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Exploiting graph theory in MD simulations for
extracting chemical and physical properties
of materials

Sana Bougueroua, *a Alexander A. Kolganov,b Chloé Helain,c Coralie Zens, c

Dominique Barth,c Evgeny A. Pidko b and Marie-Pierre Gaigeot *ad

Some of our recent developments and applications of algorithmic graph theory for extracting the

physical and chemical properties of materials from molecular dynamics simulations are presented. From

the chemical viewpoint, the power of graph theory is illustrated in the search for a catalyst’s active sites

at a silica solid surface. From the physical viewpoint, we present graph algorithms that recognize the

structural motifs that exist at the silica/liquid water interface. Statistical analyses of the instances of these

surface–water motifs provide a detailed understanding of the structures and dynamics at the aqueous

interface.

1 Introduction

Extracting knowledge of the chemical structures that are
sampled in molecular dynamics (MD) trajectories is not an
easy task. Following in time the changes in the 3D structure of
(bio)molecules and ions embedded in solvent, or the changes
in the connectivity between water molecules in the condensed
phase, is typically non-trivial to achieve from conventional
analyses of the time evolution of the cartesian coordinates of
the atoms in the MD trajectories. Characterizing the time
evolution of structures in heterogeneous interfaces, such as
e.g. solid–liquid or biomolecule–liquid interfaces, is also a
challenging task.

Algorithmic graph theory based on topological graphs is a
good methodology to employ in order to obtain such knowl-
edge in the time domain and for generating global statistics. As
stated by Balaban,1 graphs are fundamental and constitutional
to chemistry and to structure theory in particular. A graph
indeed encodes topological properties of matter at the mole-
cular level by means of vertices and edges that reflect the
specific interactions between vertices. At the molecular level
of representation, the vertices are usually associated with atoms
while the edges report on the interactions between the atoms,

e.g. chemical bonds and intermolecular interactions. Most
graphs are defined in 2-dimensions (2D-graphs), any informa-
tion related to e.g. distances and angles, are usually not
encoded into topological 2D-graphs unless vertices/nodes are
specifically labeled with such information. Graphs can, how-
ever, be also three-dimensional, with an indication of the
coordinates in space that would hence encode intra- and
inter-molecular interactions between the atoms. Easier to
obtain or to predict than 3D-graphs, 2D-graphs carry informa-
tion on the structure, the functional properties and even
the 3D shape of the materials they model. Examples
include the classification of similar molecules according to
their topology,2,3 the prediction of patterns in biological
molecules,4 the prediction of the 3D structure of small
molecules,5 etc. Graphs (with different definitions of vertices/
edges) have been implemented for the analysis of the evolution
with time of conformations of various materials in molecular
dynamics simulations, see for instance ref. 6–16.

One essential key component of the mathematical analysis
of molecular graphs is the concept of isomorphism that pro-
vides the constitutional isomeric forms of a given molecular
system.1

In bio-/chemo-/material-informatics, the challenge is to
identify or design algorithms capable of obtaining molecular
properties from input graphs and to follow these properties in
time. We have developed a series of 2D-graphs, at various levels
of granularity of representation,17,18 and developed the asso-
ciated algorithms in order to analyze physical and chemical
properties from atomistic molecular dynamics (MD) simula-
tions (DFT-based MD, semi-empirical MD and classical force
field FF-MD). In these developments, our aim was to ensure
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that the 2D-graphs and algorithms could be applied without
any modification to ‘‘simple’’ isolated molecules, as well as to
assemblies of molecules and to more complex liquid and solid
states of matter, including e.g. inhomogeneous solid/liquid and
biomolecules/liquid interfaces.17–23

Here we briefly review the definitions that we have devel-
oped for the construction of molecular graphs at the atomistic
level of representation that indeed ensure that these 2D-
MolGraphs can be applied and transferred without any mod-
ification from gas phase molecular states to more complex
condensed matter states. The concept of isomorphism is
included in our algorithms. 2D-MolGraphs are encoded in the
GaTewaY software.24 Two applications of the 2D-MolGraphs are
presented, both related to solids, either at the interface with the
vacuum (Section 3) or at the interface with liquid water (Section
4). Section 3 shows how the 2D-MolGraphs are inserted into
theoretical workflows that can extract the knowledge of active
sites in heterogeneous catalysts. The methodology follows some
of our previous works,21,23 hereby applied to surface organo-
metallic catalysts. In Section 4, 2D-MolGraphs are dissected to
extract the knowledge of the structural patterns/motifs that
exist between the sites located at an oxide’s top-surface and the
water molecules that are in contact with the oxide surface at the
solid–liquid water interface. The structural and dynamical
organization of the oxide–liquid interface is hence revealed,
as well as the spatial location and possible repetition(s) of
oxide-water motifs over the top-surface in the binding inter-
facial layer (BIL).25,26 Such patterns are of utmost importance
for an understanding of the chemical reactivity that can occur
at aqueous interfaces. This information could certainly also be
used to design catalysts.

