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Machine-learning-driven integrated probing of oxygen-vacancy 
distribution and ionomer morphology in iridium oxide catalyst–
ionomer nanocomposite electrode for water electrolyzer 
Yerin Jeon,a† Sang-Hyeok Yang,a† Hyeon-Ah Ju,a† Kwanhong Park,b† Wooseon Choi,a Daehee Yang,a 
Hakjoo Lee,c Dami Lim,c Shin Jang,c Jaekwang Lee,b* Jae-Hyeok Kimc* and Young-Min Kimad*

Tuning the oxygen vacancy (Vo) content and spatial distribution of the ionomer in IrO2-x–ionomer nanocomposite electrodes 
is a crucial strategy for developing stable and efficient water electrolyzers. This underscores the necessity of developing a 
methodology capable of jointly mapping the Vo and ionomer distributions with high spatial resolution. However, 
simultaneously visualizing and quantifying these two critical features in heterogeneous nanocomposite systems remains 
challenging. Exploiting the advantages of scanning probe-based electron energy-loss spectroscopy spectrum imaging (EELS 
SI) for identifying defect states and chemical phases on the nanoscale, we propose an efficient machine-learning-driven 
electron spectroscopic method for mapping the Vo and ionomer distributions over IrO2-x–ionomer nanocomposites at high 
resolution. Integrating spectroscopic imaging and machine learning offers a novel solution for disentangling overlapping 
spectral features in complex nanocomposites. Based on the high-throughput data processing of large EELS SI datasets, our 
approach allows statistical assessment of the degrees of Vo homogeneity and ionomer coverage in the IrO2-x–ionomer 
composite electrode. We found that the local Vo concentrations are closely related to the degree of local ionomer coverage 
over the IrO2-x catalyst particles. This suggests that the surface charge density altered by Vo directly affects the electrostatic 
interactions governing ionomer adsorption. Because this machine-learning-driven EELS SI method is optimized for grouping 
and classifying C K- and O K-edges from unsupervised classes, it can be widely used as an efficient tool for characterizing the 
Vo distribution and differentiating carbon-based chemical phases in various vacancy-tailored oxide catalyst–ion-conducting 
polymer electrodes.

Introduction
In the development of high-performance proton-exchange 
membrane water electrolyzers (PEMWEs) that split water into 
hydrogen and oxygen using electricity, iridium oxide (IrO2) is 
considered one of the most active catalysts and remains stable 
under acidic conditions in the oxygen evolution reaction (OER).1, 

2 Continuous research efforts have been dedicated to improving 
the slow kinetics of the OER and sluggish material transport 
within catalyst-coated membranes (CCMs), which present 
significant challenges for the efficient operation of PEMWEs.3, 4 
To achieve higher hydrogen production rates, enhancing the 
OER activity of IrO2 catalysts (or Ir-based alloys/compounds) is 
an issue that needs to be addressed, as commercialized 

PEMWEs still require substantial use of Ir-based OER catalysts.5-

7 As the OER performance of IrO2-based nanomaterials is closely 
tied to the surface atomic arrangements and related defect 
densities therein,7-11 modifying the surface/interface atomic 
arrangements and controlling the atomic defect concentrations 
while maintaining their lattice structures have been adopted as 
effective strategies for tailoring electronic configurations to 
improve catalytic performance.12-21 

When oxygen vacancies (Vo) are created within IrO2, 
resulting in IrO2-x, the overpotential for the acidic OER can be 
reduced by modulating the Ir d orbital states, which is favorable 
for enhancing the OER performance.20, 22, 23 Thus, balancing the 
Vo content and lattice structure stability of IrO2-x provides 
insight into the Vo-mediated charge–lattice coupling effect and 
relevant electronic structure reconfiguration,20, 24-26 helping to 
establish strategies for developing more active and durable 
catalytic materials with reduced use of noble metals, such as Ir. 
The anode layer in the PEMWE is a composite of IrO2-x and an 
ionomer with a porous morphology.27 An ionomer is a 
specialized polymer that conducts ions while maintaining its 
structural integrity, thanks to ionic functional groups attached 
to the polymer backbone chain. In the use of the catalyst inks of 
IrO2-x blended with an ionomer (Nafion® in this case) to prepare 
membrane electrode assemblies (MEAs) of PEMWEs via the 
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CCM method, the morphological distribution of the ionomer, 
describing how it coats the catalyst particles, is a crucial 
parameter in optimizing the electrochemical performance of 
PEMWE electrodes.28-31 Thus, the morphology of ionomers 
decorating IrO2-x catalytic particles must be visualized and 
measured for efficient interface engineering of the IrO2-x 
catalyst–ionomer composite.32 

(Scanning) transmission electron microscopy ((S)TEM) 
accurately captures not only the atomic arrangement (crystal 
structure) of metal-oxide catalysts such as IrO2-x nanoparticles 
but also their morphological distribution with high precision.13, 

17, 33 However, this imaging method is typically unable to detect 
oxygen vacancies within the IrO2 crystal lattice, and 
simultaneously imaging carbon-based ionomers and catalyst 
particles is challenging because of the relatively weak scattering 
of the ionomer under an electron beam. In this respect, 
nanoscale electron energy-loss spectroscopy (EELS) mapping of 
the O K- and C K-edges can be an alternative analytical method. 
However, EELS spectrum imaging (SI) analysis based on a few 
samples raises questions regarding the statistical significance of 
the results despite providing high-resolution information on the 
nanoscale phase distribution of the sample. Furthermore, 
conventional digital fitting using the multiple linear least 
squares (MLLS) algorithm to interpret EELS SI data can often 
misclassify the spatial distributions of chemical phases because 
it relies on high-quality references and sensitivity to 
experimental conditions.34, 35

Hence, a reference-free data processing approach based on 
a large EELS SI dataset must be established to address these 
concerns. From an experimental viewpoint, radiolytic damage 
to a sample is another concern because prolonged electron-
beam irradiation is required to acquire interpretable chemical 
mapping data36. This unfavorable damage phenomenon can 
cause the artificial generation of oxygen vacancies inside the 
IrO2-x nanoparticles and mass loss (or morphological distortion) 
of ionomers, leading to misleading interpretations. Therefore, 
an appropriate experimental strategy must be devised to 
prevent unwanted sample damage and ensure measurement 
accuracy. 

