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SYSTEMS BIOLOGY

Kinetic modules are sources of concentration
robustness in biochemical networks

Damoun Langary1'2, Anika Kiiken', Zoran Nikoloski'-**

Modules represent fundamental building blocks of cellular networks and are thought to facilitate robustness of
phenotypes against perturbations. While reaction kinetic shapes the concentration of components and reaction
rates, its use in identification of modules entails knowledge of parameter values. Here, we demonstrate that ki-
netic modules can be efficiently identified on the basis of steady-state reaction rate couplings in large-scale bio-
chemical networks endowed with mass action kinetics without knowledge of parameter values. We then link the
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kinetic modules of metabolic networks with robustness of metabolite concentrations to perturbations. Analyzing
34 metabolic network models of 26 organisms, we demonstrate that the ordered binding enzyme mechanism
leads to increased concentration robustness compared to random binding. Our findings pave the way for usage of

modules in synthetic biology and biotechnological applications.

INTRODUCTION

Biochemical networks are composed of reactions through which
cellular species (e.g., metabolites, proteins, and transcripts) are trans-
formed into building blocks that support all cellular functions. The
cellular functions are driven by the rates of the underlying biochem-
ical reactions. Reaction rates are governed by specific kinetics that
depends on the concentrations of substrates and effectors. A kinetic
module can then be captured by couplings of reaction rates, where-
by any two reactions in a kinetic module exhibit a fixed ratio of rates
in a given set of states that the network obtains. This definition agrees
with the intuitive notion of a module, whereby all reactions in the mod-
ule are expected to respond in unison to an environmental or internal
perturbation; it is also general enough to allow the consideration of
spatiotemporal or steady-state behavior of reaction rates. We also
note that the concept of a kinetic module differs from the concept of
a cluster or community in a network (1), which can be determined
only from the structure of the network with no relation to the dy-
namics of processes involving the network components.

Metabolic modeling has already contributed efficient approaches
to determining steady-state coupling of reaction rates (2-4); howev-
er, these approaches uncover only a subset of steady-state couplings
since they neglect the kinetics of reaction rates. Further, reaction
kinetics involves multiple parameters that are challenging to obtain at
a genome-scale level (5). Therefore, we ask whether couplings of re-
action rates and the corresponding kinetic modules can be deter-
mined on the basis of the structure of the underlying networks for
any values of the kinetic parameters of commonly used reaction ki-
netics. Despite some pioneering work (6), with applications to spe-
cific network types, we continue to lack general answers to these
questions for arbitrary large-scale biochemical networks endowed
with plausible reaction kinetics. This gap in knowledge has preclud-
ed the understanding of the extent to which kinetic modules in the
biochemical networks determine robustness of concentrations of
the network components, which have important implications to the
functionality of these networks.
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RESULTS

Identification of kinetic modules based on

concordance modules

Biochemical networks are fully described by the structure and ki-
netics of the underlying reactions. The structure of a biochemical
network, composed of reactions that transform one set of species
into another, can be uniquely described in terms of two matrices: (i)
a species-complex (m X n) matrix Y, the so-called stoichiometric
map, that captures the molarity with which species enter the sub-
strate or product side of a reaction; the substrate and product side of
reactions are referred to as complexes; and (ii) a complex-reaction
(n X r) matrix A that specifies the incidence matrix of the directed
graph describing the topological structure of the network, with
nodes corresponding to complexes and directed edges to irrevers-
ible reactions. For instance, the network in Fig. 1A is composed of
nine species that participate in 13 complexes interconnected by 14
reactions (see fig. S1 for the corresponding matrices Y and A); here,
B is a substrate complex to reactions R, and R; and a product com-
plex to reactions R, and R,.

The rates of biochemical reactions are described by different
types of kinetics (7). We can write the rate of a reaction as
v(c; k, p) = ky(c; p), where k denotes the (apparent) rate constant and
y(c; p) represents, generally, a nonlinear activation function, pa-
rameterized by vector p, that describes how the concentrations of
species, ¢, affect the reaction rate (section S1.1). This form allows us
to consider mass action kinetics (8, 9), used in modeling elementary
biochemical reactions and derivation of other types of enzyme kinetics
(e.g., Michaelis-Menten). With K denoting a reaction-complex (r X n)
matrix with entries corresponding to the reaction rate constants,
the change in the concentration of the network species can be writ-
ten as % = YAv(c; p) = YAKy(c; p) or succinctly % =YAy(cp)
(10) (see fig. S1). At steady state, it then holds that YA, y(c; p) =
YAv(c; p) = Nv=0, with N, N=YA, denoting the stoichiomet-
ric matrix.

