
mechanism. Each marker corresponds to the best mechanism as
calculated using the derivative error Z4er from the labeled island. The
y-axis is shown on a log scale.
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Table 2 SISR error metrics for the Lotka—Volterra mechanism on each
island

M| Lder Le Complexity
2 4.93 x 102 9.86 x 1072 18
3 4.58 x 10 1.06 x 1072 19
4 9.16 x 10~* 5.89 x 10~ * 23
5 1.35 x 10°° 3.88 x 1077 34
6 1.33 x 107° 3.62 x 1077 39
7 1.32 x 107° 5.82 x 10~/ 40

point (the true mechanism size) we see approximately a three
orders of magnitude decrease in error. Therefore, despite the
smaller mechanisms having less complexity, the tradeoff in
increased error is too dramatic to make the smaller mecha-
nisms the optimal solution. Compare this with the results for
the [M| = 5 and |[M| = 6 mechanisms where there is limited
improvement in concentration error when adding a new reac-
tion, but there is a significant increase in complexity. The [M| =
7 mechanism shows an increase in error with respect to the |M|
= 5 and |[M| = 6 mechanisms. The error metrics used to
construct the Pareto front in Fig. 10 are shown in Table 2 along
with the corresponding derivative error for each mechanism.

3.2.1 Comparison to SINDy. To illustrate how the SISR
method compares to the well-used SINDy approach, we applied
SINDy to the Lotka-Volterra mechanism. Applying SINDy using
the SR3 (sparse relaxed regularized regression) method®”* with
a threshold value of 0.01 resulted in

dﬁ] =1.030 {A] ~0.113 {B} ~0.227 [A]z

+0.050[B]" - 0.934[A] [B] (38)

d([i_?] = —0224[A] ~0.630[B] +0.065[A]"
~0.501[B]" + 1.073[A] [B]

which illustrates a principal problem that can arise when using
the SINDy method without any physical constraints—overfitting
in the derivative space. Notice that every possible term in the
symbolic dynamical system up to second-order has a non-zero
coefficient and that, correspondingly, the discovered system is
not in agreement with the true mechanism. Increasing the
SINDy threshold to a value of 0.25 in order to include fewer
terms in the mechanism, i.e., to promote SINDy producing
a sparser reaction mechanism, resulted in

d[A] =0.707|A| — 0.918|A| |B
Shovm- o .
% = —0.951[B] - 0.239 [E]Z +0.983[A] [B]

which is again not in agreement with the true mechanism.
Applying the Reactive SINDy method will result in similar
problems to regular SINDy unless hyperparameters are tuned for
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Fig. 11 Time evolution of the concentrations of each species in the
Lotka—Volterra mechanism given in egn (36). The SISR fit for each
species extracted from noisy data is shown by a solid curve. The
markers are a subset of the noisy data used in the SISR process.

the specific mechanism and a suitable basis set of candidate
reactions are constructed. Although it should be noted that after
performing these tuning and construction tasks, Reactive SINDy
generates an overall mechanism (reactions and rate constants) in
excellent agreement with the true Lotka-Volterra mechanism.*

3.2.2 Performance on noisy data. We also examined the
performance of SISR on the Lotka-Volterra mechanism with noisy
concentration data. The results are shown in Fig. 11. To generate
the noisy data, Gaussian noise sampled from the normal distri-
bution N(0,0.02) was added to the deterministic solutions of the
system in eqn (36). We then applied a SG filter to the concentration
data. The result of using this data as input to SISR is shown in
Fig. 11, with excellent agreement observed between the noisy data
and the mechanism predicted by SISR. This illustrates the ability
of SISR to perform on concentration data with noise for a oscilla-
tory reaction, a common situation in biological systems.

3.3 Nonlinear mechanism with fast/slow dynamics

In order to test a nonlinear mechanism with fast/slow
dynamics, i.e., a mechanism that has processes that evolve over
disparate timescales, we examine the mechanism

A+ASB LB
BSC (40)
B+CSA+A
The kinetic equations for this system are

d[A

% = 2k [A] 4 2k3[B][C]

d[B

OBl 20 A7 - o[B] - ko[BI (a)

d[C

I kB~ koI

with rate constants k; = 1.319 x 10°° mM ' s, k, = 9.125 X
107°%s™, and k; = 2.756 x 10" mM ' s™* and concentrations
being given in millimolar. The fast/slow dynamics are obtained
because the numerical value of the reaction rate k; is orders of