In this study, we propose a machine-learning-driven 
chemical-mapping method based on a large EELS SI dataset of 
O K- and C K-edges to probe the morphological distributions of 
Vo and ionomers in IrO2-x catalyst–ionomer composite 
electrodes with statistical significance. Using the machine-
learning capability of reference-free clustering of the EELS 
spectra with contextual relationships, two distinctive phases of 
IrO2-x with Vo and an ionomer decorating the catalyst particles 
in the electrode were reliably visualized. As the O K-edge profile 
is sensitive to the degree of Vo concentration,12, 16, 25, 37, 38  a 
series of O K EELS spectra were simulated using density 
functional theory (DFT) calculations to examine the variation of 
the O K-edge shape as a function of the Vo content in the IrO2-x 
structure. The results indicated that the intensity ratio of t2g to 
eg peaks gradually decreased from the reference state of 
stoichiometric IrO2 as the Vo content increased. This decreasing 
trend in the t2g/eg peak ratio was used as a scaling curve to 
obtain a Vo distribution map from the experimentally measured 

t2g/eg peak ratios for all the O K spectra. In parallel, machine-
learning clustering of the C K-edges was conducted to 
determine how the ionomers decorated the IrO2-x catalyst 
particles. By applying the two parallel machine-learning agents 
for interpreting O K- and C K-edges to a large EELS SI dataset, a 
statistically meaningful analysis of the Vo distribution in the IrO2-

x catalyst particles and the morphological distribution of 
ionomers was achieved without human bias in data 
interpretation. This machine-perspective EELS SI data 
processing technique can clarify the effects of the vacancy 
distribution inside the catalysts and the interfacial morphology 
of ionomers on water electrolysis properties, which are vital for 
the efficient engineering of high-performance OER electrodes. 

Experimental
Fabrication of iridium oxide–ionomer composite electrode 

Rutile iridium(IV) oxide (043396, Alfa Aesar) was used as the 
electrocatalyst. The catalyst ink was prepared by dispersing the 
catalyst in a 1:1 (w/w) mixture of water and 1-propanol, followed by 
the addition of a Nafion dispersion (D2021) to achieve an ionomer-
to-catalyst (I/C) weight ratio of 0.2. The slurry was ultrasonicated for 
15 min, mixed, and homogenized via magnetic stirring at 400 rpm for 
30 min. After mixing, the catalyst layer was coated onto a 
polyethylene naphthalate substrate using an adjustable film 
applicator. The catalyst layer was dried in an oven at 80 °C for 2 h.

TEM sampling and EELS SI experiment

To prepare TEM samples for STEM EELS analysis, IrO2-x catalyst–
ionomer composite samples were dispersed in deionized water via 
bath sonication and drop-cast onto lacey carbon support or 
graphene/lacey carbon support TEM grids, followed by drying at 
60 °C. The morphologies and atomic structures of the prepared 
samples were analyzed in the annular dark-field (ADF) STEM imaging 
mode using an aberration-corrected transmission electron 
microscope (JEM-ARM200CF, JEOL Ltd.) operating at 80 or 200 kV 
with a probe current of 40 pA. For ADF STEM imaging, the collection-
angle range of the ADF detector was set to 45–180 mrad, and the 
probe convergence semi-angle was ~24 mrad. Core-loss EELS SI 
datasets for chemical mapping of the C K-edge and O K-edge were 
simultaneously acquired in the same sample regions in the ADF STEM 
mode using a GIF Quantum ER 965 spectrometer (Gatan, Inc.). The SI 
acquisition was conducted with a scan step size of 3 nm/pixel, a dwell 
time of 0.5 s/pixel, and an energy dispersion of 0.1 eV/channel. The 
mapping resolution of the SI was set to 50 × 50 pixels, corresponding 
to a field of view of 150 × 150 nm2.

DFT calculations and O K EELS simulations

The calculations were performed using DFT within the projector-
augmented wave (PAW) formalism,39 as implemented in the Vienna 
Ab initio Simulation Package (VASP).40 The exchange-correlation 
effects were treated using PBEsol functionals.41 The plane-wave 
energy cutoff was set to 400 eV. A (110) slab model containing 60 Ir 
and 120 O atoms was used. The slab consisted of five atomic layers 
and a vacuum region of approximately 10 Å in the z-direction. The 
bottom three layers were fixed, whereas the top two layers were 
allowed to relax. All structural relaxations were performed with an 
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energy-convergence criterion of 10-6 eV/cell and force convergence 
of 10-2 eV/Å. A Gamma-centered 1 × 1 × 1 k-point mesh was used for 
relaxation, and a 2 × 2 × 1 mesh with the tetrahedron method42 was 
used for density of states calculations. To further ensure that the 
theoretical results are reliable and quantitatively meaningful, we 
performed additional DOS calculations using higher cutoff energies 
of 450 and 500 eV, and the results are provided in the Supporting 
Information (Figure S1). The overall DOS features remain essentially 
unchanged compared to those obtained at 400 eV, supporting the 
qualitative robustness of our conclusions. To obtain the O K near-
edge structure spectra of defective IrO2-x, the surface oxygen atoms 
were systematically removed in pairs to generate a series of 
configurations ranging from Ir60O120 to Ir60O108 slabs. O K-edge 
simulations were performed by calculating the dielectric function 
using the supercell core-hole method.43 The imaginary part of the 
dielectric function in the long wavelength limit (q=0) is proportional 
to the absorption intensity.

