
ARTICLE OPEN

Graph theory approach to determine configurations
of multidentate and high coverage adsorbates
for heterogeneous catalysis
Siddharth Deshpande 1,2, Tristan Maxson 1,2 and Jeffrey Greeley 1✉

Heterogeneous catalysts constitute a crucial component of many industrial processes, and to gain an understanding of the atomic-
scale features of such catalysts, ab initio density functional theory is widely employed. Recently, growing computational power has
permitted the extension of such studies to complex reaction networks involving either high adsorbate coverages or multidentate
adsorbates, which bind to the surface through multiple atoms. Describing all possible adsorbate configurations for such systems,
however, is often not possible based on chemical intuition alone. To systematically treat such complexities, we present a
generalized Python-based graph theory approach to convert atomic scale models into undirected graph representations. These
representations, when combined with workflows such as evolutionary algorithms, can systematically generate high coverage
adsorbate models and classify unique minimum energy multidentate adsorbate configurations for surfaces of low symmetry,
including multi-elemental alloy surfaces, steps, and kinks. Two case studies are presented which demonstrate these capabilities;
first, an analysis of a coverage-dependent phase diagram of absorbate NO on the Pt3Sn(111) terrace surface, and second, an
investigation of adsorption energies, together with identifying unique minimum energy configurations, for the reaction
intermediate propyne (CHCCH3*) adsorbed on a PdIn(021) step surface. The evolutionary algorithm approach reproduces high
coverage configurations of NO on Pt3Sn(111) using only 15% of the number of simulations required for a brute force approach.
Furthermore, the screening of potentially hundreds of multidentate adsorbates is shown to be possible without human
intervention. The strategy presented is quite general and can be applied to a spectrum of complex atomic systems.
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INTRODUCTION
Heterogeneous catalysis plays a pivotal role in the welfare of the
society by impacting sectors ranging from sustainable energy
generation and storage to synthesis of fine chemicals to food
production1,2. These applications have motivated the search for
effective and economic heterogeneous catalysts which, in turn,
relies on understanding relationships between the underlying
material and the chemistry of interest. Elucidation of these
structure–property relationships requires the development of
fundamental insights into atomic-level phenomena to accelerate
the identification of better catalysts for these applications. In
obtaining such insights, ab-initio simulation techniques, such as
periodic density functional theory (DFT), have played a central
role, and their use has both accelerated the discovery of new
catalysts and aided the development of fundamental insights into
catalytic reaction mechanisms3–5.
In the past, DFT studies have largely considered simple reaction

chemistries involving monodentate intermediates in the limit of
low coverages (one or two adsorbates per eight to nine surface
atoms) and have relied on human intuition to generate relevant
atomic structures. More recently, however, rapid growth in
computational power and resources has enabled the analysis of
complex reaction chemistries involving multidentate adsorbates
and high coverages (four or more adsorbates per eight to nine
surface atoms) of adsorbates6–12, as well. Nonetheless, it is
challenging to tractably model these complex reaction chemistries
using chemical intuition alone. To address these problems,

workflows and algorithms have been developed to provide initial
guesses of adsorbate geometries, which are then refined through
DFT calculations, and to efficiently incorporate simulated data into
databases for further analysis13–21. Various methods, including
cluster expansions and genetic algorithms, have been employed
to model high coverages of adsorbates on pure metal surfaces22–25.
Although successful advances have been made, analysis of high
coverages of adsorbates on low symmetry surfaces, such as steps
and multi-elemental alloys, remains challenging, and there exists
no generalized procedure to systematically simulate these cases.
In the case of multidentate adsorbates, some tools have been
developed to provide initial guesses for the geometric structure of
adsorbates21, but the challenge of identifying unique configura-
tions after geometric relaxation remains unresolved. These
problems motivate the development of a tool that can both
efficiently detect unique adsorbate configurations among a
dataset of different geometric configurations, and, further, use
this information to populate higher coverage configurations for a
given adsorbate.
Herein, we present a Python-based algorithm to digitally

represent a given heterogeneous catalytic model system by an
undirected graphical representation. These representations are
multi-molecular, involving a variety of different types of atoms and
bonds, with multiple contact points between adsorbate atoms
and the underlying surface (mono-, bi-, and tri-dentate). These
graphical representations are used to detect unique adsorbate
configurations and adsorption sites on catalyst surfaces.
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Effectively, the graphical representations are compared with one
another to identify unique configurations for cases of low or high
coverages, as well as monodentate and multidentate geometries.
These capabilities are further combined with an evolutionary
algorithm-based approach to systematically estimate high cover-
age models of adsorbates on low symmetry surfaces such as
alloys, steps, and kinks. In addition, design rules, such as
estimation of the number of nearest neighbor interactions, are
chosen to simplify the vast sample space without compromising
chemical insights.
The application of these capabilities is illustrated with two