2 Transformation of a 3D-structure
into a topological 2D-MolGraph

At the atomic level of description, we have developed graph
theory based methods for analyzing/post-processing atomistic
molecular dynamics (MD) simulations (obtained from DFT-
based MD or classical force field FF-MD). This gave rise to
2D-molecular graphs (labelled 2D-MolGraph) and associated
algorithms, aiming at automatically analyzing the conforma-
tional dynamics of molecules and their assemblies from mole-
cular dynamics simulations.17 Some achievements have been
presented in ref. 19, 20 and 27 showing the capabilities of the
2D-MolGraphs for describing isolated molecules, as well as
liquids and inhomogeneous aqueous interfaces to solids or to
the air, without the need for changing any definition in the
topological graphs. Below we summarize the main elements in
the definitions of the 2D-MolGraphs, all details can be found in
ref. 17 and 19.

A molecular system is defined in a 2D-MolGraph, in which
the vertices represent atoms and the edges represent the bonds
formed between them. One crucial step in our method is to
define a topological model that can represent any molecular
conformation with the right level of granularity that can be

transferred without any modification from gas phase molecules
and clusters to the condensed phase (solids, liquids, and
interfaces between solids and liquids). Hence, we define any
molecular conformation by a colored mixed graph G = (V, EC,
AH, EI, EO), that contains both (directed) arcs and (undirected)
edges. Each vertex represents an atom with a color coding that
is associated with its chemical type (for example, oxygen and
carbon have two different colors), while the edges represent
either covalent bonds (EC), or hydrogen bonds (AH, directed
arcs), or electrostatic interactions (EI) typically between catio-
nic/anionic atoms and other atoms, or organometallic interac-
tions (EO) between metallic atoms and their surrounding. In the
current version of the 2D-MolGraphs, only the hydrogen bonds
are associated to directed edges (between the heavy atoms,
from the donor to the acceptor atoms). The hydrogen atoms in
a molecular system are not included in vertices of the 2D-
MolGraph. Instead, their presence is solely known by the
directed edges whenever H-bonds exist. Fig. 1 illustrates the
passage from one 3D structure to a 2D-MolGraph.

Given a MD trajectory, the exploration of the different
conformations that are sampled over time can be seen as the
exploration of different graph topologies. Using the isomorph-
ism algorithm, one is hence able to recognize which graphs are
identical to each other and which ones are different from each
other amongst the whole sequence of 2D-MolGraphs/snap-
shots. Isomorphism keeps the information of the chemical
nature of the atoms (i.e. color coding of the vertices), which is
a key component for the identification of conformations over
time in MD trajectories. The changes in the 3D conformations
are hence followed over time by scanning the trajectories for
the changes in the bonding patterns (among hydrogen bonds,
proton transfers, coordination numbers, covalent bonds and
organometallic interactions), and by preserving the chemical

Fig. 1 Illustration of the passage from a 3D conformation (a) to a 2D-
MolGraph (b). (a) One snapshot in the 3D representation of the gas phase
molecule (C14H20NO18S2) extracted from a MD trajectory. (b) Associated
topological 2D-MolGraph. In the left panel, carbon atoms are represented
in green, nitrogen atoms in blue, oxygen atoms in red, hydrogen atoms in
light gray, and sulfur atoms in yellow. In the 2D MolGraph, the conventions
are the following. Vertices are colored in dark gray, blue, red, and light
blue, corresponding respectively to a carbon atom, nitrogen atom, oxygen
atom, and sulfur atoms. Hydrogen atoms are not included in vertices, their
knowledge is included only through directed arcs that represent hydrogen
bonds. The edges are colored and represented in black lines for a covalent
bond and in red dashed lines (arc) for hydrogen bonds, this latter edge
being directed from the donor to the acceptor of the H-bond.
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types of atoms (carbon, oxygen, hydrogen, etc.). Graph isomor-
phism28 allows representing each conformer with a fingerprint
molecular graph and to compare it with other species along the
simulation trajectory.

The main steps of our algorithm for post-processing a
molecular dynamics simulation are as follows. The details are
given in ref. 17, 19 and 20 and the algorithms have been
implemented into the GaTewAY software.24

1. Read the first snapshot I0 and define the associated 2D-
MolGraph G0.

2. Read the next snapshots i one by one, subsequently, and
define the associated 2D-MolGraph Gi.

3. At time-step i, test if Gi is isomorphic to any other Gj

already identified at previous snapshots j o i.
4. If yes, assign Gi to the set of conformations already

identified; else, assign Gi to the set of non-isomorphic
conformations;

5. Continue with step (i + 1) in order to read the subsequent
snapshot.

Fig. 2 schematically shows the different steps of the method.
First the algorithm converts the xyz coordinates into the

time sequence of 2D-MolGraphs (Fig. 2(a)), then the isomorsph-
ism algorithm is applied to the whole sequence of 2D-
MolGraphs in order to get the unique set of non-redundant
conformations/non-isomorphic graphs (Fig. 2(b)). With
these non-isomorphic graphs and the time periods of their
appearance/disappearance, a graph of transitions can hence
be generated as illustrated in Fig. 2(c). This graph has its
vertices composed of the (non-isomorphic) conformations
that have been identified along the trajectory, while its edges
are composed by the transitions found between these
conformations (these are directed edges by construction). Both
vertices and edges in the graph of transitions contain
statistical information. The percentage of existence (over the
duration of the trajectory) of an identified conformation
is reported in the vertices of the graph of transitions,
while the percentage of times a transition between two ver-
tices/conformations has been observed is reported in the
edges.