Under mass action kinetics, any two reactions sharing the same
substrate complex have coupled rates, since their ratio corresponds
to the ratio of the rate constants (Fig. 1B). For instance, reactions R,
and R; in the network in Fig. 1A share the substrate complex B and,
as a result, are coupled. The coupling of the rates of two reactions
with distinct substrate complexes C; and C; is then equivalent to the
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Fig. 1. lllustration of concordance and kinetic modules. (A) The toy reaction network is composed of nine species, A to |, and 13 complexes (marked with rounded
squares) connected by 14 reactions, R, to R, ,. The four concordance modules are marked with the four colors of the complexes. The balanced complexes are marked in
blue. The strong linkage classes are delineated by gray boxes with dashed lines. The complexes that are included in the largest kinetic module are marked in green. The
network represents a model of the EnvZ-OmpR system (25). (B) Any two reactions, R; and Rj, that share the same complex, here C;, have coupled rates.

coupling of their corresponding activation functions y;(c; p) and
W, (c; p). We say that two complexes in a given network are coupled
if their activation functions have the same ratio in all steady states
the network obtains. From this definition, it follows that the com-
plex coupling is a reflexive, symmetric, and transitive relation (sec-
tions S1.2 and S3). Therefore, complex coupling is an equivalence
relation that partitions the set of complexes in a biochemical net-
work into kinetic modules.

Identifying kinetic modules in a given biochemical network is
nontrivial, even at steady state with specified parameter values, since
it entails specifying the relationship between reaction rates over a set
of steady states the network obtains. Here, we rely on the concept of
concordance modules (11) to develop a general approach for identi-
fying kinetic modules at steady state for any values the kinetic pa-
rameters of the used reaction kinetics may take. We say that two
complexes C; and Cbelong to the same concordance module if their
activities, given by A*v and A’'v, are proportional, i.e., there exists a
constant y;, such that Afy — Y AJ'v = 0 for any steady-state flux dis-
tribution v that the network obtains irrespective of reaction kinetics,
i.e., when v satisfies YAv = Nv = 0. Note that the activity of complex
C,, A"v, differs from the activation function of complex C,, given by
y;(c; p). Complexes of zero activity at any steady states—irrespective
of kinetics—form the concordance module of balanced complexes
(11-13). For instance, the network on Fig. 1A comprises four con-
cordance modules, depicted in different colors, of which one is com-
posed of balanced complexes, shown in blue. The concordance
modules in a given biochemical network can be efficiently deter-
mined by solving a set of linear programs (11). These modules hold
for any reaction kinetics and emerge because of the interplay be-
tween the network structure and steady-state functionality of the
network.

In addition, on the basis of the directed graph specified by A, the
complexes in a biochemical network can be partitioned into strong-
ly connected components, corresponding to the maximal subgraphs
in which there is a path from every node (i.e., complex) to any other
node in the subgraph. For instance, each strongly connected com-
ponent in Fig. 1A is depicted by a gray rectangle surrounding the
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respective complexes. The resulting strongly connected components
can be further divided into nonterminal and terminal: While a non-
terminal connected component contains at least one complex con-
nected via an outgoing reaction to another component, a terminal
connected component does not contain these complexes (Fig. 1A).
If a complex belongs to a (non)terminal component, then it will be
referred to as (non)terminal. For instance, the complexes D, B + G,
C+E, and A +E in the network in Fig. 1A are terminal, while all
remaining are nonterminal. Further, a subset of complexes is called
autonomous if all incoming reactions are from complexes inside the
set. Hence, all nonterminal complexes in Fig. 1 form an autono-
mous set.

