
rsc.li/chemcomm

 ChemComm
Chemical Communications

rsc.li/chemcomm

ISSN 1359-7345

COMMUNICATION
S. J. Connon, M. O. Senge et al. 
Conformational control of nonplanar free base porphyrins: 
towards bifunctional catalysts of tunable basicity

Volume 54
Number 1
4 January 2018
Pages 1-112

 ChemComm
Chemical Communications

This is an Accepted Manuscript, which has been through the  
Royal Society of Chemistry peer review process and has been 
accepted for publication.

Accepted Manuscripts are published online shortly after acceptance, 
before technical editing, formatting and proof reading. Using this free 
service, authors can make their results available to the community, in 
citable form, before we publish the edited article. We will replace this 
Accepted Manuscript with the edited and formatted Advance Article as 
soon as it is available.

You can find more information about Accepted Manuscripts in the 
Information for Authors.

Please note that technical editing may introduce minor changes to the 
text and/or graphics, which may alter content. The journal’s standard 
Terms & Conditions and the Ethical guidelines still apply. In no event 
shall the Royal Society of Chemistry be held responsible for any errors 
or omissions in this Accepted Manuscript or any consequences arising 
from the use of any information it contains. 

Accepted Manuscript

View Article Online
View Journal

This article can be cited before page numbers have been issued, to do this please use:  R. Jinnouchi and

M. S. Shibata, Chem. Commun., 2026, DOI: 10.1039/D6CC00436A.

http://rsc.li/chemcomm
http://www.rsc.org/Publishing/Journals/guidelines/AuthorGuidelines/JournalPolicy/accepted_manuscripts.asp
http://www.rsc.org/help/termsconditions.asp
http://www.rsc.org/publishing/journals/guidelines/
https://doi.org/10.1039/d6cc00436a
https://pubs.rsc.org/en/journals/journal/CC
http://crossmark.crossref.org/dialog/?doi=10.1039/D6CC00436A&domain=pdf&date_stamp=2026-04-08


Journal Name

Local environment neighbor sensitivity analysis: visual-
ization of cation effect at liquid-solid interface†

Ryosuke Jinnouchi,∗a and Masao Suzuki Shibataa

We present a method to extract the effects of environmental
neighbors on local energies in heterogeneous systems from
machine-learning force fields, which predict interatomic
interactions with near first-principles accuracy. Applied to
cation effects on hydroxyl groups on Pt in water, the method
enables visualization of cation-induced stabilization.

In recent years, machine-learning force fields (MLFFs) have at-
tracted significant attention as promising models for describing in-
teratomic interactions, offering an alternative to conventional first-
principles (FP) calculations1,2 and classical force fields3,4. MLFFs
are supervised machine-learning models trained on FP data for po-
tential energies, atomic forces, and stress tensors to predict inter-
atomic interactions5–15. Unlike classical force fields, which rely
on fixed functional forms based on physical laws such as Coulomb
and dispersion interactions, MLFFs employ flexible functions devel-
oped in the machine-learning (ML) community to represent inter-
atomic interactions. As a result, MLFFs can describe a wide range
of interactions—including ionic, dispersive, metallic, covalent, and
hydrogen bonding—within a single framework, achieving near FP
accuracy while being several orders of magnitude faster than FP
calculations. Owing to these properties, MLFFs enable quantitative
predictions for complex multi-element organic and inorganic mate-
rials that are difficult to treat accurately with classical force fields
and computationally prohibitive for FP methods. Their applications
have therefore expanded to phenomena such as phase transitions,
thermal and ionic transports, chemical reactions and catalytic pro-
cesses in gases, liquids, solids, and their interfaces5–12,14,15.