examples: construction of a coverage-dependent phase diagram
of NO adsorption on the Pt3Sn(111) surface, which reveals the
dependence of the adsorption energy on the chemical environ-
ment, and identification of unique configurations for the case of
bidentate propyne (CHCCH*3) adsorbed on a low symmetry PdIn
(021) alloy step surface.
The use of graph-based methods to automate and accelerate

the screening of rich combinations of interacting adsorbates with
multiple surface contact points constitutes a new use of graph
theory in the field of heterogeneous catalysis. Further, the general
methods presented herein are flexible in nature with regard to the
type of intermediate (multidentate vs. monodentate) and the
catalyst models considered (steps, terraces, and alloys) and,
therefore, could be extended to a variety of different atomistic
modeling applications.

RESULTS AND DISCUSSION
In the following, a general algorithm to construct undirected
graphs from a given atoms object is presented. Next, algorithms
utilizing the undirected graph to detect unique adsorbate
configurations, as well as adsorption sites, are described. Finally,
applications utilizing these algorithms to estimate high coverage
models of monodentate adsorbates on an alloy surface and to
identify unique configurations and adsorption energies of multi-
dentate adsorbates on step surfaces are demonstrated.

Graph generation algorithm
To represent atomistic models as an undirected graph encoded
with chemical bonding information, the NetworkX26 module in
Python is employed, and a combination of tools such as edge and
node isomorphism, ego networks, and abstract modifications
are utilized to analyze complex atomistic models. Further, to

accurately represent these models, periodic boundary conditions
are accounted for by unfolding the bonds along the cell edge into
repetitions of the cell, and nearest neighbor atoms are defined
using an atomic radius-based neighbor list generated with the
corresponding module in the Atomic Simulation Environment
(ASE)27. We note that nearest neighbor atoms can, alternatively, be
defined manually or by using methods such as Voronoi
coordination from bulk15, and such approaches can be readily
incorporated into our approach.
A schematic of the algorithm used to create the undirected

graph-based representation is presented in Fig. 1. After reading
the atoms object, different kinds of atoms are identified, and a
node is defined for each atom. Then, using information regarding
the nearest neighbor atoms, edges are created for each node, and
finally the full graph is generated. For the specific example
presented in Fig. 1, each atom (Fig. 1a) is represented by a node
with the same color (Fig. 1c), and edges are created for each node
to show bonding with its nearest neighbors. Further, in Fig. 1c, full,
dashed, and dotted lines represent edges for bonds between
surface–surface (golden atoms), adsorbate–adsorbate, and
surface–adsorbate atoms, respectively, and the number of nearest
neighbor atoms are reported on each node (without the loss of
generality, only catalyst surface atoms are counted as nearest
neighbors for the adsorbates).

Adsorbate detection and high coverage simulation algorithms
A major bottleneck in simulating heterogeneous catalysts contain-
ing either high coverages of adsorbates or multidentate
adsorbates is detecting unique adsorbate configurations after full
DFT relaxation of the adsorbates has been performed. The full
graph representation presented above can be used to solve this
problem. First, using the algorithm shown in Fig. 1b, a full graph
incorporating all atoms in the system is constructed. Next,
adsorbate atoms are detected using the encoded information
about the bonding between each atom in the full graph.
Subsequently, subgraphs are developed from the full graph with
a given adsorbate as the center for each individual subgraph.
These individual subgraphs are then used to create an ego graph
with a given radius to represent the chemical environment of the
adsorbate. Finally, the ego graphs are used to check for
isomorphism to find unique configurations for a given adsorbate.
A general description of this approach, which is fully automated, is
presented in Fig. 2c (blue subset). In addition, as we demonstrate
below, encoded in every subgraph is the information related to