𝜖2
𝑎𝛽(𝜔) =

4𝜋2𝑒2ℏ4

Ωω2𝑚2
𝑒 𝑐,𝑘

2𝜔𝑘𝛿(𝜖𝑐𝑘 ― 𝜖𝑐𝑜𝑟𝑒 ― 𝜔) ×  𝑀𝑐𝑜𝑟𝑒→𝑐𝑘
𝛼 𝑀𝑐𝑜𝑟𝑒→𝑐𝑘∗

𝛽 

EELS SI data processing using machine learning

To process the experimental C K EELS SI dataset using machine-
learning algorithms, the energy-loss window was set to 270–330 eV 
to isolate the C K-edge region after removing irrelevant spectral 
regions, which increased the processing efficiency and accuracy. 
Additionally, stride binning by a factor of two was applied along the 
spatial dimensions to reduce data volume and enhance signal 
quality. The machine-learning workflow for C K EELS of ionomer 
mapping consists of two main steps: dimensionality reduction and 
clustering. For dimensionality reduction, non-negative matrix 
factorization (NMF) was applied to decompose the data into additive 
and non-negative components, which are suitable for the physical 
interpretability of spectral data.44 The decomposed components 
were subjected to K-means clustering to partition the spatially 
correlated spectral feature components. Among the grouped 
spectral components, the spectral feature components of k ≤ 3 were 
selected because the first three components reflected the physically 
meaningful morphologies of the IrO2-x catalyst particles, ionomers, 
and graphene overlayer of the TEM sample. NMF was initialized using 
the non-negative double singular value decomposition (NNDSVD) 
method, and convergence was monitored via the Frobenius norm of 
the residual matrix with a relative tolerance of 10⁻⁴ and a maximum 
of 20,000 iterations. For K-means clustering, k-means++ initialization 
was employed with ten independent restarts (ninit = 10) and an 
absolute tolerance of 10⁻⁴ over a maximum of 1,000 iterations to 
confirm cluster stability. Subsequently, segmentation maps of the 
three components were generated via binarization to evaluate their 
areal distributions. Background subtraction is generally applied 
before subsequent data interpretation as a preprocessing treatment 
for EELS SI data. However, background subtraction was not 
implemented in this case, because the most abundant feature (or 
variance) regarding the overall particle morphology was lost (Figure 
S2). Specifically, power-law background subtraction redistributed 
the pre-edge spectral intensity and reduced the weight of the 
morphological variance, causing the first-ranked NMF component to 
no longer correspond to the overall particle shape and displacing the 

ionomer-associated component to a physically irrelevant position 
(Figure S2b). Retaining the background-inclusive data, therefore, 
preserved the hierarchical ordering of the three principal chemical 
phases necessary for reliable ionomer identification.

To analyze the O K EELS SI dataset, 2 × 2 stride binning was 
applied to reduce the data volume and enhance the signal quality. 
Subsequently, principal component analysis (PCA) was employed to 
denoise the spectral data by truncating high-order spectral 
components (k ≥ 4 in this case) from the binned EELS SI dataset, after 
confirming that the reconstructed data preserved the key spectral 
features of the ionomer and graphene components. Background 
subtraction was performed by fitting the pre-edge region to a power-
law model using linear regression. Background fitting was performed 
over a user-defined energy window (ΔE = 28 eV) at 3 eV, preceding 
the onset (532 eV) of the O K-edge. The resulting fit was then 
extrapolated and subtracted from the entire spectrum to isolate 
edge-related signals. To facilitate accurate identification of the A and 
B peaks, which correspond to transitions into the unoccupied t₂g and 
eg states of the metal–oxygen coordination environments, 
respectively, the spectra were smoothed using the Savitzky–Golay 
filtering algorithm with a window length of 21 and polynomial order 
of 2. In this process, peak B is defined as the global maximum within 
the post-edge region, whereas peak A is identified as a local 
maximum or saddle point in the pre-B region, where the absolute 
value of the first derivative reaches a local minimum. This derivative-
based fitting approach allows consistent and reproducible estimation 
of the A/B intensity ratio16,22, facilitating further comparison and 
interpretation.

All spectral data were collected exclusively from IrO2-x–ionomer 
composite samples prepared in-house; no external datasets were 
used. Each SI dataset comprised 50 × 50 spatial pixels with 
simultaneous C K- and O K-edge spectra at each position, yielding 
approximately 175,000 spectra per ionization edge across the full 
ensemble of more than 70 datasets. Since NMF, PCA, and K-means 
are unsupervised algorithms that operate directly on experimental 
spectra without labelled examples, conventional training/testing 
split procedures are not applicable. The performance is instead 
evaluated by the physical interpretability of the decomposed 
components and the spatial coherence of the resulting maps. The 
machine-learning workflow for this study was designed using the 
Python-based Scikit-learn library, and the source code is available on 
GitHub (https://github.com/SKKU-STEM/ESICharWE).

Results and discussion
Microstructure and spectroscopic characterization of IrO2-x–
ionomer composite

The typical morphology of the IrO2-x–ionomer composite prepared 
for TEM analysis is shown in Figure 1a. An ADF STEM image captured 
at low magnification revealed that the iridate particles in the 
composite were severely agglomerated, exhibiting a wide range of 
sizes from several nanometers to approximately 80 nm. Interestingly, 
statistical measurement revealed that the sizes of the IrO2-x particles 
exhibit a bimodal distribution, with distinctive sizes of 6.8 ± 4.8 and 
15.8 ± 15.2 nm (Figure S3). A weak contrast appearing around the 
edges of the agglomerated particles indicated the presence of an 
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ionomer decorating the iridate particles (see the arrow denoting the 
ionomer part). However, obtaining a holistic view of the mixing of 
conducting ionomers with iridate catalyst particles is challenging. In 
particular, the difficulty of discernibility worsens when the sample is 
on a carbon support. Atomic-scale ADF STEM imaging of the iridate 
particles oriented in the [011] and [131] directions indicated that the 
crystal structure was rutile, and the atomic models of the rutile 
lattices with these orientations confirmed the STEM observations 
(Figures 1b and 1c). To distinguish the ionomer component from 
carbon, the spectral features of the C K-edge profile were examined 
using EELS, because the near-edge structure of the C K-edge is 
sensitive to chemical phases with different bonding attributes of 
carbon-based compounds or composites. In a recent study, the C K-
edge profile of an ionomer exhibited a characteristic spectral peak at 
~288 eV, corresponding to the C 1s–π* transition associated with 
C=O or C–OH bonds in ionomer polymeric chains.45 This peak is 
distinguished from π* and σ* peaks (denoted by C1 and C3, 
respectively), which are mainly associated with C=C sp2 and C–C sp3 
bonds, originating from the C-support and graphene protection 
overlayer. Indeed, we observed a characteristic peak at 
approximately 288 eV in the C K-edge profile obtained for the 
ionomer part of the composite sample (denoted as C2 in Figure 1d). 
Thus, the distinguished C2 peak at ~288 eV can be used as a 
characteristic spectral signature to probe the ionomer morphology 
in the composite sample. To map the ionomer distribution in IrO2-x–
ionomer composites, MLLS fitting is typically used because it can 
differentiate the local distribution of different chemical phases from 
the EELS SI data.46,47 In this fitting process, the local phase spectra are 

represented as components with distinct linear coefficients, and the 
total spectrum is obtained by a linear combination of the local 
spectra. Hence, this method requires manually assigned reference 
components for linear fitting to obtain fit-coefficient maps. Given 
this requirement for manual input, the fidelity of the method is often 
not guaranteed, because the fitting results depend on the selected 
position-specific reference spectra, and the output data become 
unreliable when the difference among the local component spectra 
is subtle, as in the case of the C K-edge of the ionomer (Figure S4). 
Machine-perspective data processing can be a solution to avoid data 
distortion caused by human bias when selecting reference spectral 
components. 