In one glance, one hence has the summary of the MD
simulation. The whole network of relationships between the
conformations and the statistical view over the whole time-
scale of the trajectory and over the whole bunch of

conformations being explored are all given in one graph.
Statistics are crucial for the detailed knowledge of the dynamics
of isolated molecules as well as for the dynamics of molecules
in the liquid state, as shown for instance in ref. 19–22.

In the next sections, we present some applications of the 2D-
MolGraphs and associated graph algorithms to recent investi-
gations in heterogeneous catalysis (Section 3) and in the
recognition of motifs at the interface of an oxide surface in
contact with liquid water (Section 4.1). These investigations are
presented here as proofs-of-concept.

Computational details of the DFT-based molecular dynamics
simulations

The methodology of the 2D-MolGraphs is applied to the
structural analysis of molecular dynamics simulations, compu-
tational details of which are reported below. All simulations
are DFT-based molecular dynamics simulations (DFT-MD) car-
ried out using the CP2K package,29,30 using a combination of
mixed Gaussian/plane wave (PW) basis sets and GTH pseudo-
potentials.31 In Section 3, the PBE(D3BJ) functional32–34 was
used to account for the exchange–correlation energy term. The
energy cutoff of the plane-wave basis set was set at 450 Ry. The
Gaussian DZVP-MOLOPT-SR-GTH basis set was employed to
describe valence electrons of Si, O, and H atoms while the
TZVP-MOLOPT-SR-GTH basis set was used for the valence
electrons of Zr. Each ab initio molecular dynamics simulation
was integrated over a 5 ps period within the NVT ensemble (T =
353 K), with a time step of 0.5 fs. The computational details in
Section 4 are identical to the ones of ref. 26. The DFT-BLYP35,36

functional augmented by D2 Grimme corrections37,38 was used,
a cutoff of 280 Ry for the PW combined with a TZV2P
Gaussian basis set for O, H, Si were chosen. Born–Oppenheimer
molecular dynamics are performed with a time-step of 0.4 fs,
the average temperature is 320 K. An equilibration dynamics
is firstly studied for a duration of 5 ps (NVE ensemble,
with possible rescaling of velocities) followed by a 10 ps NVE
production run on which the graph structural analyses
are achieved. As described in ref. 17, hydrogen bonds are
identified by the geometrical criteria of G. Galli,39 i.e. 3.2 Å
distance between the two heavy atoms and 1401 for the H-bond
angle. Ref. 17 has shown that the use of a different geometrical
criterion does not change the conclusions.

Fig. 2 Identification of conformations over a given MD trajectory, following the sequences of (a) the 2D-MolGraph representation of the 3D-structures
(at each snapshot of the MD), (b) isomorphism tests (fingerprinting) of the calculated graphs, (c) generation of the complete graph network (the graph of
transitions).
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3 2D-MolGraphs for rational catalyst
design

As already emphasized in this text, the graph-theory-based
method outlined in this paper can be applied to gas phase
molecules, clusters, liquids, solids, and inhomogeneous inter-
faces between solids and liquids. In this section, we illustrate the
application of our method for exploring the configurational space
of catalytic surfaces in heterogeneous catalysis. Specifically, we
have explored its application for the exploration of reactive
intermediates and active surface species in organometallic cata-
lysts (SOMCs), which uniquely integrate all bonding types repre-
senting thus an opportunity for tuning their properties and
reactivity and, at the same time, a challenge for their computa-
tional analysis. Furthermore, SOMCs are particularly attractive as
model systems for less resolved conventional supported catalysts.

Understanding the atomic-level structure of a catalyst’s
active site and its correlation with performance is essential
for rational catalyst design.40 Typically, it is assumed that a
catalyst’s behavior can be expressed through the properties of
its most thermodynamically stable state of the active site.
However, this reductionist model often fails to explain the
behavior of complex ‘‘real-world’’ systems.41,42 Therefore, it is
more accurate to view the catalyst as a dynamic-ensemble
system, with performance defined by an ensemble of states,
each contributing to the catalyst’s activity and selectivity.41 This
could be particularly evident in single-site organometallic frag-
ments supported on amorphous materials, where the support’s
strained and inhomogeneous nature can create a multitude of
possible micro coordination environments and active site
configurations.43

Conventional methods for exploring the active sites of
heterogeneous catalysts such as genetic algorithms44 are gen-
erally inadequate here, as the strong localized bonds of organic
ligands prevent the ‘‘juggling’’ of atoms during search, which
is possible for metallic nanosized clusters and metal-oxo
clusters.41 In our previous research, we proposed an exhaustive

configurational search method, utilizing molecular dynamic
simulations and extracting distinct structures through cluster-
ing of aligned active site coordinates.45 However, for SOMC
systems characterized by numerous identical conformers post
molecular dynamics (MD) trajectories processing, this
approach proves less effective. In these cases, a graph-theory-
based analysis of MD trajectories is notably more appropriate.

