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Quantifying interaction networks of chemical reactions allows description, prediction, and control
of a range of phenomena in chemistry and biology. The challenge lies in unambiguously assigning
contributions to changes in rates from different interactions. We propose that the curvature change
of kinetic trajectories due a systematic perturbation of a node in a network can identify the coupling
strength and topology. Specifically, the coupling strength can be calculated as the ratio of the
curvature change measured from the coupled node and the rate change of a perturbed node. We
verified the methodology in numerical simulations with a network with complex ordinary differential
equations and experiments with electrochemical networks. The experiments show excellent network
inference (without false positive or negative links) of various systems with large heterogeneity in
local dynamics and network structure without any a-priori knowledge of the kinetics. The theory and
the experiments also clarify the influence of local perturbations on response amplitude and timing
through network-wide up-regulation. A major advantage of our technique is its independence from
hidden/unobserved nodes. This makes our method highly suitable for applications with high temporal
and low spatial resolution data from interacting chemical and biochemical systems including neuronal
activity monitoring with multi-electrode arrays.

1 Introduction
Networks in chemically reacting systems underlie functionality
at various scales, such as chemical species forming reactions,
chemical reactions interacting in discrete units such as in biolog-
ical cells, or chemical products made in networks of factories1,2.
Identifying the topology and the functional form of such inter-
actions are important steps for modeling in reaction kinetics3,
with wide range of applications in biochemistry, such as cellu-
lar metabolism4 and signal transduction pathways5, in advanced
industrial applications in catalysis6, combustion7, polymeriza-
tion8, atmospheric chemistry9, and testing hypotheses about the
origin of life10. The topology of chemical reaction networks has
important impact on its functionality; it determines the concen-
tration response patterns11–13 and other critical aspects such as
the rate laws, the multiplicity of steady states, and the nature
of dynamic instabilities14–16. Similarly, when discrete chemical
reaction units are coupled in networks17–19, the toolkit of net-
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work science can be used to explain the formation of isolated
reaction domains20 and various forms of synchronization pat-
terns that include emergence of coherence21,22, clustering23,24,
and chimeras25–27. These processes play an important role in
the morphogenesis (with Turing patterns in networks28) and the
functioning of biological clocks and pacemaker cells29.

Nonetheless, inference of reliable networks from experimen-
tal data poses many challenges. Statistical models use metrics
such as mutual information and correlation30–34 while systems-
theoretic approaches infer the kinetic models by fitting nonlinear
models29,35–37. The major challenge is separating local dynamics
from the impact of directly and indirectly coupled units and ob-
taining reliable connections from limited measurements, for ex-
ample, when some species/units are hidden. To overcome the
problem that many (often dissimilar) models can describe experi-
mental data, perturbation-based methods were developed to infer
functional connections38,39. For example, up-regulation of gene
expressions or enzyme concentrations can be used to explore net-
work topology by assessing the rate of change over time or by
fitting the time series data to the response38–40. Yet, similar lim-
itations arise because it is difficult to design an experiment that
guarantees data sufficiency for identification of species/unit in-
teractions.

In this paper, we propose that an analysis of the curvature of the
kinetic trajectories (i.e., second derivative of concentration with
respect to time) provide a definite solution to infer the topology
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Fig. 1 Experimental setup and coupling topologies. (a) Schematic diagram of

a three-electrode electrochemical cell with a counter (C), a reference (R), and

multiple working electrodes connected to the two working points (W1 and W2)

of a bipotentiostat. Rind: individual resistance, Rc: coupling resistance. ARE:

Auxiliary reference electrode used for measuring the electrode potentials. Right

column: Considered topologies. (b) Two coupled electrodes with the same size

and same individual resistance (coupling of units with nearly identical dynamics).

(c) Two coupled electrodes with the same size but different individual resistance

(coupling of units with different dynamics) (d) Two coupled electrodes with

different electrode sizes. (e) Three electrodes in a chain. (f) Complex network

topology with different electrode sizes. Red circle denotes heterogeneous node

(with different individual resistance than the rest).

and the strength of interactions in dynamical reaction networks
even without a-priori knowledge of the kinetics and in the pres-
ence of hidden and/or unobserved units.