The development of MLFFs has progressed rapidly, and a wide
variety of functional forms has been proposed. Nevertheless, most
MLFFs represent interatomic interactions based on two common
concepts: descriptors of many-body interactions and nonlinear
mapping. Because the potential energy E of a material originates
from many-body interactions, it can be expressed using the follow-

a Toyota Central R&D Labs., Inc., Nagakute 480-1192 Aichi, Japan; E-mail:
jryosuke@mosk.tytlabs.co.jp

ing cluster expansion16–19:

E
(

RNn
)
= E(0)+∑

i1
E(1) (Ri1)

+ ∑
i1,i2

E(2) (Ri1 ,Ri2)+ ∑
i1,i2,i3

E(3) (Ri1 ,Ri2 ,Ri3)+ · · · . (1)

Here, Ri denotes the position vector of the i-th atom, and RN

represents the set of position vectors of all N atoms in the system.
E(ν) denotes a ν-body interaction, which is defined as a term whose
(ν +1)-th derivative with respect to atomic positions vanishes, as
∂ ν+1E(ν)/∂Ri1 · · ·∂Riν+1 = 020. In MLFFs, descriptors representing
ν-body local structures are introduced, and the potential energy E
is expressed as a function of these descriptors. As the order ν of the
descriptors is systematically increased, E can be represented more
accurately. However, the number of descriptors grows exponentially
with ν, leading to a corresponding increase in computational cost.
To address this issue, many MLFFs restrict the descriptor order to
ν ≈ 3 or 4 and instead represent many-body effects through higher-
order terms generated by nonlinear functions of these descriptors.
This strategy for efficiently incorporating high-order many-body in-
teractions is known as the “density trick”11. Neural networks and
kernel functions are commonly used as the nonlinear functions.

In this way, MLFFs can predict interatomic interactions with high
accuracy and efficiency. However, a major challenge for MLFFs lies
in the difficulty of physically interpreting their predictions. In classi-
cal force fields, where interactions are predefined and decomposed
into contributions such as Coulomb and dispersion interactions,
predicted energies can be analyzed in terms of their underlying
interaction components. Similarly, FP calculations provide deep
physical insight through quantities such as electron densities, wave
functions, and Hamiltonian matrices. In contrast, such analyses
are not directly available in MLFFs.

Here, we present a method within the MLFF framework to vi-
sualize the surrounding species and their positions that influence
the energy of a specific site in a system, and apply it to interfacial
electrochemical reactions. As a case study, we focus on the effects
of alkali cations on OH adsorbed on a Pt(111) surface in aque-
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Fig. 1 Computed redox potential UOH of the OH reduction, OH∗ + H+ +
e− → ∗ + H2O, versus the Shannon radius of cation rion. Solid line indi-
cates computed UOH for the system involving a homogeneous background
charge. Error bars are determined from the block averaging analysis 3,4.
Graphics show the snapshots of interfacial structures obtained from the
MD simulations at 300 K, and the numbers are the Bader charges of
cation and OH∗. Small white, medium red, medium blue, medium light
green, large purple and large light green spheres show H, O in H2O, O
in OH∗, Li+, K+ and Cs+. Graphics are obtained by using VESTA 21.

ous solution. Experiments have shown that small alkali cations,
such as Li+, stabilize OH and slow the oxygen reduction reaction
(ORR), whose elementary steps include OH reduction22. This was
the first observation demonstrating cation effects in interfacial elec-
trocatalytic reactions and subsequently highlighted the importance
of cation effects in reactions such as hydrogen evolution23,24 and
CO2 reduction24–26. However, assessing the stability of hydrated
cations fluctuating in water at finite temperature remains challeng-
ing. This difficulty arises because interfacial solvent molecules re-
organize on nanosecond time scales27, which are difficult to access
using conventional FP methods22,28,29 that rely on structural opti-
mization at absolute zero or MD simulations limited to picosecond
time scales. As a result, many aspects of cation effects on surface
adsorbates remain unclear. In this work, we compute the effects
of Li+, K+, and Cs+ on the redox potential of OH reduction using
a recently developed MLFF-aided FP thermodynamic integration
(TI) approach based on finite-temperature MD simulations. We
show that smaller cations stabilize OH and lower the redox poten-
tial in silico. We then demonstrate, through conventional analyses
of cation distributions and interfacial diffusion coefficients, that
smaller cations are trapped near OH and exhibit reduced diffusiv-
ity. Finally, by applying the visualization method, we obtain further
insight into the relationship between the localization of cation dis-
tributions and the stabilization of OH, suggesting that attractive
interactions between alkali cations and OH play an important role.