In rutile IrO2, six oxygen atoms are coordinated around the 
iridium cation, creating IrO6 octahedral channels along the c-axis. The 
octahedral crystal field splits the Ir 5d orbitals into lower-energy (t2g) 
and higher-energy (eg) bands, resulting in a partially filled band in the 
t2g orbitals, which is considered the fundamental basis for its intrinsic 
metallic conductivity.48 When a Vo is created in the lattice, the Ir 
cations become unsaturated, leading to local distortions in the bond 
configuration, which result in different geometric and electronic 
environments. Thus, the increased number of undercoordinated 
sites with increasing Vo content imposes the combined effects of 
electronic perturbations and geometric changes, which typically act 
as loci for improved catalytic activity.49 Despite the benefits of 
improving catalytic performance, the catalytic activity and stability of 
iridium oxide in acidic media often exhibit an inverse relationship, 
and rutile IrO2 is degraded during the OER.50,51 Furthermore, the 
lattice oxygen in rutile IrO2 participates in the dynamic exchange 

Fig. 1 Typical structural and chemical features of the IrO2-x–ionomer composite for the PEMWE electrode. (a) Low-magnification ADF STEM image of the IrO2-

x–ionomer composite sample supported on a C-support TEM grid. (b, c) Atomic-scale ADF STEM images of the rutile IrO2-x nanoparticles aligned to the [011] 
and [131] orientations. (d) Comparison of O K EELS spectra obtained from ionomer and C-support regions. (e) Comparison of O K EELS spectra obtained from 
O-deficient IrO2-x and stoichiometric IrO2 particles in the sample. 

IrO2-x

C support

Ionomer

Rutile [131]

Exp. Sim.

200 nm

ADF
a

C K

Ionomer-rich

C support

b c

280
Energy loss (eV)

290 300

Rutile [011]1 nm 10 1/nm 10 1/nm

011

200

211

101

211
310

Rutile [011]

1 nm

Rutile [131]

O K
d e

535530 540 545
Energy loss (eV)

IrO2

IrO2-x

Vo

A (t2g)
B (eg)

C1

C3

310

Ir O

Ir O

C2

Page 4 of 14Journal of Materials Chemistry A

Jo
ur

na
lo

fM
at

er
ia

ls
C

he
m

is
tr

y
A

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

4 
A

pr
il 

20
26

. D
ow

nl
oa

de
d 

on
 4

/1
5/

20
26

 8
:3

9:
09

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D5TA08480F

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ta08480f


Journal Name  ARTICLE

This journal is © The Royal Society of Chemistry 20xx J. Name., 2013, 00, 1-3 | 5

Please do not adjust margins

Please do not adjust margins

process under various OER conditions.50 Therefore, a method that 
can reliably visualize and monitor the formation and annihilation of 
Vo during the OER is needed to evaluate the effects of Vo on the 
catalytic performance and stability of oxide catalysts. To probe the 
Vo distribution in the IrO2-x catalyst particles, the O K-edge profiles of 
the stoichiometric and oxygen-deficient iridate catalysts were 
compared, because the O K EELS spectrum reveals the electronic 
structure of the hybridized O 2p-Ir 5dt2g and eg orbitals in IrO2 and its 
profile sensitively changes in response to the Vo content in the 
lattice.12,52 Moreover, it delivers distinguishable information on the 
atomic structures of amorphous and hollandite-type IrOx and rutile-
type IrO2 phases because they have different orbital hybridization 
profiles at the O K-edge.53 Figure 1e shows the experimental O K-
edge profiles of stoichiometric IrO2 and oxygen-deficient IrO2-x. The 
experimental O K EELS spectra of the two samples exhibit a 
characteristic doublet profile featured by peaks A (~531.3 eV) and B 
(~534.4 eV) with an energy difference of ~3 eV, which stems from the 
transition to hybridized empty states of 2p–Ir 5dt2g and eg orbitals. 
The results indicate that peak A (associated with t2g orbitals) of the 
oxygen-deficient IrO2-x was higher than that of the reference IrO2, 
resulting in an increase in the A/B ratio. The increased intensity of 
peak A originates from the fact that the two electrons associated 
with the neutral Vo can contribute to the conduction band or localize 
to adjacent Ir sites, increasing the density of states near the Fermi 
level. This result suggests that we can obtain useful information on 
the distribution of Vo over the IrO2-x catalyst particles by measuring 
and mapping the A/B ratios of site-specific O K-edges over the sample.

To investigate how the A/B ratio in the O K-edge fine structure of 
IrO2 responds to varying Vo concentrations, we performed DFT 
simulations using a series of slab models with progressively reduced 
oxygen contents, ranging from stoichiometric Ir60O120 to Ir60O108 

(corresponding to 10% oxygen deficiency) (Figure 2). Surface oxygen 
atoms were systematically removed in pairs to generate these 
configurations, as illustrated in Figure 2a (left). The density of states 
was calculated for stoichiometric IrO2 and oxygen-deficient IrO2-2x 
with x = 0.02 (2% Vo), and x = 0.1 (10% Vo), as shown in Figure 2a 
(right). The pristine IrO2 (110) slab exhibited metallic behavior, which 
persisted across all Vo concentrations. From the O K-edge simulations 
of the defective IrO2-2x, the most distinct spectral evolution was a 
gradual increase (Figure 2b (right)) and eventual saturation of the 
A/B peak intensity ratio with increasing Vo content (Figure 2b (left)), 
which was used to scale the measured A/B ratio map to the Vo 
distribution map. The energy separation between peaks A and B (ΔEB-

A) remains constant at approximately 2.1 eV across the entire range 
of oxygen vacancy concentrations (Figure 2b (left)).