Fig. 1 Graph theory-based algorithm to generate graphs for a given atomic model. a Atomic model for a simple nanoparticle with
adsorbates, b algorithm to generate graph-based representations, and c generated graph model.
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the chemical environment of the adsorption site which can be
leveraged to understand structure–property relationships
between the adsorption energy and the chemical identity of the
active site.
To detect chemically unique adsorption sites on catalyst

surfaces, an approach similar to that described above is employed
(Fig. 2a—green subset). First, surface atoms are identified, either
manually or by checking for asymmetrical bonding in space; the
latter strategy involves the calculation of the direction of the
normal vector for a given set of atoms (see Supplementary
Information, Section A). Different combinations (cycles) for these
surface atoms are then analyzed to identify different classes of
adsorption sites on the catalyst surface. For example, in the case of
fcc(111) type surfaces, cycles of length 1, 2, and 3, representing
top, bridge, and hollow sites, respectively, are considered for
different sites on the surface. These surface sites are then
represented in the full graph by a pseudo atom, and an ego
graph is employed to detect unique adsorption sites (Supple-
mentary Information, Section A).
A general workflow to combine the two methods described

above is presented in Fig. 2b. The framework to populate unique
adsorption sites, along with the capability to detect duplicate
adsorption structures, can be fully automated and combined with
still more workflows to analyze highly complex adsorption
environments. In particular, we have combined these methods
with an evolutionary algorithm to predict adsorption configura-
tions of high coverages of adsorbates on model catalyst surfaces.
In this approach, sites are first populated with a single adsorbate
on the clean surface and subsequently relaxed with DFT using, for
example, the Vienna Ab Initio Simulation Package (VASP)28 or
GPAW29. Unique configurations are then detected and stored as
the set of new starting configurations. The configurations in the
new set are scored based on their adsorption energies, and an
additional adsorbate is added to the configurations with lowest
energies. This process is repeated until the desired total coverage
is obtained. This approach has a number of attractive features that
should accelerate its adoption in the computational catalysis
community. First, it permits efficient analysis of systems that have
prohibitively large configurational spaces, such as alloys and other
low symmetry surfaces, and the algorithm may be executed in

parallel, allowing for scaling as availability of computational
resources increases. In addition, the graph representation enables
the reduction of sample space by a judicial choice of the local
environment of a given adsorbate. Further, the rules for the choice
of local environment in terms of the number of atomic shells
needed to understand the chemical environment of an adsorbate
can be adjusted, depending on the system at hand. For example,
in the case of metal surfaces, one can assume that the adsorption
site, along with its nearest neighbors, is sufficient to define the
chemical environment of a given adsorbate, while more extensive
site ensembles might be needed for other types of materials. This
flexibility, combined with the scoring strategy of the evolutionary
algorithm, reduces the configurational space of adsorbate
geometries in high coverage models to tractable amounts (see
Supplementary Information, Section B, for an example), even for
low symmetry surfaces. We note that the evolutionary algorithm
has sufficient flexibility to model high coverages of multidentate
adsorbates, as well, although the configurational space of such a
problem can be orders of magnitude larger than that of
monodentate adsorbates and is currently outside the scope of
this work.

Examples demonstrating the utility of the graph-based algorithm
Below, we present two example applications of the graph-based
method. In the first case, using the evolutionary algorithm
workflow, as well as the adsorbate and site detection algorithms,
discussed in the previous section, we construct a coverage-
dependent phase diagram of the adsorbate NO on a low
symmetry Pt3Sn(111) alloy surface. In the second case, using our
adsorbate detection algorithm, we identify unique adsorption
configurations of the intermediate propyne (CH3CCH) on a PdIn
(021) stepped alloy surface and further estimated a
structure–property relationship between the adsorption energy
and the chemical environment of the active site.
For many heterogeneous catalytic reactions such as CO

oxidation30, NO reduction31, and Fisher–Tropsch chemistry32, it is
important to consider high coverages (0.5–0.7 surface monolayers)
of adsorbates on the catalyst surface to understand the effects of
adsorbate–adsorbate interactions on the underlying chemistry.
Herein, we demonstrate the use of our graph-based algorithmic

Fig. 2 Different algorithms and workflows utilizing the atomic graphs generated with the graph theory-based method. a, c The site
detection and adsorbate detection workflows, respectively. b The overall workflow to utilize the generated graphs to perform atomic scale
simulations.
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approach to construct a coverage-dependent phase diagram for
one such system, NO on a Pt3Sn(111) alloy surface. To illustrate the
complexity of the problem, the unique adsorption sites for a single
adsorbate on Pt3Sn(111) alloy and pure Pt(111) surfaces are shown
in Fig. 3a. A comparison between the two cases shows that the
introduction of Sn reduces the symmetry of the surface and
increases the number of unique configurations possible by a
factor of two. The number of configurations increases by a factor
of five when more than one adsorbate is present on the surface. A
general analysis of the number of configurations possible on the
Pt3Sn(111) surface, compared to Pt(111), in the case of one, two,
and three chemically distinct adsorbates, is reported in the
Supplementary Information, Section B.
Given the large number of possible configurations, to system-