First, we develop a theory that shows that coupling strengths
can be calculated by comparing the curvature change in the ki-
netic trajectories due to a step perturbation of a (localized) pa-
rameter in the kinetic equations. Then, the technique’s effective-
ness is validated through numerical reconstruction of a network
of the highly nonlinear Lorenz system. The technique is tested in
experiments with networks of coupled electrochemical reactions,
where the role of the strength and symmetry of coupling as well as
the heterogeneity of local dynamics can be explored. The applica-
tion of the theory also reveals how measuring both the time-scale
and extent of the network response due to up-regulation can be
used to quantify the coupling.

2 Experimental Methods
A standard electrochemical cell consisting of a multiple nickel
working electrodes (Goodfellow Cambridge Ltd, 99.98%), a
Hg/Hg2SO4/saturated K2SO4 reference electrode (640 mV elec-
trode potential vs. standard hydrogen electrode), and a 1.57 mm
diameter titanium rod coated in platinum counter electrode in 3
mol/L sulfuric acid were used in this experiment. A schematic of
the experimental setup is shown in Fig. 1a. An auxiliary reference
electrode (ARE) was added to measure the electrode potentials

using chronopotentiometry. The working electrode was made of
2-7 wires that can have identical diameters for symmetrical, or
different diameters for asymmetrical coupling depending on the
coupling topology under investigation. The wires were embedded
in epoxy with at least 3 mm spacing between them; the relatively
large separation diminishes electrical and mass transfer coupling
through the electrolyte. The reactions take place only at the end
of the exposed area, which is wet polished on a series of sand-
papers (P180 - P4000) with a Buehler Metaserv 3000 polisher.
All the experiments were carried out at 10 oC, maintained by a
Neslab RTE-7 circulating bath. External individual resistances,
Rind (with typical values of 5 to 15 kohm), were added to each
electrode.

The electrode arrays were connected to a Pine Instrument
AFCBP1 bipotentiostat with the perturbed electrode connected
to W1 (working electrode port 1) and all the coupled electrodes
connected to W2 (working electrode port 2) of the bipotentio-
stat. The experimental setup was then interfaced with a real-time
LabVIEW controller to measure the electrode potentials Ep(t) and
Ec(t) at 10 kHz and to set the circuit potential V j(t) of the wires.
Throughout the experiments, we set the circuit potential to V=
0.9 V which was then perturbed through a step function to 1.1 V.
The coupling resistances Rc, which varied between 1-100 kohm,
were introduced between Ni electrodes in order to induce cou-
pling. Comprehensive results for all the experiments are reported
in SI Section 4.

3 Results and Discussions

3.1 Theory

To validate the theory, we consider two coupled kinetic equations
for two species/dynamical units denoted as xp, the perturbed
unit, and xc the coupled unit. Each unit has its own rate equa-
tions f and g, respectively, and the rate equation of xp can be
addressed individually through a parameter α. The system thus
can be described by rate equations

ẋp = f (xp,α), (1)

and

ẋc = g(xc)+K(xp − xc), (2)

From time series data at the beginning (t = 0) of the procedure
when the parameter α = α1, the state of the perturbed and cou-
pled units are x∗p and x∗c , and thus the corresponding rates are

ẋp(0) = ẋ|x∗p,α1
= f (x∗p,α1), (3)

and

ẋc(0) = ẋ|x∗c ,x∗p = g(x∗c)+K(x∗p − x∗c). (4)

and thus the curvature of the kinetic trajectory of the coupled unit
is

ẍc(0) =
dg
dxc

ẋc|xp∗,xc∗+K( ẋp
∣∣
x∗p,α1

− ẋc|x∗c ,x∗p). (5)
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For t > 0, the xp unit is perturbed by setting α = α2. The system
remains in the same state, but from the kinetic trajectories after
the perturbation, the rate of perturbed units is now

ẋp(0+) = ẋ|x∗p,α2
= f (x∗p,α2). (6)

Note that the rate of the coupled unit remains unchanged,

ẋc(0+) = ẋ|x∗c ,x∗p = g(x∗c)+K(x∗p − x∗c). (7)