Scheme of machine-learning-driven EELS SI characterization

To address the need to establish an efficient methodology for 
simultaneously probing the Vo content in IrO2-x catalyst particles and 
the morphological distribution of decorated ionomers, we employed 
two independent machine-learning agents combined for parallel 
data processing of the EELS SI dataset of O K- and C K-edges. The EELS 
SI dataset was acquired in the form of a 3D data cube in which every 
pixel in a 2D STEM image of the sample contained a position-specific 
1D spectrum. The workflow of our machine-learning-driven process 
is shown in Figure 3 and consists of three steps. First, the 
experimentally acquired EELS SI dataset for the IrO2-x–ionomer 
composite sample was preprocessed via plural scattering 
deconvolution to remove the thickness-dependent multiple 
scattering effect, whereby thickness variations over the 
agglomerated particles induced artificial changes in the O K- and C K-

Fig. 2 DFT modeling of oxygen-deficient defective IrO2-2x and O K-edge simulations. (a) (left) Atomic structures illustrating increasing oxygen vacancy 
concentration (Vo), from stoichiometric IrO2 to defective IrO2-2x (x = 0.1), and (right) the density of states for stoichiometric IrO2, IrO2-2x with x = 0.02 (2% Vo), 
and x = 0.1 (10% Vo). (b) (left) Normalized O K-edge spectra for IrO2-2x with varying Vo concentration. (right) The A/B intensity ratio as a function of Vo 

concentration. Green and red spheres denote Ir and O atoms, respectively. 
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edge intensities regardless of the actual content. A numerical 
treatment using min-max normalization was applied to the 
deconvoluted O K- and C K-edge signal components to prepare them 
for machine-learning data processing. 

For the morphological distribution analysis of ionomers using C K 
EELS SI data, NMF44 and K-means clustering54 were employed to 
redistribute all the position-registered C K-edges into a low-
dimensional latent space and group similar C K-edges, which were 
determined by the Euclidean distances among the spectral features 
scattered into a low-dimensional space. Because NMF is capable of 
extracting contextually related spectral features from 
multidimensional EELS SI data with non-negative constraints,33,55 
NMF-based feature classification can precisely discriminate 
individual spectra in EELS SI data with the complexity of overlapping 
or proximity in the real space of observation. We expected the 
following K-means clustering to provide the advantages of increased 
accuracy in identifying the spatial distribution of the ionomer phase 

and enhanced interpretability of the results in the EELS SI analysis of 
IrO2-x–ionomer samples. This is because categorized clusters are 
associated with different regions or chemical phases in the sample, 
and physically meaningless clusters, such as noisy spectral data, can 
be ruled out during the process. Furthermore, this clustering process 
is relatively simple and computationally efficient, making it suitable 
for analyzing large EELS SI datasets for statistical evaluation. 

In contrast to the C K-edges exhibiting different spectral profiles 
between the ionomer and carbon support, the shape difference in 
the O K-edges of many oxides with or without Vo is usually 
insignificant because the Vo content in oxides is small, at the level of 
a few percent. On the other hand, the relative t2g/eg peak ratio in the 
O K-edge profile is sensitive to changes in the Vo content.12,13,56 Thus, 
precise measurement of the subtle variations in the peak ratio across 
all O K-edge spectra is crucial for probing the Vo distribution in oxide 
samples. This requires a high-quality O K-edge with the splitting of 
the t2g/eg doublet for reliable measurement. To this end, we utilized 

Fig. 3 Concept of a three-step workflow for machine-learning-driven analysis of the O K and C K EELS SI dataset of the IrO2-x–ionomer composite electrode. 
(a) Step 1: Experimental acquisition and preprocessing of the C K and O K EELS SI datasets. (b) Step 2: Parallel machine-learning data processing for individual 
C K and O K EELS SI datasets with different processing algorithms. (c) Step 3: Generation of the composite map of ionomer and Vo distributions over the 
sample, allowing statistical evaluation of the ionomer coverage, Vo concentration gradient, and geometric two-parameter correlation. 
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a PCA algorithm to remove the low-variance components of 
physically meaningless spectral features from the experimental EELS 
SI data of the O K-edge, thereby increasing the signal-to-noise ratio 
of the O K-edges. After the denoising process, we applied Gaussian 
fitting to extract t2g and eg (hereinafter denoted as A and B, 
respectively) peaks from all the denoised O K-edge spectra of the 
EELS SI, subsequently obtaining an A/B ratio map. Note that the 
power-law-dependent backgrounds should be subtracted from the 
input O K EELS SI data to make the Gaussian fitting more reliable, 
which is a different requirement for input data preparation from the 
case of C K EELS SI. We also prepared a scaling curve describing the 
change in the A/B ratio as a function of the Vo content via systematic 
DFT modeling. Using this scaling curve, the A/B ratio map was 
converted into a Vo distribution map via a code-based computation 
routine. In the last step, we generated a combined map of the two-
phase areal distribution of the IrO2-x–ionomer and the Vo distribution 
in the IrO2-x nanoparticles. The obtained composite map 
simultaneously visualizes the morphological distribution of the 

ionomers on the IrO2-x catalysts and the extent to which Vo is 
populated. Moreover, automated data processing for a large EELS SI 
dataset of the IrO2-x–ionomer composite sample allowed the 
evaluation of the ionomer coverage, Vo concentration gradient, and 
geometric two-parameter correlation with statistical significance. 
This information enabled us to obtain valuable data-driven insights 
into establishing a reliable testbed for composite materials and an 
engineering strategy for developing high-performance catalytic 
electrodes for PEMWEs.

Electron-beam-induced damage-free EELS SI data acquisition

Iridium oxides suffer from electron-beam-induced damage due to 
knock-on displacement or radiolysis caused by high-energy electron-
beam irradiation.57 The pristine lattice structure of iridium oxide is 
readily reduced to iridium metal because of the knock-on effect, 
whereby oxygen atoms are physically sputtered from the lattice. This 
unfavorable effect can be mitigated by reducing direct momentum 
transfer to the atoms when the accelerating voltage of the electron 

Fig. 4  Examination of electron-beam-induced oxygen-vacancy generation. (a–c) Morphologies of three IrO2-x samples prepared using a lacey carbon support 
and graphene overlayer, which were observed under accelerating voltages of 200 and 80 kV, respectively. The leftmost figures schematically describe the 
TEM samples prepared for STEM EELS SI analysis. (d) Profiles showing the temporal changes of A/B peak ratios in O K EELS spectra of the IrO2-x TEM samples 
under electron beams accelerated at 200 or 80 kV at the dose rate of 2.78 × 107 e-/s·nm2. (e, f) First two consecutively acquired A/B ratio maps for the bare 
IrO2-x and the IrO2-x protected by the graphene overlayer, respectively. (g, h) Comparison of the histograms of the A/B peak ratios between the first and 
second acquisitions of the O K EELS SI for the bare IrO2-x and the graphene-protected IrO2-x particles. Note that the A/B ratio of the bare IrO2-x was increased 
after the second acquisition, whereas the one protected by the graphene overlayer remained almost unchanged.

