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ABSTRACT: Developing novel methods that capture chemical properties quickly and with
reasonable accuracy has emerged as an attractive way to replace time-consuming density
functional theory (DFT) calculations. In this study, we propose a new type of machine
learning (ML) enhanced descriptors based on the Fukui function (FF) projected onto the
Connolly surface. The FF contains information about the local system’s response to the
perturbation and could be used as a descriptor of the chemical properties of a surfaces. We
show that the FF, augmented by a general characteristic of the electronic structure of the
surface, such as a work function, is well correlated to the mapped adsorption energy of CO.
Therefore, this combination might replace the computationally expensive mapping of the
adsorption energy of small molecules as an indicator of catalytic activity. Potential extensions
of the proposed methodology are brieﬂy discussed.

■

INTRODUCTION
Heterogeneous catalysts are the key elements of chemical and
solar energy production. The active surface of a catalyst
signiﬁcantly promotes the reaction rate by facilitating bond
breaking in reactants and bond formation in products. The
catalytic eﬃciency is to a large extent determined by the
strength of adsorption of reaction intermediates on the surface
following the formation of intermediate product complexes.
The optimal catalyst must adsorb and activate reactants and
release products rapidly, while avoiding active site poisoning,
as formulated by the Sabatier principle. Understanding and
especially having the ability to predict energy diﬀerences
associated with bond formation and bond breaking on the
surfaces of catalytic materials has been a long-standing goal in
heterogeneous catalysis.1 This understanding drives the
rational design of catalysts with improved activity and
selectivity, which is the ultimate goal of catalytic science.
Catalyst discovery and development were initially based on
empirical approaches complemented by chemical intuition.
Later, many theories were proposed to go beyond the
empirical techniques and improve the sustainability of catalyst
design.2 However, the real revolution happened by rising
computational capabilities and especially by the extensive use
of density functional theory (DFT) calculations, which provide
a powerful computational framework for studying catalytic
reactions and identifying new chemically active materials.3 In a
series of pioneering works, Hammer and Nørskov suggested a
methodology to relate the computationally obtained chemisorption of reaction intermediates to experimentally observed
catalytic behavior.4−6 Later, they presented the d-band model,
© 2020 American Chemical Society

