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Abstract

Uncovering the general principles that govern the architecture of metabolic networks is key to
understanding the emergence and evolution of living systems. Artificial chemistries, in silico
representations of chemical reaction networks arising from a defined set of mathematical rules,
can help address this challenge by enabling the exploration of alternative chemical universes
and the possible metabolic networks that could emerge within them. Here we focus on artificial
chemistries in which strings of characters represent simplified molecules, and string
concatenation and splitting represent possible chemical reactions. We study string chemistries
using tools borrowed from the field of stoichiometric constraint-based modeling of organismal
metabolic networks, through a novel Python package, ARtificial CHemistry NEtwork Toolbox
(ARCHNET). In addition to exploring the complexity and connectivity properties of different
string chemistries, we developed a network-pruning algorithm that can generate minimal
metabolic networks capable of producing a specified set of biomass precursors from a given
assortment of environmental molecules within the string chemistry framework. We found that
the identities of the metabolites in the biomass reaction wield much more influence over the
structure of the minimal metabolic networks than the identities of the nutrient metabolites — a
notion that could help us better understand the rise and evolution of biochemical organization.
Our work provides a bridge between artificial chemistries and stoichiometric modeling, which
can help address a broad range of open questions, from the spontaneous emergence of an
organized metabolism to the structure of microbial communities.

Introduction

Metabolism occupies a central role in the functioning of biological systems, yet much
remains unclear about the degree to which basic features of metabolic networks reflect
evolutionary accidents or optimal network structures [1-4]. In parallel to analyses focused on
metabolism as we know it in individual organisms [5,6] or in the whole biosphere [2,7,8], multiple
studies have explored the utility of abstract models of chemistry to investigate particular features
of chemical networks. These models, also known as artificial chemistries, have the benefit of
being unconstrained by the limits of what is known about extant metabolism and about its
possible intermediate states lost through evolutionary history [9-11]. Artificial chemistry has
been used to study various aspects of the origin of life from abiotic chemistry [9,11,12], common
structural features of metabolic networks (e.g. hub metabolites) [13-15], the general behavior of
chemical (not necessarily biochemical) reaction networks [10,16], the optimality (or lack thereof)
of metabolic networks [17,18], among other questions [9]. The artificial chemistry models used
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in these studies typically employ highly abstracted representations of chemistry [9,11,17].
However, more precise and realistic models involving either string rules based on formalization
of real chemistry (like SMILES [19] and variants thereof [20,21]), or de novo approximate
guantum mechanics computations [10], have been used to explore the full space of possible
real-life chemistry up to a certain degree of complexity [22]. Artificial chemistry approaches have
yielded many insights into general features of metabolism, but these findings have remained
largely disconnected from the large body of metabolism research focused on characterizing real
metabolic networks. We believe that many novel insights into metabolism will be enabled by
combining artificial chemistry with techniques commonly used to study real metabolic networks.

The field of stoichiometric constraint-based modelling has provided many approaches
that can be particularly useful for quantitatively understanding the structure and function of
metabolic networks [23-26]. In particular, Flux Balance Analysis (FBA) is a common technique
for studying metabolic networks at the level of a whole organism. FBA estimates the space of
possible fluxes through the network at steady-state, and is generally employed to identify
metabolic regimes closed to a biologically meaningful optimum [27]. FBA has been used to
simulate multiple types of experiments and phenotypes, such as growth rates and metabolic
phenotypes of gene knockouts, growth efficiency on different media, and identification of
potential drug targets [27—29]. While FBA and stoichiometric constraint-based modeling have
been widely used on real organism’s metabolic networks, these techniques have only rarely
been applied to artificial chemistry networks.
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Figure 1. Three simple string chemistry networks. Square nodes represent chemicals and oval
nodes represent reactions. Edges connect chemicals to the reactions they participate in, either
as reactants or products. A. A network with only one type of monomer and a maximum string
length of 2. B. A network with two types of monomers and a maximum string length of 2. C. A
network with two types of monomers and a maximum string length of 3.

In the present work, we use a specific type of artificial chemistry known as a string
chemistry, where each molecule is represented by a string of characters (Figure 1) [9,11,17].
Our string chemistry model is relatively simple: all strings (i.e. metabolites) are linear sequences
of characters (i.e. monomers, atoms, functional groups) that may react by either concatenating
end-to-end or splitting into two smaller strings (see Methods). A particular string chemistry
network is defined by the set of different characters each metabolite can be composed of and
the maximum length a metabolite can reach. While these rules are much simpler than those
governing real chemical reactions, Riehl et al. managed to find structural similarities between
real metabolic networks and string chemistry networks with only one type of character (i.e. the
only difference between any two metabolites is their length) [17], so we expect that string
chemistries chemistry with more than one monomer type may yield further insights into the
general properties of metabolic networks.