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 12 Time evolution of the concentrations of each species in the
nonlinear mechanism given in egn (41). The solid lines are the results of
the SISR method and the corresponding black markers are a subset of
the data used by SISR to extract the reaction mechanism and fit the
rate constants. The concentrations are shown in units of millimolar and
time is shown in units of seconds.

magnitude different than the other rate constants. In this
mechanism, there is a rapid decline of [A] and the corre-
sponding rapid increase in [B] (the fast processes) followed by
a slow increase in [C] (the slow process), as shown in Fig. 12.
The data fed into SISR was 2000 equally spaced time points
over the interval [0, 20 000] in units of seconds. The density of
data was the same in the fast region as in the slow region. For this
mechanism, the search space involves 54 reactions that can be
combined into ~2.9 x 10" mechanisms. Respective population
sizes of 2000 and 500 were evolved for 20 generations using
islands with |[M| = 3-5 and |M| = 2 reactions. The mutation rate
was.# = 0.1 and the elitism was ¢ = 0.1. The maximum reaction
order was O = 2. The best fit model found by the SISR method is

d[ﬁ] = 26, [A] +24,[8] [¢]

U T G
dlc R R
LGRS
1000f ' ! -

%; 800} ]

E/ 600y —_—A — SINDy

g === true data

5]

S\ :

00 10600 20(l)00 30000

time(s)

Fig. 13 Time evolution of the concentrations of each species in the
nonlinear mechanism given in egn (41). The solid lines are the results of the
SINDy method and the dashed lines are the true data. The concentrations
are shown in units of millimolar and time is shown in units of seconds.
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Again, in exact agreement with the true mechanism. This
mechanism was selected from the Pareto front in the complexity
vs. Z. space using the same multiobjective procedure described
previously. The rate constants in the found reaction mechanism
arek; =1.261 x 10 °mM s, k, =9.121 x 10 °s !, and k; =
2.750 x 10" mM " s~* which very closely match the true rate
constants (4.39% error or better). The results of the SISR model
are shown in Fig. 12 with excellent agreement observed between
the concentrations predicted by the SISR method and the
concentrations calculated using the true mechanism. For times
above 20000, the SISR model is forecasting, meaning no
training data was used from that time interval. Excellent
agreement is observed in the forecasted region.

3.3.1 Comparison to SINDy. To illustrate how the SISR
method compares to SINDy, we applied SINDy using SR3 opti-
mization with a threshold of 10~%. The data that was fed into
SINDy was from 5000 equally spaced time points over the

interval [O, 50 000]. This resulted in a set of kinetic equations:
|: A :| 6| A 2 -8
) A ) B (A

@ —2.66 x 10°¢ [A]z ~ 6.6 x 10%[A] [B]

127 x 1076 [A] [c] ~ 149 x 107 [f;] [c]ﬁ

=3.01x 10" [B] [c] (43)
which illustrates several problems: (a) overfitting in the derivative
space, (b) a lack of stoichiometric information, and (c) the
misidentification of chemical processes. To illustrate problem (c),

d[B] d[C]

note that the true mechanism has a process in the ar and a

equations involving a first-order reaction in species B, but the
SINDy result does not. Fig. 13 illustrates a comparison between the
true data and the dynamical system derived using SINDy. Notice
that the slow rise of species C is not captured in the SINDy model.
Compare this with the SISR result in Fig. 12 where that slow
process is well captured. It should be noted that SINDy was not
developed for chemical reaction mechanisms and is overall
agnostic to the specific physics of a system. Although this can be
a strength in certain situations, it hinders the discovery of accurate
chemical reaction mechanisms. The SISR method, however,
encodes physical information about chemical reactions and stoi-
chiometry and therefore performs better with respect to accuracy
on the selected examples in this work.

3.4 Michaelis-Menten kinetics

The final example we examine is the Michaelis-Menten (MM)
kinetic model, an important mechanism in biochemistry.””*
The specific MM model we use is the traditional form

E+S—Y_ES
ES—2LE+S
ES—“LE+4P

(44)
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with the corresponding set of kinetic equations

% — &/ [E][S] + ka[ES] + ks [ES]
? = —k[E][S] + ko [ES]
t (45)
@ — ki [E][S] — ko [ES] — k3[ES)
d[P] _
T = k3 [ES}

where E is an enzyme, S is a substrate, ES is an enzyme-
substrate complex, and P is a product. The rate constants used
arek;, =1mM ‘s % k, =0.15s % and k; = 1 s~ ' The concen-
trations are given in millimolar and time is given in seconds.