which related the chemisorption energies to the electronic
structure ﬁngerprint.7 In this model, the band of catalyst dstates participating in the interaction is represented by a single
state with the energy Ed (d-band limit of the Newns−Anderson
model), also known as the center of the d-band, which is
experimentally measurable and can be computationally
determined.7 Using the d-band center enables the mapping
of parameters that determine the rate of the catalytic reaction
onto a reduced space spanned by energy parameters known as
descriptors. The change in the adsorption energy is then
correlated to a shift in Ed in that a stronger upward shift
indicates the possibility of the formation of a larger number of
unoccupied antibonding states, leading to stronger bonding.
Therefore, the position of the d-band center can be considered
an indicator or descriptor of catalytic reactivity. The Hammer−
Nørskov model successfully explains both the experimental and
the ﬁrst-principles theoretical results for diﬀerent heterogeneous catalytic processes. In subsequent studies, the position of
the d-band center was also correlated to the adsorption,
activation, and dissociation energies of small molecules, such as
N2 and CO, providing a simple and eﬃcient precursor to many
chemical processes.8,9 This model was successfully generalized
to explain the catalytic activity of magnetically polarized
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transition metal surfaces.10 It was also conﬁrmed in numerous
experimental and theoretical reports that the modeling of the
adsorption of small molecules can give insights that are diﬃcult
to obtain from experiments alone and are valuable for
sustainable chemical production, alternative energy solutions,
and pollution mitigation.8,11
Despite its promises in predicting catalytic activity, the dband model requires demanding DFT calculations. Therefore,
the usefulness of such models is limited because of the high
computational cost. For example, the catalytic activity
screening of nickel−gallium alloys represented by four bulk
compositions (Ni, NiGa, Ni3Ga, and Ni5Ga3) and 40 diﬀerent
facet terminations (with Miller indexes ≤3) results in 583
possible adsorption sites and requires more than 70000 singlepoint DFT calculations.9 Therefore, the development of fast
and accurate methodologies is urgently needed to model the
large number of potential geometries in the immense phase
and structural space of materials.
Artiﬁcial intelligence and machine learning (ML) frameworks have shown great promise for predicting material
properties in many cases.12 ML methods establish a nonlinear
map by ﬁtting complex functions between input and output
data that correspond to the properties of interest of the
catalytic materials. In contrast to traditional computational
techniques that utilize computationally demanding quantum
chemical calculations, ML methods can predict the catalytic
properties quickly and at a much lower computational cost.
The ML algorithm is trained by using ﬂexible algorithms. One
of the most critical steps in developing such ML models is the
design of descriptors that (1) uniquely represent materials, (2)
can be easily computed at low computational costs or be
readily available from databases, and (3) reﬂect the nature of
targeted properties. To this end, researchers have developed a
number of descriptors to represent the complex nature of
atoms in diﬀerent structures. Examples include local geometric
and individual atomic features of the potential active sites.13
Also, many generalized coordination descriptors, such as
typical valence, number of free bonds, and ionic radius, have
been proposed.14 Although these descriptors, called atomic
ﬁngerprints, could be successfully used to predict the physical
properties of bulk materials, such as thermodynamics, viscosity,
boiling point, fracture toughness, and density, the modeling of
catalytic reactions requires reaction path following, which is
one of the most diﬃcult and demanding tasks in computational
chemistry.15
In this study, we aim to develop a new type of descriptor for
ML-enhanced screening of catalysts based on the Fukui
function (FF) and its projection onto the Connolly surface
formed by the smoothed van der Waals spheres of individual
atoms. This provides a balance between accuracy and
computational cost when used to screen the chemical activity
of a large number of materials. The proposed descriptors
capture the topology of a surface, as well as important
physicochemical properties, and can be calculated at a
relatively low computational cost. To illustrate the reliability
of the approach, we analyzed the correlation between the
proposed descriptors and the surface adsorption energy of CO,
highlighted as a key mechanistic step of the CO2 reduction
reaction.16
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suite) with the double numeric polarization (DNP) basis set17
and Perdew−Burke−Ernzerhof (PBE) functional, complemented by an empirical dispersion correction.18 The remaining
calculations have been conducted in the framework of the DFT
in periodic boundary conditions, as implemented in the
OpenMX package.19 The generalized gradient approximation
has been applied with the PBE density functional, 18
complemented by the DFT-D2 dispersion correction proposed
by Grimme.20 The Brillouin zone sampling is restricted to the
Γ point.

■

RESULTS AND DISCUSSION
The concept of the FF was introduced in 1952−1954 by Fukui
and co-workers as the response of the electronic density of a

Figure 1. 2D redistribution of nucleophilic (a) and electrophilic (b)
Fukui functions at distances between the CO molecule and the Ni
(110) surface of 1.73, 2.23, 3.23, 3.73, and 7.0 Å.

molecular system to the addition or removal of a given number
of electrons.21,22 A decade later, it was developed further by
Parr and Yang.23,24 They pointed to the strong connection of
the FF to chemical activity and catalytic properties. The FF is
deﬁned as the derivative of electron density at a position r ⃗ in
three-dimensional (3D) space ρ(r ⃗ ) with respect to the number
of electrons of the system N at a constant external potential
υ(r ⃗ ), deﬁned by the positions of the nuclei and other external
ﬁelds acting on the molecular system. Alternatively, the FF
could be expressed as a variational derivative of the chemical
potential μ with respect to the external potential at a constant
number of electrons, N:23
i δμ zy
i ∂ρ( r ⃗) yz
zz
zz
= jjjj
f ( r ⃗) = jjjj
z
z
k ∂N {v( r )⃗
k δv( r ⃗) { N

(1)

From the right-hand part of the expression, one can see that
the FF expresses a sensitivity of the chemical potential of a
quantum system to an external perturbation represented by
δν(r ⃗ ). The FF can be also related to the density of states g(Ef)
in metals:24,25

■

f (r)⃗ =

COMPUTATIONAL TECHNIQUE
The initial calculations of FFs were conducted by using the
DMol3 package (as available in Accelrys Materials Studio 5.0

g (Ef , r)⃗
g (E f )

(2)

where g(Ef,r ⃗ ) is the local density of states
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Figure 2. Top (a) and side (b) views of NiGa (110) surface showing the positions of chemisorbed CO molecules and contour plot (c) and 3D
view (d) of the CO adsorption energies (in electronvolts). Each CO position corresponds to a separate constrained optimization of a single CO
molecule chemisorbed on the surface, as for example the molecule represented by a ball and stick in the top right of (b). In the geometry
optimizations, the X and Y coordinates of the C atom of CO are constrained.