Equipped with these concepts, we define a kinetic module in a
biochemical network as a maximal set of mutually coupled complex-
es with respect to the coupling relation derived from the concor-
dance structure in the network and the stoichiometric flux couplings.
We proved that complexes in any autonomous set of nonterminal
complexes that are either balanced or belong to any single concor-
dance module form a kinetic module for any values of the kinetic
parameters (section S2.3). Given a partition of a network endowed
with mass action kinetics into kinetic modules, we also established
sufficient conditions for identifying additional couplings between
complexes. These additional couplings facilitate merging of kinetic
modules and coarsening of the partition of the network into kinetic
modules (sections S3.2 and S4.1). Applying these tools to the net-
work in Fig. 1A reveals that all nonterminal complexes along with
one terminal complex form a kinetic module, marked in green (more
details in section S5.2). We note that our methodology does not guar-
antee the identification of the coarsest partition of kinetic modules.

Since all these results rely on a combination of efficient graph-
theoretic and linear programming approaches, kinetic modules and
consequences thereof can be identified and examined in large-scale
biochemical networks without knowledge of values for the kinetic
parameters. We note that the developed tools facilitate the identifi-
cation of previously unknown coupling patterns arising from ki-
netic modules and the potential merging of existing coupling sets,
both of which enable the coarsening of identified modules. As
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illustrated below, our results demonstrate the presence of large ki-
netic modules in metabolic networks operating under steady-state
constraints, whose reactions have been decomposed into elementa-
ry steps using different enzyme kinetic mechanisms allowing the use
of mass action kinetics. In addition, we identify network structural
conditions under which a kinetic module ensures concentration ro-
bustness of specific species (section $3.3), thus demonstrating cru-
cial implications that kinetic modules have for network functionality.

Kinetic modules in large-scale metabolic networks

We note that the developed tools hold for networks endowed with
mass action kinetics, precluding their direct applicability to metabolic
networks, whose reactions follow different kinetics (e.g., Michaelis-
Menten) that depend on the underlying enzyme mechanism. To ren-
der the tools applicable to metabolic networks, we considered two types
of enzyme kinetic mechanisms, used in metabolic network modeling—
ordered kinetic mechanism (7, 14) and random kinetic mechanism
(7, 15). To this end, we decomposed every metabolic reaction to its
elementary reaction steps, according to the used mechanism, facili-
tating the use of mass action kinetics (see Materials and Methods).
We refer to the resulting models as ordered and random binding,
respectively. As a result, we developed ordered and random binding
model variants using 34 large-scale metabolic models for 26 species.
This recasting substantially increased the size of the investigated
models, with random binding models being, on average, twice the
size of the ordered binding models. For instance, the ordered bind-
ing model of Trypanosoma cruzi (i1S312 Trypomastigote) consists of
1046 components, representing metabolites, enzymes, and metabolite-
enzyme complexes, and 1339 elementary reactions. For compari-
son, the random binding model consists of 2185 complexes and
3017 elementary reactions (table S1). The largest number of compo-
nents was found for the models of Escherichia coli (iAF1260b) in-
cluding 14,973 components and 19,249 elementary reactions in the
ordered binding model and 34,801 components and 51,969 elemen-
tary reactions in the case of random binding.

On the basis of the sizes of commonly studied metabolic path-
ways, we expected that the metabolic networks can be decomposed
into uniform kinetic modules in terms of size. In contrast, we found
that most of the analyzed genome-scale metabolic networks includ-
ed a giant kinetic module, defined as the module of largest size (table
S1). The giant kinetic module comprised a substantially larger frac-
tion of complexes in the ordered binding models in comparison to
the random binding models, and the remaining kinetic modules
were either composed of three, two, or singleton complexes. For in-
stance, the giant kinetic module in the ordered binding model of
Arabidopsis thaliana (AraCore) and Synechocystis sp. (iSynCJ816)
contained the minimum (0.77%) and maximum (29.37%) fractions
of all complexes, respectively. In contrast, the giant kinetic module
in the random binding models was the smallest for Chlorella variabilis
(iA]526) and the largest for Bacillus subtilis (iYO844), containing
0.13 and 1.4% of all complexes, respectively (Fig. 2). The size of the
giant kinetic module scales with the number of components and reac-
tions in both the ordered and the random binding models (fig. S2).