The visualization method is constructed on the basis of a kernel-
based MLFF approach30–32 implemented in the Vienna Ab initio
Simulation Package (VASP)33,34. Similar to the Gaussian Approx-
imation Potential (GAP) proposed by Bartók and co-workers17,35,
this method expresses the total potential energy as a sum of atomic

Fig. 2 Radial distribution functions between X+ (X=Li, K or Cs) and
O in OH∗. Insets show side and top views of three-dimensional density
isosurfaces of the alkaline cation at 0.002 Å−3 for blue and 0.007 Å−3

for red. Graphics are obtained by using VESTA 21.

energies:

E =
N

∑
i=1

Ei. (2)

The atomic energy Ei is represented as a functional of the atom
density distribution ρi surrounding atom i as Ei = F [ρi (r)]. In the
present study, the density ρi is represented by the three-body an-
gular distribution function ρ(3)

i (r,s,θ)17,32, which gives the proba-
bility of finding one atom at a distance between r and r+dr from
atom i, and another atom at a distance between s and s+ds from
atom i, such that the angle ̸ ki j lies between θ and θ +dθ . This
probability is expressed as ρ(3)

i (r,s,θ)r2s2sinθdrdsdθ . Accordingly,
r denotes the rotationally invariant coordinate (r,s,θ) [see details
in Section S1 of Supplementary Information (SI)]. In practice, ρi is
expanded in an orthonormal basis set {ϕ j| j = 1, ...,ND } as

ρi (r) =
ND

∑
j=1

c jiϕ j (r) , (3)

and the vector of the resulting expansion coefficients, xi =

(c1i, ...,cNDi)
T, is used as a descriptor32. The functional F is repre-

sented as a linear combination of kernel basis functions that mea-
sure the similarity between the descriptor xi of atom i and those of
reference atoms iB = 1, ...,NB:

Ei = F [ρi (r)] =
NB

∑
iB=1

wiB K (xi,xiB) . (4)

The reference atoms are selected from structures providing the
training data, and the regression coefficients wiB are determined
to optimally reproduce the training data of energies, forces and
stress tensor components. For the kernel basis functions, we use
the smooth overlap of atomic positions (SOAP)17.

In this MLFF, the contribution of each atom to the total poten-
tial energy E can be readily obtained as Ei. However, since Ei is
expressed as a linear combination of nonlinear kernel basis functions
of the high-dimensional descriptor xi, it is not immediately obvious
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Fig. 3 Visualization of the functional derivative δEi/δρi obtained using LENS (a-c) and the stabilization energy ∆E lin
i estimated from the linear-

response approximation (see text) (d). Here, Ei is the energy of the O atom in OH∗, and ρi denotes the probability density of finding an H atom at a
distance r to r+dr from this O atom and a cation X+ (X = Li, K, or Cs) at a distance s to s+ds from the same O atom, with ̸ HOX = θ = 110°, as
illustrated in the insets. LENS yields smooth functional-derivative landscapes below ca. 1 Å for Li+ and 2 Å for the other ions; however, these regions
are not sampled in the MD trajectories. The values in these regions arise from kernel extrapolation and are therefore physically meaningless.

which aspects of the local environment influence Ei. Nevertheless,
by exploiting the fact that Ei is a functional of the local density
distribution ρi, and that the descriptors are expansion coefficients
of ρi in an orthonormal basis, as described in Eq. (3), the influence
of the local environment can be quantified through the variation of
Ei with respect to ρi, which can be derived as the simple expression
given below (see its derivation in Section S2 in SI):