However, the curvature is now

ẍc(0+) =
dg
dxc

ẋc|xp∗,xc∗+K( ẋp
∣∣
x∗p,α2

− ẋc|x∗c ,x∗p), (8)

By comparing Eqs. 5 and 8 we can see that the curvature change
evaluated from the trajectories from before and after the pertur-
bation of the coupled unit is related to the change of the rate
measured from the perturbed unit, i.e.,

∆ẍc = K∆ẋp, (9)

where ∆ẍc = ẍc(0+)− ẍc(0) and ∆ẋp = ẋp(0+)− ẋp(0). Using this
equation, the coupling strength can be calculated as the ratio of
the difference in the curvature and the slope change of the cou-
pled and perturbed units, respectively:

K =
∆ẍc

∆ẋp
. (10)

Note that this formula for the coupling strength is independent of
the local dynamics f and g (including the sensitivity of the local
kinetics on the perturbation parameter α). This feature, i.e., in-
dependent recovery of coupling strengths from local dynamics, is
crucial for reconstructing models that are computationally unam-
biguous and for assigning contributions to changes in rates from
different interactions. Because the value of parameter α needs to
be changed from α1 to α2 at t = 0, a natural choice for the per-
turbation is a step change. However, other waveforms could also
be applied (e.g., square or pulse) that change the value of the
parameter at t = 0. For simplicity, from hereon we assume a step
perturbation. Also, the formulation presented here served as a
representative simplified example through which the method can
be explained; we also described the method from a general math-
ematical perspective to show that the proposed approach can be
applied to a general class of nonlinear dynamic networks with
highly nonlinear local dynamics with practically any type of net-
work (see SI Section 1). We note, however, that we did make an
important assumption that the coupling dynamics is linear. The
method provides the coupling strength as the linear component
of the coupling at the state of the local kinetics where the pertur-
bation was applied. With nonlinear coupling, the method should
be repeated at different states, and a coupling formula should be
reconstructed based on the inferred, stated dependent, lineariza-
tion of the coupling formula.

To implement Eq. (10) the following step-by-step protocol
should be followed. Within a network, a unit k is perturbed, and
the rate change is evaluated for the unit in the moment of the
perturbation. The curvature change should be then calculated

for all the other observed nodes. This way, the outgoing con-
nections to all observed nodes can be calculated using Eq. (10).
The method is not affected by the presence of nodes that are not
observed (or hidden nodes) - the network links to those hidden
nodes are simply not recovered but the lack of their observation
does not have any effect on the inference of the observed units
because they do not enter Eq. 10. Finally, the procedure should
be repeated for perturbing any node for which the outgoing con-
nections are needed. Thus, to recover all the connections in a
network of N nodes, N step-perturbation experiments should be
applied by perturbing each node in the subsequent experiments;
for each experiment, the time series data of all the N nodes should
be collected to evaluate the slope and curvature changes.

3.2 Validation with Numerical Simulations

The proposed idea is illustrated using a three-node chain network
in Fig. 2. Node 1 is connected to node 2, and node 2 to node 3.
Note that node 1 is not directly connected with node 3 (Fig. 2(a)).
For local dynamics, we considered the highly nonlinear Lorenz
system with parameters that correspond to damped oscillations
to a stationary state as shown in Fig. 2(c)-(e).

The network of the 3 units are thus governed by the dynamic
equations

ẋi(t) = σ(yi(t)− xi(t))

ẏi(t) = rxi(t)− yi(t)− xi(t)zi(t)+
N

∑
j=1, j ̸=i

Ki jy j(t)+ui(t)

żi(t) =−bzi(t)+ xi(t)yi(t), (11)

where σ = 10,r = 28,b = 8
3 , Ki j values represent the coupling

strengths and ui(t) is a parameter through which we can per-
turb the i-th unit. We note that the Lorenz equations represent a
chemical mechanism with many important kinetic features, e.g.,
rate determining steps followed by very fast reactions, cooper-
ative catalysis, and some species to be in excess.41 The units
are assumed to be coupled through the y variables with coupling
strength Ki j. In this example, all the coupling strength between
the coupled unit (1-2 and 2-3) are set to 0.3. Our goal is to in-
fer the network topology corresponding to the y couplings and
in particular, estimate Ki j for all the outgoing links from unit 1.
To do this task, we require that we are able to externally perturb
the dynamics of y1 and have access to measurement data for the
variables yi(t).