The data fed into SISR was 400 equally spaced time points over
the interval [0,2] in units of seconds. For this mechanism, the
search space involves 182 reactions. A population size of 4000 was
evolved for 20 generations for islands with |[M| = 3-5 reactions and
a population size of 500 was used for the M| = 2 island. The
mutation rate was .4 = 0.1 and the elitism was & = 0.1. The
population size for the |[M| = 3-5 islands was doubled from
previous examples due to the larger number of possible reactions.
The maximum reaction order was O = 2. The SISR result is

)8 6 o

@ — o [E][8] + [fs}
(46)

— ki [E][8] - {Es} ks {Es]

W i[s]

which agrees exactly with the true mechanism. The SISR
mechanism was selected using the previously described proce-
dure by comparing the error and complexity of the best per-
forming mechanism from each island and making
a determination based on the shape of the Pareto front,
specifically looking for the steepest drop in error which
occurred between the [M| = 2 and |[M| = 3 islands. Note that the
M| = 4 island produced the lowest concentration error, but, as
in the previous examined mechanisms, comparing the
complexity of the mechanisms and error in a multiobjective
picture results in the |[M| = 3 mechanism being chosen as the
best overall mechanism. The fit rate constants for the extracted
mechanism are k; = 0.993 mM ' s, k, = 0.084 s, and k; =
1.000 s~', compared to the true rate constants.

The results of SISR on the MM model is shown in Fig. 14, with
excellent agreement observed between the SISR-predicted
concentrations and the ground truth data. The dynamics of the
MM model are complex and involve competing processes that
occur over different time scales. There are fast processes such as
the fast decay of species E and the corresponding fast rise of
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Fig. 14 Time evolution of the concentrations of each species in the
Michaelis—Menten kinetic mechanism given in egn (45). The solid lines
are the results of the SISR method and the corresponding black markers
are a subset of the training data used by SISR to extract the reaction
mechanism and fit the rate constants and the gray markers are testing
data that was not used to fit the SISR model. Data from the light blue
region is used to train SISR while data from the white region is fore-
casted. The concentrations are shown in units of millimolar and time is
shown in units of seconds.

species ES, and also slow processes such as the rise of species E
and P to the steady-state values. SISR captures these processes well.

The region shown in blue in Fig. 14 is the training
region—data from this region was used to extract the mech-
anism and fit the rate constants. The white region in Fig. 14
shows the SISR result on data that was not used for mecha-
nism discovery. Data in this region can be used to validate the
SISR mechanism on unseen data and to assess the capability
of SISR for time-series forecasting of chemical concentra-
tions. Excellent agreement is observed between the ground
truth data and the forecasted concentrations. This illustrates
one of the principal advantages of using SISR for reaction
discovery—because of the stoichiometrically-informed
construction of the reaction mechanism, it is able to accu-
rately forecast concentrations at future time points while
avoiding the overfitting and extrapolation errors that are
common in black-box machine learning.

3.5 Glucose oxidation

The final reaction mechanism we examine with SISR is glucose
oxidation (GO), an important biochemical process. The specific
GO mechanism we consider consists of the conversion from a-
glucose to B-glucose, the reverse reaction involving pB-glucose to
a-glucose conversion, and the glucose oxidase (E) catalyzed
reaction of B-glucose with oxygen to produce another glucose
molecule—3-glucose—and H,0,. The individual reactions for
this model are

- glucoseL B-glucose

B-glucoseim-glucose (47)
B-glucose + O, + ELB-glucose +H,0,+E

which give rise to the corresponding set of kinetic equations

© 2026 The Author(s). Published by the Royal Society of Chemistry
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% = —kl [OL} + k,l [B]

dp] _
A8 _ ko) — s el
df3]
i = [Pl[O:][E]
d[E]
dr
d[O,]

5 — *Bl0:][E]
d[H,0,]
—a

(48)

= ka[B][O-][E]

We assume that the enzyme has a steady state concentration
of 1 uM and that we have a priori knowledge of the enzyme
interactions. Two sets of rates constants are examined. The
values in the first set are k; = 4.45 x 10" *s !, k_; =3.03 x 10™*
s™! and k, = 2.78 x 107® uM % s L. In the second set, the value
of k, is increased by an order of magnitude to k, = 2.78 x 10>
puM ™2 571, These values are based on work in ref. 74.