We would like to highlight here our current development of
an automatic configurational space exploration method for
surface organometallic catalysts. This method combines ab
initio molecular dynamics (MD) and post-processing tools for
MD trajectories. Our focus is on zirconocene hydride supported
on amorphous silica surfaces. These systems, typically used as
olefin polymerization catalysts,46 can also act as catalysts for
plastic degradation under certain conditions, potentially offer-
ing an elegant and sustainable solution to the plastic waste
problem.47

The general workflow for exploring the SOMC active site
configurational space is illustrated in Fig. 3. We employed
standard ab initio molecular dynamics (aiMD) and CP2K-
implemented velocity-softening aiMD methods.48 The latter
technique allows MD trajectories to rapidly cross over small
energy barriers to sample a wider chemical space.45 Since
multiple molecular dynamics frames may lie on a ‘valley slope’
of the same local minimum, extracted conformers were further
optimized using DFT, and the resulting framework was used to
map the journey of the catalyst’s active site.

We briefly highlight our molecular dynamics study on the
transformations of amorphous silica-supported zirconocene-
based catalysts.49 The graph-theory-based analysis of the mole-
cular dynamics trajectories revealed a large network of states,
indicating that a simplistic ‘‘static’’ model could be insufficient
to describe the catalyst’s active site. Fig. 4 highlights some of
the some of the interactions between the organometallic pre-
catalyst and strained surface features discovered by using our
method. The reaction is initiated by hydride migration to the
surface silicon, coupled with the Si–O bond breaking, resulting

Fig. 3 The generalized workflow for the autonomous exploration of the organometallic catalyst active site.
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in the formation of Si–H and Zr+� � �O� frustrated pair. Subse-
quently, the hydride leaves the coordination sphere of zirco-
nium. The next steps involve the reconstruction of the surface,
leading to the formation of new three- and two-membered rings
and five-coordinated negatively charged silicon. These trans-
formations stabilize the system by reducing the overall strain of
the amorphous silica surface.

Thus, MD and graph theory have been instrumental in map-
ping the pathway from the initial state to a charge-separated Zr–O
pair, which may exhibit different activity from the starting active
site model. The use of Gateway software has been crucial in
mapping the reconstruction of the amorphous silica surface, a
task that would be challenging with the use of other methods.

The current methodology can also be applied to identify
reactive events within reactive dynamics trajectories, such as
those produced by reactive force-fields (e.g., ReaxFF50) or by our
previously implemented codes (HiRex23/REnegate21) using
RMSD-based metadynamics as implemented in CREST.51

Herein we have highlighted that the applicability of 2D graphs
can be further extended to studying complex inter-conversions
on solid surfaces probed using velocity-softening ab initio MD
simulations,52 which allows escaping the local minima basins
by ‘pushing’ the MD trajectory along the low-curvature soft
vibrational modes.53

4 2D-MolGraphs for the recognition of
motifs/patterns at solid/liquid
interfaces
4.1 From 2D-MolGraphs to 2D-Motifs

In this section, we show how the topological 2D-MolGraphs are
used in order to extract the knowledge of the structural

motifs26,54 that exist at the interface between a solid and liquid
water. Such motifs reflect the geometrical and intermolecular
binding organization of the water molecules that are located at
the direct interface with the top surface of the solid in the
binding interfacial layer (BIL).25 The contribution of these
motifs to the vibrational signatures of the interface in the
SFG (sum frequency generation) spectroscopy has also been
shown.26,54 The recognition of the types of motifs that exist at
the interface hence reveals the geometrical mapping of the BIL,
leading to the comprehension and prediction of structural,
dynamical, spectroscopic and reactivity properties of aqueous
interfaces.

Fig. 5 illustrates the strategy based on topological graphs,
developed in this section. Each snapshot of a solid–liquid water
MD simulation (Fig. 5(a)) is transformed into a 2D-MolGraph
(Fig. 5(b)), over which the recognition of a set of pre-established
topological 2D-Motifs will be achieved (Fig. 5(c) and (d)). For
our proof-of-concept hereby, applications on the (110)-quartz/
liquid water interface are taken from our ab initio MD simula-
tions. The end-product of this graph analysis is the statistical
knowledge of the presence of the motifs, quantified by their
number of occurrences (or instances), and their spatial distri-
bution over the surface, as will be shown and discussed in
Section 4.2. A schematic atomistic view of the two motifs that
are recognized in the BIL of the (110)-quartz/liquid water
interface is shown in Fig. 5(c), and their associated 2D-
MolGraphs are reported in Fig. 5(d).

The aim is to identify a series of pre-established 2D-Motifs,
i.e. a set of sub-graphs, within the 2D-MolGraph molecular
(non-isomorphic) conformations extracted from the MD trajec-
tory. To that end, a first stage consists in generating all possible
combinations of topological 2D-Motifs/sub-graphs from size 3
to size n, n being defined by the user (for instance, the

Fig. 4 The network of states of the silica-supported zirconocene hydride catalyst discovered with molecular dynamics and graph theory. ‘‘RCp’’ stands
for n-butylcyclopentadienyl. In some 3D representations, the Cp in the front of the viewer is not shown for clarity.
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subgraphs in Fig. 5 are of size 3). This stage is done for each
non-isomorphic 2D-MolGraph that has been extracted from the
graph analysis of the trajectory (see Section 2 and ref. 17 and 19).
Once generated, these 2D-Motifs are saved into a database of
topological motifs from which the search for specific 2D-Motifs
can be performed during a second stage. As a motif is defined
by the chemical elements of the atoms (vertices in a
2D-MolGraph) and the types of bonds between these atoms
(edges in a 2D-MolGraph), a motif (2D-Motif) is a sub-graph in a
2D-MolGraph. Connected and induced sub-graphs are solely
considered here. The occurrences of a given motif are identified
when sub-graphs of distinct combinations of vertices are found
to be isomorphic. The isomorphism algorithm used for com-
paring the graphs of the motifs is the same as the one used to
compare 2D-MolGraphs with each other as described in
Section 2 above, see also for instance ref. 20. Each motif is
characterized by its unique signature or certificate, which is
calculated based on the set of vertices and edges. For each
motif, its number of occurrences (instances) and coverage rate
are calculated for the series of 2D-MolGraphs (non-isomorphic
conformations) under scrutiny.