To recover the outgoing connections from node 1, a step per-
turbation (Fig. 2(b)) is applied to node 1. As a result of the per-
turbation, the system displays a transient response, as shown in
Fig. 2(c)-(e). Before the perturbation, the slope of the perturbed
and the curvature of the connected nodes (2 and 3) are nearly
zero. After the perturbation, as shown in Fig. 2(f), the slope of
the perturbed node changes by 1, and the curvature (or second
derivative) changes in nodes 2 and 3 by 0.30 and 0, respectively
(see Fig. 2(g) and (h)). Thus, the inferred coupling strength
(curvature change / slope change), is 0.30 and 0, which perfectly
agrees with the existing coupling. (To recover the other links in
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Fig. 2 Illustration of the proposed curvature analysis for inferring network

connections. (a) A three node (directed chain) network of damped Lorenz

systems with directed y -coupling. Perturbation u1 is applied to node 1 to

infer outgoing connections. The solid black edge is the one recovered through

perturbing node 1 and the light grey edge will only by identified by perturbing

node 2 (not shown in this figure). (b) The step input applied at node 1 at time

t = 0. (c)-(e) Time series data of variable y at nodes 1,2, and 3. (f) The slope

ẏ1(t) computed at node 1 using Euler approximation. (g)-(h) The curvature ÿi(t)

for i = 2,3 computed at nodes 2 and 3 using Euler approximation. The ratio

of the curvature of the coupled nodes (ÿi, i = 2,3) with respect to the slope of

the perturbed node ẏ1 at the time of application of the step input reveals the

outgoing connections of node 1 (as shown in (a)).

the network, perturbations should be applied to nodes 2 and 3;
the results are shown in SI Section 2 Case 1). The methodology is
not restricted to 2 or 3 node networks; as it is shown in SI section
2 Case 4, the coupling strengths can be completely recovered for
a seven-node network as well. (This specific network will be also
used in the experiments).

While the numerical algorithm was tested here with parameters
where the dynamical system exhibits a stable stationary (equi-
librium) point, the coupling strength formula in Eq. 10 is also
valid with oscillatory or chaotic dynamics. This was confirmed in
numerical simulations with the Lorenz system with chaotic sys-
tem parameters in SI Section 2 Case 2. Similarly, the system can
be perturbed with any parameter that uniquely affect the node
dynamics; for example, in SI Section 2 Case 3 the network was
reconstructed by perturbing parameter r instead of u.

3.3 Experiments with Electrochemical Networks
To verify the validity of the network reconstruction technique in
practical settings, we performed experiments with the electro-
chemical dissolution of nickel in sulfuric acid electrolyte42. Under
the applied conditions, the dissolution of Ni(s) to Ni2+(aq) takes
place through a NiO(s) oxide film. At large constant circuit po-
tential, V = 1.410, the system exhibits complex dynamics, which
include bistability, smooth and periodic oscillators, and chaos43.
Here we use somewhat lower circuit potentials ( 0.900 V ≤ V ≤

1.100 V), where the process settles to a steady state character-
ized by the measured electrode potential E(t). As shown in Fig.
1(a), the electrodissolution takes place on a multielectrode array,
where the chemical reaction takes place in (nearly) isolated units,
which represent the node of the network. Coupling can be added
through cross resistance (Rc) between the wires: When there is
an electrode potential difference between the electrodes (due to
different chemical environments), current can flow between the
electrodes, which can promote additional nickel dissolution. In
a typical experiment, a potential step was applied on one elec-
trode (perturbed node), and the electrode potential time series
was recorded for all the electrodes using potentiometry. The goal
was to infer the coupling network topology for a wide range of
networks and conditions.