atically simulate high coverages of NO (here 2/9, 3/9, 4/9, 5/9, 6/9
ML of NO) on a Pt3Sn(111) surface, we employ the graph-based
evolutionary algorithm approach. Unique adsorbate configura-
tions, as well as adsorption sites, are detected for each coverage
following the general framework presented in Fig. 2. Initially, all
possible sites with one NO molecule on the surface, as shown in
Fig. 3a, are considered, and forces are relaxed using DFT. Next, a
set of stable configurations are chosen based on rules set in the
evolutionary algorithm. For these configurations, a second NO is
then placed on the surface, the geometries are relaxed using DFT,
and a set of configurations is then chosen to model three NO
adsorbates. This procedure is continued to construct the phase
diagram shown in Fig. 3b (see also Supplementary Information,
Section B). Adsorption energies of the most stable configuration at
each coverage are used in the phase diagram (Fig. 3b), and the
resulting geometries for the 2/9, 5/9 and 6/9 ML of NO models are
shown in the inset. One defining characteristic of these stable
configurations is the presence of one or multiple NO atoms
adsorbed on a Pt top site, with O atoms pointing towards Sn
atoms. This interaction is unique to the Pt3Sn(111) surface and is
not observed on Pt(111), where hollow sites are more energeti-
cally favorable for NO adsorption at lower adsorbate coverages.
To further validate the accuracy of the graph-based evolu-

tionary method, we simulate another set of high coverage
configurations with a brute force approach for testing all possible
configurations with adsorbates separated by more than 2.4 Å. The
results are nearly identical to what is found using the evolutionary
strategy, but the evolutionary algorithm requires only about 15%
of the simulations of the brute force method. This significant
lowering of the number of simulations can be understood in terms
of the strong binding nature of the adsorbate, which leads to
small perturbations in the geometries from one coverage to the
next and, therefore, permits the use of smaller sets of samples to
populate higher coverage configurations (Supplementary Infor-
mation, Section B). We have also included an analysis of the

insights gained from the brute force simulation in the Supple-
mentary Information, Section B. In the future, this approach could
be generalized to realize coverage-dependent phase diagrams for
even more complicated catalytic systems, including those invol-
ving multidentate adsorbates such as propyne (see Supplemen-
tary Information, Section B for additional details).
A number of important reactions, including alkane and biomass

chemistries, involve the modeling of large multidentate adsor-
bates on heterogeneous catalytic surfaces. Finding stable config-
urations of these adsorbates is a formidable task, as the number of
possible configurations can be very large. Although tools have
been developed to provide initial guesses for geometric structures
of such adsorbates21, the challenge of identifying unique
configurations after geometric relaxation with DFT remains
unresolved. A systematic approach would therefore be desirable
to identify the most stable and unique configurations, both before
and after relaxation, to elucidate the structure–property relation-
ships between the adsorbate and the catalyst with the greatest
possible efficiency. Here, we demonstrate the use of the graph-
based method to identify unique configurations, after relaxation,
of the adsorbate CH3CCH, which is an important bidentate
intermediate in the propane dehydrogenation reaction network,
on a characteristic alloy surface. We choose the PdIn(021) stepped
surface as a particularly challenging test of the algorithm’s
capabilities. Finally, we use the information generated from the
graph-based method to understand the adsorption strength of
CH3CCH as a function of the chemical environment of the
adsorption site.
Figure 4 shows three unique configurations of adsorbed

CH3CCH on a PdIn(021) step surface from the simulated dataset,
with the step sites of the PdIn(021) surface marked with a green
boundary. Below each configuration, using the framework
presented in Fig. 1, the corresponding graphs created for each
adsorbate at a set radius are reported (here, the radius is reduced
for ease of visualization). A comparison of the three graphs shows
that the carbon atoms of the adsorbate in Fig. 4a, c are bound to a
Pd top site, while carbon atoms in Fig. 4b are bound to a Pd–Pd
bridge site. Further, the Pd atoms in Fig. 4a, c have 10 and 8
nearest neighbor atoms, respectively (as reported by the number
on the Pd nodes in the graphical representation), making all
configurations unique (see Supplementary Information, Section A,
for more details on making graphs for multidentate cases). By
analyzing the configurations presented in Fig. 4, we see that the
binding energy is most favorable when the middle carbon and the
terminal carbon atoms, containing only one hydrogen, are both
bound to the top sites of the step (Fig. 4c). Further, when one of
the carbon atoms is bound to the terrace next to the step sites
(Fig. 4b), the adsorption energy is weakened by 0.45 eV, and it is
weakened by an additional 0.81 eV when both of the carbon