In this manuscript, we describe the ARtificial CHemistry NEtwork Toolbox (ARCHNET),
a Python package we created for generating string chemistry networks of arbitrary size and
implementing stoichiometric modeling algorithms (including FBA) on those networks. Using this
string chemistry framework, we created an algorithm for determining the minimal metabolic
network capable of producing a given set of metabolites (“biomass precursors”) from another
set of metabolites (“environmental nutrients”). Our analysis of random choices of nutrients and
biomass precursors in different string chemistry networks provides new insight into the rules
governing the structures of these minimal metabolic networks and suggests possible
implications for the study of real metabolic networks.

Methods
Artificial Chemistry Model

The artificial chemistry model used here is an extension of the one used in [17] and is
similar to previously used artificial chemistries (e.g. [9,11,14]): each “chemical” is a string of
characters of some arbitrary length, where each character represents an individual
atom (or functional group, or monomer). A chemical may condense with one other
chemical to produce a longer chemical; the two strings are simply concatenated
(e.g. ab + aa — abaa). A chemical may also split into two smaller chemicals at any
point along its length (e.g. ababb — ab + abb). Only pairwise
condensation/dissociation reactions were considered due to the rarity of
termolecular and higher reactions in real chemistry [30-32]. For simplicity, all reactions
are modeled as being completely reversible, even though in principle further constraints on
reversibility could easily be added. The numbers of chemicals and allowed reactions in the
model are functions of the number of unique characters (“monomers”) and the maximum
chemical length. These functions can be obtained analytically by enumerating the sizes of
various string chemistry networks and examining the resulting series:
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where A is the number of unique characters (monomers) and L is the maximum chemical
length. We will refer below to a specific complete set of metabolites and reactions generated for
a given choice of A and L as a “chemical universe”. This will allow us to clearly distinguish such
complete sets from subsets generated by pruning algorithms (see below).

Flux Balance Analysis
Flux Balance Analysis (FBA) is a mathematical framework for computing steady-state

fluxes through chemical reactions in a given network of reactions subject to linear constraints
[27]. The network of reactions is represented as a stoichiometric matrix S, where each column
contains all of the stoichiometric coefficients for an individual reaction (negative for substrates,
positive for products) and each row indicates how much of an individual metabolite is produced
or consumed by each reaction (see Figure 3 for an example of a string chemistry network and
its associated stoichiometric matrix). The reaction fluxes to be computed are represented by a
vector v. In order for the network to be at steady-state, v must be in the null space of S:

Sv=0

The resulting system of equations is underdetermined for nearly all nontrivial networks.
Additional constraints may be specified that limit the values of fluxes through specific reactions,
typically reflecting known thermodynamic constraints on certain reactions. These constraints
typically reduce the space of feasible solutions, but still leave the problem underdetermined.
Thus, a linear combination of reactions Z (the objective function) through which flux should be
maximized is also typically specified:

Z=clv

where c¢ is a vector indicating which reactions are to be included in the objective function Z. As
FBA is usually applied to biochemical reaction networks, the objective function frequently is set
to correspond to a single reaction that produces the right proportion of all precursors necessary
for the generation of cellular macromolecules and key metabolites, representing growth of
cellular biomass. While FBA was originally developed for studying and engineering microbial
metabolic networks, its formalism is easily adaptable to any chemistry, provided that its
chemical reactions can be represented as columns of a stoichiometric matrix (Figure 3).

The ARtificial CHemistry NEtwork Toolbox (ARCHNET) Package

We created a Python package to facilitate the creation and handling of string chemistry
networks (as defined above) of arbitrary size and the application of FBA to such networks. All
FBA computations were performed using the COBRApy Python package [24]. This package,
along with all scripts used to generate data and create figures are available in a GitHub
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repository: https://github.com/segrelab/string-chemistry. The package contains tools for
generating and analyzing string chemistry networks of arbitrary size, given the set of characters

to use as monomers and the maximum string length. The networks can be returned as a
stoichiometric matrix and/or a COBRApy model (to facilitate doing FBA or any other
stoichiometric modelling technique).