Extraction of coupling strengths from experimental data

To extract the coupling strengths using Eq. (10), we need to
compute the first- and second-order derivatives of the electrode
potential time series using noisy experimental data. This was
achieved by fitting a nonlinear function to the experimental time
series, and calculating the change in the slope of the perturbed,
and the change in the curvature of the coupled electrodes as fol-
lows.

For the perturbed system (indexed with subscript p), the exper-
imental data could be fitted well with an exponential decay due
to a potential step,

xp(t) = Ap(1− e−kpt), (12)

where xp(t) is the offset corrected electrode potential, kp is the
rate constant of the decay, and Ap the amplitude response (i.e.,
the electrode potential change of the perturbed electrode when
time goes to infinity).

Similarly, for the electrode potentials of the coupled system
(xc(t)), we used the fitting function given by

xc(t) = Ac(1− e−kct(1+ kct +0.5kmt2)). (13)

Note that this equation has an amplitude response (Ac) and a
rate constant (kc), but also includes a time-dependent multiply-
ing factor, which describes the behavior of a typical coupled node
through kc and an indirectly coupled node through km. The math-
ematical forms of these fitting functions are further clarified in SI,
Section 3.

Using these equations, coupling strength from the coupled to
the perturbed node, i.e., the ratio of the curvature change of the
coupled and the slope change of the perturbed electrode poten-
tials can be obtained as:

K f =
Ac

Ap

k2
c − km

kp
. (14)

Eq. (14) clarifies how the impact of a perturbed node propagates
through the network, and how time-scale separation is useful for
network inference. In general, we can expect strong coupling
between two nodes through two processes: (i) when a change
of the state in a perturbed node (Ap) can have large impact on
the coupled node (Ac) and (ii) when the coupled node reacts
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quickly (large kc), in comparison with the perturbed node (kp).
As the equation shows, the analysis of both of these processes is
required for network inference. Note that the negative term in the
equation (km) is essential because this term differentiates directly
(km = 0) and indirectly (k2

c = km) coupled nodes. This term comes
from the nonlinearity of the coupled waveform and reflects that
indirectly coupled nodes typically react later to a perturbation in
the network (and thus they depend on t2 in Eq. (13)).

Finally, when the coupling is very weak, the step response of the
coupled node (Ac) was very small; when it was smaller than three
times the standard deviation of the signal before perturbation,
the coupling strength was set to zero. (This helped eliminating
overfitting of noisy data.)

Results with two coupled reactions

We first probed the accuracy of the technique by performing an
experiment of two electrodes with homogeneous local dynamics,
i.e., both electrochemical reactions have the same double layer
charging constant (RindCd) determined by the double layer ca-
pacitance, and the externally variable individual resistance set to
10 kohm for both electrodes.

The experimental coupling strength (κi j) from electrode j to
electrode i is the conductance per surface area, i.e., the

κi j =
1

RcAi
(15)

where Rc is the coupling resistance and Ai is the surface area of
ith electrode44. We applied a coupling strength of κ21 = κ12 =

0.636 mSmm−2 and electrode 1 was perturbed with circuit poten-
tial step from V (t)= 0.900V to 1.100V (see Fig. 3 (a)). The bottom
panel of Fig. 3 (a) shows the electrode potential time series (black
and blue dots for the perturbed and the coupled electrode, respec-
tively) and the corresponding fits (red curve). From the analysis
of the experimental data, the Ac, kc, km, Ap and kp values were
estimated as 0.025 V, 72.25 s−1, -1.520 s−1, 0.038 V and 50.22
s−1 respectively, and the calculated extracted coupling strength,
K f was 68.40 s−1. Note that K f cannot be directly compared to
the κ12 because they represent the coupling at two different sys-
tem levels. κ12 is the physical means of coupling, a conductance,
that allows the flow current and thus enables the interactions. K f

is the coupling time-scale, which yields the results of the coupling
in the time series.