Next, we determined the percentage of reactions that have their
substrate complexes in the giant module, containing at least 10 com-
plexes. For the ordered binding models, on average, 14.15% of the
reactions have their substrate complexes in the giant module. The
model of A. thaliana (AraCore) contained the smallest fraction
(0.9%) of these reactions, while the largest fraction (30%) was found
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in the model of Synechocystis sp. (iSynCJ816) (fig. S3). The results for
the ordered binding models indicate their large capacity for coordi-
nated steady-state response due to environmental changes. In contrast,
for the random binding models, we found that this fraction of reac-
tions with substrate complexes in the giant module was, expectedly,
smaller, with the minimum and maximum values attained for the
models of C. variabilis (1A]526;0.08%) and B. subtilis (iYO844;1.32%).

To compare these findings with the modules based on the steady-
state reaction couplings irrespective of their kinetics (2-4), we next
determined the substrate complexes of the stoichiometrically cou-
pled reactions in the ordered binding models. These substrate com-
plexes are mutually coupled regardless of the assumed kinetics of the
elementary reactions. We found that the giant kinetic module was,
on average, 58-fold larger than the biggest group of coupled com-
plexes found from stoichiometric reaction coupling in the ordered
and random binding models, respectively (fig. S4). As a result, the
proposed tools reveal an unexpectedly larger capacity for coordinat-
ing reaction fluxes in genome-scale metabolic networks across dif-
ferent organisms.

Further, it has been observed that different organisms exhibit re-
markable robustness of growth against gene knockouts, explained
by the existence of alternative pathways (16-18). In line with the
observation of this remarkable robustness, it is expected that essen-
tial genes, whose deletion abolishes growth, are depleted in the iden-
tified giant modules in the metabolic models. To test the hypothesis,
we identified the essential reactions with substrate complexes inside
the giant module. Essential reactions were determined by the capac-
ity to abolish growth upon their blocking using flux balance analysis
(19, 20). We found that the giant module was depleted for essential
reactions in the ordered binding kinetic model of E. coli’s metabolism
(14) (P =0.002, Fisher’s exact test). Therefore, we concluded that the
presence of a giant module is in line with observations about robust-
ness of growth in E. coli and motivates analysis of how this robustness
extends on the level of metabolite concentrations.

Concentration robustness from kinetic modules in

metabolic networks

Next, we investigated the implications of kinetic modules on the
concentration of metabolites. In a biochemical network endowed
with mass action kinetics, if two coupled complexes C; and C; differ
only in a single molecule of a metabolite S, then the concentration of
S exhibits absolute concentration robustness (6). For instance, in the
network shown in Fig. 1A, complexes C and C + G, which belong to
the same kinetic module, differ in a single molecule of G, which then
exhibits absolute concentration robustness. Similarly, when two
coupled complexes share all but two metabolites, each of which is
present in one of the complexes, these metabolites exhibit absolute
concentration ratio robustness (21). For instance, in the network in
Fig. 1A, complexes C + G and A + G share the metabolite G and dif-
fer in metabolites C and A, respectively; since these complexes be-
long to the same kinetic module, Cand A show absolute concentration
ratio robustness. Therefore, studying the structural network prop-
erty given by the differences between complexes within a kinetic
module allows us to draw important conclusions about concentra-
tion robustness in arbitrary networks endowed with mass action
kinetics. Identifying metabolites endowed with these concentration
robustness properties was previously possible only for classes of net-
works with specific properties (6) or required symbolic computa-
tion (22)—both not applicable for large-scale networks.
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Fig. 2. Giant modules in metabolic networks of different organisms. Comparison of the number of complexes that belong to the giant module identified from kinetic
coupling for models of ordered binding (blue bars) or random binding (red bars) in 34 metabolic networks of 26 organisms. See also table ST column K.

Applying our tools to a large-scale ordered binding kinetic mod-
el of E. coli (14) with mass action kinetics revealed 26 metabolites
with absolute concentration robustness, including crucial cofactors,
such as adenosine triphosphate (table S2). This is in line with the
experimental evidence, demonstrating that adenosine triphosphate
exhibits absolute concentration robustness across different growth
rates in E. coli (23). This finding also suggests that maintaining ro-
bustness of concentrations of metabolites involved in energy me-
tabolism and used as cofactors ensures functionality of the multitude
of reactions that depend on these molecules.