Figure 3. Connolly surface for NiGa (110) (a) and contour plots of projected nucleophilic (b) and electrophilic (c) Fukui functions.

g (ϵ , r ⃗ ) =

i ∂ρ y
f − ( r ⃗) ≡ jjj zzz ,
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−
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dk ⃗ |ϕk ( r ⃗)|2 δ(ϵ(k ⃗) − ϵ)

i ∂ρ y
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+

(4)

The chemical potential and electronegativity are global
properties of reactants. Electrons tend to move from reactants
with a high chemical potential to reactants with a low chemical
potential to balance the resulting value. The FF characterizes
the local ability of a molecular system to donate and accept
electrons. For example, the regions with large positive values of
f+ are the most favorable for a nucleophilic attack, while the
regions with large positive values of f− are the most suitable for
electrophilic attack. The interplay of nucleophilic and electrophilic FF is deﬁned by the ratio of the chemical potentials of
the reactants.27 In the case of a large diﬀerence in the chemical

(3)

This expression allows to associate the FF with the catalytic
reactivity of metals. A chemical reaction, in general, is
governed by the principle of electronegativity equalization,26
which assumes the balancing of chemical potentials (negative
of electronegativity, μ = −χ) of reactants through the
redistribution of electronic density. The local reorganization
is determined by electrophilic and nucleophilic FFs (as the
number of electrons N is a discrete variable, the right and the
left derivatives of ρ(r ⃗ ) with respect to N are discontinuous):
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Figure 4. Linear regression of projected Fukui function and CO adsorption energies onto the Ni (110) surface (a) for the set of 12 studied surfaces,
R = −0.92 (b), and for multivariable linear regression, where the FF is augmented by the work function, R = −0.97 (c).

covalent bonds. In follow-up studies, we will evaluate the
performance of the FF with other local descriptors.
To illustrate the relevance of the Connolly surface as a target
object to project the FF onto, we simulated and analyzed CO
adsorption on a Ni (110) slab. Figure 1 represents the vertical
colored contour plots of the FF distribution in a plane
perpendicular to the surface and passing through the axis of the
CO molecule for several distances to the nearest Ni atom. As
can be seen from the plots, the meaningful interplay between
the CO molecule and the surface causing a notable
redistribution of the FF starts at distances approximately
equivalent to the van der Waals radii (Figure 1, middle plots).
This also agrees well with the study of electrophilic and
nucleophilic attacks at the reaction center, featured by a small
electrostatic force, on its van der Waals surface descriptors of
nucleophilic and electrophilic regioselectivity.32
As pointed out by Wang et al.,33 the choice of global
descriptors is challenging because many parameters have their
limitations. For example, because of the many possible reaction
pathways, the chemical potential cannot be clearly deﬁned in
some cases. Therefore, to distinguish diﬀerent types of catalytic
surfaces, we use the work function, a widely used global
descriptor for photocatalyst and catalyst design.
To validate the proposed concept, we investigated the
correlation between the FF projected onto the Connolly
surface and the CO binding energies mapped to the surface, as
a key precursor of catalytic activity for the CO2 reduction
reaction. Twelve energetically most stable slabs of Ni and
NiGa were chosen with Miller indexes = 0, 1, 2 (similar to ref
9). Two types of calculations were performed for each surface.
First, to map binding energies, we ran a set of distinct
geometry optimizations for the chemisorption of a CO
molecule constrained along X and Y to a position shown in
Figure 2a,b. The CO adsorption sites form a rectangular grid in
the XY-plane (Figure 2a). The adsorption energy contour plots
are presented in Figure 2c,d.
The second type of calculation involves the computing of FF
for bare surfaces using the ﬁnite-ﬁeld method constructed from
electronic densities of neutral and electron or hole doped
systems (δq = 0.5).17 The calculated FFs are approximated on
the Connolly surface (Figure 3) at the points corresponding to
the tabulated map of binding energies.
Next, we performed a linear regression analysis of the 12 FF
projected onto the respective surfaces and the calculated 2D
mapped binding energies. Figure 4a shows a strong correlation
between these two quantities for an individual surface. The
contour plots for those calculations also have a similar