Given a 2D-MolGraph G, the set of occurrences of a given 2D-
Motif M in the graph G, denoted Occ(M), is defined as follows:

Occ(M) = {g A Sub g|V(M)|(G): g isomorphic to M}

where V(M) is the number of vertices in the 2D-Motif M
and Sub g|V(M)|(G) represents the connected induced sub-
graphs of G.

Once the occurrences of a given 2D-Motif M in the graph G
have been found, one can calculate the coverage rate of this
sub-graph within a given 2D-MolGraph G or within a series of
2D-MolGraphs. The coverage rate tcovG(M) quantifies the

degree of overlap between the vertices of each 2D-Motif within
the 2D-MolGraph G/within a series of 2D-MolGraphs. It is
calculated using the equation

tcovGðMÞ ¼
P

oGðv;MÞ
jv 2 VðGÞ: oGðv;MÞ � 1j

where oG(v,M) represents the number of occurrences of the
motif M for which the vertex v of graph G appears:

oG(v,M) = |{g A OccG(M): v A V(g)}|

A coverage rate equal to 1 means that the instances of a
given 2D-Motif within a given 2D-MolGraph/series of 2D-
MolGraphs share no vertex/vertices in common, i.e. the occur-
rences of the 2D-Motif that are recognized within the 2D-
MolGraph(s) are disjoint. As soon as the coverage rate becomes
larger than 1 it means that there is overlap between the vertices
in the occurrences of the 2D-Motif being recognized within the
2D-MolGraph(s) under scrutiny. The actual value of tcovG(M)
has to be compared to the size (i.e. number of vertices) of the
2D-Motif. Typically, a coverage rate tcovG(M) larger than n/2
that would be found for a 2D-Motif of size n would mean that
more than half of the vertices of the 2D-Motif overlap in the
instances of this motif within the 2D-MolGraph(s). That would
represent a rather large value of coverage rate. Any tcovG(M)
value close or equal to the size n of the 2D-Motif represents the
maximum possible overlap between the vertices of the 2D-Motif
in the instances of this motif within the 2D-MolGraph(s). All
vertices of this motif would hence be shared between the
instances of the motif. The coverage value hence gives very
good information on the geometric complexities and periodi-
cities of the conformation(s) being analyzed.

Fig. 5 Illustration of the passage from a 3D structure (a) to a 2D-MolGraph (b), to 2D-Motifs (c and d) schematically represented in (c) and with their
associated 2D-MolGraphs in (d). The snapshot in (a) is a 3D representation of the (110)-quartz/liquid water interface taken from our ab initio MD
simulation. Silicon atoms are in grey, oxygens in red, hydrogens in white. The associated 2D-MolGraph is reported in (b). By convention, oxygens of water
are the red vertices, oxygens of the silica top-surface are the orange vertices, silicon atoms are the grey vertices. The atomistic schemes in (c) show two
geometrical motifs that were extracted from the motif analysis: one motif (c-top) corresponds to an out-of-plane Si–OH at the top-surface of silica that
is acting as a H-bond donor to a water molecule in the BIL, the second motif (c-bottom) is composed of an in-plane Si–OH at the top-surface of silica
that is acting as a H-bond acceptor with a water molecule. The associated 2D-MolGraphs are respectively in d-top and d-bottom, see Section 2 for the
definitions of vertices and edges in 2D-MolGraphs.
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Let us illustrate these concepts in Fig. 6 where the 2D-Motif
of size 5 (i.e. 5 vertices) reported on the left side has to be
recognized within the 2D-MolGraph of size 8 reported on the
right side.

One can immediately see that there are four occurrences of
this 2D-Motif in the 2D-MolGraph. In these 4 instances, one can
immediately see that 4 vertices are commonly shared, i.e. the 2
vertices in black color and the 2 in red, while the blue vertex is
never shared (i.e. disjoint). There will therefore be an overlap of
these 4 instances of the 2D-Motif via the black and red vertices
that will give rise to a coverage rate larger than 1. For this 2D-

MolGraph configuration, tcovGðMÞ ¼
20

8
¼ 2:5. The value of 8

in the denominator in tcovG(M) corresponds to the number of
vertices in the 2D-MolGraph that participate to at least one
occurrence of the 2D-Motif: all the 8 vertices of the 2D-
MolGraph indeed participate. The numerator in tcovG(M) is
oG(v,M), i.e. the total number of occurrences of the 2D-Motif in
the 2D-MolGraph where the vertex v appears. Hence, each of
the blue vertices in the 2D-MolGraph participate in one occur-
rence only, thus oG(v-blue,M) = 1. Each of the red vertices in the
2D-MolGraph participate in the 4 occurrences of the 2D-Motif,
and thus oG(v-red,M) = 4. Similarly for the black vertices of the
2D-MolGraph, oG(v-black,M) = 4. When added up one gets
oG(v,M) = 1 + 1 + 1 + 1 + 4 + 4 + 4 + 4 = 20, for the series blue,
red and black.