For the first set of rate constants, using SISR with a pop-
ulation size of 2000 and with 500 data points over the interval [0,
10 000], SISR discovered the correct reactions and reaction
mechanism:

% = —k\[a] + Ky [B]

W k4[5 el [o]
SUADIE

dc[l_fg} » (49)
Ll e

o[

The extracted rate constants were k; = 4.45 x 10 *s L k_, =
3.23 x 107* 57! and k, = 2.73 x 107% uM 2 5! in strong
agreement with the true values. A comparison between input
data and the SISR fit is shown in Fig. 15(a).

For the second set of rate constants, a population size of
4000 with 1000 data points over the time interval [0, 20 000] in
units of seconds was used. Again, the exact reaction mechanism
was found using SISR, illustrating the ability of SISR to account
for fast/slow dynamics. The extracted rate constants were k, =
4.40 x 107* sk, =256 x 10* s, and k, = 2.63 x 1072
uM 2 s7' in good agreement with the true values. The result of
the SISR fit is shown in Fig. 15(b).
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Fig. 15 Time evolution of the concentrations of chemical species in
the glucose oxidation reaction mechanism given in eqn (48). Panel (a)
shows the case with k, = 2.78 x 107> uM~2 st and panel (b) shows the
case with k, = 2.78 x 107 uM~2 s71. The solid lines are the results of
the SISR method and the corresponding black markers are a subset of
the data used by SISR to extract the reaction mechanism and fit the
rate constants. The concentrations are shown in micromolar and time
is shown in seconds.

With respect to the performance of SISR on fast/slow
systems, three points are of note: (1) compared to coefficient
thresholding-based methods in the literature (such as SINDy-
based approaches), SISR appears better able to extract fast/slow
dynamics, (2) samples are taken in the fast region in the
training data which is why the SISR method can recover the
dynamics in that region, however inference in the absence of
training data may capture these dynamics, and (3) further
investigation on the use of SISR for fast/slow and stiff chemical
kinetic systems is an important line of inquiry.

4 Conclusions

A stoichiometrically-informed symbolic regression (SISR)
method was introduced to automate the discovery of chemical
reaction mechanisms from time series chemical concentration
data. The SISR method generates symbolic forms for reaction
mechanisms, and will be particularly useful when examining
complex chemical systems where manual derivation of
a mechanism is difficult or simply impractical. By integrating
a physics-informed mathematical framework that accounts for
the intrinsic functional geometry of chemical reaction mecha-
nisms and the stoichiometry of those mechanisms, the devel-
oped method successfully identified sparse and interpretable
reaction mechanisms for multiple example chemical processes.
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Specifically, the SISR results demonstrated strong agreement
between predicted and true mechanisms across a range of
chemical reaction schemes.

Compared to existing approaches for symbolic dynamical
system discovery such as SINDy and its variants,**** the SISR
method alleviates key limitations by (a) incorporating stoi-
chiometric constraints, (b) reducing the reliance on predefined
reaction assumptions, and (c) improving robustness in
handling fast-slow dynamics due to the reduction of hyper-
parameter tuning and thresholding procedures. While SINDy-
based approaches can offer significant computational advan-
tages in comparison to SISR, for situations in which physical
insight, interpretability, accuracy, and the ability to forecast
future system states are important, SISR offers strong advan-
tages. All the SISR computational operations presented in this
work can be performed on personal computers with standard
commercial hardware. Generally and broadly, we found that to
complete the SISR search over the defined spaces would take
hours to a day in wall time. This computational speed will be
sufficient for analysis of many datasets. When a large number of
species are included in the data, the SISR process can be scaled
up simply using parallel computing. For example, for each
generation in the genetic algorithm, the evaluation of each
candidate mechanism on each island is not correlated with the
other candidate mechanisms, and therefore the search process
can be parallelized.

A key limitation of the current approach is that the rate
constants extracted from the data are purely numerical values
and not symbolic functional forms that can be applied to
account for changes in environmental and/or thermodynamic
conditions such as changes in temperature or pressure. This
can be a problem if the derived mechanism will be used to
forecast the outcome of the chemical process at a thermody-
namic state other than the state used to generate/measure the
data. Additionally, due to this limitation, nonequilibrium cases
in which the rate constants are varying in time as parametric
coefficients'>**”> or over thermodynamic conditions are
currently outside the scope of the current approach. Future
work will address nonequilibrium chemical reaction mecha-
nisms.**”*”” Improving the computational efficiency of the
method using different optimization strategies is an important
next step. Additionally, validation across a broad set of experi-
mental datasets would further establish the utility of SISR on
noisy, incomplete, and complex data, and work in this direction
is currently underway.
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