With the identified kinetic modules based on the developed tools
in the metabolic models, we asked whether and to what extent en-
zyme kinetic mechanisms embedded in large-scale networks affect
the capacity for absolute concentration (ratio) robustness in selected
metabolites. In the case of ordered binding, we found metabolites
with absolute concentration robustness in 62% of the analyzed mod-
els. The number of metabolites with absolute concentration robustness
ranges from one for models of A. thaliana (iRS1597), Homo sapiens
(iIAB_RBC_283), Clostridium difficile (iCN900), E. coli (1AF1260b),
T. cruzi (11S312), and Saccharomyces cerevisiae (iND750), respectively,
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to 12 in the model of C. variabilis (1A]526), 18 in the models of Shigella
dysenteriae (1ISDY_1059) and Synechococcus elongatus (i/B785), 19 in
the model of Shigella flexneri (iS_1188), and up to 148 in the model
of Synechocystis sp. (1SynCJ816) (Fig. 3A). For instance, in the genome-
scale model of C. variabilis, Pseudomonas putida, S. dysenteriae,
Lactococcus lactis, S. elongatus, Synechocystis sp., and Thermotoga
maritima, metabolites, such as protons, adenosine diphosphate, ad-
enosine triphosphate, and nicotinamide adenine dinucleotide (phos-
phate), were found to exhibit absolute concentration robustness (table
S3). These metabolites have been suspected to exhibit buffered con-
centrations against perturbations based on their participation in
multiple reactions (24). In addition, models of Synechocystis sp.,
S. dysenteriae and S. flexneri, Plasmodium knowlesi, A. thaliana, and
T. maritima showed absolute concentration robustness for the ace-
tyl carrier protein or coenzyme A, while the metabolic models of
Plasmodium cynomolgi, S. dysenteriae, S. flexneri, Synechocystis sp.,
and T. maritima exhibited absolute concentration robustness for
carbon dioxide. Metabolite pairs with absolute concentration ratio
robustness were identified in all models of ordered binding that in-
cluded a giant module. The number of metabolite pairs ranged from
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A. baumannii iCN718
A. thaliana AraCore
A. thaliana iRS1597
B. subtilis iYO844
C. variabilis iAJ526
C. difficile iCN900
C. Ijungdahlu iHN637
E. coli iAF1260b
E. coli iJR904
H. pylori iIT341
H. sapiens iAB-RBC-283
L. lactis iINF517
M. barkeri iIAF692
M. tuberculosis INJ661
P. berghei iIAM-Pb448
P. cynomolgi iAM-Pc455
P. falciparum iAM-Pf480
P. knowlesi iAM-Pk459
P. vivax iAM-Pv461
P. putida iJN746
S. cerevisiae IMM904
S. cerevisiae IND750
S. dysenteriae iISDY-1059
S. flexneri iS-1188
S. aureus iISB619
S. aureus iYS854
S. elongatus iJB785
Synechocystis sp. iJN678
Synechocystis sp. iSynCJ816
T. maritima iLJ478
T. cruzi iIS312 Amastigote
T. cruzi iIS312 Epimastigote
T. cruziilS312 Trypomastigote
T. cruziilS312

128 32 8 2
Number of metabolites with
absolute concentration robustness

2 8 32 128
Number of metabolite pairs with
absolute concentration ratio robustness

Fig. 3. Metabolites with absolute concentration (ratio) robustness. (A) Number of metabolites with absolute concentration robustness. (B) Number of metabolite
pairs with absolute concentration ratio robustness in the 34 analyzed ordered binding metabolic models.

one in the models of C. difficile (iCN900) and T. cruzi (iIS312_
Trypomastigote) to 46 and 77 in the metabolic models of S. elongatus
(iJB785) and Synechocystis sp. (iSynCJ816), respectively (Fig. 3B).