A coverage rate of 2.5 for this 2D-Motif, that is half of its size,
is hence obtained, which represents a large overlap between the
instances of the 2D-Motif that were found within the 2D-
MolGraph, as could be easily seen in the picture in Fig. 6.

The proposed algorithms for finding 2D-Motifs and asso-
ciated measures described above were implemented in the
Graphetarium code, a series of scripts written in Python lan-
guage. The code will be available on request from the authors.

4.2 Motifs between top-surface silanols and water molecules
in the BIL of the (110)-quartz/liquid water interface

We applied the concepts described in the previous section to
the motifs that can exist between the top-surface silanols and
the water molecules in the BIL of the (110)-quartz/liquid water
interface (AIMD simulations performed at PZC conditions, i.e.

surface fully hydroxylated). The two simple motifs (with their
chemical scheme and associated 2D-Motif graph) shown in
Fig. 7 are chosen to be recognized within the 2D-MolGraphs
recorded along the trajectory. These motifs were shown in our
previous works to be dominantly present at the (0001)-quartz/
liquid water interface.26,54 Both motifs can be called 2-partner
motifs: they are composed of one silanol (1st partner) belong-
ing to the top-surface of silica and one water molecule located
in the BIL (second partner). Both partners are hydrogen bonded
together. The motif denoted M1 is composed of an in-plane (IP)
silanol that accepts an H-bond from a water molecule, while M2
has an out-of-plane (OP) silanol that is donating a H-bond to a
water molecule.

The Graphetarium method for the recognition of these two
sub-graphs has been applied to an AIMD trajectory of B10 ps
duration, in which one every 100 fs snapshot has been analyzed
by graphs. The whole simulation box is composed of 549 atoms
(189 solid atoms and 120 water molecules), including 18 Si–OH
sites at the top surface of silica and 27 water molecules in the
BIL (interface).25 Fig. 8 shows the number of occurrences/
instances that were obtained over the 10 ps trajectory, respec-
tively for the 2D-Motif M1 (left) and 2D-Motif M2 (right).

The immediate information is that the number of instances
found for motifs M1 and M2 is rather constant over the whole
trajectory, with a slightly greater presence of motif M1 (for
which instance values are roughly varying from B8 to 12) over
motif M2 (instance value almost constant at B9). This small
dynamics in the number of M1 motifs might be more the result
of room temperature fluctuations in distance and angular
criteria for the H-bond definition in this water HB-donor motif
rather than the actual result of the dynamical (formation/
breakage of motifs) and diffusive behaviour of the water
molecules in the BIL. With the small asymmetry in the number
of instances for M1 and M2 motifs, one can also observe that

Fig. 6 Illustration of concepts for the coverage of occurrences of a given
2D-Motif (left) within a 2D-MolGraph (right). See text for details.

Fig. 7 Illustration of two 2-partner motifs that are recognized in the BIL of
the (110)-quartz/liquid water interface. The chemical and geometrical
compositions of the two motifs are schematized in the figure, the 2D-
Motif topological graphs associated with each motif are also reported.
These 2D-Motif graphs are composed of 3 vertices (thus of size 3) and 2
edges (one edge for a covalent bond, one edge for a hydrogen bond). See
Section 2 for more details on the definitions of our graphs. Motifs M1 and
M2 are composed of one silanol (SiOH) and one water molecule. Motif M1
(left) has its silanol acting as the acceptor of a hydrogen bond from a water
molecule, while this silanol acts as the donor of H-bond to water in motif
M2 (right).
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the a-(110) silica oxide surface is a slightly greater acceptor of
H-bonds from water in the BIL than a donator of H-bonds to
BIL-water. Interestingly, when adding the number of instances
for both motifs per snapshot, one can see that all 18 silanols at
the top-surface are, on average, systematically involved in
hydrogen bonding with water molecules in the BIL through
these two M1 and M2 motifs. On average, one therefore
observes a 1-to-1 coverage of the silanols by water molecules
in the BIL. Geometrically, this 1-to-1 coverage can be viewed as
a rather static geometrical mapping of water and silanols in the
BIL, with the formation of a ‘patterned carpet’ made of roughly
half M1 and half M2 motifs. The actual distribution of motifs
M1 and M2 in space over the lateral dimensions of the top-
surface is however not known at that stage.

Fig. 9 shows a statistical analysis of all the 2D-Motifs of
size 3 (i.e. the same size as the 2D-Motifs M1 and M2 analyzed
here) formed in the BIL.