Page 7 of 14 Journal of Materials Chemistry A

Jo
ur

na
lo

fM
at

er
ia

ls
C

he
m

is
tr

y
A

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

4 
A

pr
il 

20
26

. D
ow

nl
oa

de
d 

on
 4

/1
5/

20
26

 8
:3

9:
09

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D5TA08480F

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ta08480f


ARTICLE Journal Name

8 | J. Name., 2012, 00, 1-3 This journal is © The Royal Society of Chemistry 20xx

Please do not adjust margins

Please do not adjust margins

beam is lowered. Nonetheless, the radiolytic bond breakage arising 
from the ionization of bonding electrons can drive oxygen loss in the 
rutile lattice, leading to the artificial generation of oxygen vacancies. 
Indeed, when the IrO2-x sample was exposed to a 200 kV electron 
beam, oxygen vacancies were immediately generated at a high rate 
(Figure 4a and green curve in Figure 4d), and rutile IrO2-x was 
subsequently reduced to iridium metal (Figure S4). By reducing the 
accelerating voltage to 80 kV, the threshold time to trigger radiolysis-
induced vacancy generation was extended to ~127 s at the same 
dose rate of 2.78 × 107 e-/s·nm2 (Figure 4b and light blue curve in 
Figure 4d). However, this endurance to electron-beam irradiation is 
insufficient for obtaining damage-free STEM SI datasets of the C K- 
and O K-edges of the IrO2-x–ionomer composite sample, because 

obtaining a STEM SI dataset requires > 20 min for this acquisition 
condition, which corresponds to a total electron dose of 3.43 × 1010 
e-/nm2.

To address this issue, we utilized a graphene-supported TEM grid 
for sample preparation. Graphene overlayers with high in-plane 
thermal and electrical conductivities are known to confer effective 
protection against electron-beam-induced damage in oxide catalysts 
and other nanomaterials.58,59 The primary protective mechanism is 
charge dissipation. Prolonged electron irradiation accumulates 
electrostatic charge on the relatively insulating IrO2-x and ionomer 
surfaces, which lowers the activation barrier for radiolytic bond 
breakage. Graphene, as a highly conductive two-dimensional 
material, provides a lateral current pathway that efficiently drains 

Fig. 5 Clustering and segmentation analysis of C K and O K EELS SI datasets of the IrO2-x–ionomer sample. (a) Schematic of the mathematical procedure of 
matrix conversion and decomposition of the EELS SI data cube. (top figures) The first three-ranked coefficient maps and (bottom graphs) the corresponding 
spectral feature components of the C K EELS SI, decomposed by NMF. (b) Artificial generation of a segmentation map showing the ionomer distribution 
over the IrO2-x morphology, obtained via K-means classification. (c) (top panels) PCA-driven denoising of O K EELS SI to improve the signal-to-noise ratio 
and Gaussian peak fitting for generating A and B peak intensity maps. (bottom panels) Generation of the A/B ratio map and conversion to the Vo distribution 
map translated by the DFT-driven scaling curve (Fig. 2(b)). (d) Composite map simultaneously representing the spatial distributions of ionomers and Vo 
inside IrO2-x nanoparticles. The scale bars represent 20 nm. 
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the accumulated charge, thereby suppressing radiolysis-driven 
damage. A secondary contribution arises from thermal conduction, 
as the exceptionally high in-plane thermal conductivity of the 
graphene facilitates rapid lateral dissipation of locally deposited 
beam energy, thereby suppressing thermally activated oxygen loss. 
Indeed, when our sample was protected by a graphene overlayer, as 
shown in Figure 4c, it exhibited a notably higher resistance to 
radiation damage, approximately 10-fold greater than that of the 
case without the graphene overlayer. Generally, the degree of the 
radiation-induced loss of oxygen atoms from IrO2-x particles depends 
on their size; smaller particles correspond to greater loss of oxygen 
atoms. During the serial acquisition of the O K EELS SI, noticeable loss 
of oxygen atoms was observed for particles smaller than 5 nm in the 
bare IrO2-x sample, resulting in an artificially increased vacancy 
concentration (red arrows in Figure 4e). In contrast, the small IrO2-x 
nanoparticles in the graphene-protected IrO2-x sample remained 
intact even under prolonged electron-beam irradiation (Figure 4f). 
Using this preparation method, we obtained all the STEM SI datasets 
for the IrO2-x samples under pristine conditions.

Machine-learning-driven mapping of ionomer distribution and Vo 
gradient

The C2 peak observed at ~288 eV at the C K-edge was a key spectral 
feature for discriminating the ionomer from the carbon support and 
graphene overlayer in the TEM grid sample, as shown in Figure 1d. 
As the STEM EELS SI data consist of a hyperspectral cube (x, y, energy 
loss), where each pixel in the SI contains a spatially correlated EELS 
spectrum, this 3D dataset must be unfolded into a 2D matrix (S) with 
dimensions of Nx,y × Ec for mathematical manipulation using machine 
learning, where Nx,y represents the total number of spatial pixels and 
Ec represents the number of energy-loss channels. The NMF 
algorithm was then used to decompose the 2D spectral data matrix 
(S) into a product of two lower-dimensional matrices (S ≈ WH): the 
location-specific coefficient matrix (W = Nx,y × k) and spectral feature 
components (H = k × Ec), where k represents the number of classified 
spectral components (Figure 5a). After the iterative optimization, the 
order of k reflects the rank of its contribution to the total spectral 
variance, where the first component exhibits the greatest variance 
across the energy range.