Fig. 3 Coverage-dependent phase diagram for intermediate NO adsorbed on a Pt3Sn(111) surface model. a The unique sites considered
for Pt3Sn(111) and Pt(111) model systems. b Coverage-dependent phase diagrams of NO adsorbed on the Pt3Sn(111) surface.

S. Deshpande et al.

4

npj Computational Materials (2020)    79 Published in partnership with the Shanghai Institute of Ceramics of the Chinese Academy of Sciences



atoms are bound to the Pd atoms on the terrace. As is seen from
the corresponding graphs, the Pd atoms encompassing the active
site in the three cases (Fig. 4a–c), have (10,10), (10,8), and (8,8)
nearest neighbors, respectively. Furthermore, given that in the
three cases presented, all the active sites contain only Pd as the
element to which the carbon atoms bind, it can be surmised that
each undercoordinated Pd atom (coordination of 8) stabilizes the
adsorption energy by approximately 0.4 eV. This simple analysis
can be extended to gain useful insights for more complicated
surface geometries with mixed step terminations, kinks, or even
vacancies. Further, similar structure–property relationship-based
insights gained for different adsorbates could ultimately be
combined to understand the entire reaction network as a
function of the chemical environment of the active site by
making use of correlations such as scaling and Brønsted-Evans-
Polanyi relationships.
In conclusion, graph theory-based tools are presented to

represent atomic scale models as undirected graphs. These
graphs are then combined with workflows to efficiently aid in
simulating and understanding complex atomic scale models,
including high adsorbate coverages, as well as multidentate
adsorbates, present on low symmetry surfaces. Example cases
presented show a significant reduction in human effort and in the
computational resources needed to model complex reaction
geometries. Such analyses can serve as a starting point to more
efficiently identify better heterogeneous catalysts for complex
reaction chemistries.

METHODS
DFT simulation settings
The simulations are performed within the framework of periodic DFT with
the VASP code28. The energies and geometries of the most stable
configurations on the Pt3Sn(111) surface are obtained through minimiza-
tion of the total energy with respect to geometry by spin-polarized
generalized gradient approximation calculations (GGA–PBE)33. The sensi-
tivity of the reported data was tested with respect to the functional used,
and the trends in the adsorption energies do not change with the choice
of functional. The projected augmented wave (PAW) method is used to
account for the effect of core electrons on the valence electron density34. A
Perdew–Burke–Ernzerhof (PBE)-calculated lattice constant of 4.06 Å for
Pt3Sn bulk alloy is employed. The Pt3Sn(111) surface is represented by a
ffiffiffiffiffi

12
p

´
ffiffiffiffiffi

12
p

unit cell with five layers (total of 60 atoms per unit cell), and the
top two layers are relaxed. For the case of PdIn(021), a PBE-calculated

lattice constant of 3.3 Å for PdIn bulk alloy is employed. A three atom wide
step surface is used to represent the PdIn(021) surface (total of 42 atoms
per unit cell), and surface relaxation is allowed in the top two layers
perpendicular to the adjacent terraces. A vacuum equivalent to 13 Å is
applied between any two successive slabs. A plane wave energy cutoff of
400 eV is used for all the calculations. A minimum k-point grid sampling of
3 × 3 × 1 is employed. The electronic occupancies are determined
according to a Methfessel–Paxton scheme with an energy smearing of
0.2 eV. Dipole corrections are used in all cases to decouple the electrostatic
interactions between the periodically repeated slabs. Structures are relaxed
until the Hellmann–Feynman forces acting on the atoms are smaller than
0.05 eV/Å.

Graph generation settings
The ASE was used to generate neighbor lists for graph generations.
Neighbor lists were generated by scaling the covalent radii of elements by
a factor of 1.2 and by further considering a skin factor of 0.2 Å. The scaling,
as well as the skin factor, are variables that can be tuned for different
classes of systems (metals vs. oxides vs. 2D materials) to accurately
generate graphs. Additional details are presented in the Supplementary
Information, Section A.
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