In the enumeration of size 3 2D-Motifs, we imposed that
these motifs feature at least one hydrogen bond and at least
one oxygen atom originating from the upper surface of the
silica, as is the case for the motifs M1 and M2. The figure sorts
these 2D-Motifs by their increasing order of occurrence, from
the left to the right side of the figure. The ranking goes from the
lowest number of occurrences on the left side of the plot to the
maximum number of occurrences on the right side, respec-
tively, corresponding to minor 2D-Motif(s) to predominant 2D-
Motif(s) of size 3. The red bars are the number of occurrences
per motif over the whole trajectory (scale on the left), the orange
bars are the coverage values per motif (scale on the right). The
two crosses in the figure indicate the ranking of the 2D-Motif
M1 (black) and 2D-Motif M2 (white). There are 17 different 2D-
Motifs of size 3 corresponding to the two criteria of selection.
Among them, M1 and M2 2D-Motifs are found respectively in
5th and 6th position in the ranking below the most predomi-
nant 2D-Motif (reported on the right side of the plot). Note that
some size 3 2D-Motifs are found with a very low value of
occurrence (6 motifs ranked on the left side of the figures),
only the motifs ranked from 7 to 17 have a substantial number
of occurrences over the whole trajectory. Among these latter,
the 4 predominant motifs that are ranked higher than motifs

M1 and M2 have one-half more and even the double of
occurrences than M1 and M2. The number of occurrences for
motif M1 is slightly higher than the one of motif M2, as already
discussed from Fig. 8.

The 6 finalists at the top ranking, including motifs M1 (5th)
and M2 (6th), have roughly an equal coverage rate value of B1
to B1.5. One observes that the two motifs ranked 3rd and 4th
from the top-ranking have slightly higher coverage values than
M1 and M2. Considering that the coverage rates of motif M1
and M2 are very close to 1, this means that each instance of
motif M1 (respectively of motif M2) is disjoint from the other
instances of motif M1 (resp. of motif M2), i.e. there is no
overlap between the vertices in the occurrences of the 2D-
Motif-1 (resp. 2D-Motif-2). The instances of motif M1 (resp.
motif M2) are hence separated in space over the lateral dimen-
sions of the silica surface, while the two motifs do not share
water molecules in the BIL. This conclusion is also true for the
two motifs ranked 1st and 2nd in the maximum values of
occurrences, while the instances of the two motifs ranked 3rd
and 4th share 50% of their vertices (giving rise to the 1.5
coverage value to be compared to size 3 of these motifs),
showing that the occurrences of these two latter motifs thus
overlap quite strongly.

Fig. 8 Distribution of the number of occurrences/instances of the 2D-Motifs M1 (left) and M2 (right) for the set of 2D-MolGraphs/conformations/
snapshots analyzed over a 10 ps trajectory of the (110)-quartz/liquid water interface (analyses performed every 250 snapshots). See Fig. 7 for the
description of the 2D-Motifs M1 and M2.

Fig. 9 Distribution of the number of occurrences and coverage rate
between motifs of size 3 that contain at least one hydrogen bond and
one oxygen atom of the surface, that are being recognized over the 100
conformations extracted from the (110)-quartz/liquid water interface
trajectory. The black and white crosses respectively report the ranking of
motif M1 and M2.

Paper PCCP

Pu
bl

is
he

d 
on

 1
7 

O
kt

ob
er

 2
02

4.
 D

ow
nl

oa
de

d 
on

 1
8.

02
.2

02
6 

09
:3

4:
41

. 
View Article Online

https://doi.org/10.1039/d4cp02764g


1306 |  Phys. Chem. Chem. Phys., 2025, 27, 1298–1309 This journal is © the Owner Societies 2025

Fig. 10 now provides information on the structures that are
adopted by the 4 dominant motifs (M1 and M2 motifs are also
reported in the figure, resp. labelled Top-5 and Top-6). It is no
surprise to find out that the two top-ranked motifs (labelled
Top-1 and Top-2 in Fig. 10) are composed of neighboring
silanols being hydrogen bonded together. The top-ranking in
the number of occurrences of these two motifs thus give us two
pieces of information of importance for understanding the
structure of the BIL. One point is that silanol� � �silanol H-
bonds are present in a high amount over the surface, which
gives indirect structural information of the proximity of top-
surface silanols and of the chemical capacity (i.e. pKa value) of
these silanols for hydrogen bonding together. The second point
is that 4-partner motifs might actually be formed in the BIL,
resulting from the union of motifs M1 and M2, with the in-
plane silanol (in M1) and the out-of-plane silanol (in M2) being
H-bonded. Such 4-partner motifs would be of size 6, composed
of two silica atoms, two oxygens from the silica top-surface and
two oxygens from two water molecules. This would require in-
plane and out-of-plane silanols to be located next to each other
over the (110) silica surface and alternating in these respective
orientations over the whole surface. Such alternation in in-
plane/out-of-plane silanols has for instance been shown at the
(0001) silica surface.54