If κ12 indeed responsible for the coupling extracted as K f , we
would find a linear relationship when κ12 is varied. We repeated
the experiment for varying coupling strengths (0.000 mSmm−2

≤ κ ≤ 1.592 mSmm−2), and the corresponding K f values are
shown in Fig. 3(b). We found that, for κ < 0.127 mSmm−2

the recovered coupling strength is zero (K f = 0 s−1); because of
the apparent noise in Fig. 3, the very weak coupling cannot be
detected. For a large range of intermediate coupling strengths,
0.127 mSmm−2 ≤ κ ≤ 0.636 mSmm−2, there is a nearly zero in-
tercept linear relationship between κ and K f . (Thus, the slope of
this line, 100 s−1mS−1mm2 allows us to convert the two coupling
strengths.)

Even for κ > 0.636 mSmm−2, the coupling can be detected, but
the coupling strength is underestimated and K f shows a plateau
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Fig. 3 Network reconstruction using two electrodes. (a) Perturbing the circuit

potential of electrode 1 (at t = tP = 0 s) and recording the electrode potentials

to recover network with two nodes. Top: schematic of the experiment. Middle:

Circuit potential vs time for electrode 1. Bottom: Electrode potential vs time

for both electrodes during the perturbation experiment. κ = 0.636mSmm−2.

Rind = 10kΩ. Black dots: electrode 1. Blue dots: electrode 2. Red line: fitted

curve. (b) Extracted (K f ) vs. experimental (κ) coupling strengths. Red line:

linear fit in the working range (0.127mSmm−2 ≤ κ ≤ 0.636mSmm−2). The inset

shows the logarithmic plot.

behavior for strong coupling (see inset in Fig. 3b). In this case,
the coupling strength inference is limited by the time resolution
of the experiments, and thus the amplitude responses (Ap = Ac)
and the decay constants (kc = kp) are the same. The maximum
recovered coupling can be estimated (using Eq. 14 with km =0 as
there are no indirect nodes) as K f = kp ≈ 50 s−1. This corresponds
to about κ = 0.5 mSmm−2. Indeed, we can see that the deviations
from linear behavior occurred in this limiting range. We note that
this maximum resolvable coupling limit could be expanded by
choosing a perturbation with faster response time, i.e., larger kp.

Recovering coupling between two highly heterogeneous node
dynamics

The real strength of our proposed methodology is that it did not
make any assumptions on similarity of the dynamics of the nodes.
To demonstrate this, we performed network inference with two
electrodes with very different individual resistances Rind = 5
kohm and 15 kohm for electrodes 1 and 2, respectively. However,
the same coupling coupling strength κ12 = κ21 = 0.127 mSmm−2

was applied. As shown in Figs. 4(a-b), the perturbation experi-
ments result in very different amplitude response and decay time
constants, nonetheless, the recovered coupling constants were the
same K f = 53 s−1 in both directions.

This experiment demonstrates that the coupling strength must
be extracted by considering both the ratio of the amplitude re-
sponse, and the ratio of the decay time-scales. Naively, one could
calculate coupling strength based on the ratio of the coupled and
the perturbed amplitude ratio (Ac/Ap). This coupling strength is
shown Fig. 4c; for better comparison, the values are rescaled cor-
responding to the recovered coupling with respect to electrode 2
to 1. As shown in the figure, such inference would predict weaker
( 59 %) coupling from electrode 1 to 2 than in the opposing di-
rection. Similarly, if one would calculate the coupling strength
based on the ratio of the decay time constants (kc/kp), now the
coupling would be predicted to be 67 % stronger for 1 → 2 than

Journal Name, [year], [vol.],1–8 | 5

Page 5 of 9 Physical Chemistry Chemical Physics



1.7

1.8

1.9

E
c

, 
E

p
(V

)

0 0.02 0.04 0.06 0.08 0.1

t (s)

1.7

1.8

1.9

E
c

,
E

p
(V

)

1 1 1

0.59

1.67

1

A
c

/ A
p

k
c

/ k
p

K
f,2

/ K
f,1

0

0.5

1

1.5

2

1

2

1

2

(a)

(b)

(c)