Figure 5a (top panels) shows the first three coefficient maps 
decomposed using NMF. The first-ranked coefficient map (k = 1) 
represents the morphological distribution of the IrO2-x catalyst 
particles because the agglomerated IrO2-x particles manifest as an 
overall morphological feature with varying thicknesses in the 
composite sample. On the other hand, the third-ranked coefficient 
map represents the morphology of the ionomer, whereas the 
second-ranked coefficient map shows the total distribution of carbon 
including the graphene overlayer. The associated spectral feature 
component profiles for k ≤ 3 correspond to these sorted coefficient 
images, confirming that the NMF-driven spectral decomposition is 
reliable for discriminating physically relevant morphological features 
from C K EELS SI data of the IrO2-x–ionomer composites. However, for 
k > 3, the coefficient maps with small variances exhibited physically 
irrelevant distributions of intensities, including the noise floor. Thus, 
the maps sorted as lower-ranked components of k > 3 were 
disregarded because of their morphological irrelevance for 
interpreting the distribution of the ionomer decorating the IrO2-x 

particles. It was confirmed that the NMF-driven decomposition of 
the C K EELS SI reliably separates the ionomer component from the 
other carbon compounds. However, assessing the ionomer 
distribution with high accuracy is difficult because the thickness, 
which affects the EELS intensity, varies across the agglomerated IrO2-

x–ionomer composite sample. The limitation of 2D projection-based 
EELS for 3D irregular objects makes quantifying the local content of 
ionomers distributed over IrO2-x catalysts difficult. In the present 
geometry, a pixel classified as ionomer-coated may reflect either 
genuine surface coverage on the top face of an IrO2-x particle or a 
through-thickness overlap of ionomer and oxide along the beam 
direction. The impact of these projection artifacts on the statistical 
conclusions is, however, expected to be limited, as the coverage 
values represented statistical means derived from more than 70 EELS 
datasets, thereby reducing the influence of any projection artifact on 
the ensemble statistics. Hence, as the ionomer coverage on the IrO2-

x catalyst particles depends on the ionomer content,26,60 the 2D EELS 
map, which visualizes the ionomer coverage, can provide useful 
information on how the ionomer is morphologically coated on the 
IrO2-x catalysts. To obtain the ionomer distribution map, we 
employed an image-segmentation approach based on K-means 
clustering61, which partitions the true EELS signals from the 
background signals. Thus, each map was classified into two groups of 
pixels: object (1) and empty space (0) (bottom panels, Figure 5b).

Second, the experimental O K EELS SI data acquired 
simultaneously from the same sample region were denoised using 
the PCA algorithm to enhance the signal-to-noise ratio of the 
spatially correlated O K-edges (Figure 5c). In contrast to NMF, PCA 
imposes no positivity constraints on the ranking of spectral 
components of the O K EELS SI data, allowing a bidirectional 
representation of the spectral data. In this case, negative loadings in 
the principal components were reported to effectively absorb noise 
fluctuations (classified as low-variance spectral features) without 
forcing them into artificial positive signals.62 Indeed, we confirmed 
that the truncation of higher-order spectral components (k ≥ 4) after 
PCA effectively removes noise fluctuations without creating spurious 
positive signals, whereas this artificial boosting of an irrelevant weak 
signal occurs with the application of NMF (Figure S6). The 
adaptability and flexibility of PCA are crucial for preserving the 
authentic shape of O K-edges, allowing reliable evaluation of the A/B 
peak ratios in the O K-edges. It should be noted that weak signals in 
the EELS SI data may be filtered by noise components when using 
PCA. This concern was addressed by optimizing the acquisition 
conditions to obtain a relatively high-quality EELS SI for the sample 
protected by a graphene overlayer. After denoising, the 
reconstructed O K EELS SI was extracted into two intensity maps of 
the A and B peaks using a Gaussian fitting process to calculate the 
A/B ratio map, which indirectly represented the local distribution of 
Vo across the IrO2-x catalyst particles.   

As shown in Figure 2, we observed an increasing trend in the A/B 
ratio with increasing Vo concentration from the simulated O K-edges. 
Using this plot as a scaling curve, we translated the measured A/B 
ratio of the O K fine structure into a variation in the Vo content, 
thereby directly visualizing the spatial distribution of Vo defects over 
the IrO2-x catalyst particles (Figure 5c). Interestingly, the resulting Vo 
map revealed that iridium oxides with particle sizes of <5 nm were 
more oxygen-deficient than larger particles (Figure S7). This result 
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supports previous reports indicating that iridium oxides become 
increasingly oxygen-deficient as their size decreases because of the 
multitude of lower-coordinated surfaces and a more flexible lattice 
that can bear the mixed valence states of iridium atoms.63,64 By 
combining this Vo map with the segmented ionomer map, we created 
an artificial composite map that simultaneously visualized the Vo 
distribution and ionomer morphology in the iridium oxide catalyst–
ionomer composite sample, as shown in Figure 5d. The resulting 
composite map allows the evaluation of the ionomer coverage and 
local Vo content over IrO2-x catalyst particles, which are key 
parameters in the design and evaluation of PEMWE electrodes. The 
ionomer coverage (CI) was calculated using the simple relation CI = 
(AT – AE)/AT, where AT and AE represent the total area of the IrO2-x 
particles and the exposed area of the IrO2-x particles uncoated by the 
ionomer, respectively. Because each pixel in the composite image of 
the IrO2-x particles contains a specific Vo content, the global 
concentration and local variations of Vo can be simultaneously 
assessed. However, measurements with a single C K and O K EELS SI 
dataset may not represent the actual distribution of each electrode 
component, because of the limited field of observation of the large 
sample in the high-resolution EELS experiment. To address this 
concern, a large dataset of C K and O K EELS SI should be prepared 
and analyzed using the established machine-learning-driven 
approach, yielding a global landscape for each component 
distribution with statistical significance.