There are two other motifs of size 3 in Fig. 10 which
occurrences are ranked higher than the ones of motifs M1
and M2, respectively labelled Top-3 and Top-4. They are
composed of one oxygen atom from the silica top-surface
and two water molecules, one of them is H-bonded to the

top-surface while the two water are H-bonded together. One can
see that the two motifs differ by the H-bonding patterns
between the two water molecules and with the oxygen top-
surface. Top-4 motif is clearly associated with water dimers
being H-bonded to out-of-plane silanols, as the figure shows. At
this stage, it is, however, impossible to confirm whether the
silica oxygens in motif Top-3 (labelled ‘acceptor’ in the figure) is
associated with in-plane silanols or with siloxane bridges. This
information is absent from the graphs of this 2D-Motif. How-
ever, the knowledge that we acquired above of a 1-to-1 coverage
of the silanols of the surface by motifs M1 and M2 leads us to
surmise that Top-3 motif should be associated with in-plane
silanols rather than to siloxane oxygens. As already discussed
above with 4-partner motifs, this knowledge also tells us that
motif M1 might be more complex than being just a 2-partner
motif, it might actually be totally or partially involved in motifs
of the type Top-3, that include a H-bonded network of water
molecules. The same conclusion is true for motif M2 that might
be partially/completely included in the Top-4 motif. One could
also imagine that the 4-partner motifs that were discussed
above include two water molecules being H-bonded together,
on top of the two silanols being H-bonded. Furthermore, Top-3
and Top-4 motifs have a coverage rate of 1.5, i.e. half of their
size. These two motifs thus share vertices and/or edges with
other motifs of size 3, one can easily imagine that they share
vertices with motifs M1 and M2.

Taking as an example one snapshot among the whole
trajectory, we now verify in Fig. 11 that the 4-partner motif
M3 made of the union of one M1 and one M2 by one

Fig. 10 Enumeration of motifs of size 3 that have a greater number of occurrences (i.e. are more dominant) than motifs M1 and M2. See the text for
more details. The figure reports both the chemical scheme of each motif (Si in orange, oxygens in red, hydrogens in white) and its 2D-MolGraph vertices
are in grey, orange, red, respectively for Si, O at the top surface of SiO2 and O of H2O; edges are covalent bonds (black line) and H-bonds (directed arc in
red). Motifs M1 and M2 are reported on the left side (resp. 5th and 6th in the top-ranking), the four more dominant motifs are reported on the right side of
the figure, and they are labelled from ‘Top-1’ to ‘Top-4’ according to their ranking in the number of occurrences.
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silanol� � �silanol hydrogen bond is indeed present over the
surface of the (110) silica in contact with liquid water. The
green vertices in the 2D-MolGraph of the snapshot are now
presenting the instances that were found for motif M3 in this
snapshot. In this specific snapshot, 4-partner motifs such as
M3 are indeed found to be present over the whole surface. Note
that the two water molecules in M3 are not H-bonded together.

5 Conclusions and perspectives

This paper aimed at showing the strength of topological graphs
for the analysis of molecular dynamics simulations of complex
inhomogeneous solid interfaces. As shown here, the 2D-
MolGraphs can easily be included in theoretical workflows for
the discovery of active sites at the surface of a catalyst, as shown
in Section 3. In particular, the graphs of transitions provide
crucial information on the pathways connecting minima on the
potential energy surface. Such information is much more
challenging to extract from the MD simulations without using
topological graphs for the analysis of the structures sampled
along the trajectories. We believe that this shows that our
methodology can be applied broadly to the design of hetero-
geneous catalysts, as well as for homogeneous catalysts (see our
previous works21,23). The second part of this investigation
showed how to extract further structural information (in the
time domain and in statistics over the whole trajectory) from
the 2D-MolGraphs, by the recognition of sub-graphs that are
contained within the 2D-MolGraphs. We applied such a strat-
egy to the identification of the motifs that exist between the
silanols (Si–OH) that are located at the top surface of silica and
the water molecules in the binding interfacial layer (BIL). As a
proof-of-principle, solid–water motifs made of 2-partners, one
partner being a silanol site and one partner being a water
molecule in the BIL, were identified in this work. The time
evolution of their occurrences was recorded, showing few

differences in stability between the two identified solid–water
motifs, whether water is the donor or the acceptor of H-bond
with the top-surface silanols. These 2-partner motifs were
shown to be homogeneously distributed in position all over
the silica top-surface in a ‘1-to-1’ general patterning, i.e. each
top-surface silanol being H-bonded on average to a water
molecule over the whole trajectory. Also very interesting was
the preliminary statistical analysis of the occurrences of all
possible 2-partner motifs of size 3 (in terms of the size of the
associated 2D-MolGraph of the motif that includes one oxygen
of the silica top-surface and one water molecule) that showed
that 4-partner motifs made of 2 H-bonded silanols and two
water molecules are the most likely repeated motif over the
silica surface.

Overall, this investigation lays the foundations for the use of
2D-MolGraphs at heterogeneous solid interfaces with applica-
tions in the structural characterization of the aqueous interface
and in chemical reactivity at the interface. More globally it lays
the foundations for the possible design of materials through
graphs. Indeed, in our current era of artificial intelligence, one
can easily imagine recording these graphs and subgraphs in
databases that could be used in conjunction with machine
learning techniques to design new materials of targeted proper-
ties. This is our current research direction.

Author contributions

S. Bougueroua: programming, software development; imple-
mentation of the computer code and supporting algorithms;
conceptualization; investigation; writing original draft (equal);
writing – review & editing (equal). A. A. Kolganov: investigation;
acquire data; formal analysis of data; writing original draft
(equal); writing – review & editing (equal). C. Helain, C. Zens:
programming, software development; implementation of
the computer code and supporting algorithms. D. Barth:

Fig. 11 Illustration of one 4-partner motif (M3) made of the union of two 2-partner motifs (M1 and M2) that are H-bonded together through
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