Fig. 4 Effectiveness of the perturbation technique to extract the coupling

strengths between two electrodes with heterogeneous local dynamics, i.e.,

Rind1 = 5kΩ and Rind2 = 15kΩ for electrodes 1 and 2, respectively for an applied

experimental coupling strength κ = 0.127mSmm−2. (a-b): Electrode potential

time series for the perturbation in electrode 1 (a) and 2 (b). Notations are the

same as in Fig.1(a). In panel (a) Ac = 33 mV, kc = 184 s−1, km =1.275 s−1, Ap =

88 mV, kp = 241.83 s−1. In panel (b), Ac = 11.7 mV, kc = 186 s−1, km =2.55 s−1,

Ap = 52.4 mV, kp = 145.7 s−1. (c) Barplots of the rescaled extracted amplitude

response, response time, and coupling strengths (see SI, section 3 for details)

2 → 1. However, when we use the correct formula, the effect of
the amplitude response and the decay time constants cancel each
other and the coupling strengths are the same in both directions.

Results with complex networks

In addition, the versatility and robustness of the network infer-
ence framework was tested with complex networks shown in
Fig. 5. For these experiments only the expected and the recov-
ered network topology are shown; the detailed perturbation data
are provided in the SI Section 4. (The coupling strengths are
rescaled with respect to a recovered K f value for one of the links
as described on the figure caption.)

When the electrode has different surface area, asymmetrical
coupling can occur with a large electrode driving the small elec-
trode, as expected from Eq. 15. Fig. 5(a) shows such a net-
work, with electrode 2 having twice the surface area of electrode
1. Owing to this surface area difference, asymmetrical coupling
with electrode 2 to electrode 1 twice as strong as in the oppos-
ing direction was predicted; this prediction was confirmed in the
inferred network with a ratio of 2.08.

Fig. 5(c) shows a three-electrode chain network, where the
(symmetrical) coupling was twice as strong between electrodes 2
and 3, than electrodes 1 and 2. The network inference technique
properly identifies the indirectly coupled electrodes 1-3 (zero cou-
pling), and predicts the other coupling strengths with at most 4 %
deviations from the expected coupling strengths (see Fig. 5(d)).

Finally, a seven-node network was constructed as shown in
5(e). The network consists of a densely coupled subnetwork
(electrodes 1, 5, and 6), with end-nodes that have different
surface areas (2 ×, node 2), heterogeneous node (electrode 4,
Rind = 20 kohm instead of 10 kohm), and weaker coupling (node
7 to 6, 67 % of the typical strength). The inferred network could
identify all the directly coupled nodes and differentiate them from
the indirect (inferred zero) coupling (see Fig. 5(f)). All recov-
ered coupling strengths, except between nodes 1 and 2, are sym-
metrical, as expected. Note that the asymmetry ratio was some-
what underestimated (1.5 instead of 2). The inferred network
also properly predicted the weakened coupling strength between
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Fig. 5 Assessment of the wider applicability and accuracy of the network

reconstruction technique in extracting coupling strength of complex networks by

comparison of the experimental (left column) and reconstructed (right column)

coupling strengths. (a-b) Asymmetric coupling with two electrodes induced

by different electrode sizes. (c,d) Linear chain with three electrodes. (e,f)

Seven node network with one asymmetrical link utilizing large electrode (node

2) and heterogeneity in node 4. For (a-b),(c-d) and (e-f) the link strengths

were normalized with respect to the link from electrode 2− 1, 1− 2 and 3− 1

respectively where X −Y denotes coupled node X and perturbed node Y .

nodes 6 and 7. We thus see that the perturbation based tech-
nique as an excellent tool for recovering network topology; in
particular, the method did not generate false positive links be-
tween indirectly coupled nodes, which is a notorious problem in
network reconstruction with both the Granger causality and the
model fitting frameworks.

4 Conclusions
We proposed a systematic framework for inferring the structure of
chemical reaction networks using sequential node perturbations.
By perturbing individual nodes (chemical species), the coupling
strength between them is determined by comparing the curva-
ture change in the trajectory of a coupled species with the slope
change in the perturbed species. This approach doesn’t assume
specific local or interaction dynamics and accurately recovers the
network reflecting the state during perturbation. If further in-
formation is needed about the network dynamics, one can make
perturbations at different states, and explore the exact form of
the coupling function from the state dependence of the coupling.
When relatively small perturbations are applied, fitting functions
could be used by which the slope and curvature changes can
evaluated from fitting formulas. When there is strong coupling
and thus large perturbations are needed, the slope and curvature
changes are needed to be calculated numerically.