Statistical analysis with large EELS SI dataset

To obtain statistically meaningful information on the ionomer and Vo 
distributions across the composite electrode sample, we acquired 
multiple C K and O K EELS SI datasets (n >70 sets) for random 
locations on different TEM samples. For each TEM grid, acquisition 
positions were chosen to represent a range of morphological 
conditions, including regions with varying particle densities, different 
degrees of agglomeration, and locations both near and far from the 
lacey carbon film edges, to minimize systematic spatial bias arising 
from preferential selection of well-ordered regions. Using the 
automated machine-learning workflow, rapid clustering and 
segmentation were performed on a large EELS dataset to generate a 
series of segmentation maps of CI and Vo distributions for statistical 
evaluation (Figure 6a). After computing every pixel of all the 
composite maps, we obtained distribution plots that statistically 
delineated the CI and Vo over the sample. Figure 6b shows a 
histogram of the measured CI values. The average CI value was 42.2%, 
with a measurement variability of 7.3%. Within the IrO2-x particles, 
the Vo content was measured to be 2.7% ± 3.2% in total (Figure 6c). 
These values fell within the physically reasonable range for IrO2-x 
synthesized under ambient conditions and were consistent with XPS-
based Vo estimates reported for comparable IrO2-x systems,12, 16, 20, 23 
providing indirect support for the reliability of the DFT-calibrated 
A/B-to-Vo conversion. Given that higher Vo contents were observed 
in smaller particles, as discussed above, the local variation in the 
surface charge density induced by the Vo gradient could affect the 
ionomer–catalyst interface interaction because it is governed by 

Fig 6. Statistical analysis of the ionomer coverage (CI) and Vo concentration for the IrO2-x–ionomer composite sample. (a) Pairwise series of composite maps 
showing CI and Vo distributions. Four pairs of ionomer and Vo maps are representatively displayed among 76 processed maps. (b, c) Histograms of the 
measured values of CI and Vo concentration, respectively. The n and f indicate the measured number of CI and the number of datapoints (or pixels) of Vo 
values, respectively. (d) Procedure for regional separation of the total Vo distribution in two cases: PVo and IVo. (e) Histogram of the measured values of PVo 
and IVo. The scale bars represent 20 nm. 

42.2 ± 7.3

CI (%)

… …

b

Vo (%)

0

V
o (%

)

10

a

d e
Ionomer map

Vo map

Vo at bare particles (PVo)

Vo at ionomer (IVo)

n

n = 76 n = 76
c

Ionomer map Vo map

lo
g

f

2.7 ± 3.2

10 20 30 40 50 60

2

4

6

8

10

0 3 6 9 12

f(
×

10
3 )

3

6

Vo (%)
3 6 9 12

= 4.8 ± 2.5
= 6.1 ± 2.6IVo

PVo

2

3

4

5

Page 10 of 14Journal of Materials Chemistry A

Jo
ur

na
lo

fM
at

er
ia

ls
C

he
m

is
tr

y
A

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

4 
A

pr
il 

20
26

. D
ow

nl
oa

de
d 

on
 4

/1
5/

20
26

 8
:3

9:
09

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D5TA08480F

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ta08480f


Journal Name  ARTICLE

This journal is © The Royal Society of Chemistry 20xx J. Name., 2013, 00, 1-3 | 11

Please do not adjust margins

Please do not adjust margins

electrostatic forces that control ionomer adsorption on the catalyst 
surface.65 Thus, it is anticipated that the ionomer can preferentially 
adsorb onto a surface region with a relatively high Vo concentration.

To investigate the spatial preference of the ionomer contact 
depending on the Vo content, we digitally separated the Vo 
distribution map into two parts of Vo distributions at bare and 
ionomer-coated IrO2-x particles (denoted as PVo and IVo, respectively). 
The left panel in Figure 6d shows a representative pair of ionomer 
and Vo distribution maps. Using the ionomer distribution map as a 
mask filter for the Vo map, the PVo and IVo maps were readily 
computed, as shown in the panels on the right of Figure 6d. A 
statistical assessment of the two cases (Figure 6e) revealed a 
distinctive bimodal distribution of Vo, which differed depending on 
whether the ionomers contacted the catalyst surface. The measured 
Vo content in IVo (6.1% ± 2.6%) exceeded that in PVo (4.8% ± 2.5%). 
This selective distribution behavior of Vo demonstrates that the 
electrostatic contact of ionomers on the IrO2-x catalyst surface 
increases with the increased surface charge density induced by 
concentrated Vo, suggesting a close relationship between the two 
crucial parameters of CI and Vo content. With this statistical 
information describing the degree of inhomogeneity in the ionomer 
coverage and the Vo concentration within the local regions of the 
IrO2-x–ionomer composite electrode, we can reliably assess the 
morphological structure of the components in the composite 
electrode. This information is useful for the development of durable 
and active WE electrodes, as it provides insights into the 
relationships among catalyst morphology, Vo content, and ionomer 
coverage.

Conclusions
We propose an efficient and reliable chemical-mapping method 
that leverages spatially correlated STEM EELS SI technique 
combined with machine learning to analyze the morphological 
structure and defect distribution of IrO2-x–ionomer 
nanocomposite electrodes used in PEMWEs. Additionally, we 
developed a TEM sampling approach and optimized data-
acquisition conditions to reduce electron-beam-induced 
damage to the electrode sample, ensuring high-quality input for 
the machine-learning algorithms. Using two independent 
machine-learning models to process the C K and O K EELS data 
in parallel, we generated chemical maps that reveal the local 
distribution of Vo and the extent of ionomer coverage without 
data distortion, which is often caused by manual analysis. More 
importantly, we demonstrated that the automated processing 
of a large EELS SI dataset (>70 sets) of the IrO2-x–ionomer 
composite enables the statistically significant evaluation of 
ionomer coverage and Vo distribution. These findings clarify the 
overall distribution behavior of Vo and ionomers across the 
nanocomposite electrode, aiding WE industries and academic 
researchers in designing high-performance WE electrodes and 
establishing a benchmark for reliable evaluation. Since this 
approach can be applied to any oxide catalyst–conducting 
polymer nanocomposite, we anticipate that it will become a 
valuable tool for the chemical characterization of sustainable 
energy conversion materials. The proposed framework is, in 

principle, extendable to other oxide catalyst–polymer 
composite systems in which the oxide exhibits a transition 
metal O K-edge with resolvable t2g/eg splitting sensitive to 
vacancy concentration and the polymer contains polar 
functional groups producing a distinguishable C K-edge feature 
near ~288 eV. Connecting the nanoscale chemical 
heterogeneity characterized here to mesoscale morphological 
parameters, such as electrode porosity, surface area, and 
electrode–electrolyte contact ratio, represents an important 
direction for future investigation. 
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Data availability

The data supporting the findings of this study are available from the corresponding 

authors upon request. 
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