Concentration robustness and kinetic modules in other
biochemical networks

The developed tools, when applied to biochemical networks en-
dowed with mass action kinetics, enable the detection of single and
pairs of components exhibiting concentration robustness proper-
ties. For instance, the network in Fig. 1A corresponds to a model of
the EnvZ-OmpR system (25) for which previous tools stay silent con-
cerning the ability to show the concentration robustness of the free
(phosphorylated) response regulator OmpR (6). The ability to iden-
tify kinetic modules in signaling networks broadens the applicabili-
ty of the developed tools.

DISCUSSION

Modules serve as fundamental building blocks of real-world bio-
chemical networks. However, we are lacking the means to decompose
these networks into modules while accounting for functional and op-
erational constraints for plausible reaction kinetics. In addition, the
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implications that network modules have on the robustness and plas-
ticity of concentration of species have not been addressed, although
modules provide a stepping stone in understanding how biochemical
networks evolve on the basis of duplication (26, 27). The existing ap-
proaches to tackling these problems are computationally prohibitive.

Here, we have developed the tools to address the identification of
kinetic modules in biochemical networks of arbitrary structure and
size. We note that in contrast to communities and clusters, which
can be determined solely on the basis of network structure, kinetic
modules consider both the structure and the operational constraints
of the network (e.g., steady state and reaction reversibility). There-
fore, kinetic modules provide an innovative means to analyze large-
scale metabolic networks. Our key finding is that kinetic modules
can be efficiently identified from the network structure while con-
sidering realistic physicochemical constraints, such as stationarity.
Therefore, our results provide a general framework to explore the
impact of network modifications on concentration robustness and
plasticity of network species in different steady states the network
obtains. Robustness of concentration of network components can
ensure a nominal level of functionality in case of environmental per-
turbations, promoting survival, growth, and fitness (28). The predic-
tions about robustness of concentrations can serve as key hypotheses
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to be tested by quantitative metabolomics technologies in future
dedicated experiments.

Given that our methodology does not guarantee the identifica-
tion of the coarsest partition of kinetic modules, our findings also
raise a number of questions, the answers to which could further deepen
our understanding of how different biochemical regulation types,
modifying the network structure or reaction kinetics, may affect the
relationships between concentrations of network species and affect
cellular functions. Together, our results indicate that the proposed
modular decompositions of biochemical networks open new ave-
nues for biotechnological and synthetic biology applications.

MATERIALS AND METHODS

The analyzed metabolic network models were obtained from the
BiGG database of stoichiometric genome-scale metabolic models
(29) or their respective original publication (for a full list of model
references see the overview table available at https://github.com/
ankueken/Upstream_Algorithm. The names of the models used can
be found in the table S1. Balanced complexes and concordance mod-
ules were determined for each model by solving linear programming
problems as described in previous publications (11, 12). The identi-
fication of concordant complexes is the time-limiting step in identi-
fying kinetic modules. This step scales quadratically with the number
of complexes in the model and with the complexity of solving the
linear programming problem underlying the determination of the
concordance relation. To reduce the runtime, we investigate ratios of
activities of complexes in sampled steady-state flux distributions.
Complex pairs that vary in their ratio of activities are, in turn, ex-
cluded from the set of candidates checked for concordance relation.

Models of ordered and random binding
Models were preprocessed by removal of blocked reactions. Further,
all enzyme-catalyzed reactions were split into their elementary reac-
tion steps. Hereby, we distinguished two types of reaction mecha-
nism that consider either (i) a fixed order of substrates binding the
enzyme (7, 14) and (ii) random binding of substrates, where all pos-
sible orders of substrates binding the enzyme are considered (7, 15).
For instance, given a reaction A + B — C that is catalyzed by en-
zyme E, in the case of ordered binding, with metabolite A binding first,
the reaction mechanisms is represented by the following elementary re-
actions: A + E <> AE, AE + B < ABE, and ABE — C + E; further, in
the case of random binding, reactions A + E <> AEand B + E < BE,
as well as AE+ B < ABE, BE + A & ABE, and ABE - C+E, are
also considered to provide a representation of this mechanism. We
note that reversible reactions were split into two irreversible reactions.

Data access

The implementation of the Upstream Algorithm, as well as functions
to find balanced and concordant complexes, along with the analyzed
models is available at https://doi.org/10.5061/dryad.7pvmcv{4v or
https://github.com/ankueken/Upstream_Algorithm.
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