The application of the method revealed important insights
about inferring networks. To recover the N(N − 1) = N2 − N
coupling strengths, one needs to evaluate the changes in slopes
and curvatures in a given experiment, and all together to collect
N(4+ 6(N − 1)) = 6N2 − 2N data points. This data overhead en-
sures that the local and coupling dynamics can be effectively sep-
arated. In our view, an additional decrease in the required mini-

6 | 1–8Journal Name, [year], [vol.],

Page 6 of 9Physical Chemistry Chemical Physics



mum number of data points for network inference is only possible
when further assumptions are made about the coupling topology
(e.g., sparse network) or about the local/coupling dynamics.

The other important insight relates to intuition about how cou-
pling affects species dynamics in the network. Perturbations lead
to up-regulation in directly coupled species, with a lesser effect
on indirectly coupled ones. Strong coupling results in faster re-
sponses from directly coupled species. However, species’ sensitiv-
ity due to local dynamics can produce significant, rapid responses
to minor perturbations. We showed that measuring both the up-
regulation extent and the modified response time-scale is neces-
sary to calculate coupling strength.

There are two major strengths of the perturbation based tech-
nique. First, as long as the slopes and curvatures can be faithfully
extracted from the time series data, the network can be fully ex-
tracted. These changes may require new type of experimental
design with high data acquisition rate and high signal-to-noise
ratio. For example, with stopped flow technique comparing two
experiments with different concentration of a species, one should
be able to quantify the impact of the species on the rate equations
of other observed species by comparing the change of the curva-
ture of the observed kinetic trajectories. We note that while the
proposed technique exhibits similarities to relaxation techniques,
in particular to ’concentration jump’ of fast reaction kinetics, how-
ever it also differs because it does not require an a-priori kinetic
model and there is no requirement to apply small perturbation
(and thus use linearized equations) to identify the model parame-
ters. Moreover, different timescales in local kinetics is not a major
complicating factor, because the main focus of the method is ob-
taining interactions among the nodes. The time-scales in coupling
dynamics are exactly the inverse coupling strengths. At weak cou-
pling, separation of experimental noise and the coupling effect
can be problematic; in this case the signal-to-noise ratio needs to
be improved (as in a classical kinetic investigations). With very
strong coupling, the coupling strength can be detected, but its
magnitude could be limited by the sensitivity of the kinetics of
the perturbed node (i.e., the slope change). In this case, alter-
native perturbation needs to be explored (e.g., with other system
parameters), which results in larger impact.

Second, hidden species or nodes do not affect the performance
of the technique. In network inference with standard techniques,
the hidden nodes pose a problem because the signals sent by hid-
den nodes directly or indirectly affect the dynamics and this im-
pact is simulated with an effective network. In other words, the
subnetwork is reconstructed concurrently for all the measured
nodes. In contrast, our method traces the impact of one node
on the other directly with pairwise analysis immediately after a
perturbation – in such a short time after the perturbation, the ef-
fect of indirect connections are minimized. We note, however,
because of the reasons stated above,the method would not reveal
links to and from the hidden nodes, even when these links are
important, for example, for an unobserved network hub node. In
this case, the use of the reconstructed network could be some-
what limited, and thus further observations would be needed to
simulate collective behaviors.

Here we presented an application with network of electro-

chemical reactions in which the dynamics settled to a far-from-
equilibrium stationary state. The methodology can be applied to
more complicated oscillatory or even chaotic dynamics as well.
Numerically, we showed that the network topology of the chaotic
Lorenz system can be inferred assuming the simulations can be
started from the same initial conditions. In experiments, with
coupled oscillators, such initial condition could be difficult to
achieve. In these examples, phase resetting could be applied that
set the phases of the oscillator to prescribed value45.

In conclusion, the technique holds great promise in applica-
tions where high temporal resolution combines with low spatial
resolution, for example, in multi-electrode array recordings of
neural activities.
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