Network Pruning Algorithm
We implemented an algorithm that takes a complete string chemistry network as an

input (e.g. the network of all possible reactions and metabolites when there are A=2 and L =
5), and generates as an output a subnetwork that has been pruned to satisfy specific criteria.
Specifically, given (i) a string chemistry network, (ii) a biomass composition (i.e. a set of
molecules that have to be produced at stoichiometrically fixed proportions) and a (iii) set of
available environmental resources, the algorithm iteratively removes reactions from the network
until there is no flux through the output reaction (Figure S1). In particular, it repeatedly runs FBA
to assign fluxes to all reactions and removes reactions with no flux and the reaction with the
smallest nonzero flux. Once there is no flux through the output reaction, the last reaction that
was removed is added back to the network and the network is “pruned”. The pruning algorithms
are part of the Python package described above. Several other assorted scripts provide
examples of applications of this pruning algorithm to string chemistry networks.

Results
A Python Package for Creating and Analyzing Arbitrary String Chemistries

We have created the ARtificial CHemistry NEtwork Toolbox (ARCHNET), a Python
package capable of generating string chemistry networks of arbitrary sizes given the number of
unique characters (A) and the maximum length of a string (L) (Figure 1). For simplicity, the only
types of reactions allowed in these networks are pairwise string concatenation and splitting (see
Methods for more details). Even with this restriction on reaction complexity, the networks
increase in size very rapidly as A and/or L increase (Figure 2AB and Methods). For example, a
basic chemistry with A = 3 and L = 2 would have 12 metabolites and 9 reactions. If we increase
A by 1, the network would involve 20 metabolites and 16 reactions. If we instead increased L by
one, there would be 39 metabolites and 63 reactions. Clearly, the network sizes depend very
differently on these two parameters (see Methods). One of the important features of the
package is that it can output networks both as a simple text file containing the stoichiometric
matrix and as a COBRApy model [24], which can be exported as an SMBL file [33], so most
tools developed to study real metabolism, including standard FBA calculations (Figure 3), are
straightforward to apply to our string chemistries.
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Figure 2. Comparison of size and connectivity of string chemistry networks (colored lines) to
real metabolic networks (black lines). A. Network sizes measured by metabolite counts. B.
Network sizes measured by reaction counts. C. Network connectivities measured by ratio of
reactions to metabolites. Ratios for networks pruned from the chemical universe with A =2 and
L =5 are shown as a boxplot.
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Figure 3. Flux-Balance Analysis on string chemistry networks. A. String chemistry network with
A =2 and L = 3. Metabolites are represented by blue rectangles and reactions are represented
by red ovals. Edge colors represent reaction fluxes after maximizing flux through the biomass
reaction: green edges are exchange fluxes (import/export/biomass production), black edges
represent nonzero fluxes, and grey edges represent fluxes of zero. The direction of non-grey
edges corresponds to the direction of flux; directions on grey edges are arbitrary. B.
Stoichiometric matrix of network in A.

While real metabolic networks are much more complex than our string chemistry
networks, both in terms of the underlying molecular structures and of the possible types of
reactions, there are specific metrics that can be computed both for real metabolic networks and
for our string chemistry networks. By comparing such metrics between these two systems, one
can appreciate that artificial chemistries, despite their apparent simplicity, can quickly approach
sizes and complexities comparable to those of real metabolic networks (see also [17]). By
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evaluating (numerically or analytically; see Methods) the numbers of metabolites and reactions
in various string chemistry networks, we see that even string chemistry networks with few
unique characters and short maximum lengths (e.g. A=4, L =5; A=2, L =10) reach sizes
comparable to those of the human, yeast and E. coli metabolic networks (Figure 2A,B).
However, as seen in Figure 2C, these artificial networks have a much higher connectivity (ratio
of reactions to metabolites) than the real organisms’ metabolic networks. Conversely, a simple
network with A =1 and L = 3 would already reach a connectivity similar to the one of real
metabolic networks, but would obviously be much smaller. One could then ask whether it is
possible to create string chemistry networks that are both of similar size and connectivity to
those of real metabolic networks. Indeed, one should view the complete string chemistries
depicted here as analogous to “complete chemical universes”, out of which a single organism’s
metabolic network would constitute a small subset. As shown below, this concept can be
explored in artificial chemistries by devising algorithms that can prune complete chemical
networks to obtain subnetworks that resemble individual organisms’ metabolic networks.