potentials of reactants, the reactant with a higher chemical
potential would transfer a number of electrons (ΔN > 0) from
regions, where its f− is large, to the regions of the reactant with
a lower chemical potential, where f+ is large. If the values of
chemical potentials are similar, the reactants equally donate
and accept electrons, and a full derivative is needed to describe
the density redistribution:
f 0 ( r ⃗) ≅

f + ( r ⃗) + f − ( r ⃗)
2

(5)

This also implies that an appropriate combination of global
and local parameters is especially important for the
construction of accurate and meaningful ML descriptors to
map the most important features of heterogeneous catalysis
and to avoid overﬁtting by using semi-supervised learning
algorithms. For example, using only local reactivity indicators
could result in an erroneous and overcomplicated correlation
between f± and chemical activity. With the right choice of
descriptors, global parameters deﬁne a general direction for a
reaction, while the local parameters specify the particular
interaction and following the redistribution of electronic
density, which helps to compare diﬀerent sites of the
heterogeneous molecular system.28 The modern ML algorithms allow one to take nonlinear associations and higherorder interactions into account automatically and to resolve
the complex relations between FF and reactivity. Therefore, in
this study, we use the FF because it is a general and wellstudied reactivity index, in contrast to the recently introduced
Fermi local softness and dual reactivity descriptors.29
To better represent the surface reactivity, we project the 3D
FF onto the molecular surface formed by rolling a ball over the
van der Waals surface. This approach has several advantages
over the projection of the FF onto atomic sites, known as
condensed FF, which is obtained by integration of the FF over
atomic regions.30 First, mapping to the two-dimensional (2D)
surface allows one to account for the surface topology as well
as diﬀerent relative orientations or positions of reactants (e.g.,
on top, bridge, hollow) near active sites.31 This allows one to
investigate complex systems, including vacancies and nanostructured defects. Second, the surface distribution incorporates some spatial and diﬀerential features, which can be
deduced by convolving the local area (∼3−4 Å) around
possible active sites, with speciﬁc patterns representing the
optimal local environment(s) for a particular type of
reaction(s). This approach might also be used to model
various stages of catalytic reactions with complex interactions
of large molecular systems, for example, those involving several
10082
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structure. However, for a combined set of diﬀerent slabs, the
results exhibit a visible deviation (Figure 4b) that can be
signiﬁcantly reduced by complementing the projected FF with
the corresponding work functions (Figure 4c).
This illustrates the eﬀect of enhancing the local distribution
by the global parameter, which deﬁnes the overall reaction
direction. A similar approach was used by Gurkan et al.28 and
Damoun et al.34 to improve the performance of the FF in
recognition of the reactivity of diﬀerent sites in diﬀerent
molecules by multiplying the FF by the global softness.
However, in our case, the ML-based analysis can beneﬁt from
the separate treatment of the FF and the work function by
using this speciﬁc algorithm.

■

CONCLUSION
The presented concept could be improved further by
convolving the 2D surface distribution of FF with speciﬁc
local patterns (R ∼ 3−4 Å) representing the chemical structure
of the reactants. This could allow us to model complex
reactions involving the formation of several bonds, in
particular, by nonlinear adsorbates, and (or) diﬀerent relative
positions of intermediates (e.g., on top, bridge, and hollow).
Also, we intend to implement a two-stage algorithm for more
accurate predictions of catalytic activity. At the ﬁrst stage, we
will use the general training database of projected FF to select
potentially active surfaces and their catalytic centers. Next, for
a number of selected systems, we would enhance the database
by additional DFT calculations of the reactivity for several
selected systems to improve the sensitivity of the ML tool.
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