δEi

δρi
(r) =

δF
δρi

(r) =
ND

∑
j=1

[
NB

∑
iB=1

wiB
∂K (xi,xiB)

∂c ji

]
ϕ j (r) . (5)

The functional derivative δEi/δρi(r) characterizes the local re-
sponse of the energy Ei to an infinitesimal change in ρi at position
r relative to atom i. With this functional, the local energy is explic-
itly decomposed to identify which species at which positions most
strongly influence it. Notably, the exact variation in Eq. (5) can
be derived owing to the simple form of the local energy in Eq. (4)
and the expansion in a complete orthonormal basis set in Eq. (3).
Although Eq. (5) is formulated for the kernel-based representation,
a similar exact expression remains applicable to the atomic clus-
ter expansion (ACE)19 and neural-network representation5,9,36 of
F when many-body descriptors generated from orthonormal basis
sets are used as inputs.11,12,15 We refer to this approach as local
environment neighbor sensitivity (LENS) analysis. Details of the
computational protocol are provided in Section S3 in SI.

We applied this analysis to cation effects on a hydroxyl group
(OH) adsorbed on a Pt(111) surface in water. Prior to the LENS
analysis, we computed the redox potential UOH for the OH reduc-
tion reaction, OH∗ + H+ + e− → ∗ + H2O, where ∗ denotes a
surface site. The calculation was performed using an MLFF-aided
FP-TI scheme based on finite-temperature MD calculations. De-
tails of this method are described in Section S4 of the SI and in
Refs.15,37–40. Here, we briefly outline the approach. This approach
yields the reaction free energy ∆A by integrating the derivative of
Hamiltonian ⟨∂H/∂λ ⟩λ along a coupling path λ from the reactant
state at λ = 0 to the product state at λ = 1 using MLFFs. Owing
to its high computational efficiency, the MLFF approach enables
statistical sampling over timescales of tens of nanoseconds, which
is necessary to achieve satisfactory convergence of the reaction
free energy38. However, MLFFs deviate from FP potential en-

ergy surfaces (PESs) due to incomplete descriptions of short-range
interactions and the neglect of long-range interactions. These defi-
ciencies can be systematically corrected by performing an additional
TI from the MLFF to the FP-PES. Although this second TI step
requires computationally demanding FPMD calculations, the ener-
getic differences between the MLFF and FP descriptions are small
(see Section S6 in the SI). As a result, the free energy difference
between the two methods converges within a few picoseconds. To
make the FPMD calculations feasible, it was necessary to employ
a relatively small interfacial model, specifically a system consisting
of 48 water molecules corresponding to a concentration of 1.2 mol
·L−1 (see Section S5 in the SI). Although this concentrated aqueous
environment may limit direct quantitative comparison with exper-
imental results obtained at 0.1 mol ·L−1, the two-step TI scheme
corrects potential errors inherent in the MLFF while accounting
for nanosecond-scale solvent reorganization dynamics, thereby en-
abling accurate determination of FP free energy differences.

The effects of three alkali cations, Li+, K+, and Cs+, on UOH

were examined using TI calculations. As a diffuse limit of the
cation distribution, the same calculations were also performed for
a system containing a homogeneous background charge instead of
explicit cations. Following the TI calculations, LENS was applied
to visualize the interactions arising from the cations.