Pruned Networks as Proxies for Evolved Organisms

After demonstrating the capacity of our package to create stoichiometric matrices usable
by standard modeling tools and comparing properties of string chemistry networks to real
metabolic networks, we explored the properties of string chemistry subnetworks that more
closely resemble the metabolic networks of individual organisms. We modeled organism-scale
metabolic networks as “minimal” (i.e. using the fewest reactions) networks capable of producing
a given set of metabolites (i.e. biomass precursors), which is consistent with a simple
parsimonious evolutionary assumption. To identify these minimal networks, we implemented a
“pruning” algorithm that iteratively applies FBA to string chemistry networks. Briefly, the
algorithm works by running FBA on a string chemistry network (initially set to the whole
chemical universe given particular values of A and L) with some specified nutrient uptake
reactions (i.e. generate individual metabolites from nothing) and a “biomass” reaction (i.e.
consuming specific —in this case, equal— ratios of a given set of metabolites), removing all
reactions that have no flux, testing whether or not the reaction with the smallest nonzero flux
can be removed without eliminating flux through the biomass reaction, and repeating until no
reactions can be removed (see Methods and Figure S1). We explored two variants of this
pruning algorithm: one that allowed “export” of any metabolic reaction as a waste product
throughout the pruning process (i.e. each metabolite has a reaction that consumes it and
produces nothing and it is never removed during the pruning process) and one that did not allow
any metabolites other than the biomass precursors to be “exported”. Pruned networks tend to
have slightly fewer reactions when all metabolites can be exported than when there are no
export reactions, due to the fact that any excess metabolite can be secreted (similar to costless
byproducts predicted to be secreted in real metabolic networks [34]), rather than recycled
internally.

Biomass Precursors Shape Network Architecture More Than Environmental Compaosition
Using this pruning algorithm, we investigated the relative importance of the choice of

nutrients and the choice of biomass precursors on the structure of pruned networks. We
generated the string chemistry universe with A = 2 and L = 5, then created different biomass
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compositions (100 different sets of 5 randomly-chosen biomass precursors) and different sets of
nutrients (100 random pairs of nutrients) using the metabolites contained within this chemical
universe. Note that upon choosing the biomass composition, a growth flux was added to
produce all chosen biomass precursors in equal proportions (see Methods). We then ran the
pruning algorithm on all possible combinations of these nutrients and biomass precursors
(Figure 4A). In order to compare the structures of the pruned networks, each network was
represented as a binary vector with as many elements as there were reactions in the chemical
universe. In this binary vector, a 1 represents a reaction that was kept in the pruned network
and a 0 represents a reaction that was removed during pruning. These binary vectors were
visualized on UMAP [35] plots (Figure 4B-G). The main outcome of this analysis is that,
regardless of whether or not export reactions are allowed, networks with the same biomass
reaction typically cluster together, while networks with the same nutrient sources frequently
have very different structures (Figure 4B, C). The clustering is generally a bit weaker in the
networks pruned without export reactions—there are more isolated networks and distinct small
clusters—but the pruned networks still noticeably by biomass reaction (Figure 4E, F). Note that
the clustering of networks doesn’t seem to display any clear pattern in terms of achievable
growth rates (Figure 4D,G), which are highly variable and roughly distributed around an
intermediate value between zero and the maximum. In other words, networks with similar
architecture, as dictated by the biomass composition, may achieve substantially different growth
rates, suggesting that while biomass composition dictates network structure, environmental
constraints affect efficiency of production.
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Figure 4. Choice of biomass precursors impacts structure of pruned networks more than choice
of available nutrients. A. Cartoon representation of how data shown in panels B-G were
generated. B. UMAP scatterplot of pruned networks with export reactions (see main text)
generated as described in A. Each point represents a different pruned network and the color of
each point indicates the biomass reaction of that network. C. Same as B but colors indicate
which set of nutrients the network was pruned with. D. Same as B but colors indicate growth
rate of pruned network. E-G. Same as B-D but networks were pruned without export reactions
(see main text). All pruned networks were derived from the universal string chemistry network
with A=2and L =5.
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To assess the possibility that these results were just an artifact of the arbitrarily-chosen
number of nutrients and biomass precursors, we investigated how the proportion of pruned
reactions and connectivity of pruned networks change as the numbers of nutrients and biomass
precursors vary (Figures S2 and S3). While the proportion of pruned reactions clearly decreases
as the number of biomass precursors increases, as one might expect, it does not appear to be
affected by the number of available nutrients. Figure S3 indicates that the metabolite to reaction
ratio is always around 1 in pruned networks. These values are all slightly lower than those
observed in real metabolic networks (see arrow in Figure 2), which likely reflects the fact that
real metabolic networks must be capable of sustaining growth on multiple different
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environments, while the pruned networks are only required to sustain growth on one particular
environment (see Methods). While we expect that the number of biomass precursors and
nutrients may affect the structure of pruned networks in other more subtle ways, these findings
support the idea that the results shown in Figure 4 do not depend on the number of biomass
precursors or nutrients used during the pruning process.