Figure 1 shows the computed interfacial redox potential UOH as
a function of the Shannon radius of the cation, rion

41. For com-
parison, the redox potential UOH obtained for a system containing
a homogeneous positive background charge instead of an explicit
cation is also shown. The redox potential UOH follows the order
Li+ < K+ < Cs+ ≈ background charge, indicating a decrease in
OH∗ stability with increasing cation size. This observation matches
with the experiment22. Another notable feature is the strong cor-
relation between UOH and the interfacial cation diffusion coefficient
Dint (see Section S7 of the SI). As Dint increases, UOH approaches
the value for a diffusive homogeneous background charge. This
trend suggests that smaller cations are trapped near OH∗ through
attractive interactions and stabilize OH∗. The localization of small
cations is evident from the distributions shown in Fig. 2. The radial
and three-dimensional concentration distributions indicate that Li+
incorporates the O atom of OH∗ into its first hydration shell and
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preferentially resides near the adsorbate, whereas the corresponding
peak is significantly weaker for K+ and Cs+. None of the cations
directly contact the Pt(111) surface; water molecules or OH∗ al-
ways separate them from the surface, consistent with FP structure
optimizations by Greeley et al.22

Bader charge42 and electronic structure analyses show that OH∗
is stably negatively charged via electron donation from Pt 5d to
O 2p orbitals43, while the cations remain close to +1e, indicat-
ing that the interaction is predominantly electrostatic (see Fig. 1
and Section S8 in the SI). Although the kernel-based MLFF does
not explicitly include long-range interactions, their effects are ef-
fectively incorporated into short-range interactions within the cut-
off radius—such as the cation-OH∗ distances considered in this
study—and are reproduced for the same system used in training
within the deviations reported in Fig. S2.

All of the above results suggest that smaller cations interact
attractively with OH∗ and stabilize it. Additional insight for this
interaction is obtained from the LENS analysis. Figures 3 (a)-
(c) visualize the functional derivative δEi/δρi(r). Here, we focus
on the three-body angular distribution involving H atoms, the O
atom in OH∗, and a cation X+ (X = Li, K, or Cs). The relative
coordinate r is defined by the distance r between H and O, the
distance s between X+ and O, and the angle θ = ̸ HOX. In Fig. 3,
the angle is fixed at 110 °, which is close to the direction of the sp3

orbital of the central O atom and corresponds to a region where the
functional derivative takes a low value. The LENS analysis reveals
a distinct, highly localized negative response of Ei to increasing
ρi at r ≈ 1 Å and s ≈ 2 Å for Li+, a broader negative response
centered at r ≈ 1 Å and s ≈ 3 Å for K+, and an more diffuse
and weaker negative response around r ≈ 1 Å and s ≈ 3.5 Å for
Cs+. Notably, the variational response appears deeper for K+.
However, the negative peak is spatially delocalized, leading to a
correspondingly delocalized distribution of K+ (Fig. 2 and Section
S9 in the SI) and a reduced stabilizing contribution to OH∗. A
rough linear-response estimate of the local energy change, ∆E lin

i =∫
(δEi/δρi)ρidr, shows that Li+ stabilizes OH∗ more strongly than

K+ [Fig. 3(d)]. Although the magnitude of this local energetic
response differs from the change in UOH, which reflects the free-
energy difference of the entire system, and the difference between
K+ and Cs+ cannot be resolved within this approximation, the
LENS analysis nevertheless captures key features of the attractive
interaction between OH∗ and small cations.

In summary, our MLFF-aided TI scheme combined with the inter-
action visualization method LENS shows that small alkaline cations
are trapped by OH adsorbed on Pt(111) in water and stabilize
this interfacial species via attractive interactions, consistent with
experiments22. Notably, the kernel-based representation of inter-
atomic interactions, which does not explicitly encode physical laws,
learns from FP data to capture the attractive interaction between
small cations and OH without human intervention. Furthermore,
LENS reveals information beyond the total-energy summation in
Eq. (4) by decomposing atomic energy contributions in terms of
local species distributions. These results show that MLFFs com-
bined with LENS can non-empirically identify species that stabilize
or destabilize atoms or atomic groups in complex heterogeneous
environments, highlighting their potential for materials design.

Data availability
The data supporting this article have been included as part of the
supplementary information (SI). The supplementary information in-
cludes derivation of Eq. (5), details of models and computational
procedures. The data and LENS code used for this work are pro-
vided in a zipped file to facilitate reproduction of the results. See
DOI: ***.
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