Discussion

We have created ARCHNET, a Python package capable of performing stoichiometric
modeling on string chemistry networks of arbitrary size and complexity, and we devised an
algorithm that identifies minimal metabolic networks necessary for converting a given set of
environmental metabolites into a specific combination of “biomass” precursors within this
framework. By running this pruning algorithm on many string chemistry networks, we found that
the choice of the biomass metabolites wields much more influence over the structure of the
minimal network than the choice of nutrients. Beyond this finding, our package could be used to
further quantitatively explore any aspect of the complex relationship between metabolic network
structure, environmental complexity, and biomass composition with minimal additional effort.

The biomass compositions of our string chemistry networks shed light on the processes
underlying those in real metabolic networks. Many bacterial Genome-Scale Models (GEMSs) are
often created using “template” biomass reactions for key taxa, given the challenges of
obtainingas opposed to having biomass compositions based on organism-specific experimental
data [6,36]. While this is an open and fast-developing research area, one may wonder to what
extent bacterial GEMs’ biomass reactions based on templates from a few organisms may affect
the specificity of the model fluxes [36]. Our finding about the importance of biomass composition
in string chemistry networks underscores the importance of careful reconstruction of biomass
reactions in real metabolic networks [6,36,37].

The pruning algorithm is reminiscent of algorithms for identifying Elementary Flux Modes
(EFMs) [38] and, identifying Minimal Balanced Pathways [17], and of certain gap-filling
algorithms [39,40]. However, unlike EFMs, our pruned networks represent a single minimal set
of reactions for transforming an arbitrary set of input metabolites into an arbitrary set of
stoichiometrically constrained output metabolites, rather than a description of the entire steady
state flux space. Gap-filling algorithms are increasingly developed and used to transform initial
drafts of genome-scale metabolic reconstructions obtained from automated genome annotation
into well-connected metabolic networks capable of producing the organism’s biomass from
precursors, in a way that is compatible with experimental observations [40—44]. Gap-filling
algorithms often approach this problem by adding to the initial network specific reactions from a
large pool iteratively converging to an optimally gap-filled network [44—-46]. Alternative
algorithms have proposed carving the gap-filled network from a super-set of reactions [5]. Both
gap-filling approaches bear some similarities to our pruning algorithm, suggesting that string
chemistries could be used to simulate and further enhance these approaches, taking advantage
of the tunable level of complexity of artificial networks, and on the complete knowledge of the
underlying chemical universes.

Several previous studies used artificial chemistry as an avenue for addressing questions
related to the origin of life or to general mathematical properties of biochemical networks [9—
11,16,47]. Conversely, FBA has been applied mostly to the study of metabolic networks of real
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organisms [27-29]. There is likely great untapped potential available from combining the two
approaches. In particular, the recent application of stoichiometric approaches to the study of
early metabolism [49] and of ecosystem-level biochemical networks [50-52] could greatly
benefit from additional creative usage of artificial chemistries. For example, the capacity to
handle artificial string chemistries of arbitrary complexity using these same stoichiometric tools
makes it possible to explore evolutionary processes and ecosystem-level metabolism under
simulated scenarios in which the whole chemical universe is fully known. This will make it
possible to shed light on the role of historical contingency and optimality principles in shaping
the architecture of metabolic networks.
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Figure S2. Number of biomass precursors affects the percentage of pruned reactions more
than the number of nutrients. U2,5 was pruned with 100 different combinations of each number
of food sources and biomass precursors shown on the graph. Each point is the mean pruned
percentage with error bars indicating the standard deviation.
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Figure S3. Number of biomass precursors affects the ratio of reactions to metabolites in pruned
networks more than the number of nutrients. All networks were pruned from the chemical
universe where A = 2 and L = 5 with export reactions allowed. Each point is the mean reaction-
to-metabolite ratio with error bars indicating the standard deviation.
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